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low friction and chemical stability, and are used in

protective coatings, magnetic storage and biomedical

Amorphous carbon (a-C) denotes a broad class of (571

surfaces In contrast, sp’-rich hard carbons and

metastable carbon materials that lack long-range . . .
porous carbons contain turbostratic nanodomains and

translational symmetry but retain short-range bondin )
Y v g 8 pore structures that make them important electrode

order dominated by sp” and sp® hybridizations' . De-

pending on the sp’/sp’ ratio, hydrogen content and
porosity, a-C includes diamond-like carbon (DLC),
hydrogenated amorphous carbon (a-C:H), tetrahedral
amorphous carbon (ta-C), hard carbon and porous car-
bon. High-sp’ DLC and ta-C exhibit high hardness,
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materials for sodium-ion batteries and
supercapacitors”' . However, the very structural di-
versity that underpins such extensive utility also im-
poses immense challenges on the precise resolution of
their three-dimensional atomic configurations' . Al-
though this review mainly discusses amorphous-car-
bon modelling in the context of energy storage, espe-
cially hard-carbon and porous-carbon electrodes, the
underlying atomistic modelling strategies are transfer-
able to broader a-C systems, including DLC coatings,
biomedical carbon surfaces, and tribological films.
The structural diversity of amorphous carbon ori-
ginates from the competition between planar sp® bond-
ing and tetrahedral sp’ bonding™'"""". These bonding
preferences cannot be fully satisfied within a continu-
ous disordered network, leading to topological frustra-
tion. As a result, amorphous carbon preserves local
bonding rules but lacks long-range periodicity. Its me-
dium-range order is instead expressed through distor-
ted graphitic clusters, non-hexagonal rings, coordina-
tion defects and curved carbon networks'"'"".
Robertson’s ternary phase diagram provides a
useful framework for classifying amorphous carbons
according to sp’ fraction, sp’ fraction and hydrogen
content (Fig. 1", In the hydrogen-free sp’-rich re-
gion, the structure approaches graphite-like amorph-
ous carbon and glassy carbon, where distorted nano-
graphitic domains are connected by defects such as

- 1
five- and seven-membered rings'' !

. With increasing
hydrogen content, H terminates and disrupts the C—C
network, producing a-C:H or DLC with sp” clusters
embedded in a hydrogen-containing sp’-rich matrix''*.
At very high hydrogen content, the network becomes
polymer-like. In the hydrogen-free sp’-rich region,
dense tetrahedral networks form ta-C, whose density
and hardness can approach those of diamond'"*. Hard
carbon lies within the sp’-rich domain but is distin-
guished by its “house-of-cards” texture and pore-con-
taining mesostructure, which are critical for ion stor-
age!'” ). Thus, amorphous carbon should be viewed
as a family of metastable structures distributed across
a broad bonding and compositional space rather than

as a single phase.
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Fig. 1 Amorphous carbon materials’ triangular phase diagram!"’.
(Copyright 2002, Elsevier)

Despite this classification, determining the three-
dimensional atomic structure of amorphous carbon re-
mains difficult. Raman spectroscopy, X-ray photo-
electron spectroscopy, and X-ray/neutron total scatter-
ing provide averaged information on hybridization,
cluster size, pair correlations and bonding environ-
ments, but they do not directly determine the full
atomic connectivity of the carbon network!' > |
Therefore, reconstructing atomistic structures from
experimental data is an ill-posed inverse problem: dif-
ferent atomic configurations may reproduce similar
spectra or scattering profiles. Multimodal characteriz-
ation can narrow the possible structural space, but it
usually cannot yield a unique three-dimensional mod-
el.

Atomistic modelling addresses this limitation by
connecting experimentally accessible signals with
atomic cannot be

configurations that directly

resolved™”’ %

. When constrained and validated by
experimental data, modelling can help identify local
motifs, pore environments and defect structures re-
sponsible for measured properties. This is particularly
important for energy-storage carbons, where target
properties such as sodium-storage capacity, rate cap-
ability and ion-accessible pore size depend on both
atomic bonding and pore-network architecture!”’ ",
Atomistic models therefore provide a basis for estab-
lishing structure—property relationships and for guid-
ing the design of amorphous carbon materials beyond
empirical trial-and-error.

This review summarizes the development of
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amorphous-carbon modelling methods from geomet-
ric and topological models to density functional the-
ory (DFT), classical and reactive molecular dynamics
(MD), machine-learning potentials
(MLIPs), reverse Monte Carlo (RMC) and hybrid re-
verse Monte Carlo (HRMC). These methods are com-
pared in terms of accuracy, accessible length and time

interatomic

scales, and agreement with experimental constraints.
We further discuss hierarchical structural descriptions
and data-driven workflows for linking processing,
structure and properties in amorphous carbon.
Through this systematic review and critical analysis,
we propose future directions for the advancement of
the field, aspiring for this work to serve as a powerful
tool for researchers to both deeply understand and ra-

tionally design amorphous carbon materials.

Before high-performance computing enabled dy-
namic simulations, atomistic models of amorphous
carbon were mainly constructed from geometric intu-
ition and topological constraints" . These early ap-
proaches addressed a basic structural question: how
can atoms be arranged into a disordered but chemic-
ally plausible network using only local bonding rules.
Although models such as continuous random net-
works (CRNs) and the Polk model lacked explicit
thermodynamic and kinetic descriptions, they intro-
duced structural descriptors —coordination defects,
bond-angle distributions and ring statistics —that re-
main  widely used in  amorphous-carbon

modelling™* 1.

Early on, researchers adopted an intuitive idea: to
approximate amorphous solids as a Random Close
Packing (RCP) of atoms”* "\, In this approach, car-
bon atoms are placed randomly in space, and bonds
are assigned when interatomic distances fall below a
prescribed cutoff, producing a three-dimensional (3D)
network without long-range order"”. However, purely
random packing neglects carbon bonding chemistry.
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The resulting structures often contain unrealistic co-
ordination environments and bond-angle distributions
that deviate from those expected for sp” or sp> hybrid-
ization"”. They also show poor agreement with exper-
imental density, radial distribution functions g(r), and
structure factors S(Q)"").

In this context, Zachariasen’s continuous ran-
dom network (CRN) theory for oxide glasses became
a crucial conceptual breakthrough!’”. In this theory,
long-range periodicity is absent, but local structural
units follow crystal-chemical rules in a statistical
sensel' . This idea was later extended to amorph-
ous semiconductors and amorphous carbon. A typical
CRN model imposes a specified coordination number,
restricts nearest-neighbor distances, and then relaxes
the geometry so that calculated structural descriptors,
especially g(r), approach experimental datat”*""",

Compared with RCP models, CRNs provide a
more realistic description of coordination-number dis-
tributions, density and pair correlations”*"". They
changed the picture of amorphous carbon from a ran-
dom atomic aggregate to a continuous network con-
strained by local valence rules. Medium-range dis-
order in such models arises from the topological di-
versity that remains after local bonding constraints are
enforced. Subsequent, more refined geometric models
can essentially be seen as attempts to locally modify

and refine this baseline network.

Within the CRN framework, Polk’s work on
amorphous Ge/Si represents a peak of physically mo-
tivated structural construction. Building on Zachari-
asen’s random network concept, Polk used a physical
ball-and-stick model to manually construct a tetrahed-
ral network of about 440 atoms. During construction,
strict constraints were imposed: bond-length devi-
ations were kept below 1%, bond-angle deviations
within £10°, and dangling bonds were eliminated as

far as possible’"""!

. Although this approach relied
heavily on intuition, the resulting model exhibited
striking physical plausibility.

Based on this model, Polk and co-workers per-
formed systematic topological analyses and found that

the network was primarily composed of 5- and 6-
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membered rings, with an approximate ratio of 1 : 4.
This characteristic later became known as the “Polk

ring statistics”""",

Subsequent studies (e.g., by
Walrafen, Weaire and others) introduced simplified
elastic energy terms and performed force-field relaxa-
tions on the Polk model, further smoothing local stress
distributions and significantly improving the agree-
ment of g(r) with experimental data”" . These stud-
ies used coordination-number distributions, bond-
length and bond-angle statistics, and ring-size distri-
butions to characterize short- and medium-range
structures' .

Polk-type models are important because they es-
tablished a practical set of structural descriptors for
disordered covalent networks. These descriptors, es-
pecially coordination and ring statistics, are still used
to evaluate amorphous-carbon models generated by

DFT, MD, MLIPs and RMC-based methods.

The Wooten—Winer—Weaire (WWW) algorithm
extended CRN-based modelling from manual con-
struction to computer-automated network optimiza-
tion. Wooten and co-workers proposed a Monte Carlo
method based on local bond-switching operations and
generated near-perfect amorphous semiconductor net-
works!".

The key feature of the WWW algorithm is a geo-
metric penalty function. This function quantifies
bond-length and bond-angle distortions as deviations
from ideal values. Although it is not a physical poten-
tial, it acts as a pseudo-potential for ranking candidate
structures. During the simulation, local bonds are
switched, for example by replacing A—B and C-D
bonds with A—C and B-D bonds. The new topology is
accepted or rejected using a Metropolis criterion
based on the change in the penalty function'"”. Re-
peated bond switching reduces geometric strain while
largely preserving the target coordination.

The WWW algorithm was significant because it
introduced a quantitative optimization criterion into
topological network construction. Its strategy — ran-

dom topology updates guided by a cost function—an-
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ticipated later structure-generation methods based on
physical potential-energy surfaces, including MD and

machine-learning-assisted searches.

CRN, Polk and WWW models are most suitable
for dense amorphous networks such as high-density a-
C and ta-C. Hard carbons, glassy carbons and porous
carbons require additional structural descriptions be-
cause their key features include turbostratic stacking,
curved graphitic fragments and mesoscopic pores. Ex-
perimental studies indicate that these materials con-
sist of distorted nanographitic domains whose ran-
dom stacking and three-dimensional mismatch gener-
ate curved skeletons and non-hexagonal defects'' "),
In-situ TEM also shows that during the conversion of
polymer precursors to glassy carbon, the formation,
expansion, and rearrangement of nano-scale graphene
sheets are central to microstructural evolution”' .

Several geometric skeleton models have been de-
veloped to describe these features. One approach rep-
resents hard or glassy carbon as a “house-of-cards” as-
sembly of finite graphene fragments. These fragments
are treated as rigid or semi-rigid units that are ran-
domly oriented, stacked and cross-linked in space.
Such models naturally generate irregular interlayer
voids and connected pore channels, and can repro-
duce anisotropy and pore-size distributions observed
by neutron diffraction and SAXS"""".

Another approach describes polymer-to-carbon
conversion using simplified geometric evolution rules.
Starting from an organic precursor network, opera-
tions such as volatilization, chain shrinkage and cross-
linking densification are applied to create pores and
carbon-rich frameworks'"!. Although these models do
not include explicit reaction kinetics, they can gener-
ate mesoporous topologies and closed/open pore ra-
tios that qualitatively agree with experimental obser-
vations in hard carbons'". Models based on fullerene-
like shells or Schwarzite minimal surfaces have also
been used to explain non-hexagonal rings and negat-
carbon

ive-curvature  connections in

networkst' .

porous
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Overall, this generation of geometric skeleton
models served as “structural hypothesis generators” in
amorphous carbon research. At a time when accurate
descriptions of interatomic interactions were unavail-
able, they captured key mesoscopic features of the
material. While they cannot answer detailed questions
about electronic structure or chemical reaction mech-
anisms, they furnished crucial initial frameworks and
topological constraints for later, more refined model-

ling based on realistic potential energy surfaces.

In the history of modelling amorphous carbon,
the introduction of density functional theory (DFT)
marks a fundamental paradigm shift from geometric
rules to a quantum-mechanical description. Unlike the
CRN or Polk models that rely on empirical geometric
parameters, DFT solves the Kohn—Sham equations
and, within a unified quantum-mechanical framework,
yields the total energy, atomic forces, and electronic
structure of the system. This allows not only accurate
determination of atomic positions, but also quantitat-
ive analysis of bond strengths, local hybridization, and
electronic density of states”” .. Despite its scale lim-
itations, DFT thus provides the accuracy benchmark
that all subsequent empirical and machine-learning

potentials must respect.

For intrinsic amorphous carbon, ab initio
melt—quench (AIMQ) is a common DFT-based pro-
tocol for generating energetically consistent struc-
tures. In this method, a finite carbon supercell is
heated to a liquid-like state, equilibrated, quenched
and then relaxed on the DFT potential-energy surface.
The resulting structure represents a metastable config-
uration trapped from the high-temperature liquid state.

Using this approach, Bauschlicher and co-work-
ers studied bulk amorphous carbon and its surfaces
over a range of densities, generating models from
low-density graphite-like carbon to high-density dia-
mond-like carbon”. These studies showed that dens-
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ity strongly controls the sp*/sp’ ratio. Similar AIMQ
strategies have been used to examine high-pressure
amorphous phases. For example, simulations of
quenchable amorphous diamond showed that quench-
ing high-pressure liquid carbon followed by relaxa-
tion at ambient pressure can produce a disordered net-
work with nearly complete fourfold coordination and

a diamond-like density'"”!

. These results support the
existence of dense sp’-rich amorphous carbon without
long-range crystallinity.

In intermediate-density amorphous carbon, DFT
models are useful for quantifying the relation between
hybridization and electronic properties. By construct-
ing models with different sp’ fractions and calculat-
ing band structures, density of states and optical con-
stants, DFT studies have clarified how mixed sp’/sp’
bonding affects electronic and optical behavior'""
(Fig. 2). These calculations provide atomistic links
among density, bonding configuration and electronic
structure.

DFT-based molecular dynamics has also been
used to study structural evolution during carbon-net-
work formation. Such simulations show that 5- and 7-
membered rings can form naturally during liquid cool-
ing and help release local strain'’. In doped amorph-
ous carbons, DFT further identifies the preferred in-
corporation sites and coordination environments of
heteroatoms such as N and S, and explains how they
modify electronic states near the Fermi level ",

Overall, DFT provides atomically resolved in-
formation on density-dependent hybridization, co-
ordination, ring statistics, heteroatom environments
and electronic structure. Compared with purely geo-
metric models, DFT-generated structures are not only
topologically plausible but also energetically consist-

ent at the quantum-mechanical level.

Because experimental spectra and scattering data
do not uniquely determine 3D atomic structures, DFT
is often used for forward modelling: a proposed atom-
ic model is used to calculate measurable signals,

which are then compared with experiment. This
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Fig. 2 DFT links between density, bonding hybridization, and electronic properties in amorphous carbon®'’. (a) Ab initio melt-quench a-C models

(p = 1.5-3.5 g cm ) relaxed by DFT; atoms colored by local hybridization (sp, sp’, sp’). (b) DFT total density of states (DOS) for the corresponding models.

(c) DFT-computed sp*/sp” ratio, formation energy and work function as a function of density. (Copyright 2019, Springer Nature)

strategy helps connect local atomic environments with
spectroscopic and electrochemical observables.

In spectroscopic analysis, DFT has been used to
relate optical gaps, sp’ cluster size and sp’

19 Walter and co-workers calculated C 1s

conten
binding energies for amorphous-carbon environments
with different sp’/sp’ ratios, bond-angle distortions
and hydrogen terminations" . They found that local-
environment variations in disordered carbon can pro-
duce C 1s shifts exceeding 1 eV. This helps explain
peak broadening and shifts in experimental XPS spec-
tra and indicates that simple multi-peak fitting may
not fully capture structural disorder in amorphous car-
bon.

DFT has also been combined with machine
learning to interpret X-ray absorption spectra. Aarva

et al. generated local structural motifs and correspond-
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ing carbon K-edge spectral fingerprints from DFT-
level amorphous-carbon models® (Fig. 3a and b).
Machine-learning models were then trained to map
structural descriptors to spectral shapes. This example
shows that DFT can act both as a spectral simulator
and as a data source for learning structure—spectrum
relationships.

In electrochemical systems, DFT is widely used
to analyze sodium-storage mechanisms in hard car-

(Fig. 3c-¢). Because real hard carbons contain

bons
complex turbostratic domains and hierarchical pores,
DFT studies usually use simplified but physically
meaningful models, such as bilayer or multilayer
graphitic fragments, oxygen-containing surfaces, in-
terlayer regions and defect sites. Au and co-workers
calculated Na adsorption energies at defects, interlay-

er sites and pore walls, providing insight into possible
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gen-free a-C and hydrogenated a-C:H, obtained from site-resolved C(1s) binding energies with Gaussian broadening"”. (Copyright 2025 Phys. Rev. Materials)

(c) Minimum-energy Na' migration pathways along interlayer voids in pristine and S-doped hard carbon!*. (d) Na® diffusion barriers versus interlayer spacing
and S-doping state!’. (¢) DFT density of states (DOS) of pristine and S-doped hard carbon!*". (Copyright 2018, WILEY-VCH)

Na-storage locations"”. Jia and co-workers used DFT
and ab initio MD to examine Na diffusion in curved
that

curvature and vacancies increase adsorption energies

and defective graphene models, showing
and can convert free 2D diffusion into restricted or
trapping behavior'” ", In S-doped hard carbons, DFT
further reveals that appropriate sulfur doping and in-
terlayer expansion can both lower Na diffusion barri-
ers and enhance electronic conductivity via increased
density of states near the Fermi level, consistent with
experimentally observed improvements in rate capab-
ility and cycle life!*".

Taken together, these examples illustrate DFT’s
bridging role among structure, spectroscopy, and per-
formance. Given a structural model, it can simultan-
eously provide energies, electronic states, and spec-
tral signatures, enabling amorphous carbon modelling
to move beyond “drawing a plausible atomic picture”
to an iterative process in which models are repeatedly
calibrated and constrained by comparison with experi-
mental spectra, thereby gradually approaching the be-

havior of real materials.

The main limitation of DFT is computational
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cost. Typical DFT models of amorphous carbon con-
tain about 100 atoms and rarely exceed a few hundred
atoms, while ab initio molecular dynamics is usually
limited to tens of picoseconds. These scales are suffi-
cient for local bonding rearrangements, short-range
order and dopant effects, but they are too small to rep-
resent mesoscopic pore networks, long-range defect
connectivity or stress—porosity coupling over tens of
nanometers.

This limitation is especially important for hard
carbons and porous carbons. In these materials, sodi-
um storage, ion confinement and transport are con-
trolled not only by local adsorption sites but also by
the statistical distribution and connectivity of pores,
interlayers and graphitic domains. DFT therefore of-
ten reduces the real structure to idealized motifs, such
as slit-like interlayers, pore mouths, surfaces or isol-
ated defects'”’!. These models are useful for identify-
ing local mechanisms, but they cannot directly de-
termine the abundance, spatial correlation or con-
nectivity of these motifs in real disordered carbons.
Similarly, DFT cannot readily access slow processes
such as extended cooling, large-scale phase separa-

tion, graphitic-domain growth or gas-release-driven
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pore formation, which occur over much longer time
and length scales"” """,

For this reason, the role of DFT in multiscale
modelling has shifted from direct large-scale struc-
ture generation to reference-data generation and valid-
ation. DFT calculations are widely used to calibrate
empirical potentials. For example, Pastewka and co-
workers refined Brenner-type bond-order potentials
by matching selected energies and forces to DFT res-
ults, improving the description of sp’/sp’ balance, ring
statistics and fracture behavior!”. More recently, ma-
chine-learning interatomic potentials for amorphous
carbon, including GAP and neural-network potentials,
have been trained on DFT data sets covering liquid
carbon, low-density graphite-like structures, high-
density diamond-like structures, defects and het-
eroatom-containing configurations'™*’" "1,

In sum, DFT occupies an irreplaceable founda-
tional position in amorphous carbon modelling. It
should not be regarded as merely a high-accuracy but
impractical tool constrained by scale, but rather as the
most basic and crucial ground-truth provider in the en-
tire modelling chain. Only by clarifying, at the DFT
level, the fundamental physics of hybridization com-
petition and electronic-state evolution can subsequent

large-scale simulations rest on a firm physical basis.

Density functional theory provides accurate loc-
al bonding and electronic information, but its access-
ible system size and time scale are limited. Molecular
dynamics (MD) extends amorphous-carbon simula-

tions to larger systems and longer trajectories by in-
tegrating classical equations of motion with an in-
teratomic potential’ . For amorphous carbon, the
reliability of MD is therefore mainly determined by
the chosen potential rather than by the integration al-
gorithm itselfl™""",

Interatomic potentials for carbon can be broadly
divided into three categories. The first includes clas-
sical empirical potentials, such Tersoff,
REBO/AIREBO, EDIP, LCBOP, ABOP and COMB,

which are efficient and widely used for structural and

as

mechanical simulations. The second is represented by
ReaxFF, which introduces bond-order-dependent re-
activity and charge equilibration, enabling simula-
tions of bond breaking, bond formation, gas evolution
and functional-group transformation. The third cat-
egory consists of machine-learning interatomic poten-
tials (MLIPs), such as GAP and neural-network-based
potentials, which are trained on DFT data to approach
first-principles accuracy at much lower computational

cost.

Classical MD uses analytic empirical potentials
to approximate interatomic interactions and simulate
structural evolution at relatively low computational
cost (Table 1). To capture the strongly covalent,
multi-hybrid, and environment-sensitive behavior of
carbon, potential development has primarily followed
two ideas: bond-order potentials and environment-de-
pendent potentials.

Tersoff’s bond-order potential is one of the start-

ing points for classical potentials in carbon!”). By in-

Table 1 Classical interatomic potentials employed in simulations of amorphous carbon

Potential Functional type Chemical space Cost Ref.
Tersoff family Short-range bond-order potential with 2- and 3-body terms Mainly C, Si, C-Si Low [76]
Brenner REBO Reactive empirical bond-order (REBO) C/H hydrocarbons Low [82]

AIREBO REBO + non-bonded (LJ or Morse) + torsional terms C/H (some C/O/H variants) Moderate  [83,87]

EDIP-C Environment-dependent bond-order potential Pure C Low—moderate  [88]

LCBOP Long-range reactive bond-order potential Pure C (diamond, graphite, liquid carbon) ~ Moderate-high [89]

ABOP Analytic bond-order potential framework C and selected carbides (TiC, SiC, etc.) Low-moderate [90,91]

ReaxFF Reactive many-body force field with bond-order and dynamic charges Broad C/H/O/N and multicomponent systems High [92,93]

COMB3 Charge-optimized many-body potential Many elements including C/O/H and metals High [94]
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troducing a coordination-dependent bond-order term,
it describes energy changes associated with different
local environments, including crystalline, defective
and disordered structures'* . Early simulations us-
ing the Tersoff potential showed the influence of ion
energy on amorphous-carbon film formation, al-
though its description of metastable amorphous struc-
tures remained limited""),

For hydrocarbon systems, Brenner developed the
reactive empirical bond-order (REBO) potential based
on the Tersoff formalism and later proposed a second-
generation REBO potential with improved parameter-
ization of C—C and C—H bond lengths, angles and
dissociation energies'’' ). REBO can reproduce com-
mon carbon structures such as graphite and diamond
and describe selected nonequilibrium processes. AIR-
EBO further extends REBO by adding long-range
Lennard—Jones-type interactions and torsional terms,
allowing simulations of interlayer interactions in
graphitic systems and torsional behavior in hydrocar-
bon chains!™" ",

To better describe high-density amorphous car-
bon and complex local environments, EDIP was ex-
tended from silicon to carbon'". Marks and co-work-
ers modified EDIP by including n-bonding effects, di-
hedral-angle penalties and w-repulsion terms, improv-
ing the description of sp’/sp’ hybridization, ring struc-

(5501 Simu-

tures and liquid—amorphous transitions
lated liquid and amorphous carbons under EDIP show
elastic constants and structure factors in reasonable
agreement with experimental data.

De Tomas and co-workers systematically com-
pared six mainstream potentials, including Tersoff,
REBO-II, EDIP and LCBOP-I""")(Fig. 4a-c). They
found marked differences in how these potentials de-
scribe the sp’ fraction, radial distribution functions,
and graphitization behavior of amorphous carbon.
Among them, EDIP showed the best performance in
modelling graphitization from disordered to ordered
graphitic structures, more accurately capturing bond-
breaking and bond-formation dynamics. At the same
time, COMB-type potentials embed variable-charge
models into a many-body framework, allowing car-

Vol. 41 | Issue 5 | Oct. 2026 |

bon charges to be determined self-consistently via
charge equilibration. This combination of covalent,
ionic, and metallic features makes COMB promising
for multicomponent carbon-based systems containing
elements such as O, N and Si'""\.

In terms of modelling protocols, these classical
potentials are most often used in conjunction with the
melt—quench method. Starting from a random or
ordered initial structure, the system is heated to a
high-temperature “liquid” regime under the chosen
potential, allowing atoms to mix and relax thoroughly,
then cooled at a prescribed rate and relaxed at the tar-
get temperature to obtain an amorphous network. By
adjusting target density, temperature schedule, cool-
ing rate, and external pressure, one can generate a
series of a-C/ta-C models and analyze their radial dis-
tribution functions, coordination-number distributions,

1001 Ag simulation scale and accur-

and sp’/sp’ ratios'
acy have increased, our understanding of amorphous
carbon classification has undergone a qualitative shift.
Zhu and co-workers recently proposed a “discontinu-
ous phase diagram” for amorphous carbons, based on
extensive MD simulations' '(Fig. 4d). Using topolo-
gical characteristics, they divided amorphous carbons
into 6 representative phases: disordered graphitic net-
work (DGN), high-density amorphous
(HDAC), amorphous dual-phase carbon (a-DG),
amorphous diamond (a-D), paracrystalline diamond

carbon

(p-D), and nanopolycrystalline diamond (NPD). Their
results indicate that the transformation from graphite-
like to diamond-like amorphous carbon is not a
smooth continuum but involves discontinuous topolo-
gical transitions, challenging the traditional view of
amorphous carbon structures as continuously varying.

The advantages of classical MD are clear. It can
handle systems with up to hundreds of thousands of
atoms over tens of picoseconds or longer, enabling
statistical studies of relationships among density, hy-
bridization, and mechanical properties. The analytic
form of the potentials and the relatively low computa-
tional cost make it straightforward to perform para-
meter sweeps across different systems and conditions
and to conduct sensitivity analyses.

From a review perspective, however, several lim-
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itations must be emphasized. Most classical potentials
do not explicitly treat charge transfer or complex reac-
tion pathways; chemical reactions, gas evolution, and
functional-group transformations are either absent or
can only be captured in very limited scenarios. Poten-
tial transferability is also limited. For example, Liu
and co-workers used eight potentials to model
amorphous carbon via melt-quench and found that

even under identical thermal protocols, the resulting

Vol. 41 | Issue 5 | Oct. 2026 |

densities, sp’/sp’ ratios, ring statistics, and graphitiza-
tion tendencies differed significantly, revealing “pref-
erences” of each potential for certain regions of con-
figuration space"’Y(Fig. 4c). For this reason, classical
MD is best viewed as an efficient tool for structural
exploration and trend analysis. The resulting models,
especially when used to interpret specific chemical
mechanisms or high-precision spectroscopic data, typ-

ically require further calibration against DFT or ex-
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periment.

Reactive force fields extend beyond classical po-
tentials by allowing the topology itself to evolve self-
consistently during simulation, rather than merely de-
scribing the energy of a fixed bonding pattern.
ReaxFF combines the bond-order formalism with a
charge-equilibration scheme so that bond breaking
and formation, charge transfer, and nonbonded inter-
actions are treated on a unified potential-energy sur-
face; this makes it possible to explicitly simulate
chemical reaction pathways.

Li and co-workers systematically compared Ter-
soff, REBO-II, and ReaxFF for amorphous carbon!'’".
They found that ReaxFF showed superior structural
fidelity: the sp’ fraction in ReaxFF-based MD
matched DFT data very well, and the radial distribu-
tion functions—both peak positions and shapes—were
closer to experimental results than those obtained with
traditional potentials. ReaxFF parameters are typic-
ally derived from extensive quantum-chemistry and
DFT data, including reaction energies for small mo-
lecules, bond-dissociation curves, adsorption energies,
and energies of selected solid phases, which confers a
degree of transferability across broad chemical
spaces’”'",

A large body of ReaxFF-based work on amorph-
ous carbons falls into two routes. One follows the
classical melt—quench scheme but replaces the poten-
tial with ReaxFF: starting from pure carbon or simple
carbon networks, one melts the system and quenches
it to produce amorphous carbon and then exploits
ReaxFF’s reactivity to study high-temperature anneal-
ing, graphitization, sp’ to sp’ conversion, and crack
initiation. Parameter studies have shown that ReaxFF
can effectively simulate graphitization, capturing the
growth and alignment of graphene-like fragments dur-
ing annealing' "(Fig. 5a-¢). Ranganathan and co-
workers analyzed how quench rate and cooling pro-
tocol affect the resulting structure, demonstrating that
ReaxFF-based melt—quench can generate a wide vari-

ety of amorphous carbons with realistic chemical and
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structural features'"".

The second route starts from chemically realistic
precursors and simulates thermolytic carbonization.
Initial models may represent phenolic resins, as-
phaltenes, lignin, cellulose, coal-tar pitch or other or-
ganic precursors. Under staged heating, ReaxFF-MD
can follow main-chain scission, side-group elimina-
tion, cross-linking, dehydrogenation, deheteroatomiz-
ation and carbon enrichment!'”)(Fig. 5f-h). This al-
lows the transformation from organic precursor to
amorphous carbon to be analyzed at the atomistic
level. AlAreeqi and co-workers reviewed ReaxFF ap-
plications in O— and H—containing carbon systems,
including biomass and coal pyrolysis, combustion,

119 Zhao and co-

coke formation and catalyst coking
workers emphasized that realistic precursor models
are necessary for predicting pore development and
graphitization in porous carbons' ", Their work illus-
trates how precursor dehydrogenation, bond cleavage
and fragment recombination can be connected to the
formation of porous carbon frameworks.

ReaxFF extends amorphous-carbon modelling
from static structures to reaction pathways, linking
precursor chemistry with carbon-network formation.
Its main limitations are parameter dependence, lim-
ited transferability across chemical environments and
higher computational cost than classical potentials.
Different ReaxFF parameter sets may give different
quantitative results for graphitization, oxidation or
pyrolysis. Therefore, ReaxFF simulations should be
validated against DFT calculations, experimental
product distributions, structural descriptors or spectro-

scopic data whenever possible.

Machine-learning interatomic potentials (MLIPs)

provide another route for improving the
accuracy—scale balance in amorphous-carbon simula-
tions. Classical potentials are efficient but limited by
fixed analytic forms and manual parameterization.
ReaxFF introduces reactivity, but its complex func-

tional form and large parameter set make transferabil-
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ity difficult. MLIPs instead learn the potential-energy
surface from quantum-mechanical data and can there-
fore approximate DFT-level energies and forces over
selected regions of configuration space'' """,

The construction of MLIPs generally involves
three steps: data generation, structural representation
and regression. First, DFT or ab initio MD calcula-
tions are used to generate representative configura-
tions with corresponding energies and forces. For
amorphous carbon, the training set should include li-
quid carbon, amorphous structures over a range of
dia-

mond and graphene, and relevant defect or surface
1,110]

densities, crystalline phases such as graphite,
structures!’"''". This coverage is necessary to reduce
extrapolation errors. Second, atomic environments are
encoded using descriptors that are invariant to transla-
tion, rotation and permutation of identical atoms.
Common descriptors include pair distances, angular

functions, smooth overlap of atomic positions

Vol. 41 | Issue 5 | Oct. 2026 | 11

94

(SOAP), symmetry functions and graph-based embed-

[ For amorphous carbon, descriptors must dis-

dings
tinguish different coordination states, ring environ-
ments, local curvature and medium-range order.
Third, a regression model, such as Gaussian process
regression, a neural network or a tensor-based model,
maps these descriptors to atomic energy contributions
and forces'>'"'"l,

Among MLIPs, Deringer and Csanyi’s Gaussian
Approximation Potential (GAP) for condensed -car-
bon is particularly noteworthy. In their work, they
constructed a GAP trained on DFT data for liquid car-
bon and amorphous carbon at multiple densities, us-
ing a hierarchy of two-body, three-body, and SOAP

[110,112

descriptors (Fig. 6a-e). Their analysis showed
that for carbon, a short-range potential constructed
with appropriate descriptors can approximate the DFT
energy surface within a well-defined accuracy bound.

Tests demonstrated that the resulting GAP faithfully
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reproduced DFT behavior over a wide range of
amorphous configurations, rather than merely inter-
polating around a few sampled points.

Building upon this, Rowe and co-workers
merged amorphous-carbon data with extensive DFT
results for crystalline and defect structures to develop
the more general “GAP-20" potential for carbon!''”.
GAP-20 accurately describes lattice constants, bond
lengths, formation energies and phonon dispersions

for diverse carbon allotropes. For amorphous-carbon

Vol. 41 | Issue 5 | Oct. 2026 |

1195

modelling, its importance lies in placing a-C, ta-C,
graphite, diamond and defective carbon within a uni-
fied potential-energy framework. This enables simula-
tions of liquid quenching, deposition, annealing,
graphitization and amorphous—crystalline interfaces
using a single potential.

More recently, neural-network potentials and the
neuroevolution potential (NEP) framework have im-
proved computational efficiency while maintaining
near-DFT accuracy''"'"“}(Fig. 6f-i). While sharing the
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same overall philosophy as GAP, these models differ
in descriptor design, network architecture, and imple-

) For example, NEP uses com-

mentation details
pact descriptors based on Chebyshev and Legendre
polynomials and employs evolutionary algorithms to
optimize network structure, achieving near-DFT ac-
curacy with MD-level computational cost
GPUs!''"!. Using NEP, Liu and co-workers conducted

simulations on the order of 10° atoms and constructed

on

temperature—density phase diagrams that reveal hid-
den medium-range order in amorphous carbon!'’.
They mapped out multiple amorphous sub-phases in
the sp’/sp’—density plane and traced how local topo-
logy and medium-range order evolve with temperat-
ure and density, in effect extending the “phase-dia-
gram problem” for amorphous carbon to very large
system sizes at near-DFT accuracy.

However, MLIPs are interpolative models. Their
accuracy depends on the quality and coverage of the
training data, and simulations outside the training do-
main can produce uncontrolled errors or nonphysical
forces. For amorphous carbon, this risk is particularly
relevant for extreme densities, unusual defects, react-
ive environments, heteroatom chemistry and electro-
chemical interfaces. Active learning provides one
solution: MD trajectories are monitored for configura-
tions that are far from the training set, and additional
DFT calculations are performed to update the

model!"",

MLIPs should therefore be viewed as high-accur-
acy intermediate-scale tools rather than universal po-
tentials. They are well suited for structure generation,
relaxation and property prediction in chemically simil-
ar systems covered by the training data. For processes
involving large compositional changes or complex re-
action networks, such as pyrolysis, oxidation and elec-
trochemical cycling, MLIPs should be combined with
ReaxFF, DFT and experimental constraints rather than

used alone.

In practical MD simulations, selecting a poten-
tial also means selecting a specific parameter or mod-
el file. Different parameterizations within the same
potential family can produce different amorphous-car-
bon structures under the same simulation protocol.
The potential file should therefore be reported as part
of the model definition.

Common sources include the NIST Interatomic

Potentials Repository, OpenKIM, libAtoms/GAP
databases, original publications, supplementary in-
formation and  author-maintained  repositories
(Table 2).

For reproducibility, authors should report the ex-
act potential file name, source, version or commit
identifier when available, software package and ver-
sion, unit system, element mapping, charge-equilibra-

tion settings for reactive force fields, and at least one

Table 2 Practical access to representative interatomic potentials for amorphous-carbon simulations

Potential class Source / Format

Implementation

Key considerations

Tersoff-type bond- .fersoff files; NIST IPR, OpenKIM,

order potentials original publications . .
via pair_coeff
REBO / AIREBO  Built-in potential styles; original LAMMPS built-in pair
/ LCBOP / EDIP- parameter files; supplementary styles or package-specific

materials

ffield.reax files; published ReaxFF

type potentials

LAMMPS pair_style
tersoff; element mapping

implementations

LAMMPS pair_style reaxff’

Parameters fitted for crystalline carbon (graphite, diamond, graphene,
SiC) may not transfer to porous a-C, ta-C, or highly strained films

Characteristic bias in sp*/sp’ balance, ring statistics, graphitization
tendency, and nonbonded interactions

Chemistry-specific parameter sets; a hydrocarbon, combustion, oxide, or

ReaxFF parameter repositories; supplementary . e aqueous-interface parameter set should not be assumed transferable
. . with charge equilibration L. . .
information across all carbonization or electrochemical environments
GAP and oth XML/model files; libAtoms/GAP  QUIP/LAMMPS pair_style Reliability controlled by training-domain coverage; extrapolation should
and other
MLIP databases; author/institutional quip; ASE/quippy; model-  be monitored via uncertainty indicators, DFT spot checks, or active
S
repositories; supplementary datasets specific MD engines learning
NEP /NNP / Model files and training datasets; ~ GPUMD; ASE/LAMMPS . . . . L
. . . . Code version, descriptor settings, cutoff, training data, and validation
MACE-type author repositories; public model interfaces; model-specific . o
. . . metrics must be reported for reproducibility
models repositories; supplementary materials engines
Vol. 41 | Issue 5 | Oct. 2026 | 1196
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validation benchmark relevant to the target amorph-
ous-carbon system. Recommended benchmarks in-
clude radial distribution functions, coordination-num-
ber distributions, sp’/sp’ fractions, density depend-
ence, elastic response, graphitization trajectory, or

comparison with selected DFT calculations.

The methods discussed above mainly follow a
forward-modelling strategy: a potential-energy sur-
face is defined, and the atomic structure evolves on
that surface. In many experiments, the problem is re-
versed. Structural factors, radial distribution functions
and related statistical descriptors are measured first,
and the task is to construct 3D atomic models consist-
ent with these data. For amorphous carbon, total scat-
tering is one of the main experimental routes for prob-
ing bulk structure, but the measured information is
much lower in dimensionality than the full atomic
configuration space. Structural reconstruction from
scattering data is therefore an ill-posed inverse prob-
lem!" "),

Reverse Monte Carlo (RMC) and hybrid reverse
Monte Carlo (HRMC) address this problem by using
experimental data as direct structural constraints™'*".
In retrospect, this “given data and constraint func-
tions, let the algorithm fit the structure” paradigm rep-
resents an early form of data-driven modelling in ma-
terials science —primitive compared with modern
deep learning, yet already embodying elements of
data-driven optimization and multi-objective trade-
offs.

Classical RMC is a stochastic optimization meth-
od for constructing atomic configurations from experi-
mental data. Given the number of atoms, chemical
composition, simulation cell and target data, RMC
minimizes the difference between calculated and ex-
perimental structural functions. McGreevy and Pusz-
tai first formalized this approach for modelling li-
quids from neutron total scattering, and it has since

Vol. 41 | Issue 5 | Oct. 2026 |

been widely used for liquids, glasses and amorphous
solids"™",

In a typical RMC simulation, one first generates
an initial configuration, either by random placement
or by using a heuristic structure derived from
MD/DFT. One then computes the model radial distri-
bution function g, .(r) (or structure factor S, (Q)) and
compares it with the experimental curve g, (r) (or
Sexp(Q))- An error function such as

New

X =) 018 (1) = 8o (T

i=1
is defined, where w; are weight factors. When mul-
tiple data sets are fit simultaneously (e.g., X-ray and
neutron scattering, PDF plus EXAFS), the corres-
ponding x? contributions are typically combined into
a single overall cost function.

During the simulation, an atom is randomly dis-
placed and the change in x? is evaluated. If Ay*<0, the
move is accepted unconditionally; if Ay* >0, the move
is still accepted with probability exp(—Ax?/2), follow-
ing a Metropolis-like rule that allows the algorithm to
escape local minima. After many such trial-and-ac-
cept/reject steps, y* decreases and stabilizes, and the
system converges to a statistical ensemble of three-di-
mensional configurations that reproduce the experi-
mental scattering within its uncertainty.

As discussed earlier, pure RMC uses only the
data-fidelity term in the cost function, which makes it
highly flexible in fitting experimental curves but also
accentuates the ill-posedness of the inverse problem:
within a finite Q-range and resolution, many structur-
ally different configurations—some of which may be
unphysical at the local level—can yield equally good
fits. To alleviate this, HRMC introduces physical po-
tentials as energy regularizers, unifying data fitting
and structural plausibility in a single optimization
framework! """""'I(Fig. 7). A typical HRMC cost func-

tion can be written schematically as

D=+ ApEpo + ) 4G
k

where y* quantifies the misfit between calculated and
experimental scattering, E,, is the total potential en-

ergy evaluated with an empirical potential (e.g., EDIP,
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Tersoff, ReaxFF), C, represents geometric or macro-
scopic constraints (minimum C—C distances, co-
ordination-number windows, density, porosity, intern-
al surface area), and Az, A, are weights that balance
these terms.

In HRMC, the acceptance criterion is accord-
ingly generalized to penalize increases in the total cost
function @. A proposed move that deteriorates the
data fit significantly or raises the potential energy or
violates geometric constraints is unlikely to be accep-
ted; only moves that keep all contributions within ac-
ceptable bounds have a high acceptance probability.
This effectively narrows the structural search space
from “all configurations compatible with scattering”
to “configurations compatible with both scattering and
local physical plausibility.” For amorphous carbons,
one typically chooses a potential that has been valid-
ated for carbon (e.g., EDIP or ReaxFF) as E,,, and
combines it with constraints on minimum C—C dis-
tances, reasonable coordination-number ranges, poros-
ity, and density. The result is an ensemble of struc-
tures that maintain high-quality fits to total scattering
while suppressing nonphysical features such as ghost
atoms, improper coordination, and pathological ring
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patterns

For amorphous carbon, RMC/HRMC are mainly
used to construct three-dimensional structures that are
consistent with scattering data and basic chemical
constraints. A typical workflow includes four steps.
First, the target experimental data are selected, such as
X-ray or neutron total scattering, PDF, density, H/C
ratio, porosity or adsorption data. Second, a simula-
tion cell is built with the correct composition and
density. Third, RMC or HRMC is used to optimize
atomic positions under data-fitting, geometric and en-
ergetic constraints. Finally, structural descriptors such
as coordination statistics, ring distributions, sp’-do-
main size, curvature, pore-size distribution and pore
connectivity are extracted from the converged en-
semble!>""",

This approach is useful because structural fea-
tures in the final model can be traced back to experi-
mental constraints. For porous carbons, HRMC has
been used to reconstruct atomistic frameworks that re-

produce both scattering data and porosity-related
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measurements. For example, Farmahini and co-work-
ers developed a two-stage HRMC strategy for SiC-de-
rived nanoporous carbon' “I(Fig. 8a-f).

Importantly, RMC/HRMC structures do not rep-
resent the endpoint of modelling. The most practical
and widely used downstream application is to treat
these reconstructions as initial configurations or refer-
ence frameworks for subsequent DFT, ReaxFF, or
ML-MD simulations. In this workflow, RMC/HRMC
first builds a “statistically realistic” backbone under
scattering constraints, and this backbone is then re-

laxed or evolved on a chosen potential-energy surface

under conditions that introduce additional physics,
such as high-temperature graphitization, gas or elec-
trolyte infiltration, and ion insertion' ", The resulting
simulations remove residual unphysical stress concen-
trations in raw RMC models and, more crucially, al-
low dynamical and transport processes to be studied in
networks fully consistent with experimental scatter-
ing, rather than in idealized slit-pore or hand-construc-
ted graphitic models. Studies of porous-carbon ad-
sorption and Na-storage mechanisms in hard carbons
have repeatedly demonstrated the value of such exper-

imentally anchored models! " (Fig.8g-1).
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Fig. 8 Examples of how RMC/HRMC are used to construct atomistic models of amorphous carbon. (a—f) Two-stage HRMC modelling of SiC-derived nano-

porous carbon, including fits to, pore-size distributions and adsorption isotherms, and the corresponding reconstructed frameworks! *. (Copyright 2013, Americ-

an Chemical Society). (g—i) MD-RMC refinement of hard-carbon models against neutron total-scattering PDF data and the resulting Na-storage motifs after Na
insertion'”’. (Copyright 2022, Wiley)
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Beyond this, using RMC/HRMC structures to
directly calibrate potentials is less developed in
amorphous carbons but already established in other
glassy and liquid systems. For instance, Gereben and
Pusztai’s RMCMD and RMC_ POT frameworks com-
bine experimental scattering with MD-derived partial
RDFs to assess the extent to which certain potentials
produce  local  structures  compatible  with
experiment! ). Analogous strategies may be exten-
ded to amorphous carbons, using HRMC as a structur-
al “filter” to identify which regions of configuration
space preferred by a given potential are actually sup-
ported by scattering data.

Given that RMC/HRMC models are labeled by
specific samples, processing conditions, and scatter-
ing experiments, and have passed energy and geo-
metry constraints, they are particularly attractive as
high-confidence samples for constructing
structure—property databases or training Al models.
Although current data sets remain limited in size and
standardization, it is natural to view RMC/HRMC re-
constructions as valuable ingredients for future large-
scale databases of amorphous carbon structures and

properties.

Despite their unique contributions, RMC/HRMC
suffer from intrinsic limitations largely dictated by the
dimensionality and quality of the input data rather
than by algorithmic sophistication. The essence of the
inverse problem is “many unknowns, few
constraints”: total scattering provides one-dimension-
al data, whereas the number of atomic degrees of free-
dom grows linearly with atom count and typically far
exceeds the number of independent experimental ob-
servations! "\, Under these conditions, even using ma-
ture programs such as RMCProfile cannot guarantee a
unique solution'’'"!. Pure RMC, which lacks energetic
regularization, tends to converge toward maximum-
entropy configurations —networks that are as dis-
ordered as possible while still matching the data. Such
models often underrepresent hidden medium-range or-

der and may deviate from real materials in key statist-
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ics such as ring distributions and coordination envir-
onments' . For amorphous carbons, where scatter-
ing is only weakly sensitive to sp’/sp’ distributions
and pore morphologies, these issues are even more
acute.

HRMC moderates this problem by reintroducing
energy and geometric constraints into the optimiza-
tion, reducing local artifacts and bringing the recon-
structed structures closer to those seen in forward MD
or DFT models'”"'"""'. However, the improvement is
tied to the quality of the chosen potential and con-
straints. If the potential has systematic biases for cer-
tain local environments, HRMC may compromise
between reproducing experimental data and adhering
to the potential, pushing the model toward structures
favored by the latter. As a result, RMC/HRMC struc-
tures are best regarded as ensembles of plausible can-
didates consistent with both data and model assump-
tions, rather than unique “true structures.”

These limitations highlight a deeper issue: the ul-
timate bottleneck for RMC/HRMC lies in the inform-
ation content of available experimental data. As long
as the input is restricted to one-dimensional S(Q) or
g(r) with limited Q-range and signal-to-noise ratio, no
algorithm can fully resolve the ill-posedness. The key
to narrowing the solution space is to increase the di-
mensionality and richness of experimental constraints.

Recent progress has moved in this direction by
merging multiple modalities. Wider-Q-range X-ray
and neutron total scattering can better constrain long-
range density fluctuations; combined fitting of PDFs,
S(Q), and Bragg peaks in tools like RMCProfile al-
lows simultaneous control of local and medium-range
structure in multi-phase materials; integrating EX-
AFS and XANES brings local coordination and bond-
ing statistics into the same optimization framework;
and combining total scattering with solid-state NMR,
Raman, and even three-dimensional imaging tech-
niques opens the door to multi-modal data fusion"*"..
In amorphous carbons, the development of high-resol-
ution total scattering instrumentation and dedicated
workflows for three-dimensional reconstruction of

carbonaceous materials further illustrates that al-
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gorithmic advances must go hand in hand with im-
provements in experimental data! "],

Within the broader modelling picture proposed in
this review, RMC/HRMC occupy a clearly defined
role: they are neither traditional potential-based meth-
ods nor purely data-fitting black boxes, but experi-
mental-anchored structural reconstruction tools sit-
ting between the two. They are most suitable for gen-
erating large-scale candidate structures that are tightly
constrained by scattering and basic physical plausibil-
ity and then serving as starting points and constraints
for DFT, classical MD, ReaxFF and ML-MD. To en-
hance the credibility of amorphous carbon models, fu-
ture efforts must therefore focus not only on refining
RMC/HRMC algorithms but also on advancing exper-
imental techniques to provide richer, higher-quality

constraints.

Throughout this review, the main methods have
been compared in terms of accuracy, accessible scale
and experimental fidelity. Geometric and topological
models can generate large continuous random net-
works at low computational cost and allow direct con-
trol of structural motifs. However, their reliability de-
pends strongly on the assumed construction rules and
they do not include explicit energetic criteria.

DFT provides the highest level of accuracy for
local bonding, charge redistribution and electronic
structure, but it is limited to relatively small cells and
short simulation times. It is most suitable for studying
representative local motifs, dopants, defects, adsorp-
tion sites, migration barriers and spectroscopic signa-
tures. Classical MD with potentials such as Tersoff,
REBO/AIREBO, EDIP and COMB extends simula-
tions to larger systems and longer times, supporting
melt—quench, deposition and annealing simulations.
Its accuracy, however, depends on the transferability
of the potential to the target density, hybridization
state and chemical environment.

ReaxFF adds explicit reactivity and is useful for

Vol. 41 | Issue 5 | Oct. 2026 |

carbonization, oxidation, dehydrogenation, gas evolu-
tion and electrochemical interfacial processes. Its
main limitations are parameter dependence and high-
er computational cost. MLIPs occupy an intermediate
region between DFT and classical MD. When the
training data adequately cover the relevant configura-
tion space, MLIPs can reproduce DFT-level energies
and forces for much larger amorphous-carbon sys-
tems. Their reliability, however, decreases when sim-
ulations enter poorly sampled regions.

RMC and HRMC primarily improve experiment-
al fidelity. RMC searches for structures that repro-
duce experimental S(Q), g(r) or PDF data, while
HRMC adds potentials and geometric constraints to
reduce unphysical configurations. Because experi-
mental data are incomplete, RMC/HRMC structures
should be treated as ensembles of plausible candid-
ates rather than unique atomic structures.

The practical conclusion is that method selection
should be problem-oriented. DFT is preferred for loc-
al bonding, charge redistribution and spectral inter-
pretation. Classical MD and MLIPs are suitable for
density-dependent structural trends, mechanical re-
sponse and large-cell amorphization. ReaxFF is re-
quired when bond-breaking chemistry or precursor
carbonization is central. RMC/HRMC should be used
when consistency with scattering or other experiment-
al data is the main constraint. In most cases, a reliable
workflow combines several methods: DFT defines
local reference physics, MD or MLIP generates stat-
istically meaningful configurations, and RMC/HRMC
or multimodal experiments constrain the structural

solution space.

A useful way to organize multi-method model-
ling is to describe amorphous carbon as a hierarchical
structure. Instead of enforcing one universal work-
flow for all problems, methods can be assigned ac-
cording to structural level. Here, we propose a three-
level framework consisting of atomic, microscopic
and mesoscopic descriptions (Fig. 9).

At the atomic level (analogous to the material's
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Fig. 9 Hierarchical structural picture and multi-method coupling framework for amorphous carbon

genetic code), the focus is on individual atoms and
their nearest-neighbor environments: coordination-
number distributions, sp’/sp’ hybridization, the co-
ordination of heteroatoms such as N, O and S, and as-
sociated local energies and electronic structures. DFT
and high-quality MLIPs are indispensable here as
ground-truth providers for bonding and electronic
states.

At the microscopic level, atomic units assemble
into continuous networks that exhibit medium-range
order: ring statistics (including 5/7-membered
defects), sizes and curvatures of turbostratic graphitic
domains, distributions of sp’ cross-linked regions, and
small pore cavities and subnanometer channels. Clas-
sical MD, ReaxFF, and ML-MD dominate this level,
helping to elucidate how atomic motifs link and re-
arrange over nanometer scales.

At the mesoscopic level, attention shifts to over-
all texture and morphology: hierarchical pore struc-

tures, pore-size distributions and connectivity, inter-
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penetrating density domains, intra-particle multiphase
skeletons, and film—current-collector interfaces.
HRMC and coarse-grained pore-network models play
key roles here, integrating total scattering and adsorp-
tion data to reconstruct statistically realistic porous
skeletons.

Within this framework, multi-method coupling is
essentially the cross-level transmission of structural
descriptors. Mesoscopic models provide density fluc-
tuations, pore statistics, and other boundary condi-
tions for network-level simulations; microscopic-level
models feed back ring statistics, fragment-size distri-
butions, and curvature spectra that refine mesoscopic
constraints; atomic-level calculations define energies
and electronic signatures for representative local en-
vironments sampled from microscopic-level configur-
ations.

Ideally, atomic, microscopic, and mesoscopic
levels are all described within a compatible descriptor

system so that results generated at different scales and
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by different methods can be mapped into a common
structural parameter space. For energy-storage-ori-
ented amorphous carbons, the practical role of atom-
istic modelling is to translate hidden structural fea-
tures into descriptors that can be connected with syn-
thesis and electrochemical performance. In hard-car-
bon and porous-carbon electrodes, these descriptors
include  interlayer  spacing,  graphitic-domain
curvature, defect density, heteroatom coordination,
closed- and accessible-pore statistics, ion-adsorption
sites, and diffusion barriers. They do not directly pre-
scribe a synthesis recipe, but they identify which
structural variables should be tuned during precursor
selection, stabilization, carbonization, activation, dop-
ing, or post-treatment.

Although the examples discussed in this review
are mainly centered on energy-storage carbons, the
same hierarchical descriptor framework has broader
implications for amorphous-carbon materials. In DLC
and ta-C coatings, the descriptor focus shifts toward
sp’ fraction, density, residual stress, hydrogen termin-
ation, graphitic clustering, interfacial bonding, and
friction-induced structural evolution. In biomedical a-
C/DLC surfaces, the relevant descriptors further shift
to surface termination, roughness, hydrophilicity, in-
terfacial water structure, ion adsorption, and bio-
molecular adsorption motifs. Therefore, the general
value of atomistic modelling lies in establishing a
transferable descriptor language that connects pro-
cessing, disordered structure, and application-specific
performance across different amorphous-carbon sys-

tems.

The role of artificial intelligence in amorphous-
carbon modelling should be viewed with both expect-
ation and caution. At present, the most concrete pro-
gress has been made in machine-learning interatomic
potentials (MLIPs), where DFT-trained models such
as GAP, neural-network potentials, and NEP-type po-
tentials have already extended the accessible scale of
near-DFT amorphous-carbon simulations. In contrast,
broader Al technologies —including active learning,
high-throughput

screening, large-language-model
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(LLM)-assisted literature mining, and multimodal data
fusion —remain less mature for amorphous carbon
than for crystalline materials. For a-C systems, these
technologies are better regarded as emerging oppor-
tunities and possible infrastructure for future model-
ling, rather than as fully established workflows.

A first promising direction is active learning for
carbon-specific MLIP development. Amorphous car-
bon spans liquid carbon, sp’-rich turbostratic net-
works, sp’-rich tetrahedral networks, porous frame-
works, surfaces, defects, doped structures, and non-
equilibrium carbonization pathways. A static training
set is unlikely to cover all these environments. There-
fore, future MLIP development could benefit from it-
erative active-learning protocols: preliminary MLIP-
driven simulations would explore candidate struc-
tures; configurations with high uncertainty, unusual
coordination, or extrapolative local environments
would be selected for DFT labelling; and the model
would then be retrained until the target configuration
space is adequately sampled. For amorphous carbon,
such protocols should deliberately include high-tem-
perature liquids, low-density porous networks, high-
density ta-C-like structures, curved graphitic frag-
ments, under-coordinated surfaces, heteroatom-con-
taining motifs, and strained interfacial environments.

A second direction is high-throughput genera-
tion and screening of amorphous-carbon structural
models. Unlike crystalline materials, amorphous car-
bons cannot be enumerated by space group, composi-
tion, and lattice parameters. Their model space is con-
trolled by processing-related variables such as pre-
cursor chemistry, density, hydrogen content, carboniz-
ation temperature, quench rate, pressure, dopant type,
pore volume, and graphitic-domain size. A future
high-throughput framework would therefore need to
generate ensembles of plausible structures rather than
single deterministic models. For each model,
descriptors such as coordination distribution, ring stat-
istics, sp’/sp’ ratio, graphitic-domain curvature, pore-
size distribution, accessible surface area, Na adsorp-
tion-energy distribution, diffusion barriers, and elastic

response could be extracted. These descriptors may
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then be used to construct process—structure—property
maps for energy-storage-oriented amorphous carbons.
However, such a framework requires standardized
model-generation protocols and consistent descriptor
definitions before reliable data-driven screening can
be achieved.

A third opportunity lies in large-language-model-

assisted knowledge extraction!' "),

The amorphous-
carbon literature contains extensive information on
precursors, stabilization treatments, carbonization
conditions, Raman parameters, XPS-derived bonding
states, NMR signatures, pore descriptors, adsorption
data, electrochemical performance, and simulation
protocols. Much of this information is scattered across
heterogeneous publications and is not directly ma-
chine-readable. In principle, large language models
and materials-specific natural-language-processing
tools could help extract and organize these data into
structured databases. However, for scientific use, such
extraction must be coupled with human curation,
source verification, uncertainty annotation, and con-
sistent terminology. LLMs should therefore be re-
garded as assistants for database construction rather
than as independent sources of physical knowledge.

A fourth direction is Al-assisted multimodal data

fusion!'*"

. The non-uniqueness of amorphous-carbon
structure reconstruction cannot be fully resolved by
fitting a single scattering curve. Total scattering con-

strains pair correlations; Raman and XPS provide in-

formation on bonding and hybridization; NMR probes
local chemical environments; SAXS/SANS and gas
adsorption constrain pore structures; microscopy and
tomography provide real-space morphological inform-
ation. Future data-fusion strategies could combine
these observables with atomistic descriptors from
DFT, MD, MLIP-MD and RMC/HRMC models,
thereby narrowing the feasible structural ensemble
more effectively than any single technique. In this
sense, multimodal learning may become a useful ex-
tension of experimentally constrained modelling. Nev-
ertheless, this requires careful treatment of experi-
mental resolution, incompatible length scales, sample-
to-sample variability, and the non-unique mapping
between spectra and structures.

Overall, the Al era should not be interpreted as a
replacement of physics-based modelling by black-box
prediction. For amorphous carbon, a more realistic
path is a physically constrained, data-centric frame-
work in which DFT provides local reference physics,
MD and MLIPs generate statistically meaningful con-
figurations, RMC/HRMC and experiments constrain
structural fidelity, and Al tools assist in sampling, data
organization, descriptor extraction, and uncertainty-
aware pattern discovery. The immediate challenge is
therefore not only to introduce more complex al-
gorithms, but to build curated datasets, standardized
descriptors, reproducible workflows, and validation
protocols suitable for the intrinsically disordered and

metastable nature of amorphous carbon.
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Despite rapid methodological progress, Al-era
amorphous-carbon modelling still faces several tech-
nical bottlenecks (Fig. 10). The first is data sparsity
and inconsistency: processing conditions, structural
descriptors, potential files, experimental constraints,
and performance metrics are often reported in incom-
patible formats. This limits the construction of trans-
ferable
second is MLIP extrapolation. Amorphous carbon

structure—process—property models. The

spans liquid, graphitic, tetrahedral, porous, hydrogen-
ated, doped, surface, and interfacial environments, and
a model trained on only part of this space may gener-
ate nonphysical structures outside its training domain.
The third is the non-uniqueness of inverse reconstruc-
tion. Total scattering alone cannot uniquely determine
the 3D topology of a-C, so RMC/HRMC models must
be further constrained by Raman, XPS, NMR,
SAXS/SANS, gas adsorption, microscopy, and ener-
getic regularization. The fourth is the incomplete de-
scription of reactive chemistry, especially in carboniz-
ation, oxidation, tribochemistry, and electrochemical
interfaces. This requires coordinated use of ReaxFF,
DFT reaction-pathway calculations, reactive MLIPs,
and experimentally constrained reconstruction. Fi-
nally, cross-scale descriptor incompatibility and weak
reporting standards still prevent direct comparison
among models generated by different groups.

A practical solution is to establish a closed, data-
centric modelling workflow: DFT provides local ref-
erence physics; classical MD, ReaxFF and MLIPs
generate statistically meaningful configurations and
process trajectories; RMC/HRMC and multimodal ex-
periments constrain structural fidelity; active learning
identifies missing regions of configuration space; and
standardized descriptors connect atomic bonding, net-
work topology, pore architecture, and application per-
formance. Such a roadmap would move amorphous-
carbon modelling from isolated case studies toward
reproducible, transferable, and application-guided di-

gital materials design.
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