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Molecular modelling of high-entropy
alloys: from quantum to atomistic, and
machine learning

Check for updates

Michele Pellegrino 1,5, Mokhtar Ganjali Koli1,5, Fabiano Tarulli 1, Joseph E. Arnold2, Dumitru Mitrica3,
Luca Bergamasco1, Gonzalo García Fuentes4 , Radu Piticescu3 , Beñat Gurrutxaga-Lerma 2 &
Matteo Fasano 1

High-entropy alloys (HEAs), characterized by complex multielement compositions, offer broad
opportunities to tune mechanical, corrosion, thermal, wetting, and functional properties, while their
vast configurational space makes molecular modelling essential. This review evaluates progress
across computational thermodynamics, density functional theory, atomistic simulations, andmachine
learning approaches, highlighting multiscale integration, methodological advances, current
challenges, validation needs, and future directions for predictive HEAmodelling and materials design
across industrial applications and engineering practice.

High-entropy materials (HEMs) describe a materials-design paradigm in
which multiple principal constituents are combined so that configurational
entropy becomes an explicit lever for phase formation and functionality.
Although initially articulated for metallic alloys, the concept now spans
ceramics, oxides/chalcogenides, polymers, and electrode materials, where
chemically complex sublattices can stabilize disordered single phases,
frustrate conventional ordering, and generate locally diverse bonding
environments that are advantageous for energy, electronic, and electro-
chemical applications1–4. In this broader framing, “high entropy” is not a
guarantee of single-phase stability; rather, it signals that entropic, enthalpic,
and kinetic contributions can be comparable and that disorder itself can be a
functional feature.

Within metallic HEMs, high-entropy alloys (HEAs) emerged from
the seminal 2004 studies by Yeh et al. and Cantor et al., which demon-
strated that multicomponent metallic systems can form comparatively
simple parent lattices (FCC/BCC/HCP) despite lacking a single domi-
nant element5,6. Subsequent work established that equiatomicity is not
essential: many useful compositions are non-equiatomic complex con-
centrated alloys that retain highmixing entropywhile enabling deliberate
microstructure engineering (e.g., precipitation strengthening or dual-
phase architectures)7,8. HEAs are now being developed for structural
performance in extreme environments (high temperature, cryogenic
conditions, wear, irradiation, corrosion) and for functional roles where
disorder-tuned surfaces and transport are beneficial (e.g., protective
coatings and catalysis)9–11.

The central advantage of HEAs is the ability to tune multiple
strengthening and functional mechanisms through chemistry while often
maintaining a limited set of recurring crystal structures. Even when the
average lattice remains FCC or BCC, local chemical fluctuations and short-
range order (SRO) can substantially modulate defect energetics (e.g.,
stacking-fault energy and vacancy formation), lattice friction, and scattering
processes, enabling design routes that are difficult to access in dilute
alloys7,12. The high-entropy effect, lattice distortion, sluggish diffusion, and
cocktail effect remain useful as qualitative heuristics13, butmodern evidence
emphasizes that the physically controlling variables are often local order,
local strain, and the hierarchy of defects and interfaces created during
processing.

HEAs pose an intrinsically high-dimensional design problem: phase
constitution and segregation tendencies can change sharply with small
composition shifts; synthesis routes often yield metastable states; and direct
experimental access to thermodynamic and kinetic quantities (chemical
potentials, interfacial energies, diffusion mobilities) is limited in multi-
component spaces. Predictive modelling is therefore needed to screen
candidate compositions, rationalize transformation pathways, connect
measured properties to microscopic mechanisms, and reduce experimental
iteration14,15. At the same time, modelling HEAs is challenging because it
must represent chemical disorder (often with finite supercells ormean-field
disorder treatments), incorporatefinite-temperature effects (vibrational and
magnetic), and remain transferable across composition space and micro-
structural states. These constraints are especially acute for data-driven
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models and interatomic potentials, where extrapolation beyond the training
domain can be difficult to detect without uncertainty-aware validation.

A useful way to organize the computational landscape is to map
method families to the questions they answer. Thermodynamic frame-
works, most prominently CALPHAD, enable rapid predictions of equi-
librium phase fractions, chemical potentials, and driving forces, and
(when coupled to mobility descriptions) diffusion-controlled kinetics;
their reliability depends on assessed databases and controlled extra-
polation to higher-order systems16,17. First-principles density functional
theory (DFT) calculations, combinedwith statistical-mechanicsmethods
and chemical-disorder models such as special quasirandom structures
(SQS) and the coherent potential approximation (CPA), provide
enthalpies, elastic constants, defect energetics, and ordering tendencies
that underpin both mechanistic interpretation and database
improvement15,18. Atomistic simulations access finite-temperature
dynamics, diffusion, deformation mechanisms, and interfaces; their
predictive power is tied to the fidelity and transferability of interatomic
interactions, motivating the rapid growth of machine-learned intera-
tomic potentials19. Mesoscale models (phase-field, kinetic Monte Carlo,
crystal plasticity) translate thermodynamic and kinetic inputs into
microstructure evolution and property response, and are increasingly
used as the bridge between CALculation of PHAse Diagrams (CAL-
PHAD)/atomistic and processing-scale predictions20. Finally, machine
learning (ML) is now widely used for high-throughput screening and
inverse design, but its effectiveness depends on data curation, repre-
sentation of uncertainty, and robust validation against physics-based
simulations and experiments21,22.

Recent reviews have surveyed key elements of the HEA modelling
ecosystem, including thermodynamic and statistical descriptions of
chemically complex alloys14,15, CALPHAD strategies and database
limitations16,17, ab initio foundations for phase stability and mechanical
descriptors18, atomistic simulation frontiers19, and broad computational
treatments of structure–property correlations and process-aware
design23,24. This review is distinct in two ways. First, it adopts a
property-driven organization thatmapsmodelling choices tomeasurable

quantities and simulation protocols (including transport and interfacial
observables that are often treated only briefly inmethod-centric surveys).
Second, it treats structural and functional questions on equal footing:
after introducing key computational techniques, we connect them to
phase stability and structure, heat transfer, wetting,mechanical response,
and electronic properties, while explicitly highlighting validation,
transferability, and uncertainty as the central bottlenecks for predictive
HEAmodelling. Ultimately, this review intends to support future work in
computational HEA modelling by delineating essential tools and stra-
tegies that translate modelling insights into model-driven guidelines for
experimental and engineering practice.

Computational techniques and theoretical
underpinnings
This section provides an overview of computational models for HEAs.
After a brief theoretical introduction, the methods are presented in
ascending order of coarse-graining.We first discuss ab initio approaches,
which are rooted in quantum chemistry. We then present atomistic
Molecular Dynamics methods based on semi-empirical and data-driven
force fields, which sacrifice explicit electronic degrees of freedom in
exchange for improved time and system-size scaling capabilities. Finally,
we briefly discuss Monte Carlo methods, which can be regarded either as
alternatives to Molecular Dynamics or as a further level of coarse-
graining. Figure 1 provides an overview of the computational models
discussed in this section.We remark that a review of the intrinsic qualities
of eachmodel per se is beyond the scope of this review; instead, we restrict
our discussion to their effectiveness, either demonstrated or hypothe-
sised, in the context of HEA modelling.

High-entropy alloys thermodynamics
Thermodynamics provides the first-level rationale for why composi-
tionally complex alloys can form relatively simple solid-solution matri-
ces, and it also clarifies when this expectation fails. In equilibrium, phase
selection is governed byminimization of the Gibbs free energy ofmixing,
(ΔGmix = ΔHmix − TΔSmix), so that entropic stabilization competes

Fig. 1 | Accessible system size and timescale for
methods used to model chemical disorder
in HEAs.Methods that evolve a system in physical
time (upper panel) are shown as size–time envel-
opes; those with no intrinsic time scale (lower panel,
hatched) are shown by accessible size alone, theCPA
extending to an arbitrarily large alloy from a single
unit cell. Circles denote short-range order resolved
at equilibrium or kinetically (filled), only as an
incipient or imposed correlation (half-filled), or not
at all (open). Envelopes are indicative and depend on
chemistry, implementation and hardware. The
abbreviations appearing in this figure are introduced
and discussed in the “Computational techniques
and theoretical underpinnings” section.
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directly against enthalpic preferences for chemical ordering and com-
pound formation. The “high-entropy effect” therefore refers to the
possibility that, at sufficiently high temperature, a large configurational
entropy term (−TΔSmix) can lower (ΔGmix) enough to make disordered
FCC/BCC/HCP solid solutions competitive with intermetallics and
multiphase mixtures25,26. In practice, whether a given HEA forms a single
phase, decomposes into multiple phases, or orders depends not only on
ΔSmix and ΔHmix but also on additional entropy contributions (vibra-
tional and magnetic), local chemical order, and kinetic accessibility
during processing2,7,27.

Because the “high-entropy” label is used both conceptually and oper-
ationally, it is useful to state common definitions explicitly. In the
composition-baseddefinition,HEAs typically containfiveormore elements
with concentrationsbetween5%and35%28. In the entropy-baseddefinition,
HEAs are characterized by (ΔSmix > 1.5R) (with R the gas constant), while
alloys with (1R < ΔSmix≤ 1.5R) are often termed medium-entropy alloys29.
These thresholds are not fundamental constants; rather, they provide
convenient taxonomies that reflect the role of configurational entropy in
phase competition.

The standard expression for configurational (mixing) entropy follows
from the probabilistic interpretation of entropy (Boltzmann–Planck)30:

ΔS ¼ kB ln ðwÞ ð1Þ

where w denotes the number (or probability) of accessible microstates and
kB is Boltzmann’s constant. For a random substitutional solution with n
chemical species, this leads to the familiar configurational entropy,

ΔSconf ¼ �R
Xn
i¼1

Xi lnXi ð2Þ

whereXi is the atomic fraction of element i. In the equiatomic limitXi=1/n,
the expression simplifies to

ΔSconf ¼ �R ln ð1=nÞ ð3Þ

so that n=5, 6, 7 corresponds to 1.61R, 1.79R, and 1.95R, respectively. Early
discussions highlighted that these values, when multiplied by temperature,
yield a free-energy contribution (−TΔSconf) comparable inmagnitude to the
formation enthalpies (ΔHf) invoked for stabilizing ordered intermetallics
such as NiAl and TiAl, motivating the hypothesis that a sufficiently large
entropic contribution could offset such enthalpies and instead stabilize
disordered solid solutions5.

On this basis, a variety of semi-empirical descriptors have been pro-
posed to screen multicomponent compositions for their tendency to form
solid solutions and to distinguish FCC/BCC preferences. These criteria are
typically grouped into thermodynamic, Hume–Rothery, and mixed
descriptors. Thermodynamic screening often imposes empirical windows
forΔSmix andΔHmix; for example,ΔSmix is frequently required to lie between
11 and 19.5 Jmol−1 K−1, and ΔHmix between −11.6 and 3.2 kJmol−1 to
favour solid solutions31–33. An explicit combination of entropy and enthalpy
is provided by the Ω parameter introduced by Yang and Zhang34,

Ω ¼ TmΔSmix

jΔHmixj
ð4Þ

where Tm is an average melting temperature, often approximated as
Tm=∑iciTmi, with cimolepercent of component i. The enthalpyofmixing is
commonly estimated from binary interaction enthalpies using

ΔHmix ¼
X

4XiXjΔHij; ð5Þ

whereΔHij is the binary enthalpy ofmixing between elements i and j. More
elaborate thermodynamic screening has been proposed by Senkov and
Miracle35 followingTroparevsky et al.36, where a correlation factor kcr1 relates

the stability of solid solutions to enthalpic ratios,

kcr1 � 1� TAΔSmix

ΔHmix
1� ΔSIM

ΔSmix

� �
>
ΔHIM

ΔHmix
ð6Þ

with ΔSIM and ΔHIM representing entropy and enthalpy contributions
associated with intermetallic formation and TA a characteristic temperature
in the criterion.

Hume–Rothery-type descriptors quantify geometric and electronic
mismatch. The atomic size difference δ37 is commonly required to be small
to promote solid-solution formation (typically δ < 6.6% for predominant
solid solutions and δ < 3% for single-phase solid solutions35),

δ ¼ 100

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
Xi 1� ri

�r

� �2
r

ð7Þ

where ri is the atomic radius of element i and �r is the average radius. An
electronegativity mismatch parameter Δχ is used to avoid strong chemical
driving forces for ordering and compound formation36,38,39,

Δχ ¼ 100

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
Xi 1� χi

�χ

� �2
s

ð8Þ

where χi and �χ are the elemental and average electronegativities. Electronic
structure trends are frequently summarized by the valence electron con-
centration (VEC), which correlates empirically with FCC/BCC preferences
in many HEA families40,

VEC ¼
X

ciVECi ð9Þ

where VECi is the elemental valence electron concentration. Mixed
descriptors combine thermodynamic andmismatchmeasures; for example,
the geometrical parameter Λ proposed by Singh41 normalizes mixing
entropy by size mismatch,

Λ ¼ ΔSmix

δ2
ð10Þ

and is usedwith empirical thresholds to favour single-phase solid solutions.
These screeningmetrics are attractive because they are inexpensive and

can be evaluated at scale; they have been implemented in automated tools
such as HEAPS42. Their main limitation is that they compress a multi-
physics, temperature-dependent problem into a few scalar descriptors. In
particular, they do not explicitly represent chemical short-range order,
vibrational and magnetic entropies, or kinetic trapping during processing,
and they can therefore misclassify alloys whose stability is controlled by
these effects7,27. As a result, semi-empirical thermodynamic screening is best
viewed as a first-pass filter that should be complemented by CALPHAD,
first-principles thermodynamics, and validation against experimental phase
constitution and property trends.

Ab initio and density functional theory calculations for high-
entropy materials
In principle, ab initiomodelling of high-entropy alloys serves the same dual
purpose as in the study of other crystalline systems: it provides a means to
understand fundamental properties at the atomic level, and it serves as a
predictive tool for guidingmaterial design.However, unlikemost crystalline
systems, which are typically ordered, HEAs are characterised by significant
chemical and structural disorder. Order in crystalline systems confers dis-
tinct advantages for ab initiomodelling. The periodicity inherent to ordered
structures allows for the use of relatively small computational cells, as the
behaviour of atoms in the bulkmaterial can be effectively extrapolated from
a single unit cell or a modest supercell. This periodicity simplifies the
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calculation of electronic, vibrational, and mechanical properties, as well as
phase stability, enabling highly efficient and precise simulations.

In contrast, the disordered nature of HEAs introduces complexity that
challenges traditional ab initio approaches. The lack of periodicity means
that large supercells would be required to capture the stochastic collective
behaviour of atoms and to accurately represent the local variations in atomic
environments. This need to sample the vast configurational space not only
increases the computational cost but also complicates the extraction of
meaningful averages for properties like elasticmoduli, thermal conductivity,
or phase stability. The interplay of these factors makes ab initio exploration
of HEAs particularly demanding, necessitating innovative approaches to
model their disordered atomic landscapes effectively.

Broadly speaking, three distinct techniques (represented in Fig. 2) are
commonly used to tackle these challenges: (1) the Virtual Lattice Approx-
imation (VLA); (2) the Coherent Potential Approximation; (3) Supercell
methods. The salient aspects of each approach is reviewed in the next
sections.

Virtual lattice approximation. The VLA is a computational strategy
employed to model disordered systems within the framework of
density functional theory43. It simplifies the problem of chemical
disorder by approximating the material as an ordered structure where
each atomic site is assigned an averaged or ‘virtual’ potential, repre-
senting a weighted mean of the constituent elements’ potentials. This
approach preserves the computational efficiency of periodic boundary
conditions while offering a first-order approximation of the effects of
chemical disorder.

The literature uses Virtual Lattice Approximation and Virtual
Crystal Approximation (VCA) with different degrees of strictness. In the
strict VCA, each disordered site is replaced by a fictitious atom whose
pseudopotential, scattering potential or on site parameter is obtained by
concentration averaging over the constituent elements44–46. In the
broader VLA usage adopted in this review, the same idea is applied at the
level of an averaged lattice or averaged effective potential, without
requiring the construction of an explicit virtual pseudo atom. Both
descriptions remove the site occupation variable before the electronic
problem is solved. In general, averaged potential schemes can be useful
for smooth trends in lattice parameter, cohesive energy or bulk modulus
when the constituent elements are chemically and size similar, but they
cannot describe charge transfer, local relaxation, magnetic moment
distributions, defect neighbourhoods or chemical short-range order. In
the hierarchy used below, VLA should therefore be read as a low cost
reference medium, not as a quantitative description of observables
controlled by the local environment.

Consider an alloy with N constituent elements, each with atomic
fraction ci, i = 1,…, N. In the VLA, the potential VVLA(r) at a given lattice
site is defined as the weighted average of the potentials of the constituent

elements:

VVLAðrÞ ¼
XN
i¼1

ciViðrÞ ð11Þ

where Vi(r) is the effective potential of element i. This averaging assumes
that the contributions of different atomic species to the electronic structure
are linearly additive, neglecting local environmental effects such as charge
transfer and atomic size mismatch, which in HEAs can be considerable. As
we discuss below, this is a fundamental limitation of the approach.

Having defined the VLA potentialVVLA(r) as above, the VLA requires
solving the Kohn–Sham equations in DFT for a system under it:

� ℏ2

2m
∇2 þ VVLAðrÞ þ VHðrÞ þ VXCðrÞ

� �
ψnkðrÞ ¼ ϵnkψnkðrÞ; ð12Þ

where VH(r) is the Hartree potential, VXC(r) the exchange-correlation
potential, ψnk and ϵnk are the Kohn–Sham orbitals and their eigenenergies
with ρðrÞ ¼ PN

i jψiðrÞj2 the electron density, and VVLA(r) the external
potential due to nuclei and applied fields.

Solving the Kohn–Sham equations under VVLA(r) enables the system
be treated as if it was perfectly ordered, allowing for computationally effi-
cient calculations with small supercells. This however comes at the cost of
neglecting the local atomic environments, as the averaging process ignores
the stochastic nature of local atomic arrangements, which can significantly
affect electronic and mechanical properties. Likewise, the VLA is unable to
capture latticedistortion,which inHEAscanbe significant, and it leads to an
oversimplified electronic structure in which subtle effects such as charge
transfer, hybridisation, and local magnetic moments are averaged out,
potentially leading to inaccuracies in predicting properties sensitive to these
features; given that HEAs are often made of magnetic elements, this is
likewise a considerable limitation to the approach.

Despite its limitations, the VLA provides valuable first-order
insights, particularly for properties that are less sensitive to local dis-
order, such as bulk modulus and approximate phase stability. Indeed,
many examples have shown that the VLA can be used to study alloys
composed of refractory elements47–50, thermodynamic properties50,51, as
well as for some fundamental elastic properties of specific non-magnetic
systems52,53. In such systems, it can reproduce trends in equilibrium
lattice parameters and elastic constants with modest computational cost.
The method performs significantly less well when the constituent ele-
ments exhibit large differences in atomic radius or electronic character.
Under those conditions the neglect of local chemical environments and
lattice distortion leads to appreciable errors, andmore explicit treatments
of configurational disorder are generally required54.

Fig. 2 | Schematic distinction between CPA, KKR-
CPA and SQS. a In CPA, the chemically disordered
lattice is replaced by a coherent effective medium in
which a real species i, with concentration ci and
scattering matrix ti(E), is embedded self-
consistently. b In KKR-CPA linear response, this
coherent medium is perturbed by a concentration
wave δci(q), yielding the preferred ordering wave-
vector q*, Warren–Cowley SRO parameters and
effective pair interactions. c In SQS, the alloy is
represented by an explicit periodic supercell whose
pair and multisite correlation functions are opti-
mised to a random or short-range ordered target
state, retaining local relaxation and chemically spe-
cific neighbourhoods at the cost of finite size and
configuration selection errors.
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Coherent potential approximation. The CPA is a mean-field method
used to model disorder in materials; it was originally proposed by Soven
in 1967 to model the electronic structure of random alloys, thereby
anticipating the discovery of high-entropy alloys by decades55. The CPA
arises to address the fact that the random distribution of atoms in a
disordered alloy induces local variations in the interatomic energy
landscape, resulting in significant electronic scattering effects. It
addresses this complexity by substituting the disordered lattice with an
effective medium. This effective medium is self-consistently constructed
to capture the average scattering behaviour of the system, enabling the
modelling of electronic properties without the need to explicitly consider
each individual atomic configuration. Thus, the CPA determines an
average medium that ensures the scattering matrix for any constituent
atom embedded in themedium averages to zero. This is achieved through
self-consistent solutions of the electronic Green’s function.

In its stand-alone form, the CPA is used to compute the electronic
structure of disordered alloys through the Green’s function formalism. The
coherent Green’s function Gc(E) is defined as

GcðEÞ ¼ E �H0 � ΣðEÞ	 
�1
; ð13Þ

where E is the energy, H0 is the Hamiltonian of the underlying periodic
lattice, andΣ(E) is the coherent self energy. In stand-alone implementations,
Gc(E) is typically evaluated using a simplified Hamiltonian, for example
within a free-electron or tight-binding description of a fixed periodic lattice,
without explicit lattice relaxation.

Given an initial guess for Σ(E), the impurity Green’s function asso-
ciatedwith species i embedded in the coherentmedium is obtained from the
Dyson equation

GiðEÞ ¼ GcðEÞ þ GcðEÞ Vi � ΣðEÞ	 

GiðEÞ; ð14Þ

whereVi is the single-site potential for species i. TheCPAcondition requires
that the coherent Green’s function equal the configurational average,

GcðEÞ ¼
XN
i¼1

ci GiðEÞ; ð15Þ

or equivalently that the configurationally averaged excess scattering vanish,

XN
i¼1

ci tiðEÞ ¼ 0; ð16Þ

with

tiðEÞ ¼ Vi � ΣðEÞ	 

1� GcðEÞ Vi � ΣðEÞ� �	 
�1

: ð17Þ

Here ci is the concentration of species i, ti(E) is the excess single-site
scattering matrix of species i relative to the coherent medium, and Gc(E) is
the Green’s function of the coherent effective medium. Self-consistency is
attained when the above CPA condition is satisfied.

The stand-alone formof theCPA is computationally efficient due to its
simplicity, making it suitable for first-order studies of the density of states
and scattering effects in disordered alloys. However, its accuracy is inher-
ently limited by its mean-field nature, which assumes a completely random
distribution of atomic species. This assumption disregards SRO—the pro-
pensity for certain atomic arrangements to occur more frequently due to
local bonding preferences or thermodynamic influences. Consequently, the
CPA fails to capture fluctuations in the local atomic environment, resulting
in notable inaccuracies when predicting physical properties in systems
where SRO significantly impacts electronic, mechanical, or magnetic
behaviours. This lack of consideration for SRO also means that the CPA
cannot capture local lattice distortions caused by differences in atomic sizes
or bonding strengths. Consequently, it poorly represents properties that
depend on these distortions, including elastic moduli, phonon dispersion,

and defect energetics. The oversimplification arises from the CPA’s reliance
on linear additivity of scattering potentials, which inadequately models
electronic interactions in systems with strong hybridisation, such as d-band
metals or complex oxides. Additionally, while the CPA can, in principle,
handle magnetic disorder, stand-alone implementations often lack explicit
treatment of key phenomena such as spin-orbit coupling, spin fluctuations,
and magnetic exchange interactions. Without such extensions, the CPA is
typically insufficient for studying magnetic properties in alloys containing
elements like Fe, Co, or Ni, where magnetism plays a central role in
determining material behaviour.

The fact that the effective medium in the CPA is determined self-
consistently from the average scattering properties of the disordered system
allows the method to be combined naturally with the Korringa-Kohn-
Rostoker (KKR) formalism, which provides a more rigorous multiple-
scattering representation of the Green’s function. In the KKR-CPA
approach, the electronic Green’s function Gðr; r0; EÞ satisfies

E � H½ �Gðr; r0; EÞ ¼ δðr� r0Þ; ð18Þ

whereH is theHamiltonian of the system.WithinKKR,multiple scattering
between sites is described by the scattering path operator

τðEÞ ¼ tðEÞ�1 � G0ðEÞ	 
�1
; ð19Þ

where t(E) is the site-space matrix of single-site scattering matrices and
G0(E) is the matrix of KKR structure constants describing propagation
between lattice sites. For periodic systems, one may schematically write the
corresponding Bloch-resolved Green’s function as

Gðk; EÞ ¼ E �H0ðkÞ � ΣðEÞ	 
�1
; ð20Þ

whereH0(k) is the Hamiltonian of the underlying periodic lattice and Σ(E)
is the coherent self energy. The Hamiltonian is typically defined based on
spherical muffin-tin potentials56VMT(r), defined as

VMTðrÞ ¼
VT ðrÞ; r ≤RMT;

V interstitial; r >RMT;



ð21Þ

where RMT is the muffin-tin radius, Vinterstitial is a constant interstitial
potential, and VT(r) is a spherically symmetric potential inside the muffin-
tin sphere. The corresponding Hamiltonian is

H ¼ � ℏ2

2m
∇2 þ VMTðrÞ; ð22Þ

and the wavefunction may be written in multiple-scattering form as

ψðrÞ ¼ ψincðrÞ þ
X
j

tsitej ðEÞG0ðr;Rj; EÞψjðrÞ; ð23Þ

where ψinc(r) is the incident wavefunction, tsitej ðEÞ is the single-site
scattering matrix for the atom at site Rj, and G0(r, Rj; E) is the free-space
Green’s function describing propagation between sites. Thus, the
Hamiltonian defined by the muffin-tin potential underpins the scattering
matrices tj, which describe how electrons scatter from individual atomic
sites. The muffin-tin approximation is highly efficient and accurate for
metals and alloys, making it ideal for the multiple scattering formalism
underpinning KKR. For systems with significant non-spherical features
(e.g., ionic or covalent crystals), full-potential approachesmaybe required to
improve accuracy.

With this account of the Green’s function, the KKR-CPA approach
proceeds analogously to the stand-alone CPA, but now incorporates mul-
tiple scattering between lattice sites explicitly through τ(E). The coherent self
energy Σ(E) determines the effective medium, while the corresponding
single-site scattering matrices enter the multiple-scattering construction of
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the Green’s function. In this way, the electronic structure reflects both the
average disorder treated by theCPA and the intersite propagation described
by KKR. This also allows a natural extension to spin-polarised Green’s
functions, making the method well suited to the study of magnetic alloys.

Finally, the CPA, and in particular its KKR-CPA implementation, can
be combined with density functional theory to treat substitutional disorder
within an ab initio framework. In this setting, one does not insert the
coherent self energy as an additional local term in theKohn–Shamequation.
Rather, the DFT effective potential for each alloy component is used to
construct the corresponding single-site scattering matrices, and chemical
disorder enters through the CPA self-consistency condition imposed on the
configurationally averaged Green’s function55–58.

The DFT effective potential retains its usual form,

Veff ðrÞ ¼ VextðrÞ þ VHðrÞ þ VXCðrÞ; ð24Þ

and defines the single-site scattering problem for each species occupying a
given lattice site. In the Green’s function formulation,

GðEÞ ¼ E � Heff

	 
�1
; ð25Þ

where Heff is the effective Hamiltonian constructed from Veff(r).
For a substitutionally disordered alloy, the CPA replaces the true

random medium by a coherent effective medium whose Green’s function
Gc(E) is determined self-consistently. For each atomic species i, the impurity
Green’s function associated with embedding that species into the coherent
medium is

GiðEÞ ¼ GcðEÞ þ GcðEÞ Vi � ΣðEÞ	 

GiðEÞ; ð26Þ

and the CPA condition requires that

GcðEÞ ¼
XN
i¼1

ci GiðEÞ; ð27Þ

or equivalently

XN
i¼1

ci tiðEÞ ¼ 0; ð28Þ

with

tiðEÞ ¼ Vi � ΣðEÞ	 

1� GcðEÞ Vi � ΣðEÞ� �	 
�1

: ð29Þ

Chemical disorder therefore enters through the self-consistent scattering
properties of the coherentmediumrather than through an explicit disorder-
averaged local term in the Kohn–Sham equation55,57,58.

This formulation allows DFT calculations to treat chemically dis-
ordered alloys without constructing large explicit supercells, while retaining
direct access to averaged electronic, magnetic, and transport properties. At
the same time, the single-site CPA remains amean field approximation and
therefore doesnot capture local lattice relaxationor short-rangeorder unless
further extensions are introduced56–58.

This limitation concerns the homogeneous single site CPA itself. A
single site CPA calculation represents the random alloy through a coherent
mediumand contains no explicit pair or higher cluster occupation variables.
The same random alloy reference state can nevertheless be used to predict
incipient chemical order by linear response. In theKKR-CPAconcentration
wave approach, the coherent medium is perturbed by a chemical modula-
tion and the response of the electronic free energy is evaluated. The resulting
stability matrix gives the dominant ordering wavevector, the chemical
species involved in the instability and the short-range order parameters of
the disordered phase59–61. The practical workflow is therefore to solve the
random alloy by KKR-CPA, compute the concentration wave response or
the corresponding pair interactions, identify the likely ordering mode, and

then pass the resulting Hamiltonian to Monte Carlo, nested sampling or
kinetic modelling when finite temperature structures are required. This
route has been applied to FCC and BCC HEAs, including AlxCrFeCoNi,
NbMoTa, NbMoTaW, VNbMoTaW, TixNbMoTaW, AlTiVNb and
AlTiCrMo61–64.

Cluster generalisations address the locality of the single site approx-
imationmore directly. The nonlocal CPA and the closely related dynamical
cluster approximation embed a finite cluster in the effectivemedium, rather
than one site, and recover the single site CPA as the cluster size tends to
one65,66. In combination with KKR DFT, these approaches introduce local
environment and short-range order corrections into the electronic structure
of disordered alloys from first principles67. A separate but related line of
work replaces the arithmetic average by a typical, or geometric, average of
the local spectral function. The typical medium dynamical cluster approx-
imationuses the typical density of states as anorder parameter forAnderson
localisation, which an ordinary average medium cannot detect because the
mean density of statesmay remainfinite while themost probable local value
collapses68. For lattice vibrations, this framework has been developed for
mass disorder68, combinedmass and force constant disorder69, short ranged
spatial correlations70, and multibranch phonons71. Although they share the
‘cluster’ name, this approach concerns a cluster effective medium and
localisation methods, not a HEA thermodynamic short-range order
methodology as we discuss below in relation to special quasirandom
structures. They complement SQS and cluster expansion (CE) calculations
by improving the treatment of nonlocal scattering, localisation and spectral
transport in the thermodynamic limit, while explicit supercells remainmore
appropriate for relaxed defect energetics, local lattice distortion and che-
mically specific neighbourhoods.

The KKR-CPA-DFT approach provides access to a wide range of
electronic properties, such as density of states, band structure, magnetic
moments, and Fermi surface characteristics, in a manner consistent with
quantum mechanical principles. This is particularly advantageous as it
allows to capitalise on the spin-polarised capabilities of DFT to use the CPA
to model magnetic disorder, such as spin fluctuations, and study magnetic
properties in alloys containing elements like Fe, Co, orNiwhich are difficult
to achieve with stand-alone CPA. However, the mean-field nature of the
CPA and its consequent neglect of short-range order and lattice distortions
remain inherent limitations. While the embedding in DFT improves
accuracy, CPA-DFTmay still struggle with strongly correlated systems and
properties influenced by local environmental effects. These limitations
highlight the need for complementary methods to fully capture the com-
plexity of disordered materials.

The CPA approach has proved effective for computing several average
structural and electronic properties of HEAs, including equilibrium lattice
parameters, Wigner-Seitz radii, elastic constants, mixing enthalpies, and
transport related quantities72,73. For the prototypical fcc NiCoFeCr alloy,
single-site CPA calculations have been shown to give equilibriumWigner-
Seitz radii and elastic properties that are broadly consistentwithmuchmore
expensive supercell calculations; for CuNiCoFeCrTix (x = 0.0–0.5, 1.0) and
NiCoFeCrTi alloys, CPA-based calculations reproduce experimental trends
in Wigner-Seitz radius rather well, whereas the agreement for elastic
properties is more mixed, with a tendency to overestimate the Young
modulus in some compositions74. These results indicate that CPA is often
reliable for averaged equilibrium structural descriptors, but can be less
robust for mechanical observables that remain sensitive to local chemical
environment and lattice distortion72,73.

A particularly important development has been the use of KKR-CPA-
based workflows to access phase stability and chemical ordering in multi-
component alloys at modest computational cost. Within this framework
one can compute the electronic density of states, equilibrium lattice para-
meters, chemical short-rangeorder parameters, and temperature dependent
thermodynamic quantities such as heat capacity, so that incipient ordering
and phase transformations can be inferred from anomalies in the heat
capacity together with the evolution of short-range order. This strategy has
been applied across a broad range of binary, ternary, and higher order
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HEAs, including NiCo, NiFe, NiCoCr, NiCoMn, NiCoMnCr, NiCoFeCr,
AlTiVNb, CrCoNi, CrFeCoNi, CrMnFeCoNi, NbMoTa, NbMoTaW,
VNbMoTaW, and AlxCrFeCoNi

61,62,75–77. Related KKR-CPA calculations
have also been used to generate first-principles training data for machine
learned interatomic potentials in chemically disordered alloys, including
Fe7Cr2Ni

78.

Supercell-based approaches and the special quasirandom struc-
tures. Unlikemethods like the VLA and the CPA, which treat disorder in
amean-fieldmanner, SQS and other supercell-based approaches provide
a real-space representation of disorder. These methods are widely used
for their ability to capture local atomic configurations, SRO, and their
effects on material properties, but come at considerably heightened
computational cost.

In supercell-based methods, one constructs a large periodic unit cell
(‘supercell’) containing a sufficiently large number of atomic sites. These
sites are then randomly populated by the constituent elements according to
the HEA’s specified compositions. The resulting supercell is used as the
fundamental unit for subsequent DFT computations. This approach relies
on the ergodic hypothesis: that a sufficiently large snapshot of a random
alloy configuration can statistically represent the ensemble average of the
alloy’s properties. Once a suitable supercell is chosen, DFT calculations can
be carried out to obtain ground-state properties such as total energies,
equilibrium volumes, and elastic constants, as well as response properties
like phonon spectra, electronic densities of states, diffusion barriers, etc., or
thermodynamic quantities such as formation enthalpies or free energies. By
averaging these results over multiple random or specially designed config-
urations, one approximates the true properties of the HEA.

In practice, this poses several challenges, as the number of distinct
supercells afforded by N distinct atomic species on a n × n × n roughly
equiatomic supercell is potentially vast, as given by Burnside’s lemma79. For
a supercell with S sites, species occupationsn1,…,nN satisfying∑ini= S, and
supercell symmetry group G, the count is

N ðn1; . . . ; nN ;GÞ ¼
1
jGj

X
g2G

½xn11 � � � xnNN �
Y
‘≥ 1

x‘1 þ � � � þ x‘N
� �m‘ðgÞ;

ð30Þ
wheremℓ(g) is the number of cycles of length ℓ in the permutation of lattice
sites induced by g. An estimate of the number of symmetry-inequivalent
configurations may be obtained by dividing the multinomial count by the
order of the supercell symmetry group, N est � S!

n1 !���nN ! jGj ; although the
exact count is given by Eq. (30), since different configurations can possess
different stabiliser subgroups. What this reveals is the vast configurational
space of the problemof enumeration. For instance, consider a 2 × 2× 2BCC
supercell, which contains S= 16 lattice sites. For afive component alloywith
thenearest possible equiatomic occupations (n1,n2,n3,n4,n5) = (3, 3, 3, 3, 4),
the supercell symmetry groupG consists of the operations of the cubic space
group thatmap the 2 × 2× 2 supercell onto itself. Evaluating Burnside’s sum
for this group yields 875,875 symmetry-inequivalent occupational config-
urations. Thus, even for this relatively small supercell, the numberof distinct
arrangements that could in principle contribute to a configurational average
already approaches one million. It is for this reason that practical
enumeration algorithms for crystalline alloys based on this formalism have
been developed in the context of cluster expansion methods80–82.

Equation (30) shows that exhaustive enumeration rapidly ceases to be a
usable thermodynamic strategy in multicomponent alloys. The count
therefore serves as a workflow decision point: if the target is a random solid
solution property, one constructs an SQS or a small ensemble of random
supercells and checks convergence with respect to cell size and correlation
functions80,82–84. If the target is equilibriumchemical order or configurational
thermodynamics, the enumeration problem is instead compressed into a
lattice Hamiltonian, which is then sampled statistically. If the target is the
rate at which order, precipitation or diffusion develops, the static enu-
meration must be replaced by an event catalogue with kinetic rates, which

leads to kinetic Monte Carlo (kMC). The Burnside calculation is thus
directly connected to practical HEA modelling because it explains why
representative structures, surrogate Hamiltonians and statistical sampling
are required.

This vastnessmakes the supercell approachdoubly challenging.On the
onehand, the supercellmust be large enough to capture the statistical nature
of chemical disorder and tominimise finite-size effects: a too small cell may
introduce artificial periodicity and fail to represent the true random nature
of the alloy, whereas excessively large cells can be computationally prohi-
bitive. On the other hand, the larger the supercell, the more distinct con-
figurations that are available, so configurational averaging reliant on
performing statistical sampling of multiple independent configurations can
become extremely expensive unless one employs special optimisation
strategies able to reduce the number of configurations needed.

The randomassignment of species on lattice sites often necessitates the
averaging of many configurations. SQS offers an elegant and widely used
solution to this. The SQS approach, originally developed by Zunger et al.85,
aims to construct a single small supercell that replicates the most relevant
pair and multisite correlation functions of an ideal random alloy.

The idea behind the SQS method is to systematically select atomic
arrangements within a single supercell so that their structural correlations
match, as closely as possible, those of an infinite random solution. By doing
so, one can achieve a computationally tractable model that closely repro-
duces the average properties of the random alloy without the need for
extensive configurational averaging. In practice, the construction of an SQS
involves:
1. Defining target correlation functions for the random alloy, typically

pair and triplet correlations at various neighbour distances.
2. Using combinatorial optimisation or heuristic algorithms (such as

Monte Carlo or genetic algorithms) to identify a specific arrangement
of atoms in a supercell that best matches these target correlations.

3. Once constructed, this SQS serves as a single representative config-
uration that mimics the random alloy’s structural and electronic
properties with high fidelity.

SQSs are designed to reflect the statistical nature of disorder within a sig-
nificantly smaller number of atoms than would be required for brute-force
sampling of random supercells. Consequently, the approach substantially
reduces the computational cost associatedwith configurational averaging in
supercell-based calculations. Density functional theory calculations per-
formed on an SQS typically reproduce many of the averaged structural,
electronic, and magnetic properties of the underlying random HEA with
good accuracy, allowing physical properties to be extracted with far fewer
calculations85–91. The SQS frameworkhas therefore beenwidely employed to
evaluate a range of properties of high-entropy alloys, including lattice
parameters, enthalpies of formation, average magnetic moments, elastic
properties, defect energetics, and tendencies toward sublattice ordering92–94.

A conventional SQS should not be identified with an equilibrium
chemically ordered state. It is constructed to reproduce the correlation
functions of the ideal random alloy at a chosen composition, usually for a
selected set of pair andmultisite shells85. It is thereforewell suited to random
solution reference properties, including average formation energies, relaxed
lattice parameters95, elastic constants96,97, magnetic moments, defect ener-
getics andphonons, provided thatfinite size effectsand configuration scatter
are tested83,85. Finite temperature short-range order requires correlations
that differ from the random limit and that dependon temperature,magnetic
state and vibrational contributions. Such correlations can be imposed in
deliberately ordered supercells, but they must first be generated from a
thermodynamic model, such as cluster expansion plus Monte Carlo, KKR-
CPA linear response plus Monte Carlo, or Monte Carlo and molecular
dynamicswith avalidated interatomicpotential62,98,99.A randomSQSandan
SRO-bearing supercell therefore concern different questions: the former
represents a random reference state, the latter represents a sampled ther-
modynamic state. Direct comparisons between CPA and SQS, for example
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in elastic calculations, are useful because they indicate when an averaged
description is adequate andwhen explicit local environments are needed96,97.

Comparative studies of mean-field disorder treatments and explicit
supercell approaches indicate that supercell-basedmodels generally provide
a more faithful description of properties that depend strongly on local
atomic environments, such as formation enthalpies, while mean-field
approaches such as the CPA offer a substantial reduction in computational
cost18,36,95,100,101. In practice, the choice between CPA-based methods and
supercell-based approaches therefore depends on the available computa-
tional resources and the objectives of the calculation. CPA-based approa-
ches are often advantageous when exploring wide compositional spaces,
whereas supercell-based methods are typically preferred when detailed
properties of a specific composition are required95.

Further, it must be borne in mind that even when numerical con-
vergence is carefully controlled, the predictive accuracy of SQS calculations
based on ab initio modelling via e.g. DFT remains limited by the approx-
imate nature of the exchange-correlation functional in DFT itself. Sys-
tematic benchmarks comparing DFT predictions with experimental
thermochemistry indicate typical uncertainties in formation and decom-
position energies on the order of several tens of meV per atom, which is
comparable to the energy scale separating competing phases in many
alloys102–104. Consequently, phase stability predictions based purely on DFT
total energies must generally be interpreted with caution, andmust often be
complemented by thermodynamic modelling or experimental validation.

Finally, the supercells discussed above are static. Finite temperature
dynamics can be obtained from the same electronic structure by ab initio
molecular dynamics (AIMD), inwhich the forces drivingNewtonianmotion
are computed on the fly from DFT at each timestep, either through the
extended Lagrangian scheme of Car and Parrinello105 or by direct
Born–Oppenheimer propagation on the relaxed ground state106,107. Cost
restricts AIMD to roughly 102 atoms and 100 ps108, which excludes chemical
equilibration, since reorderingproceeds bydiffusive rare events.Within those
limits, AIMD has been used in HEAs for finite temperature free energies of
CoCrFeMnNi, establishing that vibrational, electronic andmagnetic entropy
contribute on the same footing as the configurational term109; for local lattice
distortion and the resulting finite-temperature resistivity110; and for the liquid
state, where picosecond relaxation times fall inside the accessible window,
yielding self-diffusion coefficients, partial pairdistribution functions andSRO
inmelts of theCantor alloy and its derivatives111. Chemical order is recovered
by interleaving Monte Carlo species swaps with AIMD, which equilibrates
configurations that conventional dynamics cannot reach, andwhich predicts
B2 ordering betweenmixed (Nb,Ta) and (Mo,W) sites inMoNbTaW at 300
K112. AIMD now serves chiefly as the reference generator for the machine-
learned potentials discussed in the “Machine-Learned Force Fields” section,
whose training sets often include datapoints assembled from AIMD snap-
shots sampled across temperature108,113.

Cluster expansion, Monte Carlo and nested sampling. Establishing a
chemically representative SRO is one of the central difficulties of ato-
mistic HEA modelling. The methods surveyed above differ precisely in
how they treat it (Fig. 1): the VLA/VCA discards it by construction, the
KKR-CPA recovers only its incipient formby linear response, and an SQS
represents order faithfully but must be given it, since a random SQS or a
DFT-minimised supercell reproduces the random limit rather than the
equilibrium state. Order that is sampled rather than imposed requires a
thermodynamic model, and the cluster expansion supplies exactly this
configurational-thermodynamics layer, absent from a purely SQS-based
treatment: fitted to first principles energies, it is sampled by Monte Carlo
to generate equilibrium SRO at a given temperature.

In aCE, the occupational energy on afixed parent lattice is expanded in
point, pair, triplet and higher cluster functions,

EðσÞ ¼ J0 þ
X
α

mαJαhΦαðσÞi; ð31Þ

where σ denotes the site occupation configuration, Jα are effective cluster
interactions, mα are cluster multiplicities and 〈Φα〉 are cluster correlation
functions114. Once the interactions are fitted to first principles energies and
the derivative structure enumeration is controlled by established
algorithms80,81, the energy of large numbers of configurations can be eval-
uated In HEAs, this CE plus sampling route has been used to compute
Warren–Cowley short-range order in Mo Nb Ta V W115, A2 to B2 order
disorder transitions in MoNbTaW116, temperature dependent configura-
tional entropy and persistent short-range order in refractory alloys such as
NbTiVZr, HfNbTaTiZr and AlHfNbTaTiZr117, and competing ordered or
segregating states by KKR-CPA-derived Hamiltonians combined with
nested sampling in AlxCrFeCoNi

62. These workflows are now supported by
widely used tools such as ATAT and icet82–84.

This layer is essential forHEAs because the ideal entropy ofmixing is a
high temperature limiting value, not evidence that the alloy remains random
at the temperatures of interest. Cluster expansion and Monte Carlo studies
of refractory systems such as NbTiVZr, HfNbTaTiZr and AlHfNbTaTiZr
show that configurational entropy can remain strongly temperature
dependent and that appreciable short-range order may survive to very high
temperature117. In Mo Nb Ta V W and CrCoNi, cluster expansion or on
lattice machine learned Hamiltonians resolve temperature dependent cor-
relation structures that are inaccessible to a single random SQS98,115. The
CrCoNi case is particularly instructive because canonical Monte Carlo
predicts ordering into a Cr(Ni,Co)2 phase near 975 K98. The principal
limitation is transferability: a cluster expansion is reliable only on the parent
lattice, chemical space and relaxation regime represented in its training data.
Energy cross validation should therefore be supplemented by property level
tests, includingordering temperatures, short-rangeorderparameters, elastic
constants, defect energies and phase stability.

Nested sampling is a promising development in this regard. Originally
introduced as a Bayesian evidence algorithm118, nested sampling was
adapted to atomistic configurational sampling119, and can be used to esti-
mate the partition function from a sequence of constrained ensembles and
can thus recover thermodynamic observables over a range of
temperatures120. The approach is useful for alloy Hamiltonians with several
ordered, segregated or partially ordered basins close in free energy because it
explores the energy landscape without requiring a preselected order
parameter 121,122. InHEAs, nested sampling has so far appearedmainly as an
enhanced sampling option for alloy Hamiltonians rather than as a routine
component of CE workflows. In AlxCrFeCoNi, a KKR-CPA derived pair
Hamiltonian was sampled to analyse competing FCC and BCC ordering
tendencies62. More generally, the BraWl code implements nested sampling,
Metropolis Hastings sampling and Wang Landau sampling for multi-
component alloy Hamiltonians, including HEA applications123.

Atomistic molecular dynamics simulations
Ab initio calculations predict energies and forces very accurately. However,
AIMD techniques cannot scale past a very small number of atoms (1 ÷ 100)
and very short time scales (10 ÷ 100 ps), due to their computational cost.
Hence, their employment in the study of dynamic properties or thermo-
mechanical response at finite temperature is very limited. Atomistic mole-
cular dynamics (MD) simulations are used to bridge the gap between the
atomistic description of HEAs and their macroscopic response. In MD
simulation, atoms are treated as classical particles, interacting with each
other via an empirical forcefield.This simplifieddescription,whichdoesnot
explicitly include electronic degreesof freedom, allows to extend thenumber
of simulated atoms to the tens of thousands and the time scale to hundreds
of nanoseconds (Fig. 1).

A limited number of studies have utilized classical MD simulations to
investigate the bulk and interfacial properties specific to HEAs, largely
drawing fromwell-establishedmodels for bulk puremetals and alloys. Some
studies have also focused on modelling and simulating water-metal inter-
faces. This section provides an overview of these approaches and discusses
potential extensions to HEAs.
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Embedded atom models. One of the most successful force fields for
metals and metal alloys is the Embedded AtomModel (EAM)124 by Daw
and Baskes. The modelling effort that led to EAM stemmed from the
phenomenological observation that mechanical properties of metals
cannot emerge from a simple pair interaction potential, hence requiring a
potential that capturesmany-body interactions. The formof the potential
is inspired by the physics of metals and bears similarities with DFT.
Essentially, the per-atom energy of the metal is obtained by combining
two terms, one embedding the atom into the local electron density pro-
vided by the remaining atoms of the system, and one describing elec-
trostatic pair interactions with neighbours:

EEAM
i ¼ FðρiÞ þ

1
2

X
i≠j

ϕðrijÞ ; ð32Þ

where ρi is the sum over the spherically-averaged atomic electron densities
of the atoms neighbouring atom i (originally first nearest-neighbours only),
F is an embedding energy functional and ϕ is a pair interaction potential
depending on the distance rij between atom i and atom j. The derivation of
the potential and examples of application can be found in the review by
Daw, Foiles and Baskes125.

The original formulation of EAM works best for the metals with
completely empty or filled d bands, and it has been refined and extended to
incorporate awider chemical space. Finnis andSinclair specified aparticular
embedding energy function, based on the second-order approximation of
tight-binding theory,which simplified the formof the potential at the cost of
becoming less flexible126. Baskes observed that the overlap of spherically-
averaged electron densities did not accurately captured the directionality of
chemical bonds in covalent solids. A more refined model was proposed by
including an angle-dependent term in the host electron density, thus
obtaining the so-called Modified Embedded Atom Model (MEAM).
MEAM has shown to accurately reproduce the bulk, surface and defects
energetics of silicon127,128. MEAM was further extended by Lee et al. to
partially include second nearest-neighbour interactions (in addition to the
first nearest-neighbours), the so-called “2NN MEAM”. Including second
nearest-neighbours providedbetter phase stability and interface structure of
BCC metals such as iron129, and improved the descriptions of surface
relaxations, point defects, thermal expansion and amorphous structure of
pure germanium and metal-silicon/germanium systems130.

Since their birth, EAM force fields have proved capable of describing
multicomponent systems, such as binary alloys or intermetallics. Foiles et al.
determined the coefficients of amulticomponentEAMbyfitting theheats of
solution of the binary alloys of Cu, Ag, Au, Ni, Pd and Pt131. Johnson
proposed a form for the pair potential (ϕ in Eq. (32)) which is invariant
under linear transformation of the electron density in monoatomic models
and is parameter-free, allowing the formulation of an EAM potential for
virtually any pair of metals57. Table 1 lists selected examples of metal alloys,
up to 5 elements, modelled by EAM or MEAM.

Bond order and reactive potentials. Nonmetallic elements can be
introduced into HEAs to improve their thermomechanical properties.
Typically, elements such as nitrogen, carbon, or boron alter the crystal
structure of the base alloy. For example, HCP and BCC alloys may
transform into a NaCl-type FCC structure, in whichmetal and nonmetal
atoms alternate in an ordered arrangement. Nitrides132,133, carbides8,
borides134, and graphene-enhanced medium- and high-entropy alloys135

have been characterized experimentally. Atomistic models for such
materials require interaction potentials capable of describing covalent
bonds in solids. In some cases, a simple solution consists in adding a non-
bonded angle term that accounts for the directionality of covalent bonds.
The MEAM potentials discussed in the “Embedded Atom Models” sec-
tion have been used to simulate oxides, carbides and nitrates136–138. Other
angle-dependent potentials, like the Stillinger-Weber potential139 or the
Vashishta potential140, can be used to model solids with covalent bonds,
such as silica141. These potentials however do not include any descriptionT
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of the valency of covalent bonds and its dependence on the chemical
environment. Furthermore, they are not capable of modelling the
dynamics of electric charges and the formation or breakage of bonds.

Bond Order potentials incorporate an approximation for the effect of
the local local environment on the coordination of atomic bonds. The
general expression for the per-atom energy is:

EBO
i ¼ 1

2

X
i≠j

VRðrijÞ þ bVAðrijÞ
h i

; ð33Þ

where VR and VA are respectively a repulsive and an attractive potential,
possibly dependent on the local electronic density; b is the bond order
parameter, controlling the strength of the covalent bond, i.e. scales with the
valency of the bond. The bond order parameter depends on the number of
nearest neighboursZ. For instance,Abell derived anempirical relationof the
form b ~ Z−1/2 142, consistently with the idea that bond strength should
decrease with the number of nearest neighbours. Important examples of
bond order potentials are the Tersoff potential143 and the AIREBO
potential144.

While providing a way to describe valency, bond order potentials do
not describe systemswhich are undergoing bonding changes accurately. For
example, they cannot capture changes in atomic charges in response to the
local environment. Reactive potentials such as ReaxFF145 and COMB146

incorporate these additional complexities in the potential form. For
example, per-atom bonding energy of COMB reads:

ERP
i ¼ 1

2

X
i≠j

VRðrij; qi; qjÞ þ bVAðrij; qi; qjÞ
h i

; ð34Þ

where the attractive and repulsive energies depend on the atomic charges q,
and b is a sumof bond-order terms reflecting the different aspects of a bond,
including multibody contributions (e.g. angles, dihedrals). A self energy
term reflecting the change in atomic energy with the dynamic change in the
atomic charge is included to produce a self-consistent set of charges. While
reactive forcefields achieve great flexibility, it is important to stress that they
are also significantly more expensive to evaluate compared to more ’static’
potentials such as (M)EAM and bond order.

Bond order and reactive potential have been combined with EAM to
simulate heterogeneous systems147,148. Typically, the interactions between
metals and covalent solids are described with a tuned Lennard-Jones
potential; this choice is sometimes motivated by the relative weakness of
these interactions with respect tometal-metal or covalent-covalent ones. To
the best of the authors’ knowledge, there exist only few attempts to para-
metrize reactive potential for metals with the aim of describing hetero-
geneous systems in the same framework149,150. Finding good atomistic
models for the interactions betweenHEAs and carbon, silicon, nitrogen and
oxygen, either as dispersed atoms or substrates, is therefore still a mostly
open scientific question. In this regard,NeuralNetworkPotentials discussed
in the “Machine-LearnedForce Fields” sectionmay represent a viable line of
attack.

Potentials for metal-liquid interfaces. Understanding the physics of
liquid-metal interfaces is of primary interest for many industrial appli-
cations, such as corrosion prevention, lubrication, catalysis, electro-
chemistry, surface cleaning and heat transfer151–153. HEAs represent new
target materials for the coating industry, and thus accurate molecular
models for the interactions between HEA substrates and polar or non-
polar liquids is desirable. Modelling interfaces between liquid metals and
solid metals is relatively easy owing to the availability of liquid-solid
interaction potentials. For instance,multicomponent EAMhas been used
to simulate wetting of pure molten metals droplets onto solid pure
metals154,155, metal droplets onto alloy substrates156,157, or alloy droplets
onto pure metal substrates158. Interfaces between heterogeneous mate-
rials are much more challenging to model and simulate. We will focus
specifically on interfaces between metals and water. Water is a very

common liquid and it is important for life and for many industrial
processes (e.g. anti-icing surfaces159 and greenH2 production

160). Some of
the following considerations extend to other simple molecular liquids.

A commonmeasure for the affinity of a solid surfacewith a liquid is the
angle that a liquid droplet forms upon being deposited on the surface
(equilibriumcontact angle; see the “Static anddynamicwettability” section).
A simple way to reproduce experimentally observed contact angles in
Molecular Dynamics simulations relies on adjusting the van derWaals pair
interaction parameters. This approach has been used to study wetting over
heterogeneous metal surfaces161 or film boiling162. Interface models that are
limited to arbitrarily tuned solid-liquid van der Waals interactions may
effectively reproduce some macroscopic observables, but are ultimately
inconsistent with the physics of water-metal interfaces. Experiments and
DFT calculations show that water adsorption on metal surfaces cannot be
trivially captured by a pair potential163. Spohr and Heinzinger treated the
water-metal interface as a dielectric discontinuity between a vacuum with
embedded point charges and a homogeneous dielectricmedium and solved
the electrostatic boundary-value problem using the method of image
charges164. Shortly afterwards, a newmodel was developed, where the dipole
orientation and the chemisorption of interfacial water was biased to
reproduce electronic structure calculation results165. This latermodel proved
effective in simulating adsorption and electrochemistry onnoblemetals and
on iron166–168.

More recently, Antony et al. used the reactive COMB3 potential169 to
simulate dynamic spreading of water droplets on Pt and Cu surfaces170. Not
only the layering and orientation ofwater on themetal surface was captured
very accurately, but qualitative differences in the wetting behaviour of the
metals were observed. Gim et al. employed a QM/MM-like approach to
study the wettability and the surface diffusion of water on clean metal
surfaces171. In their study,DFT is used to simulate themetal surfacewhile the
liquid is treated as an explicit solvent172. This approach captures the water-
metal interactions naturally. However, it bears the computational com-
plexity of electronic structure calculations. The combination of the accuracy
of ab initio simulationswith the speed ofMD simulations could be achieved
by a Neural-Network potentials, as discussed in the “Machine-Learned
Force Fields” section. Already in 2016 Natarajan and Behler used a Neural-
Network potential to study the physical-chemistry of water on Cu crystal
surfaces173. Non-trivial results were found concerning the structural
ordering of water on the surface depending on the crystal plane orientation,
suggesting this method could be relevant in the study of water-metal
interfaces.

Machine-learned force fields
Machine-Learned Interatomic Potentials (MLIPs) represent one of the
forefront lines of research in Molecular Dynamics simulations. Instead of
relying on empirical force fields,MLIPs determine the per-atom energy in a
molecular system as a learnable function of the atomic position xi, atomic
number Zi, and a descriptor of the local chemical environment Ei:

EML
i ¼ F ðxi;Zi; EiÞ ; i ¼ 1; . . . ;Natoms : ð35Þ

The promise of this approach is to provide accurate energies by learning on
electronic structure calculations, while keeping the description of the system
atomistic (i.e. without considering electronic degrees of freedom). This
section presents a brief overview of the building blocks and the variants of
deep-learning potential, with a focus onNeural-Network Potentials (NNPs)
used in material science and HEAs modelling. The review by Unke et al.174

provides amore complete summary of the seminal work onML force fields.
Depending on the underlying model, training MLIPs may necessitate

an extensive amount of data acquired from electronic structure calculations.
In order for the model to be able to generalize, it is important that the
training dataset encompasses a vast chemical space and different thermo-
dynamic conditions. The process of creating such datasets is computa-
tionally demanding, as it can easily requireO(100K) or evenO(1M) single-
point DFT calculations. Luckily, many publicly-available dataset exist,
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which can be readily utilized for model training. In the context of material
science, we refer to the Material Project175 (and in particular the MPtrj
trajectory dataset176), JARVIS177, NOMAD178, QMOF179, Open Materials180,
and Open Catalyst181.

ML force field models comprise of two connected elements: a
descriptor and an architecture. Descriptors aggregate information on the
local chemical environment in which a given atom is embedded (E in Eq.
(35)), and are introduced to facilitate the transferability of the model and
eliminate rotational and permutation redundancies. From a mathematical
point of view, descriptors can be viewed as a similarity metric between
chemical environments. Initially, descriptors were expressed in terms of
local radial and angular correlation functions182, or bond-order
parameters183. The Smooth Overlap of Atomic Positions (SOAP184) is pos-
sibly the most commonly used descriptor, owing to its accuracy and its
natural interpretation. More recently, the Atomic Cluster Expansion
(ACE185) has emerged as themost advanced and promising descriptor. ACE
is a generalization of SOAP and its calculation scales linearly with the
number of neighbouring atoms. In the training and evaluation of MLIPs,
descriptors are computed for each atom in the system andpassed to amodel
that predicts per-atomenergies. It is alsoworth highlighting that descriptors
are instrumental in making the input to the ML model invariant or
equivariant under specific transformations of the frame of reference.

The typesofmodel architectureultimatelydetermine the efficiencyand
expressiveness of the force field. Kernel-based methods used for MLIPs,
such asGaussianApproximation Potentials (GAP186–188), are very predictive
on small datasets, but are not very data-efficient and thus difficult to scale to
larger chemical spaces. NNPs scale more easily to large datasets and are
more expressive than kernel methods182, but generally inferior in accurately
predicting energies from small molecular datasets. Equivariant graph
message-passing NNPs are able to achieve the best of the two worlds by
including a non-local representation of atomic interactions in terms of
connected graphs, but aremore computationally expensive and challenging
to parallelize189,190.While the output ofNNPs is usually the per-atomenergy,
forces can be obtained by Automatic Backward Differentiation (ABD).
Figure 3 depicts the typical flow of information occurring in the forward
evaluation of an NNP. It is worth remarking that there are also several
examples of neural networks being used to directly predict material prop-
erties, “bypassing” the calculation of an interatomic potential.

The first prominent application of MLIPs to HEAs are Low Rank
Potentials (LRPs)191,192. In LRPs, the energy is expressed as a sum of con-
tributions from local neighbourhood interactions. Its main strength lies in
compressing the number of parameters required to describe multi-element
interactions while retaining the ability to capture local chemical ordering.
LRPs have been shown to achieve deviations in cohesive energies of the
order of 1meVwith respect to ab initio cluster expansion calculations, while
qualitatively reproducing heat capacities and local ordering in MEAs and
HEAs. In a similar spirit, the Atomistic Line Graph Neural Network
(ALIGNN193) has been trained to predict local ordering ofHEAs crystals (≥4
elements, ~100 atoms) containing Cr, Mn, Fe, Co, Ni, Cu and Al (ref. 194,
Fig. 4a). ALIGNN shows errors on the order of 0.1 eV on cohesive energies
on out-of-distribution data even when trained on subsets of MEAs (≤3
elements) and small crystals (~20 atoms).

Another architecture that has recently attracted considerable interest
forHEAs isMACE, an equivariantmessage-passingNNP that combines the
favourable scaling properties of ACE with the accuracy and expressiveness
of graph neural networks. MACE builds upon this framework by con-
structing efficient high-order messages that express many-body atomic
interactions195,196. The recent commentary by Bernstein197 briefly recollects
the advancements of this potential with respect to the previously available
models. MACE has been trained on 150k inorganic crystals taken from the
Material Project database, and recently a multi-head version trained on the
Open Material dataset has been released. The result of this extensive
training, namedMACE-MP0, has been proposed as a foundationmodel for
material chemistry, with the ambitious goal of being able to model any
atomistic system198. MACE-MP0 has been applied to the 20-component
Cantor alloy, with the aim to test its scaling properties on amulticomponent
system. MACE-MP0 is able to achieve 1 ns/day for a 104-atom system by
distributing the work on multiple GPUs (Fig. 4b). This benchmark shows
the capabilities of MACE in terms of time-to-solution, although the results
have not been directly verified against ab inito simulations due to the sys-
tem size.

As a final example of modelling approach at the intersection between
Molecular Dynamics and Machine learning, we mention alchemical com-
pression, which tackles the vastness of the configurational space of HEA.
Essentially, alchemical compression amounts to a learnable mapping of the
chemical elements to a smaller number of pseudo-elements (Fig. 4c). This

Fig. 3 | Schematic representation of a machine-learned force field. Local chemical
environments are encoded by descriptors, as a function of atomic coordinates and
atomic numbers. The information is then passed to a ML model (e.g. a Neural
Network), which predicts energies. Forces are computed via backward differentia-
tion (w.r.t. atomic coordinates), similarly to how gradients are computed in Physics

Informed Neural Networks. Training minimizes a cost function usually defined as
the quadratic error between energies or forces in the dataset and predicted ones.
Figures adapted from ref. 185 (underAPS reuse and permissions license) and ref. 174
(under CC-BY-NC-ND 4.0).
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lower-dimensional representation, which can be further compressed with
traditionalmethods such asPrincipalComponentAnalysis (PCA), has been
shown to reduce the computational cost of MLIPs with negligible loss of
accuracy. Alchemical compression has been used in combination with a
fully-connected neural network based on three-body features to study bulk
and surface properties of HEAs199,200.

Despite their impressive capabilities, MLIPs present some important
limitations. While being orders of magnitude faster than DFT calculations,
deep-learning potentials still remain significantly slower than classical force
field, owing to the need of evaluating a possibly very complex neural net-
work to update energies and performing ABD to update forces. In the spirit
of Quantum Mechanics/Molecular Mechanics methods, hybrid Machine
Learning/MolecularMechanicsmethodshavebeenproposed,wherebyonly
a limited part of the system is simulated with anML or NN potential, while
the rest is simulated using faster classical Molecular Dynamics201–205. Fur-
thermore, deep-learning potentials do not naturally include long-range
interaction, owing to the locality of descriptors. While some attempts of
including electrostatics have been made206–208, this problem remains devoid
of anunivocal solution, as long-range electrostatics is usually not considered
in reference DFT calculations. Another challenge is represented by the
vastness of the training datasets needed to ensure the potential is able to

generalize. This issue has been softened by employing active learning
approaches209.

Popular Molecular Dynamics codes support the integration of NNPs.
LAMMPS can run NNPs via a set of modules, mostly maintained by the
community. OpenMM natively supports NNPs in its most recent versions.
The support for NNPs has also been included in the 2026 release of
GROMACS.

Monte Carlo methods
In this last section on computationalmethods, we briefly illustrate examples
of Monte Carlo (MC) approaches for studying HEAs. Equilibrium cano-
nical MC simulations are often employed, either alone or in combination
with MD, to explore the configurational space of HEAs and identify free-
energy minima. MC methods have also been coupled with genetic opti-
misation algorithms (e.g. cuckoo search) to accelerate the exploration of the
chemical space of HEAs210.

Equilibrium MC samples configurations with the correct thermo-
dynamic weights, but does not attach a physical time to the sampled
sequence. Kinetic Monte Carlo (kMC) supplies that time by assigning rates
to discrete activated events, most often vacancy jumps, atom exchanges or
interstitial hops211–213. It is therefore appropriate for slow diffusional

Fig. 4 | Overview of ML and NNP applications to HEAs. a Parity plot of ALIGNN
predictions on the formation energy of alloys with ≥3 elements, obtained by training
on binary alloys only; inset: schematic representation of the line graph architecture
of ALIGNN (figures adapted from ref. 193, Creative Commons CC BY, and ref. 194,
republished under STM guidelines under RSC license). bModelling capabilities of
the MACE-MP0 foundation model. c Weak-scaling curve for the simulation of a
Cantor alloy with MACE on GPUs (panels b and c are adapted from ref. 198,

Creative Commons Attribution CC BY 4.0). d Representation of the alchemical
compression of three elements into two pseudo-elements and example of dimen-
sionality reduction based on alchemical compression for some transition metals,
highlighting periods, indicated by different colours, and groups, indicated by the
connecting black lines (figures adapted from ref. 199, APS reuse and permissions
license).
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processes that are inaccessible to direct molecular dynamics213, including
vacancy-mediated diffusion, chemical SRO formation, ordering relaxation,
precipitation, segregation and radiation driven defect evolution214. The
central difficulty in HEAs is that migration barriers are local environment
dependent. A single barrier cannot represent a vacancy jump in CrCoNi,
MoNbTa or related concentrated solid solutions, since both the initial state
and the saddle environment vary with local chemistry. Practical kMC
workflows therefore require one of three barrier descriptions: transition
state cluster expansions fitted tofirst principles saddle energies215,216; on-the-
fly saddle catalogues, such as the kinetic activation relaxation technique and
selective active volume kMC217,218; or machine learned barrier predictors
trained on local chemical environments219. MD and kMC simulations of
concentrated FCC alloys show that slow diffusion need not be attributed
directly to configurational entropy220,221. In NiFe, NiCo and NiCoCr, pre-
ferential diffusion follows from composition dependent vacancy migration
barriers and from the percolation of fast and slow diffusion pathways221,222.
The diffusivity can therefore pass through a minimum near the site per-
colation threshold, rather than decreasing monotonically with the number
of alloying elements221,223. For chemical ordering, kMC supplies the kinetic
information that equilibriumMonte Carlo lacks. It has been used to follow
chemical short-range order formation in FCC CrCoNi and BCC
MoNbTa224; to show that established short-range order can reduce and
localise vacancy-mediated diffusion by increasing migration barriers and
backward jump correlations225; to map path dependent migration barrier
spectra and the temperature dependence of B2 ordering in refractory
NbMoTa219; and to show that vacancy and interstitial diffusivities inCrCoNi
can be tuned by changing the degree of chemical order226. Whereas kMC is
powerful when the event catalogue and barrier distribution are physically
representative, missing events, poor saddle sampling or a barrier model
trained outside its local chemistry domain will produce a precise trajectory
with little predictive value.

Structure, functional properties and applications
Phase stability and structure
Phase stability is the organizing principle that links composition and pro-
cessing tomicrostructure and, ultimately, to properties. InHEAs, the central
challenge is that small changes in composition and thermal history can
switch the stable (ormetastable) set of phases, alter ordering tendencies, and
promote segregation or topologically close-packed phases. Computational
phase-stability tools therefore aim to quantify which phases are thermo-
dynamically competitive, how their driving forces vary with temperature
and composition, and how processing pathways can bias the realized
microstructure.

CALPHAD as a framework for multicomponent equilibria. The
CALPHAD method provides a phenomenological framework for ther-
modynamic and kinetic calculations by representing the Gibbs free
energies of individual phases (and, when available, phase mobilities) as
functions of composition, temperature, and pressure227. From these
constitutive models, CALPHAD yields equilibrium phase fractions and
compositions, phase boundaries, chemical potentials, and driving forces
for transformations; when coupled to assessed mobility descriptions, it
also enables diffusion-controlled precipitation, homogenization, and
process-relevant heat treatment simulations. In the HEA context, this
role is particularly valuable because CALPHADoffers a systematic way to
compress a high-dimensional composition space into actionable pre-
dictions that can be interrogated against experiments and then iteratively
refined.

A key strength of CALPHAD is that it enforces thermodynamic
consistency across subsystems through physically motivated functional
forms (e.g., sublattice and compound-energy models) and parameter
assessment strategies, whichmakes extrapolation from lower-order systems
towardhigher-order compositions feasible228. This extrapolation logic is also
the source of a central caveat for HEAs: multicomponent predictions are
only as reliable as the assessed description of the underlying binaries and

ternaries, and they remain sensitive to which higher-order interactions are
included (or neglected) when data are sparse. In many HEA-relevant sys-
tems, higher-order (quaternary and beyond) interaction parameters are
unavailable and early database constructions therefore rely on lower-order
descriptions as a first approximation229. This is often sufficient to capture
broad phase trends, but it can miss subtle ordering tendencies and narrow
stability fields that are crucial for microstructure control.

The practical limitation for HEAs is thus not the CALPHAD formal-
ism itself, but database coverage and validation. Interaction parameters are
assessed from amix of experimental thermochemical/phase-equilibria data
and computational inputs, and the element sets and phase models included
in HEA-focused databases cannot span the full chemical space of multi-
principal element alloys. Widely used options include TCHEA (Thermo-
Calc) and PANHEA (CompuTherm), which provide useful guidance when
applied within their validated compositional and temperature ranges230,231.
For compositions that fall outside the validated domain, CALPHAD should
be interpreted as a hypothesis generator whose predictions require targeted
verification, rather than as a fully predictive oracle.

Databases, validation, and high-throughput CALPHAD workflows.
Since the introduction of the HEA concept, CALPHAD predictions have
been increasingly benchmarked against experimentally observed phase
constitutions and microstructures across a broad range of alloy
families229,232–239. A representative example is the AlCoCrFeNi family,
where database development and subsequent phase-stability analysis
highlighted the importance of obtaining reliable descriptions of lower-
order subsystems before trusting higher-order extrapolations229. In that
work, higher-order interaction parameters were not introduced in the
first approximation, yet CALPHAD still captured the principal
composition-driven trend that the primary solidification mode changes
fromFCC-dominant at lowAl content (x < 0.75) to BCC/B2-dominant at
higher Al content (x > 0.75), consistent with experimental
observations229. This illustrates both the utility of CALPHAD for rapid
trend prediction and its sensitivity to database completeness when phase
competition is tight.

Database development forHEAs has also been discussed explicitly as a
methodological problem. Chen et al. outlined challenges and strategies for
constructing multicomponent descriptions, including the need to reconcile
scarce multicomponent experimental data with physically consistent
extrapolation, and presented an early TCHEA database framework span-
ning 15 elements232. Importantly, that effort highlighted how high-
throughput DFT can be used to augment missing thermochemical infor-
mation (e.g., mixing enthalpies in higher-order systems) to improve para-
meterization and reduce ambiguity in phase stability predictions232. This
interplay between experiment, CALPHAD optimisation, and first-
principles inputs is increasingly central for HEAs, where traditional reli-
ance on equilibrated phase-diagram measurements alone is often
impractical.

Application-driven CALPHAD studies have reinforced an additional
HEA-specific complication: validation is frequently confounded by
metastability and processing path dependence. For example, critical
assessments of CALPHAD-guided HEA design emphasize that alloys
produced by conventional routesmay retainmetastable phase assemblages,
and that long annealing treatments are often required to approach equili-
brium before comparisons to CALPHAD can be meaningfully
interpreted234. This makes it essential to report processing history alongside
computed equilibrium predictions, and, where possible, to complement
equilibrium calculations with kinetic simulations and microstructural
characterization.

A practical bottleneck in HEA design is that “one-at-a-time” CAL-
PHAD calculations do not match the scale of the composition space. This
has motivated high-throughput CALPHAD workflows that automate
phase-diagram evaluation, solidification (including Scheil-type approx-
imations where appropriate), and precipitation calculations through
scripting and Python-based interfaces. CAROUSEL, for instance, provides
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an open-access, GUI-assisted high-throughput interface to MatCalc and
supports solidification and solid-state precipitation screening235. High-
throughput pipelines can then be coupled to application-relevant filters. In
ref. 236, for example, CALPHAD-based high-throughput solidification
calculations were used to process 11,235 compositions in the CrCoNiAlTi
system under prescribed boundary conditions and to down-select candi-
dates forming targeted FCC+L12 microstructures; the study further linked
thermodynamic screening to simplified strengthmodels (solid-solution and
precipitation contributions) and reported agreement with experimental
trials236. Similarly, eutecticHEAs—attractive for casting and energy-efficient
processing because of reduced melting temperatures—have been explored
through high-throughput CALPHAD frameworks, with predicted eutectic-
forming domains showing strong correspondence with experiments237.
These examples illustrate a general pattern: CALPHAD is most impactful
when used not merely to compute phase fractions, but to define design
constraints and to interface with downstream property models and synth-
esis routes233.

Emerging workflows increasingly couple CALPHAD with machine
learning and atomistic simulations. One motivation is to reduce the cost of
supplying high-fidelity thermochemical inputs (traditionally fromDFT) by
using transferable machine-learned interatomic potentials together with
statistically meaningful sampling of chemical disorder (e.g., SQS)238. Such
hybrid pipelines can accelerate database refinement, enable uncertainty-
aware screening, and provide a structured pathway from thermodynamic
descriptors to microstructure evolution. In parallel, CALPHAD has been
integrated with rapid experimental platforms for coatings and multi-
component deposition, where composition libraries, modelling, and aux-
iliary criteria calculations are combined to establish
composition–microstructure–property relationships at scale239.

Overall, CALPHAD remains indispensable for establishing thermo-
dynamic baselines and navigating composition space, but predictive HEA
modelling increasingly depends on (i) database expansion beyond
transition-metal-centric element sets, (ii) systematic incorporation of
computational thermochemistry and uncertainty quantification, and (iii)
tighter coupling to kinetic and microstructure models so that equilibrium
predictions can be translated into process-aware guidance and experi-
mentally testable hypotheses.

Structural stability beyond equilibrium: ordering, nucleation, and
defect energetics. Equilibrium phase diagrams are necessary but not
sufficient for HEAs because local chemical order and kinetic pathways
can decisively affect which phases are realized and how they transform.
Atomistic simulations and hybrid sampling techniques complement
CALPHAD by directly probing finite-temperature stability, chemical
short-range order (CSRO), nucleation conditions, and defect energetics
in chemically complex matrices.

Using MD and hybrid Monte Carlo/MD (MC/MD), Salloom et al.
analysed the relative stability of γ-FCC and ε-HCP in
Fe40Co20Cr15Mn20Si5

240. Pure MD sampling suggested marginal HCP
preference at room temperature and a large negative stacking-fault energy
(SFE), whereas hybridMC/MD sampling—which allows chemically driven
rearrangements—stabilized the FCC phase and yielded a smaller (still
negative) SFE. This difference was attributed to CSRO: MC/MD produced
distinct 1NNCSROsignatures inFCCversusHCPthatwerenot sampledby
MD alone (Fig. 5). Such results highlight that structural stability in HEAs
can depend sensitively on whether the simulation protocol can equilibrate
chemical order on the relevant length scale.

Meesa et al. usedMD to examine how nucleation conditions influence
phase selection during cooling (solidification) in Fe50Mn30Cr10Co10

241.
Homogeneous nucleation produced predominantly BCCwith a substantial
amorphous fraction at 300 K, whereas heterogeneous nucleation with an
FCC seed yielded a dual-phase FCC/HCP microstructure with reduced
amorphous content (Fig. 6a). Subsequent annealingpreserved the respective
phase fractions, demonstrating that processing path and initial nuclei can
kinetically select different metastable endpoints even at fixed composition.

Defect-related metrics such as lattice parameter trends and SFE pro-
vide an additional bridge between phase stability and mechanical response.
For FeNiCrCoAl,MD-based analyses show that lattice parameters decrease
with increasing Ni/Cr/Co content and increase with Al addition, reflecting
atomic-size effects and providing a route to tune local strain fields
(Fig. 6b, c)242. The same work reported systematic SFE trends with com-
position and demonstrated that non-equiatomic alloying can be used to
engineer stacking-fault energetics (Fig. 6d), which in turn modulate defor-
mation pathways.

Point-defect energetics provide a complementary defect metric to
stacking-fault energetics. Roy et al.243 investigated vacancy formation and
migration in the refractory BCC MPEA ðMo0:95W0:05Þ0:85Ta0:10ðTiZrÞ0:05
using DFT calculations on chemically disordered supercells and cNEB
migration-barrier calculations. They showed that vacancy formation ener-
gies and migration barriers are strongly controlled by local chemical
environments, charge-transfer-driven lattice distortion, and migration
direction. In particular, the Zr-vacancymigration barrier changes from 0.48
to 1.63 eV between two local environments, while migration along 〈100〉 is
2–3 timesmore difficult than along 1

2 h111i. This example shows that point-
defect stability and vacancy-mediated diffusion in refractory MPEAs are
local-environment-resolved quantities rather than simple averaged ele-
mental descriptors.

CALPHAD remains indispensable for establishing thermodynamic
baselines and screening broad composition ranges, while atomistic and
data-driven approaches are increasingly required to capture CSRO,
nucleation pathways, and defect energetics that govern structural stability in
practice. Future progress will depend on expanding and validating multi-
component databases, integrating uncertainty quantification, and
strengthening couplings between CALPHAD, atomistic simulations, and
mesoscale microstructure models.

Bayesian optimisation for improving CALPHAD predictions. For
high-entropy and other complex concentrated alloys, CALPHAD
predictions should be interpreted together with their uncertainty rather
than as deterministic phase maps244. These systems occupy high-
dimensional composition spaces where empirical limitations are sparse,
extrapolation from binary and ternary assessments is common, and
small differences in Gibbs-energy parameters can change predicted
phase boundaries, ordering tendencies, or minor-phase fractions.
Uncertainty-aware databases, therefore, associate thermodynamic
parameters with probability distributions and propagate those dis-
tributions to quantities relevant to alloy selection, including phase-
stability probabilities, solvus temperatures, driving forces, and equili-
brium phase fractions245.

Bayesian thermodynamic assessments provide a practical route for
constructing such databases. Experimental equilibria, calorimetry, first-
principles calculations, and their respective measurement or model errors
can be combined through a likelihood-based calibration of Gibbs-energy
parameters. The resulting posterior parameter ensemble preserves para-
meter correlations and enables the distinction between well-supported
predictions and extrapolations. For high-entropy alloy design, this enables
robust screening: candidate compositions can be ranked by the probability
of meeting a phase-stability criterion across the intended processing win-
dow, rather than by a single nominal prediction16.

It also supports targeted experimentation, since sensitivity analysis or
expected information gain can identify the measurements most likely to
reduce uncertainty in the composition-temperature regions that govern
design decisions. This approach should complement, not replace, validation
experiments—particularly where short-range order, metastable phases,
magnetic effects, or kinetic limitations are important. Uncertainty-aware
CALPHAD databases and Bayesian thermodynamic assessments address
the combinatorial complexity anddata gapsofHEAs.These frameworksuse
probabilistic confidence intervals for phase-equilibrium predictions,
enabling advanced extrapolation into unexplored, multiprincipal-element
chemical spaces246–248.
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Fig. 5 | Structural stability ofHEA. Potential and free energies of ten initial random
configurations after MD (a, b) and MC/MD (c, d) simulations. The 1NN CSRO
values obtained after MC/MD (e) reveal non-random, phase-dependent local che-
mical preferences in the FCC and HCP phases. These CSRO patterns indicate that
chemical short-range order is linked to the energetic stabilization of competing

crystal structures, rather than being only a structural descriptor. Panels (a–d) were
redrawn using data from Figs. 3 and 5, and panel (e) was reproduced from Fig. 4 of
ref. 240 https://doi.org/10.1088/1361-651X/ac860d. ⓒ IOP Publishing. Reproduced
with permission. All rights reserved.
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Uncertainty-aware methodologies tackle this through: ensemble
modelling, building multiple thermodynamic models (e.g., combining
Bayesian neural networks) to calculate the spread in possible phase
equilibria246; configurational entropy calibration, moving beyond ideal
mixing models to statistically constrain vibrational, magnetic, and short-
range ordering contributions to the Gibbs free energy249; and commercial
advancements, with dedicated HEA databases, such as Thermo-Calc’s
TCHEADatabases, that are continually updatedwith higher-order systems
(e.g., TCHEA9, incorporating 27 elements).

Bayesian inference allows to quantify parameter uncertainty by
treating thermodynamic model coefficients (such as Redlich-Kister
interaction parameters) as probability distributions rather than fixed
values246,250,251. Tools like ESPEI (Extensible Self-optimising Phase
Equilibrium Infrastructure) utilise Bayesian parameter estimation to
simultaneously fit ab initio data (e.g., Density Functional Theory) and
experimental phase boundaries, generating usable uncertainty
limits250,252. By quantifying uncertainty, one can map the vast HEA

compositional space to identify the most unexplored or highly uncertain
intervals. This permits the pruning ofmillions of candidate compositions
into high-confidence targets for experimental synthesis246,248,253. When
evaluating mechanical properties (e.g., yield strength, hardness) or
microstructural stability (e.g., avoiding brittle sigma-phase formation),
Bayesian optimisation balances exploitation (focusing on known-good
alloys) with exploration (testing unmapped regions where the algorithm
predicts high property potential)254,255.

Bayesian Optimisation (BO) coupled with CALPHAD accelerates
materials discovery by combining the predictive power of thermo-
dynamic databases with intelligent, uncertainty-aware machine learn-
ing. This hybrid approach guides experimental synthesis and
processing, drastically reducing the time and cost required to discover
and optimise complex alloys by targeting specific phase equilibria256.
Recent research uses BO approach to link processing parameters (e.g.,
cooling rates, heat treatments) to final microstructure states and
mechanical properties257.

Fig. 6 | Phase evolution during cooling under heterogeneous nucleation condi-
tions.The inset plot shows the phase fractions during annealing at 900K. The colour
of the symbols in the line plots and the colour of the atoms in the sample insets follow
the legend shown in panel (a). The calculated lattice parameter as a function of
alloying element concentration obtained frommolecular dynamics simulations (b),

with comparison to the experimental data reported by Wang et al. c The calculated
stacking fault energy (SFE) as a function of alloying element concentration obtained
from molecular dynamics simulations (d). Panel (a) reprinted from ref. 241. Panels
(b–d) reprinted from ref. 242 with permission from Elsevier.
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Heat transfer properties
Thermal conductivity (k) is a critical property for materials used in high-
temperature and thermal management applications258,259. Because of
their unique atomic configurations and multi-element compositions,
which result in remarkable thermal properties, HEAs have become
attractive prospects in this field260,261. MD simulations have become
reliable for investigating these properties at the atomic level, allowing
researchers to explore phonon scattering, atomic disorder, and other
intricate mechanisms that govern thermal conductivity in HEAs262,263.
HEAs often have lower heat conductivity than traditional alloys, mostly
because of increased phonon scattering brought on by differences in
atomic mass and size between their constituent elements264,265. Advanced
MD simulation approaches, such as the equilibrium (EMD, e.g.

Green–Kubo) method and non-equilibrium molecular dynamics
(NEMD), are frequently employed to quantify heat flux and analyse
temperature gradients, respectively266,267. These two primary methods
offer complementary insights into atomic-scale thermal transport
properties. A detailed comparison of the EMD and NEMD methods,
including their underlying theories, formulas, benefits, and drawbacks, is
provided in Table 2268–293 to aid in understanding these approaches.

The thorough examination of NEMD and Green–Kubo methods
provides a solid foundation for comprehending the atomic-scale mechan-
isms controlling thermal transport in HEAs. As discussed in the next sec-
tions, this information is essential for customizing the thermal
characteristics of HEAs to particular applications. In particular, the concept
of the interaction of atomic disorder, phonon scattering, and defect

Table 2 | Comprehensive comparison of Equilibrium (EMD/Green–Kubo) and Non-Equilibrium (NEMD) techniques for thermal
conductivity (k) calculation in molecular dynamics simulations

Aspect EMD method (Green–Kubo) NEMD technique

Type of method Equilibrium Non-equilibrium

Principle Linear response theory (Fluctuation–Dissipation) Fourier’s law (steady-state transport)

Formula k ¼ 1
3kBT

2V

R1
0 hJð0Þ � JðtÞidt kk ¼ � Jk

ð∇TÞk

Tensor/isotropy For isotropic systems: k ¼ 1
3kBT

2V

R1
0 hJð0Þ � JðtÞidt In general, k is a tensor

kαβ: kαβ ¼ 1
kBT

2V

R1
0 hJαð0ÞJβðtÞidt

For anisotropic systems, k is direction-dependent; J and ∇Tmust
be taken along the same direction (e.g., ∥)

Input Heat current autocorrelation function (HCACF) computed from equilibrium
fluctuations

Either: imposed ΔT (measure J) or imposed heat flux, e.g.,
Müller–Plathe method (measure ∇ T)

System setup Equilibrate in NVT/NPT; production run preferably in NVE (or with very weak
thermostat) to avoid bias in HCACF; PBC typically used

Hot/cold thermostat regions or momentum/energy-exchange
layers; establish steady state; fit ∇ T in the interior, away from
these boundary/exchange regions (exclude boundary layers and
temperature jumps)

Best for - Bulk systems under PBC where fluctuation-based k is desired - Complex disordered systems (e.g., amorphous solids, liquids)

- Avoiding explicit thermal boundary layers - Situations where controlled driving (ΔT or J) is useful

- Caseswhere imposing/maintaining awell-defined steady-state gradient is
nontrivial

- Studying length dependence k(L) and extrapolation to bulk

- Crystalline and ordered structures with well-defined phonon
transport

- Probing nonlinearity beyond linear response (when intentional)

Advantages - No imposed temperature gradient - Intuitive physical picture (direct Fourier law)

- Direct link to equilibrium statistical mechanics - Explicit control of driving (ΔT or J)

- No thermostat boundary artifacts during production (NVE) - Direct access to temperature profile

- Single simulation setup sufficient - Can reveal interfacial/Kapitza resistances

Limitations - Convergence slow when HCACF has long-time tails - Strong finite-size/length effects when phonon MFP ≳ system
length

- Statistical noise in small systems - Boundary artifacts near thermostats (temperature jumps, non-
physical scattering)

- Finite-size effects: restricted long-wavelength modes and phonon MFP
truncation

- Must remain in linear-response regime to extract k (unless
nonlinearity is intentionally studied)

- Heat current definition must be consistent with the employed interatomic
potential

- Requires extrapolation to L→ ∞ for bulk k

Convergence
challenges

Requires long trajectories and careful choice of HCACF integration cutoff to
avoid noise-dominated tails; block-averaging or multiple replicas often
needed

Requires reaching steady state and robust gradient fitting in the
interior; typically needs simulations at multiple lengths and
extrapolation (1/L → 0) to obtain bulk k

Size sensitivity - Statistical noise decreases with system size - Affected when phonon MFP is comparable to box length
(especially in crystals and high-k materials)

- Finite-size affects long-wavelength phonon contributionsb - Often strong k(L) dependence due to ballistic-to-diffusive
crossover in small cells

- Systematic extrapolationwith several system lengths commonly
required

Boundary effects - Typically PBC with no explicit thermal boundary layers - Thermostat/exchange regions create boundary layers and
temperature jumps

- Finite-size effects via phonon spectrum truncation remain - Gradient must be fitted in the bulk interior; boundary-region
design and separation length critically matter

https://doi.org/10.1038/s41524-026-02319-z Review

npj Computational Materials Article in Press

www.nature.com/npjcompumats


structures is presented in HEAs and how these factors may impact thermal
conductivity in high-temperature environments.

Atomic disorder and phonon scattering. One characteristic of HEAs is
atomic disorder, which is made up of several primary constituents
without a dominant component. Randomness at the atomic level, caused
by this compositional complexity, significantly affects phonon behaviour
and lowers thermal conductivity294,295. Because the individual atoms in
HEAs differ in size and mass, atomic-scale disorder introduces a high
degree of phonon scattering 296,297.

More recently, Cheng et al.264 investigated phonon heat transport in
CrFeCoNiCux atfinite temperatures and showedthat chemical disorder and
lattice distortion strongly affect phonon-mediated thermal transport. Their
results indicated that lattice thermal conductivity is dominated by long-
wavelength phonons, with the contribution of long-wavelength LA pho-
nons exceeding that of short-wavelength LA phonons by about one order of
magnitude. This contrast was mainly attributed to the long-wavelength
behaviour associatedwith impurity scatteringnear theBrillouin-zone centre
and the strong anharmonic scattering of short-wavelength, high-frequency
LA phonons. The latter leads to enhanced linewidth broadening and
reduced phonon lifetimes, while impurity scattering caused by strong che-
mical disorder and lattice distortion contributes to the overall low lattice
thermal conductivity. At 100 K, the lattice thermal conductivity of CrFe-
CoNiCuwas reported to be only 9.8Wm−1 K−1, less thanone quarter of that
of pure Cu.

A study by Sun et al.298 on Al0.3CoCrFeNiHEA usingMD simulations,
revealed a significant reduction in thermal conductivity compared to tra-
ditional alloys. This reduction arises from the order-disorder transitions and
the nanoscale precipitations that occur within the alloy structure. These
structural features lead to phonon scattering, which disrupts phonon
transport and impedes thermal conductivity. This reduction in thermal
conductivity is especially pronounced due to the atomic-scale segregation
and changes in the material’s internal structure as a result of the composi-
tional complexity of HEAs. The inclusion of aluminium in AlxCoCrFeNi
HEAs significantly reduces phonon conductivity due to the large atomic
massmismatch, even at lowAl concentrations (0 ≤XAl ≤ 2). This reduction
in phonon conductivity is not strongly temperature-dependent, indicating
minimal inter-phonon scattering, Fig. 7299.

A recent study by Wang et al.300 further demonstrated how severe
lattice distortion and atomicmass variation can suppress phonon transport
in a distorted B2HEA. Combining experiments with atomistic simulations,
they investigated single-phase (CoNi)0.5(TiZrHf)0.5, anorderedB2 structure
with pronounced chemical and lattice disorder within its two sublattices,
and reported an exceptionally low lattice thermal conductivity below
1Wm−1 K−1, remaining nearly temperature-insensitive between 300 and
900 K. At 300 K, the lattice contribution was only 0.6Wm−1 K−1, sub-
stantially lower than those of several FCC HEAs. Phonon density-of-states
analysis, participation ratios, group velocities, and mean-free-path calcu-
lations showed that the distorted B2 alloy exhibits localized vibrational
modes, reduced phonon group velocities, and phonon mean free paths
approximately one order ofmagnitude shorter than those in FeCoNiCrMn.
These results indicate that strong lattice distortion and large atomic mass
contrast can act together to disrupt coherent phonon transport and strongly
suppress phonon-mediated heat conduction in HEAs.

Mechanisms of phonon-defect interactions. Beyond chemical-
disorder effects associated with mass disorder, force-constant fluctua-
tions, and local strain fields arising fromatomic-sizemismatch, point and
extended lattice defects, including vacancies, dislocations, and grain
boundaries, can introduce additional phonon-scattering channels and
thereby further suppress lattice thermal transport in HEAs301–304. These
mechanisms collectively reduce lattice thermal conductivity by enhan-
cing phonon scattering and have been extensively investigated using both
atomistic simulations263,305,306 and experimental lattice-dynamical
techniques307.

In FCC FeCoCrMnNi, inelastic neutron and X-ray scattering
revealed that acoustic phonons remain well defined throughout the
Brillouin zone, extending to energies of ~20–30 meV and wavevectors
above 1Å−1 despite pronounced attenuation arising predominantly from
force-constant fluctuations rather than mass disorder. The measured
phonon linewidths were reproduced using an average force-constant
fluctuation of ~20%, whereas the contribution from mass fluctuations
was estimated to be below 0.2meV307. In BCCHfNbTaTiZr,MonteCarlo
simulations were first employed to generate different degrees of chemical
SRO, followed byMD simulations using an EAM potential together with
Warren–Cowley analysis, vibrational density of states (VDOS) calcula-
tions, and NEMD308. The results showed that increasing SRO promotes
the formation of nm-sizedHfTi andTiZr B2-like clusters, which undergo
a percolation transition, reduce lattice-distortion-related atomic dis-
placements by ~12.5%, modify the high-frequency region of the VDOS,
and increase the lattice thermal conductivity by ~12%. These studies
demonstrate that local chemical environments and short-range atomic
ordering play a central role in governing phonon scattering and lattice
thermal transport in high-entropy alloys.

As complementary experimental evidence linking chemical complex-
ity, lattice distortion, and heat transport suppression in FCC HEAs, Lee
et al.309 investigated single-phase FCC solid solutions ranging from Ni to
NiCoFeCrMn and found that increasing the number of principal elements
(NPEs) markedly reduces the total thermal conductivity, from 83.0 Wm−1

K−1 in Ni to 11.7 W m−1 K−1 in NiCoFeCrMn at room temperature.
Decomposition of κ via the Wiedemann–Franz law revealed that both the
electronic contribution (κe: 71.7 → 5.77 W m−1 K−1) and the lattice con-
tribution (κl: 11.3 → 5.93 W m−1 K−1) decrease with increasing NPEs,
although the reduction in κe is dominant. This behaviour was associated
with enhanced compositional complexity and severe lattice distortion in the
FCC solid solution, providing an experimental indication of how chemical
complexity can suppress heat transport in metallic HEAs.

Temperature-dependent heat transfer. Temperature affects thermal
transport in refractory high-entropy alloys (RHEAs) through its influ-
ence on carrier relaxation times and phonon-related scattering processes,
with Singh et al.310 showing temperature-dependent transport behaviour
in TiCrMoWVNbTa RHEAs using DFT-based calculations, CALPHAD
predictions, Slack-model lattice thermal conductivity estimates, and
experimental validation.

MD simulation of CoCrFeNiCu HEA revealed that its lattice thermal
conductivity is strongly reduced with temperature, following the power-law
relationship (k) ∝ T−0.419. From about 2.5 W/m⋅K at 300 K, the value drops
below 1.5W/m⋅K at 800 K. This trend is caused by intensified anharmonic
phonon-phonon interactions, which reduce phonon lifetimes and shorten
mean free paths262.

Zhang et al.311 investigated the lattice thermal conductivity of NbMo-
TaWRHEAs using EMD simulations with amachine-learning interatomic
potential. The lattice thermal conductivity was calculated over the range of
300–1500 K, after NPT and NVT equilibration followed by NVE produc-
tion runs for heat current autocorrelation analysis. Their results showed that
kL decreases with increasing temperature and exhibits an approximately
linear relationshipwith the reciprocal of temperature. At high temperatures,
the lattice thermal conductivity was found to fall below the fitted 1/T-type
trend, which was attributed to enhanced anharmonic effects. These results
indicate a significant effect of temperature-driven anharmonicity on the
lattice thermal conductivity of NbMoTaW RHEAs.

Similarly, Zhang et al.312 studied the temperature dependence of
lattice thermal conductivity in the MoWTaTiZr RHEA using EMD
simulations with an EAM potential. The calculations were performed
from 300 to 1500 K, and the lattice thermal conductivity was found to
decrease monotonically with increasing temperature, showing an
approximately linear dependence on 1/T. This trend was rationalized
using the high-temperature phonon transport picture: as temperature
increases, the average phonon population rises, phonon–phonon
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collision probability increases, and the phonon mean free path
decreases. The authors further associated the reduction in kL with
strong chemical disorder, shortened phonon lifetimes, and enhanced
anharmonic scattering of high-frequency phonons. These results
indicate that temperature-dependent anharmonic scattering is an
important mechanism affecting lattice heat transport in the studied
MoWTaTiZr RHEA.

Influence of composition and microstructure. Chemical composition
and microstructural features strongly influence the thermal conductivity
of HEAs. For instance, in NbMoTaW HEAs, increasing the Mo content
raises the lattice thermal conductivity from 1.72 W/m⋅K to 2.16 W/m⋅K,
which is a 25.6% improvement. This behaviour is attributed to a blue-
shift in phonon density of states, that enhances phonon mode partici-
pation at specific frequencies311.

Fig. 7 | Thermal properties ofHEA. aPartialDp of the constituent elements (Al, Co,
Cr, Fe, and Ni) of the AlCoCrFeNi HEA. b Lattice thermal conductivity (kL) with
respect to the Al content (xAl) calculated using non-equilibrium MD with and
without consideration of Almassmismatch. c Lattice thermal conductivity (kL) with

respect to temperature for FCC (xAl = 0.5) and BCC (xAl = 2.0) cases. d Dp of
AlxCoCrFeNi (xAl = 0.3, 0.5, 1, and 2) with consideration of Al mass mismatch and
e those without Al mass mismatch at 300 K from MD simulations. Reprinted from
ref. 299 with permission from Elsevier.
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The composition and microstructure of AlxCoCrFeNi HEAs have a
significant effect on their thermal conductivity. The addition of Al reduces
the thermal conductivity by causing more lattice distortion and chemical
disorder, which increases phonon scattering and reduces phononmean free
paths. The thermal conductivity due to phonons, which is themainmode of
heat transfer in HEAs, decreases significantly with increasing Al content,
especially between 0 and 5% and 10 and 20%, but remains constant between
5 and 10%. The prolonged thermal spike during displacement cascades is
prolonged due to the decrease in thermal conductivity, which helps to
promote defect recombination313.

Microstructural characteristics, such as grain size and orientation,
further modulate thermal transport. For the thermal conductivity depen-
dence on grain size, nanocrystalline HEAs exhibit a power law of L1/4

opposed to the linear behaviour often seen in non-alloyed nanograined
materials. This is attributed to intensified disorder scattering within the
nanocrystalline boundaries314.

The electronic thermal conductivity (ke) in CrFeCoNi-based random
solid solutions is shown to change with temperature and constituent
ratios306. For example, decreasing the Cr content reduces the electron-
phonon coupling factor (Ge−ph) and the electronic specific heat (Ce), which
impairs defect recombination and enhances defect clustering, while the
addition of Al increases ke and Ge−ph by up to two times due to enhanced
phonon coupling mechanisms. While adding Cu increases thermal con-
ductivity by about 1.5 times without significantly affecting Ce, Mn has little
impact on the electronic and thermal conductivity properties306.

Interface properties
Static and dynamic wettability. Wetting refers to the study of how a
liquid interacts with a solid surface at the atomic or molecular scale, and
how these interactions affect macroscopic interfacial statics and hydro-
dynamics. It has important implications in many industrial fields, as
discussed in the “Potentials for metal-liquid interfaces” section. To
understand wetting in the context of HEAs, it is essential to first consider
some fundamental concepts that apply regardless of the specific liquid-
solid combination. The wettability of a solid surface with respect to a
given liquid is usually determined by the interplay of interfacial energies:
the solid-vapour (γSV), solid-liquid (γSL), and liquid-vapour (γLV, or
simply γ) interfacial tensions.When a sessile liquid droplet deposited on a
metal surface forms a spherical cap, its equilibirum contact angle θ0 is
given by the Young-Dupré equation:

cos θ0 ¼
γSV � γSL

γ
: ð36Þ

Adhesion (force between liquid and solid) and cohesion (force within the
liquid) play critical roles in determining both the equilibrium wetting state
and wetting dynamics or relaxation. In MD simulations contact angles are
determined by identifying interfaces (liquid-vapour and liquid-solid) as
regions with steep density gradients. Once the droplet surface is extracted,
the contact angle can be calculatedwith different approaches, depending on
the wetting state: at equilibrium, it is found by fitting a spherical or
cylindrical cap to the droplet interface, while in non-equilibriumconditions,
the dynamic contact angle is estimated by locallyfitting a plane or line to the
interface close to the three-phase contact line. Interface capturing
approaches allow for the determination of the contact angle, but do not
provide any quantitative information on surface energies γ, γSL and γSV. The
liquid/vapour surface tension γ can be easily computed from the interface-
parallel and interface-perpendicular stresses via the Kirkwood–Buff
formula315. The energies related to the solid surface are on the other hand
muchmore challenging to quantify. The solid-vapour interface tension γSV
is essentially impossible to compute directly, and needs to be extracted from
equation (36) by knowing all the other parameters. The solid-liquid
interface tension γSL can be determined via free-energy calculations316,317.

Transport coefficients canbeobtainedboth fromequilibriumandnon-
equilibrium simulations. The reader should refer to the cited articles for a

detail description of themethods. It suffices to say that the discussion of the
advantages and the limitations for the calculation of thermal conductivity
mostly apply here too (see the “Heat transfer properties” section and
Table 2). Table 3 lists the mathematical formulas used to compute the
coefficients using Linear Response Theory and non-equilibrium simula-
tions. We remind that the equivalent Einstein formula can be obtained for
each Green–Kubo formula using the following equality318:

Z 1

0
dτ f ð0Þf ðτÞ� � ¼ lim

t!1
1
2
d
dt

F2ðtÞ� �
; with FðtÞ ¼

Z t

0
f ðτÞdτ : ð37Þ

The shear viscosity coefficientηdetermines the stress response of afluid to a
shear deformation over time (shear rate). The viscosity coefficient can be
extracted from equilibriumMD simulations using Green–Kubo or Einstein
formulas319,320. The convergence of said formulas can be very slow, and
sampling the autocorrelation function of the pressure tensor components
requires frequent I/O operations, whichmay slow simulations substantially.
Nonetheless, the challenges of computing the viscosity coefficient from
linear response theory are well-known, and optimisation strategies have
been proposed321. Alternatively, one can reproduce a rheology experiment
in-silico, and impose a shear deformation to themolecular system by either
adding a periodic acceleration field or by directly deforming the triclinic
simulation box. The comparison of these approaches with equilibrium
methods is discussed in ref. 322.While being easier to analyse and interpret,
these approaches comewith all the challenges of non-equilibriumMD, such
as devise a way to properly thermalise the system and determining the best
trade-off betweenminimizing the system perturbation andmaximizing the
response signal-to-noise ratio.

While viscosity is a very well-defined and commonmeasure of energy
dissipation in fluidflows, the description of the energy dissipation occurring
at the interface between a liquid and a solid is not as straightforward. A
liquid-solid friction coefficient (λ) can be determined both using
equilibrium323 and non-equilibrium324 MD simulation. This coefficient can
be interpreted in terms of a slip length (b), i.e. the distance fromwall at which
a wall-parallel linear velocity profile would extrapolate to zero. In terms of
continuous hydrodynamics, b = 0 corresponds to a no-slip boundary con-
ditions for Navier-Stokes equations. The friction coefficient provides a
measurement of the energy dissipated by a flow at the liquid-solid interface.
In wetting dynamics, a liquid-vapour interface (e.g. the one of a droplet)
moves over a solid surface. The location where liquid, vapour and solid
phasesmeet is called three-phase contact line. The increase of liquid slip near
moving contact lines has been proposed theoretically325 and shown via
molecular dynamics simulations326. A measure of energy dissipation (or
equivalently, mobility) of contact lines is the contact line friction coefficient
(μf), defined by relating the speed of themoving contact line (ucl) to the out-
of-equilibirum Young stress. The contact line friction coefficient can be
measured from MD simulations by correlating the velocity of a moving
contact line an the microscopic dynamic contact angle327,328.

The study of wetting properties of metals and metal alloys present a
richer phenomenology that is usually absent in most systems, e.g. covalent
solids. In the case of moltenmetal or alloy droplets wetting a metal or alloy
surface, mutual diffusion between the wetting liquid and the wetted solid
(interdiffusion) may be significant. This phenomenon can have important
implications for metal casting and for coating production via sputtering.
Addressing the effect of inter-diffusion and its dependence on alloy com-
position and plane orientation is of interest for many application, such as
welding andheat transfer.Chen et al. studied themutual diffusionofwetting
Cu into an Inconel alloy (FeNiCr) and determined it to be the cause of the
limited wettability of the surface (i.e. limited spreading of Cu droplets)
during vacuum brazing156. Li et al. simulated AgCuTi spreading over Fe
surfaces, and found qualitative differences in the formation of precursor
films and in the spreading rates depending on mutual diffusivity: metals
with high diffusivity in Fe (Cu, Ti) tend to spread less than metals with low
diffusivity (Ag). The orientation of the crystal plane on the Fe surface also
plays a role, with alloy droplets spreading faster on (101) than on (111)
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planes158. Qu et al. studied the wettability of Al droplets on FeNi substrates
and the formation of surface intermetallics emerging during the mutual
diffusion process (Fe2Al5, NiAl and Ni3Al)

157. Other important factors
affecting the wetting behaviour of surfaces are topography and chemical
inhomogeneity. In the case ofHEA, certainmetal species tend to segregate at
surfaces and at grain boundary interfaces (i.e. they have a substantially
different concentration with respect to the bulk). Wynblatt and Chatain
employed Monte Carlo/Molecular Dynamics simulations to study the
segregation and layering at free and grain interfaces for the Cantor alloy
(CoCrFeMnNi), with the aim of constructing a simple analytical model
which would assist material screening329. Ferrari and Körmann calculated
the surface segregation free energies for the elements of theCantor alloy and
found thatNi tends to segregate themost under vacuum, while Cr segregate
the most in the presence of an oxygen layer330. Li et al. combined experi-
mental techniques and thermodynamic modelling to study grain boundary
segregation again in the Cantor alloy, and found that Ni and Mn tend to
enrich grain boundaries while other elements depletes them331.

Kapitza resistance. Kapitza resistance (or thermal boundary resistance)
is the interfacial thermal resistance that arises because heat carriers –
primarily phonons – are partially reflected at the interface between two
dissimilar materials due to differences in their vibrational spectra,
acoustic impedances, and interfacial bonding. This imperfect transmis-
sion leads to a finite temperature drop across the interface under a steady
heat flux, even in the absence of interfacial thickness332,333. The acoustic
mismatch model (AMM) explains this resistance in terms of differences
in acoustic properties between materials, while the diffuse mismatch

model (DMM) accounts for variations in phonon density of states and
scattering mechanisms. For a simple one-dimensional heat transfer
across an interface, Kapitza resistance is typically expressed as:

RK ¼ ΔT
Q

; ð38Þ

where ΔT represents the temperature difference at the boundary, and Q
denotes the heat flux across it. Molecular dynamics simulations provide
valuable tools to investigate this interface property at the atomic scale.

Three primarymethods are commonly used334: EquilibriumMolecular
Dynamics employs the Green–Kubo formalism to calculate thermal con-
ductivity, which is inversely related to the Kapitza resistance. This approach
leverages spontaneous heat flux fluctuations in an equilibrium system to
extract several transport coefficients, such as interfacial thermal resistance.
Non-Equilibrium Molecular Dynamics imposes an external temperature
gradient across the system, enabling direct computation of the heat flux and
corresponding temperature profiles. The Kapitza resistance is then deter-
mined from the interfacial temperature discontinuity and the applied heat
flux. Approach-to-Equilibrium Molecular Dynamics (AEMD) initiates the
system with a non-uniform temperature distribution and tracks the
relaxation dynamics. The Kapitza resistance is determined by analysing the
relaxation of the temperature gradient across the interface as well as the
temporal evolution of the total energy in one of the media335.

Table 3 | Comprehensive Comparison of Equilibrium (EMD) and Non-Equilibrium (NEMD) techniques for determining liquid
viscosity (η), liquid/solid friction (λ), interfacial thermal resistance (RK), and contact line friction (μf) from molecular dynamics
simulations

EMD method NEMD method

Principle Linear response theory, Langevin formalism Rheology, heat transfer law, Young-Dupré law

Shear viscosity

Formula η ¼ V
3kBT

P
i≠j

R1
0 dthPijð0ÞPijðtÞi η ¼ Pij

Lj
udi

Input Volume (V), temperature (T), shear stresses (fPijgi≠j ). Deformation velocity (udi ), shear stress (Pij), box length (Lj).

System setup Box containing liquid molecules at equilibrium, preferably in the NVT or
NVE ensemble.

Triclinic thermalised liquid box subject to a continuous shear deformation.

Solid-liquid
friction

Formula λ ¼ 1
AkBT

R1
0 dthFwð0ÞFwðtÞi λ ¼ η

∂?uk
uk

∣w

Input Solid-liquid interface area (A), temperature (T), force between liquid and
solid molecules (Fw).

Wall-parallel flow velocity (u∥), wall-normal gradient of wall-parallel flow
velocity (∂⊥u∥).

System setup Liquid molecules confined between two solid walls at equilibrium, in any
ensemble which keeps the solid-liquid interface area fixed.

Single phase Couette or Poiseuille flow simulation (moving walls
producing a shear flow profile).

Contact line
friction

Formula μf ¼ kBT
σ2L�

R1
0 dt hxcl ð0Þxcl ðtÞiσ2 μf ¼ limθ!θ0

hγðcos θ0�cos θÞ
ucl

i

Input Contact line position (xcl), temperature (T), in-plane box length (L⊗),
fluctuation of the c.l. (σ).

Equilibrium and dynamic contact angle (θ0, θ), surface tension (γ), c.l.
speed (ucl).

System setup Either a confined liquidmeniscus or a still droplet deposited on a surface,
in the NVT ensemble.

Either a two-phase Couette flow or spontaneous droplet spreading.

Kapitza
resistance

(AEMD method)

Formula 1
RK

¼ 1
AkBT

2

R1
0 dthqð0ÞqðtÞi EðtÞ ¼ E0 � A

RK

R t
0 dtΔTslðtÞ

Input Solid-liquid interface area (A), temperature (T), energy flux across the
interface (q).

Solid-liquid interface area (A), total energy (E), solid-liquid temperature
difference (ΔTsl).

System setup Two different substances, typically a liquid and a solid, maintained in
thermal equilibrium at a uniform temperature within an NVE ensemble.

Two different substances (typically liquid/solid), initially at different
temperatures, exchanging heat in an NVE ensemble while relaxing to
thermal equilibrium.
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Mechanical properties
Mechanical performance is a primary driver for many high-entropy alloy
applications, and it is also a stringent benchmark for simulation because it
couples chemistry, microstructure, and defects across multiple length and
time scales. From a modelling standpoint, it is useful to distinguish (i)
intrinsic descriptors that primarily reflect bonding and lattice stability
(elastic constants, moduli, Poisson’s ratio, ideal strength, and defect ener-
getics such as stacking-fault energies) from (ii) microstructure- and
pathway-dependent responses (yield strength, strain hardening, ductility,
hardness, and fracture), which depend on the activatedmechanisms and on
the processing-defined defect population. Consequently, the objective is not
merely to reproduce stress–strain curves, but to identify whichmechanisms
dominate under given temperature, strain-rate, and microstructural con-
ditions, and how these mechanisms can be tuned by composition and local
chemical environments.

Elastic and strength response. Elastic properties quantify the small-
strain mechanical response and are commonly extracted from calculated
elastic constants or from the initial slope of stress–strain relations under
minor deformations. In HEAs, elastic modulus and Poisson’s ratio are
especially informative because they provide a compact, transferable
summary of lattice stiffness and lateral compliance that can be compared
across compositions and used to parameterize higher-scale constitutive
models. Atomistic simulations have been widely used to resolve com-
position trends in elastic moduli and to connect them to local bonding
and lattice distortion. For example, molecular dynamics simulations of
CoCrFeNi(Al0.3Ti0.2)x indicate that alloying with Al and Ti increases
both stiffness and strength: the Young’s modulus rises from 171.9 GPa to
205.6 GPa and the tensile strength increases from 18.8 GPa to 21.6 GPa
with increasing Al/Ti content, consistent with a strengthening effect
associated with composition-driven changes in the resisting defect
landscape336. Thermal effects can be comparably important: MD simu-
lations for CoCrCuFeNi report a measurable reduction in modulus with
increasing temperature (e.g., ~180 GPa at 77 K decreasing to below 170
GPa at 500 K), emphasizing that elastic descriptors used for screening or
parameterization should be interpreted at the relevant service tempera-
ture rather than as composition-only constants337.

Strength and yielding in HEAs reflect the competition between dis-
location nucleation/motion, local order, and defect interactions. As a result,
atomistic tensile/compression tests are often used to isolate themechanistic
origin of yield trends under controlled defect states. In V–Cr–Fe–Co–Ni
systems, MD-guided exploration has shown that yield strength can vary
stronglywith composition. In particular, V5Cr16Fe9Co35Ni35 exhibits a high
yield strength of 18.28 GPa, attributed to increased resistance to dislocation
nucleation and to the formation of a high density of stair-rod dislocations
that promote strain hardening and elevated flow stress338. This illustrates a
recurring HEA design theme: chemistry does not merely shift averaged
lattice parameters, but can reorganize the hierarchy of dislocation reactions
that controls strength.

For FeNiCrCoCu, MD simulations explicitly quantify how
boundary conditions, defects, and loading parameters alter yield
metrics339. The yield stress of an uncracked model is 22.53 GPa in the
NVT ensemble and 19.11 GPa in the NPT ensemble, whereas the
cracked model yields at 14.54 GPa (NVT) and 13.89 GPa (NPT),
highlighting the strong weakening effect of cracks and the sensitivity to
thermo-barostatic constraints. The same study reports systematic
decreases in yield stress with increasing temperature (70–1500 K) for
both cracked and uncracked configurations, increases in yield stress at
higher strain rates, and a reduction of yield stress with increasing Cu
content, consistent with thermally activated softening and
composition-dependent changes in solid-solution strengthening339.
These dependencies are summarized in Fig. 8. Collectively, such results
underscore that meaningful strength predictions for HEAs require
explicit specification of defect state (cracks/voids), ensemble/loading
protocol, temperature, and strain rate, in addition to composition.

Plasticity and fracturemechanisms. Beyond elastic constants and yield
stresses, the central mechanistic question is which defect processes
accommodate plasticity—dislocation glide and reactions, twinning,
shear localization, and stress-assisted phase transformations—and how
these processes are biased by chemical disorder and microstructural
constraints. MD simulations are particularly effective here because they
provide direct access to evolving atomistic configurations, enabling
classification of local structure (FCC/HCP/BCC/amorphous), identifi-
cation of defect types, and mapping of where plasticity nucleates and
localizes.

For FeNiCrCoCux under uniaxial tension, MD simulations indicate
that plastic deformation is mediated by coupled dislocation activity, phase
transformation, and shear strain340. For FeNiCrCoCu1 at 300 K and a strain
rate of 1 × 1010 s−1, the response is elastic up to a yield strain of 0.183,
followed by a stress drop that marks the onset of plasticity. Structural
analysis shows that the parent FCC lattice progressively converts into HCP,
BCC, and amorphous regions during deformation, while twin boundaries
and stacking faults emerge as key mesoscale signatures of the activated
mechanism set (Fig. 9a–f)340. Dislocation analysis further indicates that
Shockley partial dislocations dominate and that the dislocation density
increases markedly with strain, from 7.85 × 1016 m−2 at a strain of 0.183 to
1.20 × 1019 m−2 at 0.88340. These observations make explicit the mechanistic
link between local structural transitions and macroscopic flow: chemistry
and disorder influence the relative accessibility of partial-dislocation-
mediated slip, twinning, and transformation pathways rather than simply
shifting a single “strength” parameter.

Architectured microstructures introduce an additional control vari-
able: geometry can select deformationmodes even at fixed composition. For
equiatomic CoCrFeMnNiHEA foams,MD simulations reveal a three-stage
response (elasticity, plasticity, fracture) in which both ultimate tensile
strength (UTS) and elastic modulus decrease with increasing temperature
and porosity341. Quantitatively, the UTS drops from 13.51 GPa at 0% por-
osity to 4.55GPa at 30%porosity, reflecting the combined effects of reduced
load-bearing area and stress concentration at pore surfaces341. Defect ana-
lysis again identifies Shockley partial dislocations as dominant, but shows a
strong porosity dependence in dislocation density, dislocation length dis-
tributions, and crack initiation propensity (Fig. 9g)341. This example high-
lights a keymodelling implication for HEAs: microstructural state variables
(porosity, grain size, pre-existing cracks) can be as consequential as com-
position for the realized deformation pathway.

Crack initiation and propagation couple these plasticity processes to
local stress intensification and, in some HEAs, to stress-induced structural
transformations. In Ta0.5HfZrTi, MD simulations of crack-free and edge-
cracked configurations indicate that phase transformations near the crack
tip play a central role: under tensile loading, BCC atoms transform locally to
HCP (and, depending on local shear/stacking faults, can transiently form
FCC regions), with the transformation pathway sensitive to crack geometry
(e.g., crack angle) and stress state342. Figure 10a–g illustrates the associated
stress–strain response and representative atomistic configurations.

In FCC CrMnFeCoNi, MD simulations further indicate that fracture
resistance can be enhanced by a synergistic interaction between amorphi-
zation and dislocation activity near crack tips343. Amorphous regions form
in highly stressed zones during plastic deformation, while surrounding
dislocations confine these regions and relax local stress concentrations,
delaying crack advance and promoting crack-tip blunting343. With
increasing strain, dislocation-rich regions can progressively transform into
amorphous structures, providing an additional dissipation channel. Dis-
location analysis identifies Shockley partials with Burgers vectors 1

6 h112i as
the primary carriers in this mechanism set343. Representative deformation
patterns and defect structures are shown in Fig. 10h–m. Atomistic
mechanical simulations are therefore valuable for isolating how chemistry
and local order shape defect processes, but their quantitative predictions
remain constrained by the interatomic potential, accessible length/time
scales, and the typically high strain rates required in MD. Recent PTA-MD
work underscores this limitation. Conventional MD is restricted to
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nanosecond- ormicrosecond-scale trajectories, forcing strain rates of about
108–1010 s−1, whereas time-averaging of slow observables enabled fully
atomistic metal deformation simulations at 10−4–10−3 s−1 without modify-
ing the potential-energy surface; this highlights why direct stress–strain
comparisons require caution344. Bridging to experimentally relevant regimes
requires (i) systematic validation of potentials against composition-
dependent elastic constants and defect energetics, (ii) careful separation of
intrinsic chemical effects from microstructural state variables (cracks, por-
osity, grain size), and (iii) coupling atomisticmechanismmaps tomesoscale
and continuum frameworks (e.g., crystal plasticity or damage models) that
can represent heterogeneity and rate/temperature effects with experimen-
tally consistent boundary conditions.

Electronic properties
Electronic and transport properties provide a complementary lens on
chemical complexity in HEAs because charge transport is inherently sen-
sitive to (i) the electronic structure near the Fermi level, (ii) configurational
disorder andassociated scattering, and (iii)magnetic state and spindisorder.
Accordingly, modelling must connect chemically disordered atomic con-
figurations to electronic descriptors (density of states, orbital character,
bonding/charge transfer, magnetic moments) and then to measurable
transport coefficients (conductivity/resistivity, Seebeck coefficient,

magnetotransport, and thermoelectricfigure ofmerit). A recurring practical
complication is that electrical measurements also reflect extrinsic micro-
structural factors (grain boundaries, precipitates, segregation, cracks/por-
osity), so a predictive workflow should make explicit which part of the
response is intrinsic to chemical disorder and which part is microstructure-
controlled.

Density functional theory provides direct access to the electronic
density of states (DOS), partial density of states (PDOS), bonding trends,
and magnetic moments, and it supplies key inputs for transport modelling
(e.g., carrier concentrations, effectivemasses, and scattering-relevant orbital
character). For AlCoxCrFeNi (0.25 ≤ x ≤ 2), DFT analysis based on PDOS
and electron density differencemaps shows that d-states dominate the total
DOSnear the Fermi energy over awindowof approximately−3.1 to 2.4 eV,
whereas s- and p-orbital contributions are comparatively minor345. As
shown inFig. 11, increasingCo content from x=0.25 tox=2 reducesPDOS
values near the Fermi level; notably, AlCo2CrFeNi exhibits the lowest PDOS
in the reported set, consistent with increased electronic stability in the sense
of a reduced density of available states at EF

345. Electron density difference
maps on the (110) plane further indicate that charge redistribution inten-
sifies with higher Co concentration, reflecting composition-dependent
changes in local bonding and charge transfer345. In parallel, VEC estimates
increase from 6.885 to 7.506 as Co content rises, providing a compact

Fig. 8 |Mechanical response ofHEA. Stress–strain curves of the uncracked and crackedmodels during tensile deformation under aNVTandbNPT ensembles. Variation of
the yield stress with temperature for the cracked and uncracked models under c NVT and d NPT ensembles. Reprinted from ref. 339 with permission from Elsevier.
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descriptor for tracking systematic shifts in electronic filling and associated
phase/transport tendencies345. These results emphasize a key point for
HEAs: even when the average lattice remains a simple parent structure, the
local electronic landscape can be strongly tuned by composition, with direct
implications for scattering and magnetic response.

For conductivity, configurational disorder in HEAs introduces
strong electron scattering that increases residual resistivity and can
obscure intrinsic band-structure trends. InAlxCrFeCoNi, first-principles
calculations indicate that increasing Al content drives a structural
transition from FCC to BCC, and that the resulting residual resistivity is

dominated primarily by intrinsic chemical disorder rather than spin-
polarization effects346. Theoretical residual resistivities span ~84 μΩ ⋅ cm
for the FCC phase and about 135 μΩ ⋅ cm for the BCC phase at 0 K; when
scaled to room temperature, these values correspond to roughly
100–164 μΩ ⋅ cm346. The predicted range is consistent with reported
experimental values on the order of 100–200 μΩ ⋅ cm, supporting the
interpretation that Al-driven disorder and structure selection jointly
control electrical resistivity in this system346. More broadly, these
examples illustrate how composition can modulate transport both
indirectly (by changing crystal structure and ordering tendencies) and

Fig. 9 | Lattice modification during simulated mechanical tests. Proportion of
atoms with different lattice structures during uniaxial stretching (a). Micro-
structures of FeNiCrCoCu1.0 at strains of b 0, c 0.183, d 0.24, e 0.88, and f 1.0; atoms
are coloured by local structure (FCC: green; HCP: red; BCC: blue; amorphous: grey).
Dislocation distributions in CoCrFeMnNi HEA foam under uniaxial tensile loading
at low porosity (5%): snapshots of the defect network at 0.25, 0.50 and 0.99 fractions

of the applied strain for 77 K, 300 K, 650 K, and 1000 K (g). Dislocation types are
identified by Burgers vector: 12 h110i perfect (blue), 16 h112i Shockley partials (green),
1
6 h110i stair-rod partials (pink), 13 h111i Frank partials (cyan), and 1

3 h100i Hirth
partials (yellow). Panels (a–f) reprinted from ref. 340 with permission fromElsevier.
Panel (g) reprinted from ref. 341 with permission from Elsevier.
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directly (by changing the electronic states and the amplitude of disorder
scattering), so conductivity trends should be interpreted together with
phase/structure predictions. Carrier dynamics, including carrier density
and scattering length scales, are central to electronic transport inmetallic
HEAs because they determine how efficiently charge carriers propagate
through chemically disordered lattices.

In metallic concentrated solid solutions, the electron mean free path
provides a direct descriptor of disorder-limited transport because the resi-
dual resistivity is directly related to the electron mean free path, or
equivalently the lifetime, at the Fermi energy. In NiFeCoCrMn-derived
concentrated solid solutions and high-entropy alloys, ab initio transport
calculations show that the carrier density remains as high as in ordinary

Fig. 10 | Crack propagation inHEAs.Crack-free stress–strain curve of Ta0.5HfZrTi
under uniaxial tension, with the evolution of local structure fractions (a). Repre-
sentative configurations at increasing strain (ε = 0, 0.02, 0.03, 0.06, 0.08, 0.09),
coloured by local structure (BCC/FCC/HCP/other) (b–g). Deformation patterns of
the CrMnFeCoNi HEA sample at different tensile strains: h ε = 2.5%, i ε = 5%,

j ε = 7.5%, k ε = 10%, l ε = 12.5%, and m ε = 13.75%. Atoms in FCC, HCP, and
amorphous structures are coloured yellow, blue, and red, respectively. Dislocation
lines with Burgers vector 16 h112i are coloured green. Panels (a–g) reprinted from ref.
342 with permission from Elsevier. Panels (h–m) reprinted from ref. 343 with
permission from Elsevier.
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metals, while the electron mean free path varies strongly with alloy chem-
istry, ranging from ~10Å in the strong-scattering limit to nearly 103 Å in
weakly scattered alloys347. The dominantmechanismwas identified as spin-
dependent site-diagonal potential scattering. For alloys containing only Fe,
Co, and Ni, the majority-spin channel experiences negligible disorder
scattering and therefore acts as a high conductivity short-circuit channel. In
contrast, Cr- andMn-containing alloys exhibit strong disorder scattering in
both spin channels due to electronic filling effects347.

Because HEAs frequently includemultiple transitionmetals, magnetic
contributions are often inseparable from electronic/transport behaviour.
Composition can tune both magnetic ordering and the underlying elec-
tronic structure, with consequences for spin-dependent scattering and
magnetotransport. In CoFeMnNiX (X =Al, Cr, Ga, Sn), combined ab initio
and experimental analysis shows that addingAl,Ga, or Snpromotes ordered
phases associated with significant short-range ordering, corroborated by
AIMD348. These compositions exhibit substantially higher saturation mag-
netism—reaching 147.86 A m2 kg−1 for CoFeMnNiAl—relative to the base
CoFeMnNi alloy348. DFT interpretation suggests that the antiferromagnetic
ordering associated with Mn in FCC CoFeMnNi is suppressed in the BCC
CoFeMnNiAl alloy, whereas CoFeMnNiCr is predicted to be
paramagnetic348. Such results demonstrate that magnetic response can be
engineered through composition-driven structural selection and local
chemical order, not solely by adjusting the concentration of a nominally
magnetic element.

Related trends are seen in FeCoNiSi0.2Cr0.2 and FeCoNiSi0.2Mn0.2,
where DFT predicts a higher saturation magnetization for the Mn-
containing alloy (118.49 emu/g) compared to the Cr-containing alloy
(105.89 emu/g), in agreement with experimental data349. The presence of
Mn is proposed to reduce the population of spin-down electrons, enabling
Mn atoms to adopt a more ferromagnetic state, potentially mediated by
coupling between Mn and the FeCoNi matrix349. In modelling terms, these
examples highlight that a realistic description of magnetic and electronic
properties in HEAs often requires treatment of finite-temperature spin
disorder and its coupling to chemical disorder and local ordering—effects
that are not fully captured by static, single-configuration DFT.

Across electronic, thermoelectric, and magnetic applications, the
principal open issues are methodological: quantitative prediction of con-
ductivity and thermoelectric coefficients requires consistent treatment of
configurational disorder (configuration sampling or effective-medium
approaches), magnetic disorder, and electron–phonon (and
electron–magnon) scattering, followed by validation against experiments
wheremicrostructure and defect state are controlled and reported. Progress
will therefore depend on disorder-aware electronic/transport formalisms
integrated with finite-temperature sampling and on datasets that support
uncertainty-aware extrapolation across composition space.

Discussion
In this section, we present research directions in the computational mod-
elling of HEAs that remain unexplored or not completely investigated. The
paragraphs are organized around three key aspects that we deem particu-
larly important: model validation, uncertainty quantification, and multi-
scale modelling.

Despite their enormouspromise,most atomisticmodels are still unable
to adequately encompass all HEAs compositions and lack definitive vali-
dation against ab initio methods. Almost all semi-empirical models have
been constructed to reproduce local order and mechanical properties of
“Cantor-like” alloys, based on Co, Fe, Ni and Cu. There are essentially no
examples in the literature of atomistic models for alternative compositions
that have been proposed asHEAs and could be of interest for wear-resistant
coatings. This is the case for example of the refractory alloys proposed by
Senkov et al.350 or Gorr et al.351. The reason likely lies in the large atomic-size
mismatch and the related lattice distortion introduced by elements such as
Al, Ti, W, and Mo, which are difficult to capture with EAM or MEAM.

Regarding data-driven approaches, the few comparative studies of
MLIPs that we could find in the literature are not entirely satisfactory.
Gubaev et al. assessed the training efficiencyand transferability of aMoment
Tensor Potential (MTP)352, which is similar in spirit to LRPs, and aGaussian
momentNNP353 for TaVCrW; they concluded that the former ismore data-
efficient, whereas the latter is more accurate on out-of-distribution config-
urations. However interesting, this outcome is expected when comparing

Fig. 11 | Electronic density of states ofHEAs.Total and partial electronic density of
states (PDOS) for AlCoxCrFeNi at x = 0.25, 0.7, 1.2, and 2 (a–d). Energies are shown
relative to the Fermi level (set to EF = 0 eV). The PDOS highlights the dominant d-

states near EF and their evolution with Co content. Panels (a–d) reprinted from ref.
345 with permission from Elsevier.

https://doi.org/10.1038/s41524-026-02319-z Review

npj Computational Materials Article in Press

www.nature.com/npjcompumats


“classical” ML approaches with NNPs. Maxson et al. performed a more
comprehensive exploration of several MLIPs on an ad-hoc material
dataset354; they concluded thatHEAs is one of the few class of systemswhere
a substantial spread of results between MLIPs can be observed, and where
equivariantNNPsare superior tonon-equivariant approaches.Nonetheless,
the HEA dataset had been constructed from EAM simulations, which
defeats the purpose of employing aNNP in the first place. To the best of our
knowledge, there are essentially no comparative studies between state-of-
the-art NNPs, such asMACE or DeePMD355, trained on datasets generated
entirely from ab initio calculations. Active learning methods are widely
utilized. However, no well-established automated workflow or tool cur-
rently exists that canbe readily integrated into the trainingprocess ofMLIPs.

Interfaces remain largely unexplored. Despite the considerable interest
in HEAs for catalytic applications and hydrogen-/oxygen-evolution reac-
tions (particularly CoFeNi-based alloys), we could not identify any relevant
studies. NNPs have been shown to accurately describe heterogeneous,
reactive systems while maintaining good transferability to out-of-
distribution configurations, making this a particularly promising area for
their application.

A recurring characteristic of the methods reviewed here is their
orientation towards configurational averages. The VLA removes occupa-
tional fluctuations at the outset, the CPA replaces them with an effective
scattering medium, and an SQS or a finite supercell represents only a
restricted sample of the accessible local environments. These approxima-
tions are often adequate for quantities that vary smoothlywith composition,
such as equilibrium volume or an averaged elastic modulus. Many prop-
erties governing the behaviour of HEAs, however, depend nonlinearly on
local chemistry and strain. Vacancy formation and migration energies,
solute interaction energies, Peierls barriers, dislocation core structures and
local elastic responses are therefore distributions rather than single material
constants. The same issue extends to dissipative and transport properties.
Green–Kubo coefficients are determined by autocorrelation functions of
fluctuating currents, stresses or forces, so their configurational dependence
cannot generally be inferred from an averaged structure or averaged
interaction. A recent treatment of dissipative dislocationmotion showcases
this356: dislocation drag in HEAs is quadratic in the disorder, so an averaged
medium underestimates it systematically, since the square of the mean
discards the variance that the mean of the square retains. The frequently
reported “role of the local environment” should consequently be expressed
in statistical terms, through identification of the moments that enter each
observable, their rateof self averaging andquantitative criteria for the regime
in which the mean is sufficient.

A second characteristic shared by every method reviewed here is that
they are all adiabatic, resting on the Born–Oppenheimer separation with
classical nuclei, so that electrons enter only through the ground state energy.
This excludes electron-phonon coupling in concentrated disordered alloys,
the electronic contributions to dislocation drag and damping, electronic
stopping in displacement cascades, and any regime in which electrons and
phonons are not in mutual equilibrium. The evidence that these channels
are consequential is already in the transport data surveyed above: the
Wiedemann–Franz decomposition of κ across Ni to NiCoFeCrMn assigns
the dominant reduction to the electronic term309, and the electron-phonon
coupling factor inCrFeCoNi-based solid solutions varies by up to a factor of
two with composition306. HEAs are a natural testbed for these effects, since
disorder scattering and electron-phonon coupling act on comparable scales;
nonequilibrium field theoretic treatments of such alloys are, at present,
essentially unexplored.

Thus, uncertainty quantification is a methodological priority rather
than an afterthought. The chain running from DFT through cluster
expansions and machine learned potentials to kinetic Monte Carlo, mole-
cular dynamics and, ultimately, continuum level modelling such as CFD or
crystal plasticity is at present assembled without tracking how a few meV/
atom in the underlying energetics propagate into a predicted yield strength,
ordering temperature or diffusivity; systematic error propagation across the
scale bridge is largely absent. Establishing it, and with it an explicit account

of howmuch configurational information each stage discards, would let the
modelling chain report calibrated distributions in place of isolated means.
Computation can already sample properties across composition space faster
than experiment can, and it is this capacity, once the tools are rebuilt around
distributions rather than averages, that underwrites the move towards
continuous, process scale models and computationally guided experiments
considered next.

Thenatural endpoint of this programme is the transfer of atomistic and
configurational information to experimental andmaterial design protocols.
Integrated Computational Materials Engineering (ICME) approaches357

have already been employed in the study of HEAs358–361. However, these
approaches typically employ data-driven models for rapid screening,
empirical thermodynamic or mechanical models for scoring and experi-
mental validation. Hence, they largely bypass first-principle characteriza-
tion of the alloys, which would rely on atomistic models.

We believe the key to unlocking effective multiscale modelling lies in
connecting microscale models with continuum models. Crystal-plasticity
finite-element (CPFE), finite-element and extendedfinite-elementmethods
(FEM/XFEM), and computational fluid dynamics (CFD) operate on
lengthscales, thermal gradients andmechanical loads that are comparatively
smooth at these scales, and they require lower scale input in a reduced but
statistically faithful form: distributions of defect energetics andmobilities for
the mechanical response, interfacial and surface energies for problems such
as intermetallic formation and reactive wetting in soldering362,363, and
effective reaction and transport parameters for system scale models of
catalysis. The tools needed to supply this inputnowexist.MLIPsdelivernear
DFT accuracy at molecular dynamics cost, bringing observables that were
previously inaccessible across composition space within routine reach,
among them stacking fault energy distributions, dislocation core structures
and Peierls barriers, grain boundary energies, Green–Kubo thermal con-
ductivities and complete elastic tensors. Combined with active learning and
with fine tuned foundation models, this capability is mature enough to
change the role of computation in alloy development: property screening
across the compositional space can now be performed in silico ahead of
synthesis, so that modelling guides experiment rather than rationalising it
post facto.

High-entropy alloys have attracted significant attention because of
their unique combination of several elements, leading to exceptional
mechanical, thermal, and chemical properties. This review has explored
various modelling approaches, from quantum-level calculations to ato-
mistic simulations and machine learning techniques that aid in under-
standing and predicting the behaviour of HEAs.

Despite progress, several challenges remain. The vast compositional
space of HEAs makes it difficult to identify optimal combinations for spe-
cific applications. Traditional experimental methods are time-consuming
and resource-intensive when applied to such a broad range of possibilities.
Moreover, accurately predicting the phase stability and mechanical prop-
erties across different compositions continues to be a complex task.

To address these issues, integrating machine learning with existing
modelling techniques offers a promising path forward. Machine learning
models can rapidly analyse large datasets to identify patterns and predict
properties, thus narrowingdown themost promising alloy compositions for
experimental validation. Furthermore, developing machine learning-based
reactive force fields that bridge different modelling scales can enhance the
accuracy of simulations, providing more reliable guidance for experimental
efforts. Collaboration between computational scientists and experi-
mentalists is crucial. Modelling can inform experimental design by high-
lighting promising compositions and processing conditions, while
experimental results can, in turn, refine and validate computationalmodels.
Establishing open-access databases of experimental and simulation data,
protocols, and workflows will further support the development of robust
machine learning models.

In summary, while HEAs present complex challenges due to their
compositional diversity, the integration of advanced modelling techniques
and collaborative efforts between computational and experimental domains
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hold the key to unlocking their full potential. Continued research in this
direction is essential for the efficient discovery and application of HEAs in
various technological fields.
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