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Abstract

High-entropy oxides (HEOs) offer a vast compositional platform for photo-electrocatalysis and
sustainable energy conversion, where multicationic disorder can tune phase stability, electronic
structure, defect chemistry, light absorption, charge transport, and surface reactivity. However,
the enormous number of possible compositions, local configurations, and synthesis conditions
limits conventional trial-and-error discovery. This review critically evaluates how machine
learning (ML) accelerates HEO design, from phase and structure classification, oxygen-vacancy
prediction, machine learning interatomic potentials, and active learning to photocatalytic,
electrocatalytic, thermocatalytic, and energy-storage applications. Unlike earlier surveys, it
grades the evidence by separating studies that report accurate ML predictions from those in
which ML-selected HEOs were synthesized and shown to perform; benchmarks representative
models together with their dataset sizes and validation procedures; and draws on high-entropy
alloy catalysis to show how local atomic environments shape adsorption-energy distributions,
reaction barriers, and selectivity. This appraisal shows that functional validation of ML-selected
HEQO catalysts has so far been achieved mainly for CH, oxidation, the water-gas shift reaction,
and the oxygen evolution reaction, whereas photocatalytic H, evolution and CO, conversion
still lack prospective ML validation. Key challenges include biased datasets, incomplete
synthesis metadata, inadequate representations of local disorder, and uncertain applicability
domains. Finally, complementary validation categories and a minimum reporting standard
are proposed to support reliable ML-guided discovery of synthesizable HEOs for sustainable
energy technologies.

Keywords: high-entropy oxides; machine learning; mathematical modeling and materials
informatics; active learning; catalysis; energy storage and conversion; photocatalysis; materials
discovery

1. Introduction

High-entropy oxides (HEOs) have emerged as a new class of compositionally com-
plex materials in which multiple principal cations occupy a common oxide lattice, gen-
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erating extensive chemical disorder and diverse local environments [1]. The resulting
variations in cation—oxygen interactions, lattice distortion, oxidation states, defects, and
electronic structure provide opportunities to tune properties beyond those typically accessi-
ble in conventional oxides [2]. Since the pioneering demonstration of entropy stabilized
(Mg,Coy,Nij,Cuy,7Zny,) O by Rost et al. [1], HEOs have been explored across catalysis,
energy storage and conversion [3], photocatalysis, and environmental applications.

The attractiveness of HEOs is accompanied by an exceptional materials design. The
number of possible elemental combinations increases rapidly with the number of con-
stituent cations, while additional degrees of freedom arise from non-equimolar composi-
tions, oxidation states, oxygen nonstoichiometric, crystal structures, defects, and synthesis
conditions [4]. Consequently, HEO discovery involves a multidimensional composition
structure property landscape rather than a simple elemental selection problem. Although
configurational entropy can favor chemical mixing, phase formation and functional be-
havior are also governed by enthalpic interactions, ionic-size mismatch, local structural
environments, defects, and processing options [5]. Exhaustive experimental exploration of
this space is therefore impractical, and conventional trial-and-error strategies provide only
limited coverage of the theoretically accessible compositions [6].

Machine learning (ML) offers a promising route to address this challenge by learning
relationships between chemical descriptors, structures, processing conditions, and experi-
mentally or computationally determined properties. Recent HEO studies have demonstrated
ML assisted crystal structure classification, machine learning interatomic potentials for
large-scale composition screening, and data-driven prediction of synthesizability [7-9].
In parallel, ML has been coupled with density functional theory (DFT) to predict oxygen
vacancy formation energies and identify promising high entropy perovskites, while active
learning frameworks have enabled iterative selection of new HEO compositions for exper-
imental evaluation [10,11]. These developments indicate a transition from conventional
forward prediction toward increasingly targeted exploration of unexplored HEO chemical
space [11,12].

Despite this progress, HEO machine learning remains constrained by limited and
heterogeneous datasets, incomplete synthesis metadata, representation of local chemi-
cal disorder, model extrapolation, and the scarcity of systematically reported negative
experimental results [8,13]. Moreover, most existing studies focus on phase stability, struc-
tural descriptors, or individual physicochemical properties, whereas direct prediction of
application-level performance remains comparatively underdeveloped. Therefore, the
next stage of HEO informatics requires integration of curated experimental data, DFT, ma-
chine learning interatomic potentials, physically meaningful descriptors, uncertainty-aware
learning, and experimental validation.

This review critically examines how machine learning can transform HEO discovery
from empirical composition screening toward data-driven design. The discussion pro-
gresses from the fundamentals and multidimensional chemistry of HEOs to data curation
and descriptor construction, followed by ML-guided prediction of phase stability, structure,
defects, electronic properties, and composition optimization. The review further considers
applications in catalysis, photocatalysis, energy storage, and environmental technologies,
before evaluating the major limitations and emerging opportunities in active learning, gener-
ative Al, and autonomous experimentation. The overarching perspective is that ML should
complement, rather than replace, experimental and theoretical approaches by integrating
compositional information with structure, defect chemistry, physicochemical properties,
and functional performance, thereby enabling more efficient prediction, screening, and
experimental validation of promising HEOs.
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Recent reviews [14-16] have surveyed HEO chemistry, catalytic applications, and
high-entropy materials informatics. The review most closely related to the present work, by
He et al. [15], gives a broad, catalysis-oriented overview of artificial-intelligence-assisted
HEOQO design: it discusses data representation and model selection, surveys Al applications
to phase stability, hydrogen production, oxygen evolution, thermal catalysis, photocatalysis,
and electrocatalyst discovery, and calls for multi-objective, closed-loop integration of Al,
DFT, MLIP-based sampling, operando characterization, and experimentation. Mashhadi-
moslem et al. [16] cover computational and ML methods for high-entropy materials in
energy applications more generally. The present review is complementary to these works
and adds four specific contributions. First, it grades the literature by the strength of its
evidence, explicitly separating studies that demonstrate accurate ML predictions from those
in which an ML-selected HEO was synthesized and shown to deliver the targeted func-
tional performance (Section 5.5.2). Second, it benchmarks representative HEO-ML studies
quantitatively, reporting model metrics together with dataset sizes, validation procedures,
reaction conditions, and experimental outcomes, so that headline scores are not compared
out of context. Third, it treats local chemical disorder as a distribution to be represented and
sampled and connects this view with lessons from high-entropy alloy (HEA) catalysis on
adsorption-energy distributions, reaction barriers, and selectivity (Sections 5.1.1 and 5.1.2).
Fourth, it converts these assessments into practical recommendations: chemistry-aware
data splitting, a set of complementary validation categories, and a minimum reporting stan-
dard for ML-ready HEO data (Section 6.6). The central conclusion of this appraisal is that
ML-guided discovery of HEOs with experimentally demonstrated catalytic performance
has so far been achieved for only a few reactions and that the near-term priority of the field
is better data and validation rather than more complex algorithms.

Review Scope

The recent expansion of HEO and high-entropy-material informatics makes clear po-
sitioning essential. Several reviews now cover HEO fundamentals [14,15,17], catalytic
applications [18,19], electrochemical storage [18,20], photocatalysis [21], artificial intelli-
gence in high-entropy materials [15,16], and Al-assisted HEO catalyst design [15]. The
present review is therefore intended to organize to evaluate what conditions an ML work-
flow can move from interpolation within previously sampled chemistry toward reliable
identification of experimentally synthesizable HEOs with controlled local disorder and
useful functional performance.

The evidence base was convened from foundational HEO thermodynamics and local
structure studies [22,23], direct HEO-specific ML and MLIP investigations [8,9,24], materi-
als informatics methodology, out-of-distribution (OOD) validation [25-28], active learning,
self-driving laboratories, and representative functional HEO studies [11,29-31]. Special
attention is given to studies that report external or chemistry-oriented validation [25,28],
disclose datasets or code [32,33], incorporate negative or failed experiments [34], experi-
mentally synthesize model-selected HEO candidates [11,24]. Random train/test splitting
can substantially overestimate discovery capability when chemically similar compositions
occur in both subsets [25,35]. Broader methodological examples, such as ML prediction
of membrane performance from synthesis conditions [36], are considered separately from
direct HEO discovery.

The literature was identified by searching the Web of Science Core Collection, Sco-
pus, and Google Scholar, complemented by backward and forward citation tracking of
key articles and by direct searches of the main publisher platforms (ACS, RSC, Elsevier,
Wiley, Springer Nature, and MDPI). Search strings combined HEO terms (“high-entropy
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perovskite, spinel, fluorite, or rock-salt”) with ML terms (“machine learning”, “artificial
intelligence”, “interatomic potential”, “graph neural network”, “active learning”, “Bayesian
optimization”, and “large language model”) and with application terms (catalysis, pho-
tocatalysis, electrocatalysis, water splitting, CO, reduction, energy storage, and chemical
looping). The search covered the period from January 2015, when entropy-stabilized oxides
were first reported [1], to the final search date of 31 August 2026. Studies were included
when they (i) were peer-reviewed journal articles or reviews published in English and
(ii) either applied ML, MLIPs, or data-driven screening directly to HEOs and reported the
model, the data source, and at least one quantitative validation result, or reported HEO
functional performance together with the experimental conditions needed to interpret it
as an ML target. Studies of high-entropy alloys and of general materials informatics were
included only when they provide methodological or mechanistic insight that transfers
directly to HEOs, such as adsorption-energy distributions, uncertainty quantification, or
out-of-distribution validation. Patents and studies without a description of the model or
data were not used as primary evidence of ML performance.

Figure 1 compares representative reviews and highlights the HEO-specific scope and
research gap addressed here. A distinction is made between direct HEO-ML evidence
and the methodological literature drawn from broader materials informatics. General
ML studies are included only where they address a problem that is especially consequen-
tial for HEOs, such as graph representation of local environments [10,37], charge atomistic
potentials [38,39], uncertainty calibration [40,41], literature-derived synthesis data [42,43],
Bayesian optimization [44,45], or autonomous experimentation [46—48]. This separation pre-
vents methodological possibility from being presented as demonstrated HEO capability and
allows application-level claims to be evaluated according to the highest level of experimental
validation achieved.

Al-assisted HEO Computational and ML Al in high-entropy HEO catalysis and HEO photocatalysis
catalyst design energy-material design materials computation

ML focus: HEO-specific ML focus: broad HEMs ML focus: broad HEMs ML focus: moderate ML focus: limited
Application: catalysis Application: energy Application: multiple Application: catalysis Application: photocatalysis
Research gap Research gap Research gap Research gap Research gap
Limited cross-application Not oxide-specific; limited HEAs and other HEM ML is one component of  Direct performance
validation and disorder- HEO synthesis and phase classes reduce the focus a broader review of datasets remain sparse
aware data architecture validation on oxide-specific disorder catalysis

This review

2 3 4 5 6

- - -
Representation Prediction Validation Performance Closed loop

Catalysis - photo/electrocatalysis - storage - environment - oxygen carriers

Disorder-aware representation - extrapolation - validation hierarchy - ML-ready reporting

Figure 1. Scope of representative reviews and the research gap addressed by this work. The top
row summarizes Al-assisted HEO catalyst design [15], computational and ML approaches to high-
entropy energy materials [16], Al in high-entropy materials [13], HEO catalysis and computational
insights [49], and HEO photocatalysis [21].
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2. High-Entropy Oxide Fundamentals
2.1. Definition and Evolution of High-Entropy Oxides

High-entropy oxides (HEOs) represent a class of compositionally complex crystalline
oxides in which multiple principal cations are incorporated into one or more crystallo-
graphic sublattices, frequently forming a solid solution phase with substantial chemical
disorder [50]. The conceptual origin of HEOs can be traced to the development of high-
entropy alloys (HEAs), where the incorporation of several principal metallic elements was
proposed as an alternative to conventional alloy design based on one dominant element
with minor additions [51,52]. The extension of this concept to oxides demonstrated that
configurational complexity could similarly be exploited to access unusual combinations of
structural, electronic, ionic, magnetic, and catalytic properties [49,53].

The landmark study by Rost et al. [1] introduced the concept of entropy-stabilized
oxides through an equimolar rock-salt oxide, (Mg, ,Co,,Nij,Cug,Zn,,)O. The five cations
occupy the same crystallographic sublattice, producing a compositionally complex solid
solution. Importantly, the authors demonstrated that the phase behavior could be reversibly
altered by temperature, providing experimental evidence that configurational entropy can
contribute substantially to the stabilization of a multication oxide phase at elevated temper-
atures. This work established the foundation for the subsequent development of HEOs and
stimulated extensive investigation of multication oxides with different compositions and
crystal structures [2,4,54].

The terminology surrounding HEOs, however, requires some clarification. High en-
tropy, chemical disorder, and entropy stabilization are related but different concepts [55].
Entropy is a thermodynamic quantity describing the number and statistical distribution
of accessible configurations, whereas disorder describes the structural and chemical het-
erogeneity associated with those configurations. A material may therefore possess high
configurational entropy without being exclusively “entropy stabilized,” while a chemically
disordered HEO may derive its observed phase stability from a combination of entropic
and enthalpic contributions as well as kinetic effects. Kotsonis et al. [5] emphasize this
difference and argue that the entropy gained through chemical mixing can favor phase
formation, whereas the local disorder retained within the resulting structure can strongly
influence its functional properties.

A commonly adopted practical criterion considers a high-entropy material to contain
at least five principal elements distributed within a solid-solution framework, although
this criterion do not represent as a universal definition [53]. In particular, the number
of cations alone cannot determine whether a material should be regarded as an HEO
because phase constitution, composition distribution, crystal structure, defects, and local
ordering also influence its behavior. The recent HEO literature consequently regards high
entropy as a design strategy for introducing extensive compositional and configurational
freedom. This conceptual development has transformed HEO research from the synthesis of
individual multicomponent oxides toward compositionally complex materials. The resulting
materials space is substantially larger than that in conventional oxides because several
cations, concentration ratios, oxidation states, structural motifs, and defect configurations
can be varied simultaneously. This compositional flexibility is now recognized as one of the
defining characteristics and major challenges of HEO materials design [14,53].

2.2. Configurational Entropy

The thermodynamic foundation of high-entropy materials is the configurational en-
tropy associated with distributing different species over available crystallographic sites.
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For an ideal solid solution containing n species with mole fractions x;, the configurational
entropy is given by Equation (1):

n
Asconﬁg = _RZ Xi In Xi (1)
i=1

where R is the universal gas constant and x; represents the fraction of species i occupying
the considered sublattice. For a fixed number of components, the configurational entropy
reaches its maximum when the species are distributed equimolarly because this condition
maximizes the number of possible distinguishable configurations.

For an equimolar five-cation system, the mole fractions are given by Equation (2):

x1=x2:x3:x4=x5=0.2 (2)
Substitution into Equation (1) gives Equation (3):

AS —R[5(0.2) In (0.2)] = RIn (5) ~ 1.609R (3)

config =

Thus, 1.609R represents the ideal configurational entropy of five equimolar species
occupying an equivalent sublattice. This value has consequently become a widely used
benchmark for identifying high-entropy compositions. Nevertheless, 1.609R should not be
interpreted as the experimentally measured total entropy of a real five-cation HEO. The ideal
expression assumes random occupation of equivalent sites and neglects nonideal interac-
tions and additional entropy contributions. Real HEOs can contain multiple crystallographic
sublattices, oxygen vacancies, short-range chemical correlations, local structural distortions,
and variations in cation oxidation states [55]. Therefore, the actual thermodynamic entropy
of an HEO can deviate from the ideal configurational estimate. The difference becomes par-
ticularly important for multicomponent oxides containing both cation and anion disorder or
substantial defect populations. Equimolar compositions maximize the ideal configurational
entropy for a given number of components, but equimolarity is not a prerequisite for HEO
formation. Non-equimolar compositions can retain substantial configurational entropy
while providing additional opportunities to tune crystal structure, oxidation-state balance,
lattice distortion, defect concentration, and functional properties [56]. Accordingly, restrict-
ing HEO design to equimolar compositions would unnecessarily constrain the accessible
materials space [57].

The frequently used classification into low, medium, and high-entropy terms provides
a convenient descriptive framework. More importantly, a high calculated configurational
entropy does not guarantee the formation of a single-phase HEO [58]. Entropy contributes
to the free-energy balance, but phase formation additionally depends on enthalpic interac-
tions, ionic-size compatibility, oxidation-state requirements, structural preferences, defects,
and synthesis kinetics [14]. Therefore, it can be expressed as high configurational entropy
increases the thermodynamic tendency toward chemical mixing, but it does not indepen-
dently determine HEO phase formation or stability. This difference is fundamental for
understanding HEOs and becomes particularly important when developing predictive mod-
els, because a machine learning model trained only on configurational entropy is unlikely
to capture the full complexity of HEO phase formation [58].

2.3. Compositional and Structural Diversity of HEOs

An important feature of HEO chemistry is that configurational complexity varies.
Multicationic disorder has been incorporated into several oxide structural families, including
rock-salt, fluorite, spinel, perovskite, and garnet structures, as illustrated in Figure 2. Each
structural family provides different crystallographic sites, coordination environments, defect
mechanisms, and chemical constraints [50,59].
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Rock Salt
>_o

Fluorite

Figure 2. Representative crystal structures of high-entropy oxides: rock-salt, fluorite, spinel, perovskite,
and garnet.

The rock-salt structure represents the historical starting point for HEO research. In the
prototype (MgCoNiCuZn)O, multiple cations occupy a common cation sublattice while
oxygen occupies the anion sublattice. Its relatively simple structure makes rock-salt HEOs
valuable model systems for studying configurational entropy, cation disorder, lattice dis-
tortion, defect chemistry, and thermodynamic phase stability [1]. Fluorite HEOs provide
another important structural family, particularly because their crystal chemistry can ac-
commodate substantial oxygen non-stoichiometry. Multication substitution can modify
oxygen-vacancy populations, local coordination environments, and ionic transport. The
fluorite framework therefore provides an important platform for investigating the coupling
between compositional disorder and defect-mediated properties [60]. In spinel HEOs, com-
positional complexity is accompanied by the additional possibility of distributing cations
between tetrahedral and octahedral sites. Consequently, cation-site preference and local
coordination become important variables in addition to overall composition. This addi-
tional degree of structural freedom can influence magnetic, catalytic, and electrochemical
behavior [61]. Perovskite HEOs offer an even broader compositional design space because
multiple elements can occupy different crystallographic sublattices. Changes in cation
composition can modify oxidation states, coordination environments, octahedral distor-
tions, oxygen stoichiometry, and local bonding. These characteristics make high-entropy
perovskites attractive for a range of functional applications [62-64].

The existence of these diverse structural families demonstrates that HEO design cannot
be reduced to simply increasing the number of constituent elements. The crystal structure
itself defines the available sites and coordination environments into which the constituent
elements must be accommodated. Consequently, the same combination of elements may
exhibit different phase behavior depending on the targeted structural framework. This
creates an important hierarchical design problem in which composition, structure, site
occupancy, defects, and local chemical environments are strongly coupled. Experimental
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studies on chemically versatile high-entropy pyrochlores further show that the same high-
entropy design concept can be accommodated through very different coordination networks
and defect chemistries, reinforcing the need for structure-aware descriptors [65].

2.4. Thermodynamic Principles Governing HEO Formation

The stability of a multication oxide can be considered from the Gibbs free energy
relationship in Equation (4):

AGmix = AHmix - TASmix (4)

where AH_;, represents the enthalpic contribution to mixing, T is temperature, and AS,;,
represents the total entropy contribution. In an idealized description, configurational entropy
is often considered the dominant entropy term, giving the approximation in Equation (5):

AGmix ~ AI_Imix - TASconﬁg (5)

The configurational entropy term therefore becomes increasingly important with in-
creasing temperature as illustrated in Figure 3. This provides the thermodynamic basis for
the experimentally observed entropy stabilization of the prototype rock-salt HEO reported
by Rost et al. [1]. At elevated temperature, the entropy contribution can lower the free
energy of the chemically mixed state sufficiently to favor a single-phase solid solution over
competing phase-separated states. However, the free-energy landscape of a real HEO is
considerably more complicated than the configurational-entropy approximation in Equation
(5). Chemically distinct cations can interact differently with one another and with oxygen,
producing nonzero and composition-dependent mixing enthalpies. Strongly unfavorable
interactions may promote segregation or ordering, whereas favorable interactions may facili-
tate incorporation into a common lattice. Structural strain arising from ionic-size differences
and changes in coordination environment can also modify the enthalpic contribution [66].

Low temperaturej [ Free-energy balance ] ( Higher temperature

Enthalpic interactions can favor > N = KH o oFAS = The entropy term grows and a
ordering or phase separation J L 3 s config J [ mixed phase can become favored

00000 00000
00000 00000

Thermodynamic stability does not guarantee experimental formation.

Thermodynamic stability Experimental accessibility
@ energetically favored state state reached under real processing

Figure 3. Schematic showing how configurational entropy can favor formation of a chemically

mixed solid solution at higher temperature, while experimental phase formation also depends on
synthesis accessibility.

An additional complication is that experimentally synthesized HEOs do not necessarily
reach complete thermodynamic equilibrium. Rapid heating, short reaction times, quench-
ing, nanoscale dimensions, and precursor-dependent reaction pathways can kinetically
stabilize configurations that differ from the equilibrium state. Kotsonis et al. [5] emphasize
that synthesis conditions can influence whether the final material contains a solid solution,
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local chemical heterogeneity, or multiphase assemblies. Thus, thermodynamic stability
and experimental synthesizability should be distinguished. A composition predicted to
be thermodynamically favorable may not form under a particular synthesis condition,
while a metastable phase may be experimentally accessible because kinetic barriers prevent
transformation into the equilibrium assemblage. This distinction is particularly impor-
tant for data-driven HEO discovery because a model predicting thermodynamic stability
does not necessarily predict whether the corresponding composition can be synthesized
experimentally under realistic conditions.

2.5. Lattice Distortion and Local Chemical Environments

The incorporation of multiple chemically distinct cations into a common lattice in-
evitably produces a distribution of local chemical environments. Although conventional
XRD may reveal a single average crystal structure, the local environment surrounding
individual cations can vary substantially in bond length, coordination geometry, oxidation
state, and bonding character [15]. Recent studies have therefore shifted the description of
HEOs from an idealized “random solid solution” toward a more nuanced picture involving
multiscale structural and chemical heterogeneity. Cation-size mismatch is one important
source of local lattice distortion. When cations with different ionic radii occupy nominally
equivalent crystallographic sites, the surrounding oxygen framework must locally adapt to
different bonding requirements. This can produce variations in bond lengths, local strain,
coordination geometry, and lattice displacement. Similarly, differences in cation valence and
electronic configuration can modify local bonding and coordination preferences. Figure 4
illustrates the high-entropy effect, lattice distortion, sluggish diffusion, and cocktail effect
commonly discussed in high-entropy materials.

High-entropy effect Lattice distortion Sluggish diffusion Cocktail effect

Figure 4. Schematic illustration of four effects commonly associated with high-entropy materials:
high-entropy effect, lattice distortion, sluggish diffusion, and cocktail effect.

Importantly, lattice distortion does not act as a single uniform strain parameter. Instead,
HEOs can contain a distribution of local distortions, reflecting the large number of possible
combinations surrounding any given lattice site. It is important to emphasis that local
cation-size and valence mismatch, oxygen-sublattice distortions, and site-specific bonding
can strongly influence transport, magnetic, dielectric, and other functional properties [5].
This local heterogeneity provides an important distinction between conventional and high-
entropy oxides. In conventional oxide, chemically equivalent sites often have relatively
similar local environments, whereas an HEO can contain many chemically distinct but
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crystallographically equivalent sites. Consequently, an HEO may be crystallographically
ordered at the long-range scale while simultaneously exhibiting substantial local structural
and chemical disorder [67].

This difference has major implications for HEO design. The macroscopic composition
alone does not uniquely define the microscopic state of an HEO because different local
arrangements can exist at the same overall composition. Therefore, two samples having
nominally identical chemical formulas may exhibit different local ordering, defect distri-
butions, or functional behavior depending on synthesis history. For this reason, advanced
characterization methods including total scattering, spectroscopy, and high-resolution mi-
croscopy have become increasingly important for resolving short- and intermediate-range
order that is not readily captured by conventional diffraction techniques.

2.6. Defects and Oxygen-Vacancy Engineering

Defect chemistry represents another fundamental dimension of HEO design. The
simultaneous presence of multiple cations with different valence states and coordination
preferences can generate complex charge-compensation mechanisms. In particular, oxygen
vacancies can become coupled to cation oxidation-state changes, local structural relaxation,
and changes in electronic structure [68]. Oxygen vacancies are especially important in oxide
systems because they influence oxygen mobility, redox behavior, electronic conductivity,
adsorption characteristics, and catalytic activity. Their concentration and spatial distribution
can be modified through cation selection, synthesis atmosphere, temperature, and oxygen
chemical potential. Nevertheless, oxygen vacancies should not be regarded universally
as beneficial defects. Their functional effect depends on their concentration, charge state,
local coordination, and interaction with neighboring cations. A moderate concentration of
oxygen vacancies may provide favorable active sites or facilitate charge transport, whereas
excessive defect concentrations can destabilize the lattice or introduce undesirable electronic
states [68,69].

Similarly, cation vacancies and mixed-valence states can contribute to charge compensa-
tion and local structural relaxation. The resulting defect landscape is therefore significantly
more complex than in many conventional single-cation oxides. The importance of defect
chemistry further increases the dimensionality of the HEO design space. Two HEOs with
identical nominal cation compositions can possess different oxygen-vacancy concentrations
and oxidation-state distributions because of differences in synthesis temperature, atmo-
sphere, precursor chemistry, or cooling rate. Hence, composition alone cannot always
predict defect structure or functional performance. This observation is highly relevant to
machine learning because defect-related descriptors may ultimately be required to distin-
guish chemically similar HEOs with substantially different properties. Figure 4 summarizes
four effects commonly discussed in high-entropy materials; their relevance and magnitude
depend on the particular oxide system.

2.7. Electronic and Physicochemical Characteristics

The chemical complexity of HEOs provides multiple pathways for modifying their
electronic and physicochemical characteristics. Different cations introduce distinct elec-
tronic configurations, oxidation states, orbital energies, electronegativities, and bonding
strengths, while local lattice distortion and defects further modify the electronic environ-
ment [9]. The resulting material can therefore exhibit an electronic structure that differs
substantially from a simple linear combination of the properties of its constituent oxides.
Cation substitution can modify band structure, carrier concentration, charge distribution,
and redox chemistry, whereas oxygen vacancies can introduce defect-associated electronic
states and alter the local oxidation-state distribution. These effects provide opportunities
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for tuning optical, electrical, magnetic, electrochemical, and catalytic behavior [18,70]. An
important consequence of multication disorder is the creation of chemically heterogeneous
local environments. Different surface sites may contain different combinations of neighbor-
ing cations and oxygen configurations, resulting in a distribution of adsorption energies
and reaction pathways. This characteristic is particularly attractive for catalytic applications
because it can provide multiple chemically distinct active environments within a nominally
single-phase material. However, the phrase “cocktail effect” should be used cautiously.
The enhanced properties of an HEO cannot automatically be attributed to an unspecified
synergistic effect of all constituent elements. Instead, the observed behavior should ideally
be connected to identifiable structural, electronic, defect, or interfacial mechanisms [70,71].

Accordingly, HEOs are a high-dimensional platform, in which composition, local
environment, defects, and structural framework can be independently or cooperatively
manipulated. This makes HEOs attractive for applications including catalysis, energy
storage, electrochemical conversion, dielectric materials, magnetic materials, and other
functional technologies.

2.8. Synthesis and Characterization as Design Variables

The synthesis of HEOs requires efficient mixing of multiple cations and appropri-
ate thermal or chemical conditions for stabilizing the desired phase [72]. Conventional
solid-state synthesis is one of the most widely used approaches because of its simplicity
and scalability. In this method, oxide, carbonate, nitrate, or other precursor powders are
mixed and subjected to high-temperature treatment. However, the relatively long diffusion
distances can lead to incomplete homogenization, and high temperatures may promote
particle coarsening or unwanted phase formation [73].

Sol-gel and coprecipitation methods can provide improved elemental homogeneity
because the constituent cations are mixed at the molecular or nanoscale before calcination.
These approaches can reduce diffusion limitations and facilitate formation of homoge-
neous HEO phases at lower temperatures than conventional solid-state reactions [20].
Hydrothermal and solvothermal methods offer additional control over nucleation, crystal
growth, morphology, and crystallinity. These approaches can be particularly advanta-
geous for nanoscale HEOs and phases that are difficult to obtain through conventional
high-temperature reactions. Combustion, spray pyrolysis, microwave-assisted, and other
solution-based approaches can further reduce reaction times and provide control over
particle size and morphology. Template-assisted approaches can additionally introduce
morphological control, while thin-film deposition methods can be used to prepare HEO
coatings and model systems [20,74]. It can affect phase constitution, crystallite size, local
chemical ordering, oxygen-vacancy concentration, oxidation state, surface area, and de-
fect population. Consequently, synthesis conditions constitute an important part of the
HEO design space rather than an independent variable that can be ignored when relating
composition to properties.

Related plasma-assisted nanoparticle studies illustrate why synthesis descriptors
should accompany composition data. Ismail et al. used an atmospheric-pressure plasma-—
liquid process to synthesize fructose-stabilized Pd nanoparticles and related discharge-
current-dependent plasma characteristics to particle formation and catalytic pollutant reduc-
tion [75]. Wali et al. reviewed how precursor-reduction kinetics, reaction—transport balance,
atomic mixing, and surface segregation affect plasma-assisted trimetallic nanoparticles,
emphasizing that nominal composition alone does not establish a homogeneous nanoal-
loy [76]. These non-HEO studies provide methodological context for recording discharge
conditions, precursor chemistry, treatment time, and local characterization; they do not
demonstrate plasma synthesis of an ML-selected HEO.
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Characterization of HEOs similarly requires a combination of complementary tech-
niques. X-ray diffraction (XRD) is fundamental for identifying the average long-range crystal
structure and detecting crystalline secondary phases. However, because XRD represents
an average structural response, it may not reveal substantial local chemical heterogene-
ity or short-range ordering. Transmission electron microscopy (TEM), high-resolution
TEM, scanning TEM, and energy-dispersive X-ray spectroscopy (EDS) provide information
on morphology, crystallinity, and nanoscale elemental distributions. X-ray photoelectron
spectroscopy (XPS) provides surface-sensitive information on elemental composition and
oxidation states, whereas X-ray absorption spectroscopy (XAS) can probe local coordination
and oxidation-state environments. Electron paramagnetic resonance (EPR) is particularly
valuable for investigating paramagnetic defect centers, while Raman and FTIR spectroscopy
provide information on local bonding and vibrational environments. More advanced tech-
niques such as total-scattering /PDF analysis and synchrotron-based spectroscopy can reveal
short- and intermediate-range structural correlations that remain inaccessible to conven-
tional XRD. The increasing use of these complementary techniques reflects an important
conceptual development in HEO research: average crystallographic structure is insufficient
to fully describe a chemically complex oxide. Understanding HEO properties increasingly
requires information spanning multiple structural length scales.

2.9. HEO Chemistry and Machine Learning

Figure 5 summarizes a data-driven HEO discovery workflow integrating data sources,
descriptor construction, ML modeling, and experimental validation. For conventional
composition-based ML, material is often represented by a single vector of elemental frac-
tions and composition-weighted statistics. For HEOs, this representation is frequently
non-unique because one nominal composition can correspond to many cation arrange-
ments, oxidation-state distributions, vacancy configurations, short-range-order motifs, and
sublattice occupancies [57,59,61,66]. Local structural studies using EXAFS, total scatter-
ing/PDF [22,77], atomic-resolution STEM, EELS [78,79], M6ssbauer spectroscopy, X-ray
magnetic circular dichroism, and atom-probe tomography [23,80,81] have repeatedly shown
that crystallographic single-phase character does not imply chemically equivalent local
environments. Recent spinel studies are particularly instructive because experimentally
resolved tetrahedral and octahedral occupancies depart substantially from the equal-site
distributions often assumed when ideal configurational entropy is calculated [61,66].

This has direct consequences for descriptor design. Composition-averaged ionic radii,
electronegativity, and configurational entropy remain useful low-cost descriptors, but they
cannot distinguish samples having the same nominal formula and different site occupancies,
oxygen non-stoichiometry, short-range ordering, or synthesis-dependent valence states [53,82].
A more realistic representation should therefore be hierarchical: global composition and
processing variables define an ensemble of accessible local configurations [35,53,83]; local
structure and defects determine electronic and surface states [57,84], and these states govern
the experimentally measured functional response [85,86]. This hierarchy also explains why
composition-only models can perform well for interpolation while failing when transferred to
new structural families or defect regimes.

For disordered oxides, promising routes include special quasirandom structures, con-
figurational ensembles, cluster expansion, Monte Carlo sampling [57,83], local-environment
histograms [87-89], equivariant graph neural networks [90-92], and MLIPs capable of sam-
pling many chemically distinct configurations at tractable computational cost [9,93]. The
central challenge is not only model accuracy within the sampled configuration space but
whether the representation and training data span the local environments encountered dur-
ing synthesis, redox cycling, oxygen loss, surface reconstruction, and operation [22,28,84,86].
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Consequently, HEO informatics should increasingly treat local disorder as a distribution to be
represented and sampled rather than as residual noise around an average crystal structure.
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Figure 5. Schematic workflow for data-driven HEO discovery, integrating data sources, data cura-
tion and descriptor construction, machine learning modeling, and experimental validation for the
identification of new HEO candidates.

3. HEO Design Through Machine Learning

The enormous compositional and structural space of high-entropy oxides (HEOs)
creates a fundamental challenge for conventional materials discovery. Figure 6 illustrates
how nominal composition and local structural states influence electronic, transport, and
functional properties. As discussed earlier, the behavior of an HEO is governed by multiple
factors such as concentration of its constituent cations but also by their oxidation states,
local coordination environments, lattice distortion, defect chemistry, crystal structure, and
synthesis procedure. These variables are strongly coupled, making it difficult to establish
universal composition-structure-property relationships using conventional empirical ap-
proaches. Machine learning (ML) offers a complementary strategy by converting chemical,
structural, thermodynamic, computational, and experimental information into quantitative
descriptors that can be analyzed simultaneously. The objective is to complement experi-
mental investigation by identifying hidden relationships within existing data, prioritize
unexplored compositions, and establish a more efficient feedback loop between computation
and experiment. Recent HEO studies have demonstrated this transition particularly clearly
through ML-assisted phase prediction, ML interatomic potential, large-scale composition
screening, and experimentally validated candidate discovery [7-9,24,94].
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Figure 6. Schematic linking multicomponent composition and local structural states to electronic,
transport, and functional properties.
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3.1. From Experimental Databases to HEO Datasets

The effectiveness of an ML model is fundamentally determined by the quality, diver-
sity, and physical relevance of the data used for training. For HEOs, useful datasets can
originate from several complementary sources, including experimentally reported composi-
tions and phase outcomes, density functional theory (DFT) calculations, high-throughput
computational screening, established materials databases [95], and increasingly automated
literature-mining approaches. Each source provides different types of information and in-
troduces different uncertainties. Therefore, combining them requires careful consideration
of their compatibility [96].

The experimental literature represents the most direct source of information because it
contains the actual relationship between composition, processing conditions, phase con-
stitution, and experimentally measured properties. However, HEO information is often
distributed across individual publications in inconsistent formats. Chemical formulas may
be reported using different conventions, synthesis conditions may be incompletely spec-
ified, and phase labels may depend on characterization techniques and detection limits.
Consequently, simply aggregating literature data without systematic curation can introduce
substantial noise and bias. Therefore, rigorous data curation is essential for reliable materi-
als informatics; standardized curation practices are also necessary for reproducibility and
for the development of reliable AI/ML models. Early HEO phase-mapping efforts based
on empirical biplots further illustrate both the value and limitations of compact descriptor
spaces, and useful separation of phase fields can be obtained from composition statistics, but
such maps remain highly dependent on the coverage and labeling quality of the underlying
literature data [97].

A particularly important recent development is the use of automated literature and
large-language-model-based data extraction. Santos et al. [98] demonstrated an end-to-
end HEO informatics workflow in which large language models were used to extract
compositions, phase information, and synthesis methods from unstructured scientific ab-
stracts, subsequently generating a structured database for ML analysis. Their reported
extraction accuracy reached approximately 96% for the database-generation task, demon-
strating the potential of automated literature mining to address the lack of structured HEO
datasets [98-100].

Although experimental datasets provide the greatest practical relevance, their size is
often insufficient for training complex ML models. DFT and high-throughput calculations
can partially address this limitation by generating systematically calculated properties for
large numbers of hypothetical compositions and structures. Such computational datasets can
provide formation energies, electronic properties, structural parameters, defect energetics,
and other descriptors that are difficult to obtain experimentally for every composition.
However, DFT-derived data are not so reliable because calculated properties depend on the
selected exchange correlation functional, magnetic configuration, structural model, defect
configuration, and computational settings.

ML interatomic potentials (MLIPs) provide another important route for expanding
HEO datasets. Unlike conventional ML models that predict a target property from pre-
defined descriptors, MLIPs learn potential-energy surfaces from atomistic calculations
and can therefore be used to relax and evaluate large numbers of candidate structures at
substantially lower computational cost than direct DFT calculations. Sivak et al. [9] demon-
strated this approach for rock-salt HEOs, using an ML interatomic potential to rapidly map
composition space and evaluate single-phase stability using bond-length distributions and
mixing enthalpy. Their approach correctly resolved experimentally stabilized compositions
and identified additional candidate compositions for future investigation [8,9].
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Dicks et al. [8] subsequently expanded this concept to a substantially larger HEO
search space. Their workflow generated random multication structures, relaxed them
using an ML interatomic potential, and evaluated candidates using descriptors based on
cation-energy variance and mixing enthalpy. The methodology successfully recovered the
known stable four-component x-PbO,-type HEO and predicted additional five-component
candidate systems while expanding the chemical search from seven to fourteen elements
and considering three structural families [8]; related MLIP developments for disordered
multicomponent oxides are discussed in [93,101,102].

3.2. Data Curation and Preprocessing

Before model construction, HEO datasets must undergo systematic curation and pre-
processing. Figure 7 summarizes the normalization, curation, uncertainty assessment, and
data-splitting steps required to prepare an ML-ready HEO dataset. This step is particularly
important because HEO datasets are typically assembled from heterogeneous experimental
and computational sources rather than generated under a single standardized protocol.
Variations in composition notation, phase classification, measurement conditions, synthe-
sis routes, and reporting practices can introduce inconsistencies that an ML model may
interpret incorrectly as meaningful chemical relationships.

@ Raw data Normalize o Curate

e DFT
@ Databases

e Literature AB,C,D,O, © Formulae »
: X ety mZeae;
® Experiment @ Cation fractions

Q"‘% @ 0 nonstoichiometry
5

G ML-re:

ady record

@ Composition
® Structure

f

® Deduplicate

® Resolve labels

© Retain negative
results

Split

Train ® Chemistry-aware «

Quantify

@ Missingness

® Synthesis e split @ Uncertainty
Validation
® Defects " @ 00D holdout /'\ @ Detection limits
e Conditions Test
@ Target
A Y

Figure 7. Workflow for converting raw materials data into an ML-ready dataset through normalization,
curation, uncertainty assessment, chemistry-aware data splitting, and structured feature preparation.

The first requirement is composition normalization. Equivalent compositions may be
reported using different formula conventions, while non-equimolar HEOs require careful
conversion of nominal stoichiometric coefficients into consistent cation fractions. Oxygen
non-stoichiometry should also be retained rather than automatically forcing all compositions
into an idealized ABOXx representation. Similarly, oxidation-state information is separated
from elemental identity whenever it is available because the same element can contribute to
very different chemical behavior depending on its oxidation state [35,103].

Duplicate identification is another important consideration. Multiple publications
may report the same composition, or the same experimental sample may appear in several
databases. Treating duplicate records as independent observations artificially increases
the effective dataset size and can lead to overly optimistic model performance. Related
compositions should also be examined carefully because random splitting can place highly
similar compositions in both training and test datasets, thereby making the prediction task
appear easier than genuine extrapolation into unexplored chemical space.

Missing information presents a further challenge. For example, synthesis temperature
may be reported in one study but omitted in another. Similarly, oxygen-vacancy concentra-
tion or oxidation-state distributions may not be available for all samples. Missing values
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should therefore be taken with caution. Depending on the model and dataset, appropriate
approaches include physically informed imputation, missing data indicators, exclusion
of variables with excessive missing data, or models capable of handling incomplete infor-
mation. Outlier detection is equally important but should be performed cautiously. An
apparent outlier may represent an experimental error, an incorrectly digitized value, or a
genuinely unusual HEO composition. Removing unusual data solely because they reduce
model performance risks eliminating precisely the compositions that provide information
about the limits of a design space. Uncertainty should therefore be taken as an intrinsic
component of HEO data. Experimental uncertainty may arise from phase identification,
compositional deviations, instrument sensitivity, particle-size effects, or variations in syn-
thesis conditions, whereas computational uncertainty can arise from the choice of DFT
methodology or structural model. Hart et al. [33] emphasized that rigorous data-curation
procedures improve the reliability, reproducibility, and integrity of materials datasets and
are essential for reliable AI/ML applications.

3.3. Chemical Descriptors for HEOs

The main challenge in HEO machine learning is the conversion of chemical complexity
into numerical representations that retain physically meaningful information. A descriptor
is mathematical input variable to encode a particular aspect of HEO chemistry into a
form that an ML algorithm can analyze. For HEOs, descriptors can be organized into six
interconnected categories like elemental, thermodynamic, structural, electronic, defect-
related, and synthesis descriptors.

3.3.1. Elemental Descriptors

Elemental descriptors represent the intrinsic chemical characteristics of the constituent
cations. Common descriptors include atomic number, atomic mass, atomic radius, ionic
radius, electronegativity, electron affinity, ionization energy, valence, and electronic con-
figuration. However, using the value for each element independently may be insufficient
for HEOs because several cations simultaneously occupy the same crystallographic sublat-
tice. Consequently, composition weighted statistical descriptors can be more informative.
For a property p; associated with cation i, the composition-weighted mean is given by
Equation (6):

p=> xp (6)
i=1

The corresponding composition-weighted variance is given by Equation (7):

2= - 7)
i=1

Such descriptors allow an ML model to distinguish between the average chemical
environment and also the degree of chemical heterogeneity. For example, two- and five-
cation HEOs can have identical configurational entropy but substantially different ionic-
radius variance or electronegativity variance. Their structural and electronic behavior may
consequently differ even though both possess the same ideal AS g, [35,104].

3.3.2. Thermodynamic Descriptors

Thermodynamic descriptors are particularly important for predicting HEO phase stability.
Configurational entropy, expressed again in Equation (8), is the most familiar descriptor:

AScontig = RZ x;Inx; (8)
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However, recent ML studies demonstrate why entropy alone is insufficient. Sivak
et al. [9] used mixing enthalpy together with bond-length distribution to map rock-salt
HEO stability. Their results showed that these descriptors could successfully distinguish
experimentally stabilized single-phase compositions and identify additional candidates.
Dicks et al. [8] similarly used enthalpy of mixing as an enthalpic descriptor and introduced
the variance of individual cation energies as an entropy-related descriptor. Their approach
explicitly incorporated both enthalpic and entropic contributions rather than assuming that
configurational entropy alone determines HEO stability. Other potentially useful thermody-
namic descriptors include formation energy, decomposition energy, energy above the convex
hull, chemical potential, and defect formation energies. The selection of descriptors should
therefore reflect the specific prediction problem. For example, descriptors relevant to phase
stability may not be identical to those needed for catalytic activity or electronic conductivity.

3.3.3. Structural Descriptors

Structural descriptors describe the geometric environment created by multination
incorporation. Important variables include lattice parameters, coordination number, bond
lengths, bond angles, radius mismatch, structural symmetry, density, packing character-
istics, and local-environment fingerprints. Among these, bond-length distributions are
particularly relevant to HEOs because chemical disorder produces a distribution of local
bond environments even when the average crystal structure remains well defined. Sivak
etal. [9] explicitly demonstrated the utility of bond-length distribution in combination with
mixing enthalpy for distinguishing single-phase rock-salt HEOs.

The importance of structural descriptors also explains why purely composition-based
ML models may eventually reach a performance limit. The same elemental composition
can potentially produce different local configurations or phases, meaning that a model that
receives only elemental fractions cannot distinguish all physically relevant states. Structure-
related approaches therefore represent a progressive evolution from composition-based ML
models to models that integrate composition with structural information and, ultimately, to
atomistic approaches capable of capturing local chemical environments and atomic-scale
interactions [105-107].

3.3.4. Electronic Descriptors

Electronic descriptors become important when the target property involves optical,
catalytic, magnetic, or electronic behavior. Potential descriptors include band gap, work
function, electron affinity, d-electron count, Fermi energy, ionization potential, orbital occu-
pancy, and density-of-states-derived quantities. For HEOs, the challenge is that electronic
behavior may not be represented adequately by the average electronic properties of the
constituent elements. Local coordination, oxidation state, cation oxygen bonding, oxygen
vacancies, and lattice distortion can all modify the electronic structure [108].

Graph-based ML approaches provide one possible solution because they can learn
structural and chemical relationships directly from atomic environments. The crystal graph
convolutional neural network (CGCNN) introduced by Xie and Grossman [109] represents
crystalline materials through atoms and their connections rather than requiring a manually
constructed fixed descriptor vector. The model demonstrated accurate prediction of multiple
materials properties and provided access to contributions from local chemical environments.
Similarly, MEGNet [110] treats materials as graph networks and demonstrates accurate
prediction of properties such as formation energy, band gap, and elastic properties across
large crystal datasets. These approaches are particularly promising for HEOs because local
chemical environments are themselves a major source of HEO functional behavior [109,110].
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3.3.5. Defect Descriptors

Defect chemistry constitutes an underdeveloped but potentially critical descriptor
space for HEO machine learning. Oxygen-vacancy formation energy, vacancy concentra-
tion, vacancy charge state, cation-vacancy formation energy, oxygen migration barriers,
and oxygen chemical potential are potential inputs for models aimed at predicting redox,
catalytic, ionic-conductivity, or electronic properties. The importance of defect descriptors
arises from the fact that HEOs can accommodate multiple oxidation states and charge
compensation mechanisms. Consequently, a composition may determine not only which
cations are present but also the likelihood of oxygen non-stoichiometry and the resulting
electronic structure [111].

3.3.6. Synthesis Descriptors

For HEOs, descriptor selection should follow the physical hierarchy governing their be-
havior rather than being determined solely by algorithmic convenience. Table 1 summarizes
the descriptor hierarchy, while Table 2 compares ML algorithms and their HEO-specific
limitations. Composition-based descriptors capture elemental identity, cation fractions,
configurational entropy, ionic-size mismatch, electronegativity, and oxidation-state distri-
butions. Structure-aware descriptors add lattice parameters, coordination environments,
bond-length distributions, and crystallographic information, while atomistic descriptors can
represent local chemical environments, short-range correlations, and defect configurations.
Processing and reaction-condition descriptors provide an additional layer because phase
formation and functional performance may depend strongly on synthesis and operating
conditions. This hierarchy links composition to structure, defects, electronic properties, and
performance and provides a basis for developing more transferable HEO ML models [112].

A distinctive characteristic of HEOs is that the final material is not necessarily de-
termined solely by nominal composition. Synthesis temperature, reaction time, heating
rate, atmosphere, pressure, precursor chemistry, solvent, pH, and cooling rate can affect
phase constitution, crystallinity, defect concentration, oxidation state, particle size, and local
chemical ordering. Consequently, synthesis conditions should be incorporated into ML
datasets whenever the objective is to predict synthesizability or experimentally accessible
phase formation.

This issue is demonstrated particularly well by recent HEO studies. Dicks et al. [8]
explicitly framed their work around predicting synthesizability, while a recent study [94]
combined ML classification with experimental synthesis and structural verification of
a newly predicted composition. The fluorite study is especially instructive because its
model achieved weighted F;-scores of 77% in nested stratified cross-validation and 70%
during external validation before experimentally synthesizing and confirming the predicted
Cey,Lag,Ndj,Mgj,Aly,0,_s. Thus, synthesis variables should not be regarded merely as
metadata. For HEO discovery, they can be treated as design variables [94].

Table 1. Hierarchical descriptors for data-driven HEO design.

Representative Physical

Typical ML

Descriptor Level Descriptors Meaning Typical Source Target References
Cation fractions; Chemical Literature /exper-
Composition Sconfigs OXygen complexity and iment p Phase/structure  [53,103,113,114]
stoichiometry composition
Ionic radius; . .
Elemental electronegativity; Cation chemistry Materials Structu.re/stabll— [53,96,115]
databases ity

valence
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Table 1. Cont.
. Representative Physical . Typical ML
Descriptor Level Descriptors Meaning Typical Source Target References
AH,,,; formation .
Thermodynamic  energy; energy Phase stability DFT/high Stability [9,35]
throughput
above hull
Lattice
Structural ~ parameter;bond - Lattice distortion  ypry per e Spructure [9,22,77]
length; and structure
coordination
Neighbor .
Local/atomistic identity; local h Chemlcal~ DFT/GNN/MLIP Defects:/p roper [59,84,89]
S eterogeneity ties
coordination
Defect Evos VacarTcy Defect sta?nhty DET/EPR/XPS Catalyt'lc [10,116,117]
concentration and chemistry properties
Temperature; . .
Processing atmosphere; Experlr'm'er'ltal thera.t ure/exper- Synthesizability [8,35,94]
. accessibility iment
precursor; time
Light; pH; Operatin
Reaction pressure; feed P & Experiment Performance [118-120]
" environment
composition
Table 2. Machine learning algorithms, representative uses, and principal HEO-specific limitations.
Algorithm Principal Advantage Potential HEO Use HE.O-.S p(?c1f1c References
Limitation
Simple baseline but
. o unable to capture
. Baseline composition- .
. . Simple and strong nonlinear
Linear regression . property ) . [121-123]
interpretable . , interactions or
relationships . A
configurational
degeneracy.
Robust on small
. tabular datasets but
Random forest Robust nophnear Phase(PrOPerty extrapolation outside [124]
modeling classification .
sampled chemistry
can be weak.
Effective in
limited /high-
SVM Effective for small Phase classification dlmenlspnal data but [104,125]
datasets sensitive to kernel
and feature scaling
choices.
Strong tabular
. . performance;
boosga(;l;(eggoost Strone%rftoal})r;ll;arfcg e Phaseraerclfilclt)it)?erty random splits can [7,94,98,126]
& P p still hide chemical
leakage.
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Table 2. Cont.
Algorithm Principal Advantage Potential HEO Use HE.O..S pefc1ﬁc References
Limitation
Requires larger
datasets and careful
. Highly nonlinear regularization;
ANN/deep learning relationships Large datasets interpretability and [113,114,127,128]
calibration are
important.
Represents local
structure directly, but
Direct structural Structure-property one nominal HEO [10,37-39,91,92,109,
GNN : L .
representation prediction composition may 110,129]
require an ensemble
of graphs.
Enables atomistic
relaxation and
Atomic-level . §amp11ng, but
Structure relaxation reliability depends
MLIP energy/force . . [8,9,93]
L and screening on training coverage
prediction

of charge, defects,
magnetism, and local
environments.

3.3.7. Graph Neural Networks and Atomistic ML

Graph neural networks represent materials as networks of atoms and their inter-
actions. This is conceptually attractive for HEOs because the properties of composi-
tionally disordered structures depend strongly on local neighborhoods. For instance,
CGCNN [109], MEGNet [110], ALIGNN [129], M3GNet [39], CHGNet [38], and equivari-
ant structure [90-92] demonstrate progressively richer ways of encoding atomic identity,
connectivity, geometry, charge-sensitive environments, energies, and forces. For HEOs,
however, one graph is rarely a complete representation of one composition because different
cation arrangements, site occupancies, vacancies, and magnetic/ oxidation states can coexist
at similar bulk stoichiometry [57,59,61,66]. A disorder graph workflow should therefore
sample or marginalize over a physically representative configurational ensemble rather than
assuming that a single arbitrary supercell uniquely defines the material. ML interatomic
potentials provide an even more atomistically detailed route. The HEO studies of Sivak
etal. [9] and Dicks et al. [8] show how MLIPs can approximate complex potential energy
surfaces and expand composition/structure screening beyond what brute-force DFT can
feasibly cover [8,9]. Their use should nevertheless be accompanied by tests for extrapolation
to evaluate local chemistry [93], oxygen-vacancy states [102], redox configurations [38],
and magnetic order [25,38,93,102].

3.4. Unsupervised Learning and Composition-Space Mapping

Supervised ML requires a defined target variable, whereas unsupervised learning
seeks to identify patterns within the data without assigning a predefined target. This makes
unsupervised approaches particularly useful for visualizing and organizing the enormous
HEO chemical space. For instance, principal component analysis (PCA) can reduce a large
descriptor set to a smaller number of orthogonal components representing the dominant
sources of variance. In HEO studies, PCA can reveal whether compositions cluster primarily
vary according to elemental chemistry, structural family, entropy, ionic-size mismatch, or
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other descriptors. K-means and hierarchical clustering can then be used to identify groups
of chemically similar compositions. Such clustering may help reveal families of HEOs that
share common descriptors or structural characteristics even when they belong to different
nominal compositions.

Nonlinear dimensionality reduction approaches such as t-SNE and UMAP are particu-
larly useful when the relationships among compositions cannot be represented adequately
in two or three linear dimensions. However, these methods should primarily be interpreted
as visualization tools rather than direct evidence of physical similarity. Apparent clusters
can depend on preprocessing choices, distance metrics, hyperparameters, and feature se-
lection. Unsupervised learning can map a high dimensional descriptor space into a lower
dimensional chemical landscape, enabling visualization of compositional similarities and
identification of sparsely explored regions for candidate selection. This approach can com-
plement supervised models by revealing poorly represented regions of the HEO chemical
space, where model predictions are generally associated with greater uncertainty [130].

3.5. Model Evaluation and Validation

Model accuracy needs to be interpreted carefully in HEO ML because a high statistical
score does not necessarily imply successful prediction of genuinely unexplored composi-
tions [25,28]. The conventional division into training, validation, and test datasets remains
essential, but discovery-oriented studies should additionally ask whether the test samples
are chemically separated from the training distribution. Random splitting is particularly
permissive for HEO datasets because neighboring compositions can share most of their
elements and descriptor values, causing models to be evaluated primarily on interpolation
rather than chemical extrapolation [25,28,97]. For regression, mean absolute error (MAE),
root mean square error (RMSE), and the coefficient of determination (R?) remain useful
descriptive metrics, but they ought to be complemented by task-relevant measures when
the scientific objective is candidate discovery, ranking, or stability classification [25,26,131].
These metrics are defined in Equations (9)-(11).

1 N
MAE = £ ly; — 7/ )
i=1
1Y o
RMSE = NZ(%‘—%) (10)
i=1
N _ a2
i=1\J1

Here, N is the number of evaluated samples, y; and §j; are the observed and predicted
values, respectively, and ¥ is the mean observed value.

For classification, accuracy alone is often insufficient, particularly when phase classes
are imbalanced [131]. A recent study provides a useful example: nested stratified cross-
validation produced a weighted F1-score of 0.77, whereas external validation decreased
the score to 0.70 before a model-selected Ce,,Lay,Ndj,Mgg,Al,;,0,_ ; composition was
synthesized and verified by XRD and TEM/SAED [94]. This type of external validation
is more informative for discovery than an isolated random-split score. More demanding
tests include leave-one-element-out leave-one-composition-family-out, structure-family
holdout, chronological literature splits, and distance-based splitting in descriptor or learned
representation space [28].

3.6. Explainable and Interpretable ML

High predictive accuracy alone is insufficient for materials discovery. A black box
model that predicts a stable HEO without revealing why the composition is favorable
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provides limited chemical understanding. Explainable ML (XAI) addresses this limitation
by connecting model predictions with the descriptors that drive them.

Feature importance analysis can provide a first indication of which descriptors con-
tribute most strongly to a model. However, global feature importance does not necessarily
reveal how a particular descriptor affects individual predictions. SHAP (SHapley Additive
exPlanations) provides a more detailed framework by assigning a contribution value to
each feature for an individual prediction. Lundberg and Lee developed SHAP as a unified
framework for interpreting complex ML models [132]. For HEOs, SHAP can be particularly
valuable because it can translate a prediction into a chemically interpretable statement. For
example, rather than reporting only that a composition has a high probability of forming a
single phase, SHAP analysis can indicate whether the prediction is primarily associated with
electronegativity, electron affinity, ionic-size characteristics, thermodynamic descriptors, or
other variables. This capability has already been demonstrated in recent HEO research. The
study by Santos et al. [94] used SHAP to identify the physical relevance of model predictors
and reported strong influences from electron affinity and electronegativity across multiple
descriptor scales.

Other interpretability tools, including partial-dependence plots and accumulated-local-
effect plots, can further reveal whether a descriptor has a monotonic, nonlinear, or threshold-
like relationship with the predicted property. The scientific importance of explainability
is therefore greater than simply making an ML model easier to understand. In HEO
research, XAI can generate new chemical hypotheses. If multiple independently trained
models consistently identify ionic-radius variance, electronegativity distribution, or mixing
enthalpy as important predictors, these descriptors can provide experimentally testable
hypotheses about the mechanisms controlling phase stability. Consequently, explainable ML
can extend materials prediction beyond statistical performance by enabling interpretation
of model outputs, identification of chemically meaningful relationships, formulation of
testable hypotheses, and subsequent experimental verification, thereby transforming ML
from a predictive tool into a mechanism-oriented approach for HEO discovery [133,134].

3.7. From Predictive ML to Data-Driven HEO Discovery

Figure 8 summarizes a closed-loop HEO discovery workflow linking model training,
candidate ranking, synthesis, characterization, and dataset expansion. Early materials-
informatics applications largely focused on predicting properties of known materials. For
HEOs, however, the more substantial opportunity is to use ML to navigate chemical space
that has not yet been experimentally explored. A modern HEO discovery workflow can
therefore be represented as follows:

The experimental result then becomes new training information, creating an iterative
experiment-model-experiment feedback loop. The recent HEO literature already provides
early examples of this paradigm. Sivak et al. [9] used MLIP-enabled screening to identify
additional rock-salt candidates beyond experimentally known compositions. Dicks et al. [8]
expanded the approach to fourteen elements and multiple crystal structures while explicitly
considering synthesizability. The fluorite study progressed further by predicting a com-
position and experimentally synthesizing and structurally validating the predicted HEO.
Meanwhile, automated literature mining has demonstrated a potential route for contin-
uously expanding HEO datasets from previously inaccessible unstructured information.
Thus, the most important role of ML in HEO research is not simply to provide a faster
alternative to conventional regression. Its greater potential lies in establishing a closed-loop
discovery framework in which existing knowledge is systematically encoded, unexplored
chemical space is computationally prioritized, predictions are experimentally tested, and
the resulting observations are fed back into the model [135,136].
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Figure 8. Closed-loop workflow for data-driven HEO discovery.

This perspective also exposes an important limitation. HEO datasets remain relatively
small compared with the enormous number of theoretically possible compositions. Conse-
quently, model uncertainty, dataset bias, descriptor redundancy, chemical extrapolation,
and experimental inconsistencies remain major barriers. The future development of HEO
informatics will therefore require not only increasingly sophisticated algorithms but also
larger and better-curated datasets, physically meaningful descriptors, uncertainty-aware pre-
diction, standardized synthesis metadata, and systematic experimental validation [137,138].

4. Machine Learning-Guided HEO Prediction and Discovery

The fundamental complexity of high-entropy oxides (HEOs) arises from the simul-
taneous variation in elemental composition, cation ratio, oxidation state, crystal structure,
local coordination, defect chemistry, and synthesis conditions. As discussed in the preced-
ing sections, conventional descriptor-based approaches can provide useful guidelines for
identifying potentially stable compositions, but they become increasingly inadequate as the
number of chemical and structural variables increases. In this context, machine learning
(ML) offers an alternative strategy in which experimentally and computationally gener-
ated data can be used to establish nonlinear relationships between composition, structure,
processing conditions, and properties. Importantly, the objective of ML-assisted HEO is
to enable the systematic exploration of previously inaccessible regions of the HEO design
space [24,139].

Recent studies demonstrate that ML can already contribute to several stages of HEO
discovery, including crystal-structure classification, stability and synthesizability screening,
prediction of structural parameters, oxygen-vacancy engineering, and composition opti-
mization. For example, ML interatomic potentials have been used to rapidly map rock-salt
HEO composition space, while supervised ML models have demonstrated high accuracy in
crystal-structure classification [7,9]. More recently, ML has been coupled with DFT and
experimental validation to identify oxygen-vacancy-rich high-entropy perovskites and to
discover previously unexplored HEO compositions. The development of these approaches
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represents a transition from composition-by-composition screening toward data-driven
navigation of multidimensional chemical space. The following sections critically examine
how this transition is occurring and where important limitations remain [140].

4.1. ML Prediction of Phase Stability and Synthesizability

One of the most important challenges in HEO discovery is determining whether a
selected multication composition can form a stable or metastable single-phase structure
rather than separating into multiple phases. Conventional thermodynamic descriptors,
including configurational entropy, mixing enthalpy, ionic-size mismatch, and related empir-
ical parameters, provide valuable first-order guidance but do not completely capture the
highly heterogeneous local environments of HEOs. ML provides an opportunity to combine
multiple descriptors and, in some cases, to represent the atomic interactions directly. A
notable advancement was reported by Sivak et al. [9], who developed a self-consistent
computational-experimental framework based on a machine learning interatomic potential
for exploring single-phase rock-salt HEOs. Rather than relying exclusively on configu-
rational entropy, their approach used bond-length distribution and mixing enthalpy as
descriptors of the chemically disordered system. The ML interatomic potential enabled
rapid exploration of a large number of compositions at a computational cost substantially
lower than performing direct DFT calculations for every disordered configuration. Im-
portantly, the framework correctly resolved the single-phase stability of experimentally
stabilized rock-salt compositions and identified additional compositions as candidates for
experimental investigation [9].

This work is significant because it illustrates an important conceptual shift. Phase
stability in an HEO cannot necessarily be inferred from configurational entropy alone. Local
structural accommodation, reflected through the distribution of bond lengths, provides
complementary information about whether the multication lattice can tolerate chemical
disorder. Consequently, ML can integrate thermodynamic and local structural descriptors
into a unified stability map. Dicks et al. [8]. subsequently extended this concept toward
prediction of HEO synthesizability. Their methodology employs ML interatomic potentials
to construct and relax large random unit cells across different elemental combinations and
crystal structures. Candidate compositions are evaluated using descriptors based on the
variance of individual cation energies and the enthalpy of mixing. The approach was tested
on tetravalent HEOs and subsequently extended to 14 elements and three crystal structures.
Importantly, the method identified the known stable four-component HEO in the a-PbO,
structure and predicted several previously unexplored five-component candidates.

These studies demonstrate that ML interatomic potentials can address a key bottleneck
in HEO discovery: the computational cost of explicitly sampling chemical disorder [8,9].
Nevertheless, computational stability and experimental synthesizability must remain distinct
targets. A composition predicted to be favorable under a particular structural model may still
fail experimentally because precursor chemistry, kinetic pathways, oxygen chemical potential,
temperature, atmosphere, cooling rate, and synthesis history alter the accessible free-energy
landscape [5,35,94,141]. MLIP predictions are therefore most defensible as candidate-ranking
tools whose uncertainty and domain of validity are reported, followed by DFT checks where
appropriate and independent experimental synthesis. Literature-mining approaches provide a
complementary route by transforming composition-phase-synthesis information into machine-
readable records, but these datasets inherit publication bias, inconsistent phase labels, and
missing negative outcomes [33,34,98,142].
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4.2. ML Prediction of Crystal-Structure Selection

The ability to predict the likely crystal structure from composition is particularly
valuable for HEOs because the same multication chemistry can potentially accommodate
different structural families. Rock-salt, fluorite, spinel, perovskite, pyrochlore, and other
structures exhibit substantially different cation coordination environments and therefore
different thermodynamic and functional properties [94].

Liu etal. [7] directly addressed this problem by developing ML models for HEO crystal-
structure prediction. Three conventional ML algorithms were evaluated using multiple
performance metrics, with the XGBoost classifier showing particularly strong predictive
performance, reaching reported accuracy and Fl-scores of 0.977 and 0.975, respectively.
Importantly, the study did not simply demonstrate predictive accuracy; its SHAP analysis
provided insight into the chemical descriptors controlling structural classification. The
anion-to-cation radius ratio was identified as the most influential descriptor, followed
by differences in Pauling and Mulliken electronegativities. This finding is particularly
important for HEO design because it illustrates how explainable ML can convert statistical
correlations into chemically interpretable design rules. Rather than treating the ML model
as a black box, feature-importance analysis can indicate which combinations of geometric
and electronic descriptors are associated with specific structural families.

A more recent study by Santos et al. [94] further expanded the phase classification
problem. Their database included multiple HEO structural categories, and ML was used to
distinguish between different phase outcomes. Their work demonstrates the possibility of
moving from binary questions such as single-phase versus multiphase toward multiclass
prediction of structure selection. The significance of this development extends beyond
phase classification because an ML model capable of linking composition with the proba-
bility of forming a particular crystal structure can also facilitate inverse structure-guided
design, in which the desired structural family is specified first and ML is then used to
identify compositional and chemical descriptors associated with that structure, followed by
screening of candidate compositions. However, structure prediction should not be inter-
preted as a purely compositional problem. Experimental processing conditions can alter
phase formation, particularly in kinetically controlled systems. Therefore, future structure-
prediction models should incorporate composition, processing and synthesis history, rather
than relying exclusively on elemental descriptors.

4.3. Prediction of Lattice Distortion and Local Structural Environments

The average crystallographic structure of an HEO provides only a partial description
of its actual atomic environment. Because multiple cations with different radii, valence
states, and bonding characteristics occupy the same crystallographic sublattice, individual
metal-oxygen bonds can exhibit substantial local variation. Consequently, the relationship
between composition and structure must be considered at both the average and local scales.

The DFT-ML study by Lin et al. [ 143] provides an early example of this approach for the
spinel (Co,Cr,Fe,Mn,Ni);0, system. First-principles calculations were combined with ML
to predict lattice constants and formation energies for stoichiometric and nonstoichiometric
structures. The study demonstrated that lattice constants depend on composition and that
cation-specific site occupation can substantially influence the calculated energetics.

More recently, Sivak et al. [9] demonstrated the usefulness of bond-length distributions
for mapping rock-salt HEO stability. Instead of describing disorder solely through a scalar
configurational-entropy value, the distribution of local bond lengths provides information
about how effectively the lattice accommodates different cations. This distinction is impor-
tant because HEOs with similar nominal configurational entropies can exhibit substantially
different local structural strain and chemical environments. Accordingly, ML models can
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incorporate descriptors that capture average lattice parameters, cation oxygen bond-length
distributions, local coordination environments, lattice strain, structural heterogeneity, and
cation-specific distortions, thereby providing a more detailed representation of the structural
complexity underlying HEO phase stability and functional behavior. Future models should
ideally move beyond composition-averaged descriptors and explicitly represent local atomic
environments. Graph-based ML models and ML interatomic potentials are particularly
promising in this regard because they can encode relationships among neighboring atoms
rather than treating the material simply as a vector of elemental averages [39,91,106].

4.4. ML-Guided Defect and Oxygen-Vacancy Engineering

Defects represent one of the most important links between HEO composition and func-
tional performance. In oxide materials, oxygen vacancies can modify oxidation states, local
coordination, electronic structure, adsorption behavior, and catalytic reaction pathways.
However, predicting oxygen-vacancy formation in HEOs is considerably more compli-
cated than in conventional oxides because multiple chemically distinct cations and local
environments coexist within the same lattice. A significant development was reported by
Tukur et al. [10], who introduced OxiGraphX, a graph neural network designed to predict
oxygen-vacancy formation energies in high-entropy perovskite oxides (HEPOs). Their
framework explicitly combined ML, DFT and experimental validation. The model was
trained to establish relationships among composition, atomic structure, and local chemical
environments and was subsequently used to screen compositions for favorable oxygen-
vacancy characteristics.

The importance of this approach lies in its potential to shift defect engineering from a
predominantly empirical strategy toward composition-guided defect design. Rather than
synthesizing numerous HEO compositions and subsequently evaluating oxygen-vacancy
concentrations, ML can identify compositions with favorable vacancy-formation energetics
before experimental synthesis [10]. However, oxygen-vacancy formation energy and ex-
perimentally realized vacancy concentration are not interchangeable quantities: vacancy
populations additionally depend on temperature, oxygen partial pressure, charge compen-
sation, defect interactions, synthesis atmosphere, local cation configuration, and kinetic
history [84,116,117]. The OxiGraphX study illustrates an appropriate validation chain
by relating ML-predicted vacancy formation energies to DFT, experimentally determined
oxygen-vacancy content, and OER response; the reported mean absolute error for average
OVEE prediction was approximately 0.023 eV, while experimentally tested compositions
showed an ordered OER response consistent with the predicted vacancy trend [10]. Exper-
imental techniques such as XPS, EPR, XAS, Raman spectroscopy, isotope exchange, and
thermogravimetry remain essential for determining whether the predicted defect tendency
is actually realized [117,144].

4.5. ML Prediction of Electronic and Optoelectronic Properties

HEO electronic properties are strongly influenced by multication disorder, mixed
valence, local coordination, lattice distortion, and defects. These interactions make direct
prediction of properties such as band gap, band-edge positions, density of states, and
work function particularly challenging. The earliest DFT-ML workflow for a photocatalyti-
cally relevant HEO, the spinel (Co,Cr,Fe,Mn,Ni);0, study of Lin et al. [143] discussed in
Section 4.3, showed that ML could reproduce composition-dependent formation energies
and lattice constants while substantially reducing the cost of direct first-principles calcu-
lations for every configuration. However, that study predicted structural and energetic
quantities rather than band gaps or band-edge positions, so it provides a methodological
basis for, rather than a demonstration of, ML prediction of HEO electronic structure.
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For optical properties, Hoyos-Sanchez et al. [108] recently developed an ML frame-
work for automated determination of HEO band-gap energies from UV-vis spectroscopy
data. Their workflow included preprocessing, data augmentation and model optimization.
Bagging, Extra Trees and random forest models achieved reported MAEs of approximately
0.26-0.28 eV and R? values of approximately 0.73-0.74. This study is valuable, but its scien-
tific interpretation should be precise. The model primarily accelerates band-gap extraction
from spectroscopic data, rather than constituting a universal composition-to-band-gap
predictive model. This distinction is important when assessing the maturity of ML-based
electronic-property prediction in HEOs.

Future models could integrate composition, local coordination environments, oxidation
states, and defect-related descriptors to establish more comprehensive relationships with
the electronic structure of HEOs, thereby improving the prediction and interpretation
of composition-dependent electronic properties. Such models could ultimately predict
band gaps, band-edge positions, density-of-states characteristics, work functions, carrier-
related descriptors, and adsorption-relevant electronic states. However, these capabilities
remain less mature for HEOs than phase classification and stability prediction. Therefore,
experimental and first-principles validation remain essential.

4.6. Data-Driven Optimization of Multicomponent HEO Composition

Most early HEO studies focused on equimolar systems because equal elemental frac-
tions provide a straightforward route to maximizing ideal configurational entropy. However,
maximum configurational entropy is not necessarily equivalent to optimum functional per-
formance or optimum phase stability. Consequently, ML provides an opportunity to move
from the conventional equimolar design concept toward compositionally optimized, non-
equimolar HEOs.

Instead of restricting the composition to (Ag,By,Cy,Dg,Eq,) O9, the design space can
be expressed more generally as (AxByCzDmEn)O3, with x + y + z + m + n = 1. Here,
the ML model can simultaneously consider elemental identity, concentration, oxidation
state, oxygen non-stoichiometry and structural family. The importance of this approach is
demonstrated by Sivak et al. [9], whose MLIP-guided exploration of rock-salt HEOs correctly
resolved the single-phase stability of all experimentally known equimolar compositions
and led to a previously unreported non-equimolar, Ca-containing rock-salt HEO. Similarly,
Santos et al. [94] used ML to identify a previously unexplored single-phase fluorite HEO,
Cey,Lag,Ndy,Mg,Aly,O,_;, which was subsequently synthesized and characterized by
XRD and TEM/SAED. The study also used SHAP analysis to identify electron affinity and
electronegativity-related descriptors as important factors in phase formation [94].

4.7. Toward Multi-Objective Optimization of HEO Performance

The ultimate objective of HEO design is rarely the maximization of a single material
property. Practical materials must simultaneously satisfy several requirements. Figure 9
illustrates the simultaneous optimization of phase stability, activity, operational stability,
defect chemistry, cost, and sustainability. For example, an electrocatalyst should combine
high intrinsic activity with long-term stability, while an energy-storage material may require
high capacity, structural stability, favorable kinetics and low cost. However, fully developed
multi-objective optimization of HEOs remains an emerging rather than mature field. Current
HEO ML studies have largely concentrated on phase stability, structure, defect descriptors,
or individual target properties. Therefore, multi-objective optimization should be presented
as the next logical stage rather than as an already established general methodology [140]. A
future framework could generate a Pareto-optimal set of compositions rather than a single
“best” HEO: Such an approach would be particularly powerful for environmental and energy
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applications, where catalytic activity, durability, elemental criticality and environmental
impact must be considered simultaneously.
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Figure 9. Conceptual framework for multi-objective optimization of HEO composition.

4.8. Coupling ML, DFT, and ML Interatomic Potentials for Accelerated Screening

The combination of ML with DFT provides one of the most practical routes toward
reliable HEO screening. DFT offers relatively high-fidelity information about energetics and
electronic structure but is computationally expensive, especially for chemically disordered
supercells containing many possible cation arrangements. ML can learn from a limited
number of high-quality calculations and subsequently predict properties for much larger
composition spaces.

An early demonstration was provided by Lin et al. [143], who used first-principles
calculations to generate data for spinel HEOs and subsequently trained ML models to
predict lattice constants and formation energies. The authors demonstrated that the com-
bined approach could reduce computational requirements compared with performing
first-principles calculations for every configuration. The development of ML interatomic
potentials represents a further step. Sivak et al. [9] used an ML interatomic potential to
rapidly map rock-salt HEO composition space, while Dicks et al. [8] applied ML inter-
atomic potentials to screen substantially larger elemental and structural spaces and predict
candidate HEOs.

For defect engineering, Tukur et al. [10] provide another important example in which
DFT-generated oxygen-vacancy formation energies were used to train a graph neural net-
work, followed by computational screening and experimental validation. Thus, the emerg-
ing computational framework involves using DFT calculations to generate high-quality
training data, followed by ML or ML interatomic potential (MLIP) development for rapid
prediction and large-scale screening, candidate selection based on the predicted proper-
ties or stability, and subsequent DFT verification and experimental validation. The key
advantage is therefore not that ML replaces DFT but that it changes how DFT resources are
allocated. DFT becomes a source of high-quality reference information, whereas ML en-
ables exploration of regions that would be computationally inaccessible through brute-force
calculations [10].
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4.9. Active Learning and Bayesian Optimization for Closed-Loop HEO Discovery

Conventional supervised ML generally follows a passive learning paradigm: a fixed
dataset is collected, a model is trained, and predictions are generated for new compositions.
However, this approach is inefficient when the design space is extremely large and data
acquisition is expensive. Active learning and Bayesian optimization offer a fundamentally
different strategy by allowing the model to determine which candidate should be evaluated
next. The basic active-learning cycle involves training an initial model using an existing
dataset, estimating prediction uncertainty, selecting the most informative or promising
candidates, evaluating them through new calculations or experiments, and incorporating
the newly acquired data to iteratively update and improve the model [145]. This process
is particularly suitable for HEOs because only a very small fraction of the theoretically
possible compositions can realistically be synthesized and characterized.

A recent study by Brorsson et al. [29] demonstrated this strategy for high-entropy oxy-
gen carriers. Their active-learning framework integrates predictive modeling, uncertainty
estimation and iterative sampling to explore the embedded composition space. Rather than
evaluating candidates uniformly, the algorithm focuses subsequent searches on promising
regions and was reported to accelerate the discovery of high-entropy oxygen carriers relative
to conventional trial-and-error and grid-search approaches. Bayesian optimization provides
a related strategy in which an acquisition function balances exploration of poorly under-
stood regions against exploitation of compositions predicted to have desirable properties.
Bayesian optimization has been used to locate stable short-range-ordered configurations
in HEOs [83] and, in Pareto-guided multi-objective form, to steer a robotic Al-chemist
toward high-entropy chlorine-evolution catalysts [140]; in HEA electrocatalysis, iteratively
refined computational models combined with composition-spread thin-film libraries cor-
rectly located the activity maxima of the Ag—Ir-Pd—Pt—Ru system for the oxygen reduction
reaction [146].

4.10. From Virtual Screening to Inverse HEO Design

The progression of ML-assisted HEO research is gradually shifting the field from
conventional property prediction toward inverse materials design. In conventional materials
research, the development process generally follows a forward sequence in which the
composition determines the structure, the structure governs the resulting properties, and
these properties ultimately determine the material’s functional performance [8].

In contrast, inverse materials design begins with a targeted property or functional
performance and works backward to identify a suitable material composition. In this ap-
proach, an ML model maps the desired target to promising candidate compositions, which
are subsequently evaluated in terms of their likely structural and defect configurations
and finally validated through experimental synthesis. Recent HEO studies provide early
examples of this transition. The ML-assisted fluorite HEO study demonstrated that a model
trained on known composition-phase relationships could identify a new composition that
was subsequently synthesized and experimentally confirmed as a single-phase fluorite HEO.
Figure 10 summarizes the progression from prediction and screening to discovery, valida-
tion, active learning, and inverse/autonomous design. Similarly, the literature-mining/ML
framework developed by Santos et al. [98] illustrates how structured composition-phase
information can be transformed into predictive design rules for single-phase HEOs.
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Figure 10. Progression from predictive ML to screening, discovery, active learning, and inverse/au-
tonomous HEO design.

The MLIP studies of Sivak et al. [9] and Dicks et al. [8] further demonstrate that
very large hypothetical composition spaces can be explored computationally before exper-
imental resources are committed. Nevertheless, true inverse HEO design remains more
challenging than conventional prediction. A model may identify a composition with a
high predicted probability of possessing a particular property, but this does not guarantee
successful synthesis or the expected performance. The inverse-design problem therefore
needs to incorporate uncertainty, synthesizability, processing conditions, and experimental
feedback [94].

The long-term vision is therefore to move beyond standalone ML prediction toward
a closed-loop, uncertainty-aware discovery framework in which literature and DFT data
are used to train ML models, guide candidate screening and active-learning decisions, and
prioritize compositions for synthesis and characterization. The resulting experimental data
can then be incorporated into the model to iteratively improve its predictive capability,
potentially transforming HEO discovery from a predominantly trial-and-error process into
a self-improving materials-discovery workflow.

5. Functional Applications and Condition Performance Optimization

HEO applications in catalysis, photocatalysis, electrochemical energy storage, and en-
vironmental remediation provide a rich experimental basis for data-driven materials design.
However, the maturity of ML integration differs substantially among these areas. Phase
stability, structural descriptors, defect energetics, and selected physicochemical properties
are currently more amenable to ML prediction than final application-level metrics such as
catalytic selectivity, photocatalytic H, evolution, CO, conversion, pollutant degradation,
or battery lifetime. Accordingly, this chapter distinguishes established HEO functionality
from the emerging use of ML to predict and optimize functional performance.

High-entropy oxides (HEOs) have emerged as a versatile class of multicationic mate-
rials for energy conversion, energy storage, catalysis, photocatalysis, and environmental
remediation. Their functional diversity originates from the ability to incorporate multiple
chemically distinct cations within a common oxide framework, thereby creating a broad
range of local coordination environments, oxidation states, lattice distortions, defect config-
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urations, and electronic structures. These characteristics provide opportunities for tuning
catalytic and electrochemical properties beyond the compositional flexibility of conven-
tional oxides. Reviews of HEOs have documented their application in thermal catalysis,
electrocatalysis, electrochemical energy storage, and photocatalysis, while recent work
has increasingly emphasized the coupling between local structure, defect chemistry, and
performance [72].

The conventional development of HEO-based functional materials, however, has gen-
erally proceeded through experimental selection of a limited number of elemental combi-
nations followed by synthesis, characterization, and performance testing. This approach
samples only a very small fraction of the theoretically accessible composition space. The
emergence of machine learning (ML) provides a means of connecting the established HEO
application landscape with systematic materials discovery by using chemical, structural,
thermodynamic, defect, and processing descriptors to identify promising compositions
before experimental synthesis. Recent ML studies have already demonstrated this concept
for phase selection, oxygen-vacancy engineering, compositional screening, and active learn-
ing, although direct ML prediction of application-level metrics such as photocatalytic H,
evolution or CO, conversion remains comparatively less mature [29,30,147].

5.1. HEOs for Heterogeneous Catalysis

The multicationic composition of HEOs provides a large population of chemically
distinct surface environments, making these materials attractive for heterogeneous catalysis.
The coexistence of multiple cations can modify metal-oxygen bonding, oxygen mobility,
oxidation states, defect populations, and adsorption characteristics, while the ability to
maintain a single crystalline phase can allow chemically different functionalities to be
incorporated within one material. A comprehensive review of HEO catalysis has highlighted
their potential in thermal, electro-, and photocatalysis and associated their catalytic behavior
with lattice distortion, oxygen mobility, oxygen-vacancy populations, and high elemental
dispersion [49,72].

One representative example is the fluorite HEO developed by Riley et al. [148] for
CO oxidation. The authors deliberately selected a multicationic composition to simulta-
neously address three requirements, i.e., catalytic activity, oxygen storage capacity, and
thermal stability, rather than optimizing only one property. The resulting Ce-containing
HEOs were synthesized by a relatively low-temperature sol-gel route and maintained a
fluorite single-phase structure. The study found that first-row transition-metal cations
were particularly effective in improving CO oxidation activity, whereas rare-earth cations
contributed to thermal stability. This demonstrates an important principle for data-driven
HEO design: different constituent elements may play different functional roles, and the
optimum composition may arise from balancing several properties rather than maximizing
one descriptor.

This concept is particularly relevant to ML because catalytic HEOs often exhibit prop-
erty trade-offs. For example, introducing a cation that improves redox activity may si-
multaneously decrease thermal stability, whereas another cation may improve structural
robustness at the expense of activity. Such relationships are difficult to identify systemati-
cally using a small number of experimentally synthesized compositions but can potentially
be learned from sufficiently diverse datasets.

HEOs have also been investigated for electrocatalytic reactions including the hydrogen
evolution reaction (HER), oxygen evolution reaction (OER), oxygen reduction reaction
(ORR), and CO, reduction reaction (CO,RR). Recent reviews emphasize the importance of
structural diversity, oxygen vacancies, cation interactions, and electronic-structure modifi-
cation in determining their electrochemical behavior.
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For HER, HEOs can function either as catalysts themselves or as structurally/electroni-
cally active supports for highly active components. For example, a Pt/ (FeCoNiCrAl);0,
nanohybrid exhibited a low HER overpotential of 22 mV at 10 mA cm~2? and maintained
activity for 60 h [149]. The authors attributed the improved behavior partly to electronic
interactions between Pt and the HEO as well as improved Pt dispersion and reduced charge-
transfer resistance. This example highlights a broader opportunity in data-driven design:
the desirable HEO composition may depend not only on its intrinsic catalytic properties
but also on its interaction with a second phase.

For OER, current evidence particularly emphasizes the roles of oxygen vacancies,
lattice distortion, cation-site diversity and modified electronic structures. HEOs based on
spinel, perovskite, rock-salt, and rutile structures have therefore been widely investigated
as OER catalysts [150,151]. Importantly, however, the catalytic response cannot be reduced
to a simple “more defects = higher activity” relationship. Defect concentration, defect
location, oxidation state, surface reconstruction and reaction conditions jointly determine the
accessible catalytic states. Surface-sensitive photoelectron spectroscopy further shows that
the active redox response can be strongly cation-specific, reinforcing the need to distinguish
bulk phase identity from the working surface state [152].

For CO,RR, HEOs are attractive because multiple cations can provide different ad-
sorption environments for CO, and its reaction intermediates. The large compositional
space therefore creates the possibility of tuning both adsorption strength and reaction
pathway. Similar principles apply to ORR and other redox reactions. The broad application
space establishes HEOs as promising catalytic platforms, but it also reinforces the need for
data-driven methods capable of identifying which combinations of elemental and structural
descriptors actually control performance [120,153,154].

5.1.1. Lessons from High-Entropy Alloy Catalysis: Local Environments and
Adsorption-Energy Distributions

Although this review focuses on HEOs, research on high-entropy alloy (HEA) catalysis
has developed a quantitative framework for linking compositional complexity to catalytic
activity that transfers directly to HEO design. Batchelor et al. [155] showed that the surface
of a disordered HEA does not present a single adsorption energy but a near-continuous
distribution of adsorption energies. Using DFT-calculated *OH and *O adsorption energies
on a random subset of binding sites of IrPdPtRhRu, they fitted a simple regression model
whose inputs were the identity of the binding-site atoms and the number of each element in
the surrounding coordination shells, predicted the adsorption energies of all remaining sites,
and combined the resulting distribution with a kinetic expression for activity to optimize
the alloy composition for the oxygen reduction reaction (ORR). Because a minority of
sites with near-optimal binding can dominate the overall rate, the activity is governed
by the shape and position of the adsorption-energy distribution, which composition can
shift. Pedersen et al. [154] extended this probabilistic approach to CO, and CO reduction
on CoCuGaNiZn and AgAuCuPdPt by combining DFT with supervised ML to predict
*CO and *H adsorption energies for all surface sites; compositions were then optimized to
increase the likelihood of sites that bind *CO strongly and *H weakly, thereby suppressing
H, evolution and favoring highly reduced carbon products. Selectivity was thus tuned
through the statistics of local sites rather than through the construction of a specific site.
The same group later coupled iteratively refined models with composition-spread thin-film
libraries and showed that the refined model correctly predicted the experimental ORR
activity maxima of Ag-Ir-Pd-Pt-Ru [146].

Saidi [156] used DFT together with an adsorbate- and site-specific deep learning model
to compute the adsorption energies of *AH, intermediates (A = C, N, O, and S) across
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CoMoFeNiCu HEA surfaces and examined whether local variability allows HEAs to escape
the scaling relations that limit conventional catalysts. The energies of *A and *AH, remained
linearly correlated whenever the two species occupied sites of identical symmetry, and
a local linear dependence emerged between configuration-averaged adsorption energies
irrespective of site symmetry. These weaker, “local” scaling relations were attributed to
the nearsightedness of electronic interactions and to the narrow distribution of adsorption
energies around the mean-field value, and they were sufficient to prevent independent
optimization of multistep reactions. Compositional complexity alone therefore does not
guarantee that scaling relations are broken.

Three lessons from HEA catalysis are directly relevant to HEO design. First, the
appropriate ML target is the distribution of adsorption energies over the accessible local
environments rather than a single composition-averaged value; models that map local
environments to adsorption energies are therefore better suited to catalysis than direct
composition-to-activity regression. Second, element-specific roles can be resolved: the
identity of the binding atom sets the mean adsorption energy, while the surrounding atoms
shift it, and this hierarchy has now been observed in oxides. Svane and Rossmeisl [157]
transferred the HEA framework to rutile (110) HEO surfaces for the oxygen evolution
reaction (OER), fitting a model to DFT reaction energies for a limited number of sites to
predict reaction energies for all local environments; both the overpotential and the preferred
pathway, on coordinatively unsaturated sites or via proton transfer to a bridging oxygen,
depended on the local atomic environment, and an explicit surface model was used to
identify the most active composition. Baek et al. [158] found by DFT that the adsorption
energies of OER intermediates on spinel HEOs show wider distributions than on lower-
entropy oxides because of mixing-induced strain in the active metal-oxygen bonds and
confirmed experimentally that the spinel HEO outperformed lower-entropy counterparts.
Song et al. [159] calculated hydrogen adsorption energies at 2000 surface O sites of rock-salt
Mg 55Nig 25Cug 2570 50 and showed that they are governed mainly by the metal cation
directly beneath the O site; among several graph neural networks, DimeNet++ predicted
these energies satisfactorily for this and slightly varied compositions. Mints et al. [119]
further compared experimental OER activity across an HEO composition space with such
theoretical models. Third, because local scaling relations may persist [156], HEO catalyst
design should aim to increase the fraction of near-optimal sites and should exploit oxide-
specific degrees of freedom that alloys lack, including lattice-oxygen participation, oxygen
vacancies, variable cation oxidation states, and surface reconstruction.

5.1.2. Implications of Local Disorder for Reaction Mechanisms, Barriers, and Selectivity

Local chemical disorder affects not only adsorption thermodynamics but also reac-
tion kinetics and selectivity. Transition-state energies on metal and oxide surfaces often
scale with the reaction energies of the corresponding elementary steps through Brensted—
Evans-Polanyi (BEP) relations [160,161]. A distribution of adsorption energies therefore
translates into a distribution of activation barriers, and because rates depend exponentially
on barriers, the measured activity is dominated by the tail of the most active local configu-
rations rather than by the average site. Oxygen-vacancy formation energies, which control
Mars-van Krevelen pathways in oxidation catalysis and lattice-oxygen mechanisms in the
OER, are themselves strongly dependent on the local cation environment. Chae et al. [84]
showed by first-principles calculations that vacancy formation energies in entropy-stabilized
oxides vary widely with the local composition and structural distortion around the vacancy,
Potter et al. [116] developed a statistical description of oxygen vacancies in distorted high-
entropy perovskites, and Tukur et al. [10] used a graph neural network to predict local
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vacancy formation energies in perovskite HEOs, with predicted trends that matched the
measured vacancy content and OER activity of the synthesized compositions.

Selectivity follows the same logic. When competing pathways depend on different
intermediates, such as *CO versus *H in CO, reduction [154] or the conventional versus
bridging-oxygen OER pathways on rutile HEOs [157], composition changes the relative
populations of sites that favor each pathway. For HEO machine learning, this implies
a hierarchical target. ML models or MLIPs should first predict site-resolved adsorption
energies, vacancy formation energies, and, where possible, barriers over a representative
ensemble of local environments; these distributions should then be coupled with mean-
field or microkinetic models to estimate activity and selectivity, and only then should the
predictions be compared with the experiment. Universal and equivariant MLIPs [38,39,91]
make barrier sampling over many configurations increasingly tractable, but their reliability
for transition states and for magnetic, mixed-valence oxide surfaces must be checked against
DEFT [93]. Finally, oxide surfaces are dynamic: segregation, vacancy-driven transformation,
and reconstruction under reaction conditions [69,152] can change the local-environment
distribution during operation. The distribution that matters for catalysis is that of the
working surface, which should ideally be constrained by operando characterization [86,162].

A complementary process-level example is plasma-assisted methane valorisation. Wali
et al. reviewed how energetic-electron activation, radical chemistry, reactor configuration,
and operating conditions jointly influence conversion, product distribution, and energy
efficiency [163]. This broader literature supports including reactor and operating-condition
descriptors when modeling selectivity. Its non-equilibrium plasma mechanisms should be
distinguished from thermal, electrochemical, and photocatalytic HEO mechanisms, and
the review is used here as methodological context rather than evidence of ML-guided
HEO discovery.

5.2. HEO:s for Photocatalysis

HEO photocatalysis is a comparatively young research area, but it offers an especially
clear example of how compositional complexity can be coupled to electronic and defect
engineering. A recent perspective on HEO photocatalysis identified only approximately
38 reported HEO photocatalysis studies at the time of its analysis, indicating that this re-
search field remains substantially less mature than conventional oxide photocatalysis. The
same study emphasized the potential of HEOs to tune band structures, generate lattice
defects and strain, modify surface chemistry, and improve structural stability. The photocat-
alytic behavior of HEOs can be understood through a sequential relationship in which HEO
composition determines the local structural and defect characteristics, which subsequently
influence the electronic structure and photogenerated charge generation and separation,
ultimately governing surface reactions and photocatalytic performance.

The importance of composition lies in the fact that different cations can modify band
structure and local chemical environments simultaneously. Oxygen vacancies and lattice
distortion can additionally introduce localized states or modify carrier transport, while
surface cation diversity can alter adsorption and reaction pathways. Therefore, HEO photo-
catalysis provides an unusually complex but potentially highly tunable materials-design
problem [153].

5.2.1. Photocatalytic H, Evolution

Edalati et al. reported the first high entropy photocatalyst for hydrogen evolution. Their
material had an overall composition of TiHfZrNbTaO11 and consisted of two perovskite-
related phases. It possessed a d0 electronic configuration, visible-light absorption with a
band gap of approximately 2.9 eV, and band positions considered suitable for water splitting.
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The material successfully generated hydrogen photocatalytically, establishing HEOs as a
new class of photocatalytic materials (Figure 11a) [164].
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Figure 11. Representative functional characteristics of high-entropy oxides. (a) Repeated photocat-
alytic H,-production cycles for TiZrHfNbTaO; [164] (Copyright © 2020 Royal Society of Chemistry).
(b) Time-dependent photocatalytic CO, conversion over a fluorite HEO [165] (Copyright © 2025
Elsevier). (c) Effect of solution pH on dark adsorption and visible-light photocatalytic degrada-
tion of gallic acid, expressed as C/C; [118] (Copyright © 2026 Elsevier). (d) Nyquist plots for
(Mg, ,Co,Ni,Cu,Zn)O anodes designated M1, M0.8, and MO0 [166] (Copyright © 2021 Elsevier).

The significance of this study extends beyond demonstrating H, production. The
selected elements provide complementary functions within a common multicationic oxide
framework, illustrating how cation selection can be used to simultaneously influence optical
absorption, band alignment, structural stability, and surface redox chemistry. This type
of multidimensional optimization is precisely where ML can provide an advantage over
isolated experimental screening. At present, however, the HEO photocatalysis literature does
not yet support the conclusion that ML can universally predict H, evolution rates directly
from composition. A more defensible interpretation is that ML can first target proximate
descriptors, such as band gap, band-edge characteristics, defect energetics, local electronic
structure, or phase stability, which can subsequently be correlated with photocatalytic H,
production [167].

5.2.2. CO, Reduction

HEOs have also demonstrated potential for photocatalytic CO, conversion. Chen
et al. [165] prepared the fluorite oxide (Cey,Zry,Tiy,5ng,Cay,)O0,_s by solid-state reaction
and investigated its photocatalytic CO, reduction. Figure 11b shows the time-dependent
CO, conversion reported in that study. The influence of particle size on photocatalytic
performance illustrates why data-driven HEO design should consider processing and
microstructure alongside composition. These variables affect surface accessibility and
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electronic and defect-related properties, which must be considered when developing models
of photocatalytic activity.

Electrochemical CO, reduction has also been investigated using entropy-engineered
perovskite fuel electrodes in solid oxide electrolysis cells [120]. This is distinct from the
photocatalytic process illustrated in Figure 11b. For ML, both application areas motivate
condition-specific models of adsorption energies, vacancy formation, electronic structure,
and charge transport before direct prediction of product yields.

5.2.3. Pollutant Degradation

The application of HEOs to pollutant removal is expanding rapidly because multi-
cationic disorder can produce chemically diverse surface sites and defect-rich structures
suitable for advanced oxidation and photocatalytic processes. The recent literature reports
HEOs for degradation of organic pollutants under visible light and for persulfate/peroxy-
monosulfate (PMS)-based advanced oxidation processes.

A particularly informative recent example is the investigation of lattice-distorted HEOs
for PMS activation. The study by [73] reported enhanced ROS generation and effective
tetracycline removal and used EPR to identify the principal reactive species. Importantly,
lattice distortion was linked to both catalytic activity and material stability, rather than
being treated as an isolated structural parameter. Mancuso et al. [118] investigated a
bixbyite-structured (CeZrYbErGd),0O;+ HEO photocatalyst for gallic-acid degradation.
The material showed visible-light activity, approximately 99% degradation efficiency under
the reported optimum conditions, and good recyclability. Figure 11c illustrates the effect
of solution pH on dark adsorption and subsequent photocatalytic degradation. The study
demonstrates the continued expansion of HEO photocatalysis beyond conventional rock-salt
and spinel systems toward additional structural families [73,118].

For ML, pollutant degradation represents a potentially rich but challenging target
because the measured removal rate depends not only on the catalyst composition and
structure but also on pollutant concentration, pH, oxidant concentration, light intensity,
reactor geometry, adsorption equilibrium, and reaction time. Consequently, future ML
datasets should include reaction-condition descriptors rather than attempting to predict
degradation rates from HEO composition alone.

5.2.4. Nitrogen Fixation and Other Emerging Photocatalytic Reactions

Nitrogen fixation represents an emerging application in which HEO compositional
complexity can be used to manipulate both light absorption and charge-carrier behavior.
For instance, Nguyen et al. [168] investigated HEO photocatalysts containing d° and mixed
d° + d'° cationic configurations for ammonia production from nitrogen and water. The
authors found that incorporating d10 cations such as Ga and Zn improved photocatalytic
behavior and associated this enhancement with improved light absorption, charge separa-
tion, and carrier lifetime. This result provides a useful example of composition-dependent
electronic design, in which the electronic configurations of the constituent cations influ-
ence light absorption and photogenerated charge-carrier dynamics, thereby affecting the
efficiency of photocatalytic N, reduction [168].

More broadly, HEOs are being considered for other emerging photocatalytic reactions,
such as H,0O, production over an octonary HEO [169], because their compositional flexibility
can potentially be used to tune redox potentials, adsorption sites, defect populations, and
carrier dynamics. However, these emerging applications remain too limited to justify broad
claims about universal HEO superiority. The current literature instead supports the view
that HEOs constitute an expandable compositional platform for photocatalyst design.
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5.3. HEO:s for Electrochemical Energy Storage

Beyond catalysis, HEOs have attracted significant interest for electrochemical energy-
storage applications because multicationic disorder can provide structural flexibility, mul-
tiple redox-active centers, defect tolerance, and compositional control. A recent compre-
hensive review classified these applications into electrochemical energy-storage devices
including lithium-ion and sodium-ion batteries and supercapacitors and electrochemical
conversion reactions [18] including HER, OER, ORR and CO,RR.

For lithium-based systems, spinel and other HEO structures have been investigated as
anodes because multiple transition-metal cations can participate in redox processes. For
example, (FeCoNiCuZn)304 has been investigated as an anode for lithium-ion capacitors,
where the HEO exhibited a reversible capacity of approximately 540 mA h g~ after 500 cycles
at1 A g=! [170]. A separate study by Wang et al. [166] investigated (Mgx,Co,Ni,Cu,Zn)O
anodes with Mg:Co:Ni:Cu:Zn ratios of 1:1:1:1:1 (M1), 0.8:1:1:1:1 (M0.8), and 0:1:1:1:1 (MO).
Figure 11d compares their Nyquist plots and illustrates the dependence of electrochemical
impedance on composition. Operando and post-cycling studies further indicate that mul-
tication redox and nanoscale metal/oxide reorganization can contribute to the reversible
storage mechanism, so nominal composition alone is an incomplete descriptor of the elec-
trochemically active state [85,166,171].

Sodium-ion storage has also become an active area. A 2026 study reported a layered
high-entropy oxide cathode, NaMn,,Ni, ,Coy,Feq,Aly;Cuy10,, for aqueous sodium-ion
batteries. The material showed Na*-dependent charge storage involving predominantly in-
tercalation/deintercalation with a smaller capacitive contribution and delivered 55 mA h g‘l
in the reported full-cell configuration [172].

More recent work has also demonstrated that configurational entropy can be used
to manipulate local coordination environments in sodium-ion cathodes. A 2026 study on
entropy-designed layered oxides investigated how configurational entropy affects local
crystal-field stabilization and structural robustness, highlighting a direction in which en-
tropy engineering is linked directly to local electronic structure rather than being treated
only as a phase-stability descriptor [173].

A particularly recent sodium-ion study further demonstrated a phase-transition-free
high-entropy oxide cathode based on fluorine-substituted P2-type material. The reported
cathode maintained nearly zero volume variation over the investigated voltage range and
achieved 182 mA h g=! at 0.1 C, demonstrating how compositional and local-coordination
engineering can be used to address structural degradation during cycling. These examples
demonstrate why energy-storage HEOs are promising targets for data-driven design. Their
performance depends on multiple coupled variables including redox-active cations, crystal
structure, local coordination, phase stability, ionic diffusion, defect chemistry, and cycling
stability that can potentially be incorporated into multi-objective ML models [174].

5.4. HEOs for Environmental Applications

HEOs are increasingly being explored for environmental technologies in which chem-
ical stability, redox activity, oxygen mobility, and surface reactivity are important. These
applications include pollutant degradation, advanced oxidation, catalytic gas conversion,
chemical looping, and potentially environmental sensing. For pollutant degradation and
advanced oxidation, lattice distortion and oxygen-vacancy chemistry can promote reactive
oxygen species generation while simultaneously providing structural robustness. The recent
PMS-activation study demonstrates this relationship directly, showing that lattice distortion
can enhance both catalytic activity and durability during tetracycline degradation [73].

CO oxidation represents another environmentally relevant application. The fluorite
HEQO developed by Riley et al. [148] achieved catalytic activity without relying on platinum-
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group metals and was explicitly designed to balance activity, oxygen storage and thermal
stability. Chemical looping represents a particularly promising bridge between environ-
mental engineering and data-driven HEO discovery. Brorsson et al. [29] developed an
active-learning strategy for high-entropy oxygen carriers in chemical looping by integrating
predictive modeling, uncertainty estimation and iterative candidate selection. Their work
demonstrated that active learning can focus computational effort on the most promising
regions of the composition space while reducing the amount of data required relative to con-
ventional trial-and-error or grid-search approaches; in both studies, candidate performance
was evaluated with first-principles-informed calculations and MLIPs, so experimental syn-
thesis of the proposed oxygen carriers remains to be reported. This study is especially
important for the present review because it demonstrates a direct data-driven environmen-
tal application of high-entropy materials, rather than merely applying ML to a conventional
HEO property. For environmental sensing and gas purification, the multicationic composi-
tion of HEOs may similarly provide tunable adsorption, redox and transport characteristics.
However, the present literature does not yet justify treating these applications as mature
areas of ML-guided HEO design. They should therefore be presented as emerging opportu-
nities, particularly for future models incorporating target-gas adsorption energy, surface
electronic structure, defect formation, and environmental stability [29,30].

5.5. ML-Guided Prediction of Functional Performance
5.5.1. Cross-Application Performance Benchmarks and Their Use in ML

Application tables are useful only when the reported metric is tied to the experimental
protocol. Overpotential, Tafel slope, light-off temperature [24,119,175], H, production
rate, apparent quantum yield, degradation efficiency [21,118,164], energy demand, cur-
rent density [119,175], specific capacity, and cycling retention [172,176] quantify different
physical processes and cannot be pooled into a single ML target without harmonizing test
conditions. The following sections distinguish the validation evidence of representative
discovery studies, the relative maturity of application areas, and quantitative model and
experimental benchmarks.

For example, the apparent rate constants reported for Pd-catalyzed reduction of 4-
nitrophenol and dyes [75] describe an aqueous reduction protocol and should not be pooled
with HEO photocatalytic degradation rates. Likewise, methane conversion and product
selectivity in plasma reactors require the associated energy input and reactor conditions to
be reported [163]. These examples reinforce the need to retain reaction identity, activation
mode, and operating conditions as separate dataset fields.

The preceding applications demonstrate that HEO performance depends on a hier-
archy of structural and chemical factors. However, the current HEO-ML literature is not
equally mature across all levels of this hierarchy. Direct prediction of final application-level
metrics such as H, evolution rate, CO, conversion rate, pollutant degradation rate, catalytic
selectivity, or battery lifetime remains considerably less developed than prediction of phase,
structure, defect energetics, or intermediate physicochemical descriptors [147].

For example, ML-guided oxygen-vacancy engineering has already been demonstrated
for high-entropy perovskite oxides. Tukur et al. [10] developed a graph-neural-network
framework for predicting oxygen-vacancy formation energies and used it to screen com-
positions before experimental electrocatalytic validation. Similarly, ML has been applied
to HEO band-gap determination from UV-vis spectroscopy, demonstrating the ability of
data-driven methods to accelerate extraction of optical descriptors [108].

These examples suggest that a practical near-term strategy is to adopt a hierarchical
prediction framework rather than attempting to directly predict final functional performance
from composition alone. In such an approach, ML models sequentially relate composition
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to phase formation, local structure, defect chemistry, electronic and reaction descriptors,
and ultimately functional performance, thereby preserving the underlying physicochemical
relationships that govern HEO behavior.

For photocatalysis, this could involve predicting band gap, band-edge positions, oxygen-
vacancy formation energy, work function, adsorption energies, and carrier-related descrip-
tors before experimentally evaluating H, or CO,-reduction activity. For heterogeneous
catalysis, the corresponding intermediate variables could include adsorption energies, va-
cancy formation energies, surface segregation tendencies, oxidation-state distributions,
and activation barriers. This hierarchical strategy is likely to be more robust than direct
composition-to-performance regression because it preserves the physical causality embed-
ded in the HEO system.

5.5.2. Distinguishing Accurate ML Prediction from ML-Guided Discovery of
Improved Catalysts

Accurate prediction of phase stability, crystal structure, or a descriptor does not by itself
show that ML has produced a better catalyst. For a critical reading of the literature, four
types of evidence can be distinguished; they correspond to combinations of the validation
categories defined in Section 6.6. (i) Retrospective prediction, in which ML reproduces
known labels or properties within an existing dataset: examples include crystal-structure
classification with an accuracy of 0.977 [7], DFT-ML prediction of lattice constants and
formation energies of spinel HEOs [143], band-gap extraction from UV-vis spectra [108],
and empirical phase maps [97]. (ii) Prospective computational screening, in which ML or
MLIPs propose untested compositions that are checked by DFT or against known experi-
ments but are neither synthesized nor tested catalytically: examples include MLIP-based
synthesizability screening [8], active-learning searches for oxygen carriers evaluated with
first-principles-informed calculations and MLIPs [29,30], and composition optimization
based on adsorption-energy distributions [154,155,157]. (iii) Synthesis and structural confir-
mation of an ML-selected material without a demonstrated functional improvement, as for
the fluorite Cej,La;,Ndj,Mgy,Al;,0,_5 [94] and the non-equimolar, Ca-containing rock-
salt HEO [9]. (iv) Synthesis and catalytic testing of an ML-selected HEO, with performance
compared against the training data or against reference catalysts.

To our knowledge, only a few HEO studies currently reach type (iv). Duan et al. [24]
used classification and regression models, trained with deliberately collected negative data,
to select Nij 04Cog 4821 36V 12C1,0, for CH, oxidation; the catalyst reached Tyy = 345 °C
and remained stable for more than 7000 h with sulfur and moisture resistance. Nie etal. [11]
used a closed active-learning loop to identify four new spinel HEOs, the best of which
produced 251 pmol g, min~! H, in the water—gas shift reaction at 300 °C, exceeding
Pt/y-Al,O;3 and Cu/Zn0O/Al,O; references under the same conditions, with stable operation
for 120 h. Tukur et al. [10] ranked perovskite HEOs by GNN-predicted oxygen-vacancy
formation energies and synthesized three compositions whose measured oxygen-vacancy
content and OER overpotentials (670, 600, and 540 mV) followed the predicted order. Even
in these cases, the improvement is demonstrated within a defined composition family and
under specific test conditions; it does not establish that the ML-selected material outperforms
the best catalysts reported for the same reaction. No HEO study has yet reached type (iv)
for photocatalytic H, evolution, photocatalytic CO, reduction, or pollutant degradation.

Where ML has added value beyond conventional computational and experimental
approaches, it has done so in three identifiable ways: (i) it has made it practical to sample
chemical disorder at scale, for example, through MLIP screening of thousands of compo-
sitions and structures that would be prohibitively expensive with DFT [8,9]; (ii) it has
reduced the number of syntheses needed to find a good catalyst, as in active learning with
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only a few experimental rounds [11]; and (iii) it has used negative data and interpretable
descriptors to define where catalysts should not be sought [24,94]. Type (iv) evidence
should therefore be the reference point when claims of “ML-accelerated catalyst discovery”
are evaluated.

5.6. Case Studies of Successful Data-Driven HEO Discovery

The emerging literature can be organized into several levels of data-driven HEO dis-

covery. Table 3 summarizes representative studies and the validation evidence reported

for each.

Table 3. Representative recent ML-guided HEO discovery studies and their validation evidence.

Target System ML/i(;r;f(::}:lonal Descripif)erz /Inputs Main Result Validation Evidence References
Agreement with all
known rock-salt
ML interatomic Bond-length Mapped single-phase stability HEOs; new
Rock-salt HEOs otential (MLIP) distribution: AH. and identified additional non-equimolar [9]
P FT candidates Ca-containing
composition
synthesized
Anion/cation radius High-accuracy multiclass
HEO crystal XGBoost/supervised ratio; gtr tar Z diction: External/held-out 7]
structures ML + SHAP electronegativity . structure predic ,O ’ model validation
descriptors interpretable descriptors
Composition/statisti- »
Identified
. Ensemble cal descriptors; Experimental: XRD +
Fluorite HEOs classification + SHAP electron affinity; Ceo';gzoﬁgsi%z%ﬁ?:ﬁlgéoz_é TEM/SAED [94]
electronegativity v
- I . Experimental: three
High-entropy OxiGraphX graph Atolr;l;:lldre;tﬁles, Pr‘; Ciﬁ[aegoingg?iffagcy compositions [10]
perovskites neural network enviro rglmgn ts screening synthesized; OVC
& and OER trend
Composition; . . . .
Spinel HEOs DFT + ML structural /site Predlctecll fo'rmatlon energies Com{?uta'tlonal [143]
descriptors and lattice constants validation
Predicted Computational (first-
performance; uncer-  Data-efficient exploration of principles/MLIP-
HEO oxygen carriers Active learning . s L oxp informed evaluation [29,30]
tainty /acquisition composition space ithin the AL 1 .
information within the 00p);
no synthesis reported
Extracted .
Literature-derived LLM data mining + composition, phase Bliiﬂt a :iit.rtictdured iialial;ase Database/ML [98]
HEOs XGBoost/SHAP and synthesis data; and pre lccleas;gls al-phase validation
statistical features
. Expanded screening to larger .
Broad HEO search MLIP-based Ca.tlon—-energy elemental and structural Candldatef level
space screening variance; Aflp;y; spaces and addressed computational [8]
structural candidates validation

synthesizability

Sivak et al. [9] used a machine learning interatomic potential to explore single-phase
rock-salt HEOs. The framework combined atomistic ML with physically meaningful de-
scriptors such as bond-length distributions and mixing enthalpy and identified additional
candidate compositions beyond the experimentally established materials. This represents
one of the clearest examples of ML being used to screen previously unexplored HEO
compositions before experimental synthesis.

Dicks et al. [8] subsequently expanded MLIP-based screening to broader elemental
and structural spaces and explicitly addressed HEO synthesizability. This represents an
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important transition from calculating which compositions are energetically favorable to
asking which candidate materials may be realistically accessible experimentally.

Tukur et al. [10] employed DFT-calculated oxygen-vacancy formation energies to train
a graph neural network for high-entropy perovskite oxides, which was subsequently used
to screen candidate compositions for experimental evaluation. This work demonstrates
an integrated composition-defect energetics-candidate screening-experimental validation
strategy and provides a representative example of how ML can facilitate defect-informed
functional design of HEOs.

A recent study developed an ML-assisted methodology for fluorite HEO design
and experimentally synthesized Cey,La;,Nd;,Mg,,Al;,0,_;. The model was evalu-
ated using nested stratified cross-validation and external validation, yielding weighted-
average F;-scores of 77% and 70%, respectively. XRD and TEM/SAED characterization
supported the predicted fluorite phase, while SHAP analysis identified electron-affinity
and electronegativity-related descriptors as important contributors to phase prediction.
This study is particularly significant because it demonstrates an integrated workflow in
which existing HEO data are used to train an ML classification model, the model identifies
a previously unexplored composition, and the prediction is subsequently tested through
experimental synthesis and structural characterization, thereby extending ML-assisted HEO
research beyond computational screening alone [94].

Brorsson et al. [29] developed an active-learning framework for high-entropy oxygen
carriers in which model predictions and uncertainty estimates were used to iteratively
select the most informative compositions for further evaluation. By prioritizing candidates
based on their expected information gain rather than screening compositions uniformly, the
approach enabled more efficient exploration of the high-entropy compositional space than
conventional trial-and-error and grid-search strategies. This study illustrates the transition
from passive screening, in which predefined candidates are evaluated sequentially, to
adaptive discovery, in which each new calculation or experiment is selected based on the
information gained from previous results. Table 4 places these results in the context of the
relative maturity of data-driven HEO research across functional applications.

Table 4. Relative maturity of data-driven HEO research across major functional application areas.

Experimental ML Descrip- ML-Guided Experimental
Application Area  HEO Performance tor/Property Candidate Validation of an References
(Non-ML) Prediction Selection ML-Selected HEO
Phase stability /syn- , Demonstrated
thesizability Strong Established Demonstrated (structural) [9,94] [7-9,94,103]
Crystal-structure Demonstrated
y . Strong Established Demonstrated (structural only) [7,94,97]
selection [94]
Demonstrated for
. Demonstrated OER, one study [10,119,150,157,
OER/HER/ORR Strong Emerging (OER) [10,157]  [10]; not reported 158,175]
for HER/ORR
Thermal catalysis Demonstrated:
(CO/CH, ) Demonstrated CH, oxidation
oxidation, Strong Emerging [11,24] [24]; water—gas [11,24,86,148]
water—gas shift) shift [11]
. Limited (band-gap
Phoiiﬁfgiy; rllc H, Growing extraction only) Not reported Not reported [21,108,164,177]

[108]

https://doi.org/10.3390/catal16110972


https://doi.org/10.3390/catal16110972

Catalysts 2026, 16, 972 42 of 55
Table 4. Cont.
Experimental ML Descrip- ML-Guided Experimental
Application Area  HEO Performance tor/Property Candidate Validation of an References
(Non-ML) Prediction Selection ML-Selected HEO
Not reported for
CO, conversion Growing HEOs (HEA Not reported Not reported [120,153,165]
studies only [154])
Pollutant Growin Not reported Not reported Not reported [73,118]
degradation/AOP & P P P !
Emerein Emerging
Energy storage Strong CrEmS (computational) Limited [103] [18,20,103,147,174]
[103,147]
[147]
Oxygen Demonstrated
carriers/chemical Growing Emerging (computational) Not reported [29,30]
looping [29,30]

Classification criteria. Experimental HEO performance (non-ML): Strong = numerous independent
experimental studies and dedicated reviews; Growing = an expanding but still limited experimental
literature. ML columns: Established = three or more independent HEO-ML studies with reported
validation; Demonstrated = at least one peer-reviewed HEO study in which the step was completed for
this application; Emerging = ML applied only to proxies, related systems, or computational candidates,
without completing the step for this application; Limited = ML used only for data processing or
an isolated indirect descriptor; Not reported = no HEO study identified in our literature search.
“Experimental validation of an ML-selected HEO” requires that a composition chosen by an ML
model was synthesized and its target property measured; the experimental performance of HEOs
that were not selected by ML is counted only in the second column. The references column lists the
studies supporting the classification.

5.7. Quantitative Benchmarking of Representative HEO-ML Studies

A high headline accuracy is not directly comparable across HEO-ML studies because the
scientific effort of the prediction depends on dataset size, class balance [26,131], difference
between training and test data [28], target definition, and whether the model is evaluated
retrospectively or prospectively. The 0.977 accuracy reported for HEO crystal-structure
classification [7], for example, is an impressive internal classification result but addresses a
different task from the external-validation F1-score of 0.70 reported before experimental
fluorite discovery [94], the ~0.023 eV defect-energy MAE reported for OxiGraphX [10],
or the prospective active-learning discovery of HEOs with high H, production in the
thermocatalytic water—gas shift reaction [11]. Table 5 therefore compares model metrics
together with the discovery-space test and experimental validation rather than treating all
scores as equivalent measures of progress.

Duan et al. [24] provide a complementary catalysis example in which negative data
were deliberately collected, classification and regression models were coupled to screen-
ing, and the final candidate was experimentally demonstrated for CH, oxidation, with
Tyy = 345 °C, sulfur and moisture resistance, and >7000 h stability. Nie et al. [11] used a
prospective active-learning loop to identify four new HEOs and a reported H, production
rate of 251 umol g, ~! min~! in the thermocatalytic water—gas shift reaction at 300 °C,
which should not be confused with photocatalytic H, evolution. Sivak et al. and Dicks et al.
instead used MLIPs to move the bottleneck from direct DFT enumeration toward large-
scale atomistic screening [8,9]. Collectively, these studies show that the most informative
comparison is the complete chain from data construction and representation to uncertainty,
candidate selection, chemical-domain testing, and experimental outcome.
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Table 5. Quantitative and validation-oriented comparison of representative HEO machine learning
studies. Reported metrics are not directly interchangeable because datasets and splitting strategies differ.

HEO Reported Model Dataset
System, Target Model/Strategy Metric (Validation Size/Discovery- Experimental Validation Key Lesson Reference
yste arge Procedure) Space Test
ACC 0.977; F1 0.975 112 experimental
Multiclass HEO (S_f()ld cv; . compositions No new synthesis in ngh internal accur'ac.y;
crvstal structure XGBoost + SHAP 7:3 train/test split (3 classes); held-out model paper radius/electronegativity [7]
¥ after ADASYN class ’ pap descriptors dominate.
) test set
balancing)
External validation
Weighted F1 0.77 . L
Six-class HEO phase En's'eml?le (nested stratified Size NR; external Yes; CegLag,Ndg,Mgy eXPOSFd a realistic drf’P
rediction classification + CVY; 070 (external dataset Alg,0,_5, XRD + from internal CV while [94]
P SHAP PRIV TEM/SAED retaining discovery
validation) -
utility.
MAE = 0.023 eV for Local graph
HEPO average OVFE (best 9000 DFT OVFEs representations can
oxVEEn-vacanc OxiGraphX GNN + of 10 runs; mean from 9 compounds;  Yes; 3 compositions; OVC bridge defect energetics [10]
forr}ll1ga1tion ener Y DFT 0.025 eV); 10% test 3 compounds held and OER order validated ~ and experiment when the
&y split 4+ 3 unseen out target is mechanistically
compounds proximal.
-validati ti 1 d
Entropy-stabilized Classification + Cross-valida 1on. Size NR; ACr,O, Yes; CH, oxidation: Nega {ve exam'p ©s ;,m
. score > 0.7 (metric . " o experimental iteration )
catalysts for CH, regression + screening + negative Tyy =345 °C, >7000 h, ) . [24]
1k ) and number of folds ) materially improve
oxidation screening . data SO, /H,0 resistant . -
NR in the abstract) discovery utility.
. o Prospective closed-loop
HEO composition XGBoost phase 514 initial samples; .
for high H. Active learnin, classifier + activil ~14,443 candidates; Yes; four new HEOs; performance is stronger
g1t 8 ) ty ’ . " WGS at 300 °C: 251 pmol evidence than [11]
production closed loop regressor; single prospective AL 1 min-1 H.: 120 h retrospective accurac
(water—gas shift) score NR rounds Beat v P alone Y
Energy MAE
18.7 meV/atom vs. . . . Local structural
Rock-salt HEO MLIP + DFT (CHGNet); all 154 er']t'nmolar Yes; new n(?n'—eqmmolar accommodation
o bond-length/AH,;, compositions from Ca-containing HEO [9]
stability > 8 known ) . complements
descriptors . 8 cations synthesized . R
compositions configurational entropy.
resolved
A V;r];)fT: RMS Atomistic screening
Tetravalent HEO MLIP + 24-47 meV/fu.; 3003 compositions x Predicted candidate scales t_h? search w hile
o cation-energy ) 3 structures; retaining explicit [8]
synthesizability . compared with systems ) )
variance + AH,;, alternativ 14 elements configurational
cernative information.
descriptors
Bal, ful for i ifyi
' Data-driven alanced accuracy 269 synthesized A A Usefu for identifying
Single-phase HEO L ~0.85 (random ) . No prospective synthesis ~ composition factors, but
statistical/ML o five-cation . . [103]
anode factors analysis forest; CV details in compositions in core model transferability depends
¥ SI) P on dataset coverage.
Accuracy 78-100% Hlu;’:tzt::t::;i cc:zrfgact
HEO phase . . for selected biplots 165 literature ) . o e
. Empirical biplots ) ) " No prospective synthesis optimistic separation; [97]
mapping (no train/test split; compositions

small test set)

external chemistry
remains the harder test.

NR = not reported in the original study (or not stated in its main text); WGS = water-gas shift.
Dataset sizes and validation procedures are taken from the cited studies; OVFE = oxygen-vacancy
formation energy; OVC = oxygen-vacancy content; AL = active learning; CV = cross-validation.

6. Challenges, Validation Standards, and Future Perspectives

ML is increasingly useful for HEO phase prediction, compositional screening, defect

engineering, and active-learning-guided discovery. Yet reliable data-driven design remains
limited by the mismatch between the size of HEO chemical space and the quality and
diversity of available data. Future progress should therefore emphasize physically mean-

ingful representations, rigorous validation, uncertainty-aware learning, and systematic
computational-experimental feedback rather than algorithmic complexity alone [16].
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6.1. Data, Validation, and Extrapolation Challenges

HEO ML is constrained by sparse and chemically biased datasets, inconsistent experi-
mental reporting [32,33], limited negative results [34], and strong dependence of phase
formation and performance on synthesis conditions [97]. These issues can produce overfit-
ting when related compositions are divided randomly between training and test sets. Future
studies should therefore report chemistry focused validation, external testing where possi-
ble, calibrated uncertainty, and an explicit applicability domain [40,41]. Failed synthesis
and multiphase outcomes should be retained because they define the decision boundary for
synthesizability rather than being discarded as inconvenient observations [34]. Thermody-
namic stability must also be distinguished from experimental accessibility, particularly for
metastable phases and redox sensitive oxides whose outcome depends on oxygen chemical
potential and thermal response [35,141].

6.2. Representing HEO Disorder and Physics-Informed ML

Nominal composition does not uniquely define an HEO because chemically equiva-
lent crystallographic sites can possess different local environments, short-range correla-
tions [22,57,59], defect configurations, oxidation states, and sublattice occupancies [61,66].
Structure oriented models such as graph neural networks and MLIPs therefore offer an
important route toward representing atomic interactions more explicitly [39,109]. Their
transferability across structural families, oxygen stoichiometries, magnetic states, and recon-
structed surfaces remains an open problem [38,102]. Physics-informed ML can complement
these representations by imposing charge neutrality, composition normalization, thermody-
namic consistency, crystallographic compatibility, site-occupancy rules, and defect chem-
istry, thereby reducing the effective hypothesis space when datasets are small [25,38,102].

6.3. From Predictive ML to Generative and Active Design

The next step beyond predicting known HEOs is to select or generate compositions
that are most informative or most likely to satisfy a predefined multi-objective target. Active
learning has already demonstrated direct value in HEO discovery [11,29,30], while broader
materials studies show how Bayesian optimization [44,45,178] and autonomous experimen-
tation [46-48] can reduce the number of costly evaluations required to identify promising
candidates. Generative models could extend this framework by proposing compositions
subject to explicit constraints on phase stability, oxidation state balance, site compatibility,
defect chemistry, elemental distribution, cost, and synthesizability [179,180]. Fully gen-
erative HEO design remains immature and should be distinguished from model-assisted
candidate selection. Generated candidates still require physical screening and experimental
verification [6,25,34,179].

6.4. Toward Autonomous and Multimodal HEO Discovery

A longer-term objective is to integrate active learning with automated synthesis, char-
acterization, and multimodal scientific data. Such a platform could combine literature, com-
position [32,33,99], crystal structure, DFT [137,181], spectroscopy, microscopy [137,138],
processing conditions, and functional measurements within a continuously updated
database [47,182]. Operando HEO studies already demonstrate why working-state in-
formation matters. Lithiation and catalytic redox mechanisms can differ substantially from
the ex situ structure, and site-specific spectroscopy can identify which cations participate in
the reaction [85,86,162,166]. Digital twins and foundation models may eventually support
this integration, but sufficiently standardized multimodal HEO datasets do not yet exist. The
near-term priority should therefore be domain-specific, uncertainty sensitive systems that
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connect model predictions with experimentally reproducible synthesis and characterization
rather than autonomous complexity for its own sake [25,102,138,183].

6.5. Research Roadmap for Reliable and Autonomous HEO Discovery

A useful roadmap separates near-term needs for reliable data and validation from
medium-term disorder-aware physics and longer-term closed-loop discovery. In the
near term, the highest return is likely to come from curated datasets, negative re-
sults [32-34], chemistry-oriented splitting, calibrated uncertainty [28,40,41], and preser-
vation of synthesis data [43,142]. Medium-term progress should focus on configurational
ensembles, SQS/Monte Carlo sampling [57,83], MLIPs [8,9,93], multimodal characteriza-
tion [82,85,166], and condition-related performance models [73]. Longer-term autonomous
workflows should be judged by experimentally validated candidates, reduced experimental
burden, quantified resource savings, and reproducibility rather than by the mere presence
of robotics or generative AI [11,29,30,183]. Table 6 organizes these priorities by time horizon,
recommended methodological advances, and criteria for success.

Table 6. Research roadmap for reliable, disorder-aware, and progressively autonomous HEO discovery.

Recommended

Time Horizon Priority Methodological Advance Success Criterion References
Curgted HEOVdatasets; Models retain
Reliable data and failed experiments; erformance on external
Near term (1-3y) N synthesis metadata; p . [28,32,33]
validation . . chemistry and report
chemistry-aware splits; applicability domains
calibrated uncertainty PP Y
Configurational
ensembles; SQS/Monte Predictions distinguish
. . . Carlo + MLIP; multimodal same-composition ,
Medium term (3-5y) Disorder-aware physics XAS/PDF/STEM samples with different [9,57,83,84,89]
descriptors; process-aware local states
synthesizability

Medium term (3-5y)

Condition-aware
performance

Couple intrinsic
descriptors with
reaction/cell variables;
harmonized benchmarks

Transfer across
laboratories and operating
windows

[118-120,183]

Long term (>5y)

Closed-loop discovery

Active learning + robotics
+ in situ/operando
characterization +
multi-objective
optimization

Experimentally validated
candidates found with
fewer experiments and

quantified resource
savings

[11,30,31,140,183]

Long term (>5y)

Autonomous knowledge
integration

Foundation models/LLM
extraction linked to
structured databases and
physics constraints

New hypotheses are
traceable, chemically
feasible, and
experimentally
reproducible

[98,136,138,181,184]

6.6. Minimum Reporting Standard for ML-Ready HEO Research

The field would benefit from a minimum reporting standard that allows experimental

observations to be reused without reconstructing critical data from plots or supplementary
files. This requirement follows directly from the data curation [32-34] and extrapolation
problems [25,28,97] identified in HEO-specific studies and broader materials informatics. A
reusable HEO record should separate nominal from measured composition, retain oxygen
non-stoichiometry and compositional uncertainty where available, and record synthesis
and thermal properties as structured variables rather than free text annotations. Struc-
tural labels should distinguish average phase identity from local information such as site
occupancy [61,66,82], oxidation state, short-range order, and vacancy indicators [22,57,59].
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For model evaluation, random cross-validation should be accompanied by at least
one chemistry related variable whenever the stated goal is discovery [25,28] and domain
should be flagged explicitly [40,41]. The dataset, feature definitions, splitting code, hyper-
parameters, seeds, and candidate-selection logic ought to be disclosed [32,33,96,123] where
possible so that apparent improvements can be separated from changes in data evaluation
protocol [26,28,131].

A practical HEO validation framework can therefore be organized into complementary
categories of evidence rather than a single sequence: (A) statistical validation, comprising in-
ternal repeated or nested cross-validation and chemical-domain or temporal holdout [25,28];
(B) computational verification of the selected candidates by DFT or a validated MLIP [8,9];
(C) experimental realization, comprising independent synthesis together with structural
and local-chemical confirmation [59,94]; (D) functional validation, comprising standardized
performance and stability testing under fully reported conditions; and (E) reproducibility,
through independent batch or laboratory replication [31,34]. These categories are neither
strictly cumulative nor sequential. An active-learning study may proceed directly from
model ranking to synthesis and catalytic testing without DFT verification [11,24], whereas
an MLIP study may provide extensive DFT verification without any synthesis [8]. Each cat-
egory answers a different question (whether the model generalizes, whether the predicted
energetics are physically sound, whether the material can be made, whether it performs, and
whether the result is reproducible), so one category cannot substitute for another. Claims of
inverse, autonomous, or closed-loop discovery should state explicitly which categories were
satisfied [34], and claims of improved catalysts should be supported at least by categories
C and D. This framework intentionally values prospective experimental confirmation more
strongly than marginal improvements in retrospective model accuracy. Table 7 summarizes
the minimum reporting fields needed to support these validation categories and the reuse
of HEO data.

Table 7. Proposed minimum reporting standard for reusable, ML-ready HEO data.

Data Block Minimum Recommended Fields Why It Matters for HEO ML References
Nominal and measured cation Separates intended formulation
Composition fractions; oxygen stoichiometry; from actual chemistry and charge [35,53,103]
uncertainty compensation
Phase(s), phase fraction, lattice Prevents “single phase” from
Structure parameters, site occupancy where being treated as a complete [22,59,61,66]

resolved, crystallite size

structural descriptor

Local chemistry

Oxidation states, vacancy
indicators, local coordination,
SRO evidence

Captures chemically distinct states
at the same nominal composition

[22,57,59,84]

Precursors, route, pH/solvent,

Synthesizability and defect

Synthesis temperature, time, atmosphere, populations are [8,33,35,131]
heating/cooling rate, pressure process-dependent
Particle size, BET area, porosity, Separates intrinsic chemistry from
Morphology/texture support/loading where relevant ~ surface-area and dispersion effects [14,71,74]
Reaction/cell conditions, Required for cross-laborator
Measurement conditions normalization basis, q y [66,85,86]

equipment-relevant metadata

performance comparison

Target and uncertainty

Mean value, error/replicate
information, detection limits

Enables uncertainty-aware models
and avoids false precision

[33,40,41,119,120]
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Table 7. Cont.

Data Block Minimum Recommended Fields Why It Matters for HEO ML References
. Failed phase formation, poor Constrains decision boundaries
Negative results performance, decomposition, o . [34]
unsuccessful synthesis and reduces publication bias
Dataset version, split strategy,
feature definitions, Required for reproducibility and
ML provenance hyperparameters, code/model auditability [32,33,96]
version
Applicability domain Compo'smon /structure d¥stance, Distinguishes mterpolatlon. from [25,28,40,41]
uncertainty or conformal interval unsupported extrapolation
External chemistry, DFT/MLIP Makes “discovery” claims
Validation verification, synthesis, structure, y 11,24,25,94
Y’

: T comparable across studies
function, rephcat10n

7. Conclusions

HEOs provide an unusually demanding but scientifically valuable test case for materi-
als informatics because nominal composition, local chemical disorder, defects, electronic
structure, and processing history are strongly coupled. The literature now demonstrates
credible ML capability for phase and structure classification, MLIP-enabled composition
screening, and oxygen-vacancy prediction. Assessed with the complementary validation
categories proposed here, most studies provide statistical or computational evidence (cat-
egories A and B), and experimental realization of ML-selected HEOs (category C) has
been reported in several cases. Functional validation of ML-selected catalysts (category
D) has so far been achieved for only a few reactions, notably CH, oxidation, the water—gas
shift reaction, and the OER, and not yet for photocatalytic H, evolution or CO, conversion,
while independent replication (category E) remains rare. Lessons from high-entropy al-
loy catalysis indicate that the most informative ML targets for catalysis are site-resolved
distributions of adsorption and vacancy-formation energies that can be coupled to kinetic
models, rather than composition-averaged descriptors. The next challenge is not simply to
increase algorithmic complexity but to improve the physical fidelity of representations and
the rigor with which extrapolation is tested. Composition-only models remain useful for
rapid screening, but discovery-oriented models increasingly require local-structure, defect,
synthesis, and uncertainty information. Direct composition-to-performance prediction is
still less mature than phase, structure, or defect prediction because application metrics
are strongly conditioned by experimental protocol. High-impact progress will therefore
require standardized ML-ready HEO records, chemistry-aware validation, calibrated uncer-
tainty, negative data, and systematic comparison between model-selected candidates and
independently synthesized materials. Integration of DFT, disorder-aware MLIPs, graph
models, multimodal characterization, active learning, and automated experimentation
can ultimately convert HEO discovery from sparse empirical sampling into an iterative,
self-improving discovery process. The most credible route toward inverse and autonomous
HEO design is consequently a physically constrained and experimentally accountable one
in which each stage—representation, prediction, synthesis, structural verification, and
functional testing—has an explicit validation criterion.
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