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ABSTRACT

High-entropy alloys (HEAs) have emerged as a transformative class of materials distinguished by their complex chemical com-
positions, unique microstructures, and remarkable mechanical and functional properties. Traditionally, the discovery and opti-
mization of HEAs have relied on conventional methods, including trial-and-error experimentation, first-principles calculations,
molecular dynamics (MD), and CALculation of PHAse Diagrams (CALPHAD). Although these techniques have contributed
immensely to the discovery of HEAs, they struggle to efficiently and accurately navigate the vast and complex compositional space of
HEAs owing to their inherent limitations. This review presents the evolution of HEA design methodologies, with a key focus on the
paradigm shift brought about by the integration of machine learning (ML) into the HEA discovery process. It unifies composition
design, phase prediction, microstructure analysis, and property/process optimization within a single coherent framework. In
addition, frontier developments, such as the generative adversarial network (GAN)-based data augmentation to tackle the issue of
limited datasets, active learning loops for targeted experimentation, and hybrid ML-physics models that incorporate fundamental
strengthening mechanisms, are emphasized. Efforts to address persistent challenges include the use of local interpretable model-
agnostic explanation (LIME) and SHapley Additive exPlanations (SHAP), alongside physics-informed approaches, to improve
model interpretability, whereas Bayesian-based techniques are utilized to improve uncertainty quantification. The synergy between
experimental, computational, and data-driven approaches is highlighted as a key driver for creating predictive alloy-design
frameworks that are both efficient and physically interpretable. By bridging conventional and data-driven approaches, this study
not only deepens the understanding of HEA design principles but also outlines how emerging ML strategies are poised to accelerate
the transition from material conception to application. An outlook on next-generation ML-driven HEA design is presented, with an
emphasis on addressing current limitations and leveraging recent breakthroughs to expand the frontiers of material discovery.

1 | Introduction multicomponent alloy systems have garnered significant
attention due to their broader range of compositional designs
1.1 | Background and Significance of High- compared with those of conventional alloys. Figure 1 illustrates

Entropy Alloys (HEASs)

HEAs were first introduced in 2004 by Yeh et al. [1] and
Cantor et al. [2], who worked independently on CuCoNi-
CrAlFe and FeCrMnNiCo alloys, respectively. Since then,

the development of HEAs from experimental approaches to the
integration of ML techniques. HEAs possess unique micro-
structures and functional properties, making them potential
candidates for a wide range of functional and structural ap-
plications [8].
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FIGURE 1 |

Development of HEAs from experimental to ML integration. The figure illustrates the evolving design process of HEAs, beginning

with classical methods such as trial-and-error and experimental testing, progressing through computational models, and culminating in the

adoption of ML to predict material properties, optimize compositions, and accelerate the discovery of new alloys [3-7].

1.1.1 | Definition and Core Characteristics of HEAs
The term HEAs was coined by Yeh et al. [9], whereas Cantor et al.
[2] used the term multicomponent alloys to refer to alloys con-
taining multiple elements in near-equiatomic concentrations.
Based on their composition, HEAs are alloys consisting of mul-
tiprincipal element compositions (at least five elements), with
atomic percentages ranging from 5% to 35% [9]. Moreover, the
atomic proportion of any minor element, if present, is < 5%. In
contrast to the conventional view, this compositional complexity
does not necessarily lead to microstructural complexities (such as
compound formation) because of the influence of increased en-
tropy. Thus, HEAs can also be defined in terms of their higher
configurational entropy of mixing compared with that of con-
ventional alloys. Based on Boltzmann's hypothesis of the rela-
tionship between entropy and system complexity, the mixing
configurational entropy change for an ideal solid solution is
expressed, as shown in Equation (1), where R is the gas constant, n
is the number of elements, and x; is the mole fraction of the iy,
element [1].

n
ASmix =—R ) x; Inx; e))
i=1

In an equiatomic alloy, x; = x, = x3 = ..X,, the mixing
configurational entropy per mole is expressed as Equation (2).

1.1 1.1 1 1 1.1
ASmix =—R (—ln—+—ln—+—ln—+ ...—ln—> =—-Rlnn (2)
nnnnnn non

It is evident from Equation (2) that ASy;x increases with an in-
crease in the number of elements in the system, that is, 0.693R,
1.10R, 1.386R, and 1.61R for binary, ternary, quaternary, and
quinary equimolar alloys, respectively. Thus, Equation (2) defines
HEAsby relating the number of principal elements to the system's

mixing entropy; low-entropy alloys have ASpix < 0.693R, me-
dium-entropy alloys have 0.693R < ASpix < 1.61R, and high-en-
tropy alloys have ASpix > 1.61R [9, 10]. However, because very
few conventional alloys can have ASyx > 1.5, this boundary is
often used as the operational definition of HEAs [9]. Among the
factors influencing the microstructure and properties of HEAs,
the “four core effects” have been identified as the most significant,
asillustrated in Figure 2. These include the high-entropy effect for
thermodynamics, severe lattice distortion effect for structure,
cocktail effect for properties, and sluggish diffusion [9]. Other
factors, such as stress, temperature, and strain rate during pro-
cessing or application, also affect the microstructure and prop-
erties of HEAs.

1.1.1.1 | High-Entropy Effect. The high-entropy effect is
arguably the most significant of the “four core effects” in HEAs
because it promotes the formation of solid solutions. In the
binary phase diagrams of conventional alloys, solid solutions
are generally found at the compositional extremes, whereas
ordered intermediate phases tend to form near the center of the
phase diagram [11]. Thus, as the number of elements in
concentrated alloys increases, the probability of some elements
reacting to form compounds also increases. However, this is not
the case for HEAs. HEAs in the solid-state exhibit two
competing phases: intermetallic compounds and solid-solution
phases. According to the second law of thermodynamics, as
expressed in Equation (3), the equilibrium state is the one with
the lowest Gibbs free energy (AGnix) among all possible states
at a given temperature and pressure.

AGnix = AHpix — TASmix (3)

where AHpix is the enthalpy of mixing, T is the temperature,
and ASnx is the entropy of mixing.
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FIGURE 2 | Four core effects influencing properties of HEAs. These include the high-entropy effect, which promotes solid-solution formation; the

severe lattice distortion effect, which enhances mechanical properties; the cocktail effect, which results in unique combinations of elemental
properties; and sluggish diffusion, which affects the rate of atomic movement and contributes to the stability and strength of HEAs. These effects

collectively define the distinct advantages of HEAs over traditional alloys.

Regardless of the atomic size difference, compound phases have
large AHpix but small ASp,x, whereas solid-solution phases con-
taining multiple elements have medium AHp,x and high ASp;x.
Yeh et al. [1] theorized that the presence of multiple elements in
near-equiatomic proportions has the potential to increase ASmix
enough to overcome compound formation enthalpies, thereby
preventing harmful intermetallics and stabilizing solid solutions.
However, the magnitude of AS,;x in an HEA does not guarantee
the suppression of intermetallic compounds, but it does increase
the probability of this occurring [12, 13]. The effect of high en-
tropy on the phase stability of solid solutions in HEAs has been
validated in various studies [11, 13-17]. Although the high en-
tropy of mixing plays a key role in the stability of solid-solution
phases, Otto et al. [13] and Yang et al. [18] noted that, by itself,
itis generally unable to override competing driving forces, such as
enthalpy and nonconfigurational entropy, which also govern
phase stability. Nonconfiguration entropy arises from vibrational,
electronic, and magnetic effects.

1.1.1.2 | Sluggish Diffusion. During phase transforma-
tion, the nucleation and growth of new phases require the coop-
erative diffusion of multiple types of atoms in HEAs to achieve
compositional partitioning. This, combined with the distorted
lattice, results in a slow diffusion rate in HEAs [19]. Despite the
complex atomic environment in HEAs, vacancy formation is
governed by fundamental thermodynamic principles similar to
those governing vacancy formation in conventional alloys. The
balance between the vacancy formation energy and entropy ef-
fects dictates the equilibrium vacancy concentration, preventing
the formation of an unlimited number of vacancies. Moreover,
unlike in conventional alloys, where vacancies primarily interact
with one type of solute, in HEAs, vacancies interact with a diverse
mix of elements, influencing the diffusion rates and pathwaysin a
more complex manner. Tsai et al. [20] employed the diffusion
couple method to investigate the diffusion parameters of Co, Cr,
Fe, Mn, and Ni in an ideal solution-like CoCrFeMnNi alloy,
revealing lower diffusion coefficients and higher activation
energies compared to those of conventional FCC metals. The
theory of sluggish diffusion was also confirmed by Dabrowa
et al. [21], who conducted an interdiffusion experimental study
on CoCrFeMnNi and AlCoCrFeNi HEAs. The mechanism for

sluggish diffusion in HEAs is related to fluctuations in lattice
potential energy (LPE), which create an uneven atomic
environment, leading to higher activation energy barriers for
atomic migration and trapping of atoms in low-LPE sites,
further hindering their movement [19, 22]. Thomas and Patal
[22] also pointed out that diffusion in HEAs can be tuned and is
not inherently sluggish, with factors beyond migration barriers
also influencing diffusion behavior. The slower diffusion
rates and phase transformation kinetics of HEAs play a
significant role in enhancing their microstructural stability and
mechanical performance.

1.1.1.3 | Severe Distortion Effect. Severe lattice distortion
in HEAs results from the presence of multiple principal elements,
where diverse neighboring atoms surround each atom. The
severity of lattice distortion is influenced by factors such as atomic
size differences, bonding characteristics, and electronic struc-
tures of the constituent elements [19, 23]. Variations in atomic
size cause larger atoms to displace neighboring atoms outward,
whereas smaller atoms generate voids or regions with lower
atomic density. The bonding and electronic structures between an
atom and its nearest neighbors are asymmetric, and this asym-
metry varies from lattice site to lattice site. Cheng et al. [19]
studied Ni, NiCo, NiCoFe, NiCoFeCr, and NiCoFeCrMn alloys,
demonstrating that the addition of elements resulted in greater
lattice distortion (up to 1.4% in NiCoFeCrMn), lower melting
points, decreased thermal conductivity, and reduced X-ray peak
intensity due to enhanced diffuse scattering. Severe lattice
distortion influences mechanical properties, such as strength,
ductility, Young's modulus, and hardness [24]. In pure metals,
dislocations move smoothly, whereas, in dilute solutions, they
are partially hindered by solute atoms. In concentrated
solutions, dislocation lines are significantly dragged by solutes,
forming serrated patterns.

1.1.1.4 | Cocktail Effect. The term cocktail effect refers to
the combined influence of the composition, structure, and
microstructure of HEAs. The comprehensive properties of HEAs
arise from the intrinsic properties of the elements, as predicted by
the rule of mixtures, complex interactions, and severe lattice
distortion. The “cocktail effect” emphasizes that unique material
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properties often emerge from unexpected synergies. Therefore,
understanding the key influencing factors is essential when
selecting an appropriate composition and processing method.
Refractory high-entropy alloys (RHEAs) such as NbMoTaW and
VNbMoTa leverage the cocktail effect by incorporating high-
melting point elements, resulting in significantly higher melting
points than those of Ni- and Co-based superalloys [25, 26]. This
enhances their high-temperature strength, surpassing that of
conventional superalloys, making them promising candidates
for applications at extreme temperatures. Other mechanical
properties, including wear and corrosion resistance, can be
improved by deliberately incorporating elements known for
their high wear and corrosion resistance [27]. Cocktail alloying
can also embed metastable crystalline structures within HEAs,
contributing to strengthening through transformation-induced
plasticity (TRIP) and twinning-induced plasticity (TWIP) effects
[28]. The enhanced strain-hardening capacity results from
dislocation hardening in the stable phase, whereas the TRIP
and TWIP of the metastable phase lead to improved ductility
[29-32].

1.1.2 | Properties and Potential Applications of HEAs

The properties of materials are significantly influenced by factors
such as composition, microstructure, and processing routes, with
the intrinsic correlation between microstructural heterogeneity
and functional performance playing a crucial role [33]. The
phases present in HEAs can include solid solutions (such as FCC,
BCC, or HCP), intermetallic, amorphous phases, or a combina-
tion of these. Adjusting the microstructure from one phase to
another or even to a multiphase state can be accomplished by
incorporating elements such as Al, V, Cr, Mo, and Si [14, 34-37].
FCCsingle-phase HEAs, which are primarily composed of Cr, Co,
Fe, Ni, Mn, and Cu, are known for their high ductility [38, 39] and
high fracture toughness [40-42] but tend to have relatively low
ultimate tensile strength, yield strength, and hardness [43]. BCC
HEAs are classified into two categories: those consisting of Cr, Co,
Fe, Ni, Mn, and Cu, and those made up of refractory elements
such asV, Cr, Ti, Mo, Nb, Ta, W, Zr, and Hf [44]. BCC HEAs, such
as AICoCrFeNiV [45], AICoCrCuFeNi [46],and AlICoCrFeNi [47],
typically exhibit both high hardness and compressive strength but
low ductility. RHEAs are notable for their exceptional high-
temperature strength, as observed in TaNbHfZrTi [48] and
NbMoTaWZr [49], as well as high-temperature oxidation resis-
tance, as demonstrated by MoWAICTTi [50]. Considerable efforts
have focused on resolving the strength-ductility trade-off in
RHEAs, aiming to optimize their mechanical performance for
demanding applications [51-53]. Conversely, multiphase HEAs
exhibit an excellent combination of strength and ductility, which
is often a challenge for single-phase HEAs. These multiphase
HEAs include dual-phase FCC + BCC [34, 35, 37, 45], dual-phase
FCC + intermetallic (IM) [45, 54, 55], dual-phase BCC + IM [45,
56], and triple-phase FCC + BCC + IM [57, 58]. The AlCoCr-
CuFeNi alloy system has been extensively researched due to its
dual-phase structure (FCC + BCC), which significantly in-
fluences its properties [34, 35, 37, 45]. Additionally, nonmetallic
elements such as C, Si, N, and O have been utilized to enhance the
mechanical properties of (Al 3CoCrFeNi)Si, [36], (NbMoTaW)
Si, [59, 60], (Fe oMngCo,0Cry0)C, [61], (NDZITi)O, [62], and
NbMoTaW(HIN), HEAs [63]. Interstitial elements such as C, B,

N, O, and H influence the microstructure, thermal stability, me-
chanical properties, and deformation behavior of HEAs [64].

Because of their remarkable combination of properties, HEAs are
emerging as potential candidates for a range of high-performance
applications across different sectors [65]. In the aerospace in-
dustry, refractory HEAs such as MoNbTaW, MoWAICrTi, and
MoNbTaVW offer superior high-temperature strength and
oxidation resistance compared to conventional alloys, making
them ideal for applications within the engine environment above
1273 K [50, 66]. The presence of Al and Cr contributes to the
formation of stable oxide layers, further enhancing corrosion
resistance. Kuang et al. [59] demonstrated the excellent
oxidation resistance of the high-entropy refractory metal silicide
(NbMoTaW)Si, coating, which performed exceptionally well in
an atmospheric environment at 1573 K. Yttrium-modified
(NbMoTaW)Si, coating has also been demonstrated to exhibit
exceptional antiablation performance in an oxidizing environ-
ment at 2373 K for 180 s, displaying negligible signs of ablation
damage [60]. Moreover, one of the dominant failure modes at
high temperatures is thermal creep. Therefore, the design of
RHEAS requires an understanding of how their microstructure,
local chemical distribution, atomic movement modes, and
deformation mechanisms affect creep behavior [67, 68]. Excep-
tional high-temperature creep resistance, comparable to that of
single-crystal Ni-based superalloys, has been observed in
Ta,; 3Mo0,73Ti,; 3CrgAl;, RHEA with a stable A2+B2 micro-
structure. This was attributed to effective precipitate strength-
ening and directional coarsening driven by lattice misfit. In the
defense sector, HEAs are considered potential materials for
armor and ballistic protection due to their high hardness,
toughness, and wear resistance. CoCrFeNiTi, AlCoCrFeNiV,
AlCoCrFeNiSc, and AICoCrCuFeNi HEAs have demonstrated
exceptionally high hardness values exceeding 600 HV [43, 46, 69],
and Aly;CoCrFeNi boasts a high impact resistance of 400 J [41],
making them suitable for armor plating applications. HEAs
are also being considered for use in the nuclear industry because
of their outstanding radiation resistance. Structural materials
used in nuclear components, such as reactors, are subjected
to harsh conditions characterized by high temperatures and ra-
diation doses. The irradiation resistance of FeMnCrVAIC
[70], AlCoCrFeNi, CrMnFeCoNi, Ti,ZrHfV,sMog,, and
WigTassCri5Vy; [8] has attracted significant attention. For
instance, FeMnCrVAIC showed no signs of irradiation hardening
when exposed to 1 displacement per atom (dpa) at 573 and 773 K
[59]. AlCoCrFeNi maintained excellent structural stability when
irradiated to over 50 dpa at 298 K [8]. The sluggish diffusion
characteristics slow atomic movement, reducing radiation-
induced void swelling and preventing material degradation over
time. The complex atomic arrangement from lattice distortion
disrupts defect formation and migration, enhancing resistance to
radiation-induced embrittlement.

The composition of HEAs can be tuned for catalytic applications
by incorporating catalytically active elements [71]. The multiel-
ement nature of HEAs results in a synergistic effect that boosts
their catalytic activity, stability, and selectivity compared to
conventional single-element catalysts. Examples of HEA catalysts
and processes in which they have been evaluated include
PtPdRhRuCe [72] and CoMoFeNiCu [73] for ammonia decom-
position; AuAgPtPdCu for the reduction of carbon dioxide (CO,)

4 of 32

Rare Metals, 2025

85UB01 7 SUOWILIOD dA18.D 3(ceol [dde 8Ly Aq peusenob a2 ool O ‘8sN JO SaInJ 10} ARIq1T8UlUO A8]IAA UO (SUOIPUOD-pUe-SWLB)W00" A8 1M Aeq | pul|uo//Sdiy) SUORIpUOD pue swie | au18es ' [6202/ZT/62] Uo ArlqiTaulluo A8 * AISIBAIUN 1e8Linos - nzwez uidsLyd Ag 8500. Z#e4/200T 0T/I0pAu0D" A8 1M Aeiq 1 ul|uo// Sy wolj pepeojumod ‘0 ‘S8TL.98T



and carbon monoxide (CO) [74]; FeCoNiAlTi [75]; TiVCrMn-
MoCe [76]; AlFeCoNiMo [77]; Fe;oCosNioCu;sAlge [78]; and
FeCoNiCrPt [79] for hydrogen generation. Alloys based on HEAs
demonstrate higher efficiency and enhanced durability, with
minimal loss of catalytic activity during extended use. For
instance, PtPdRhRuCe catalysts achieved ~100% ammonia con-
version and more than 99% nitrogen oxide selectivity during
extended operations (~30 h) at relatively low temperatures
(973 K) [72]. Moreover, the discovery of chemical short-range
order in low-cost Fe,;,CosNi;oCu;sAlsy HEASs, influenced by
magnetic interactions, resulted in a remarkable improvement in
water splitting efficiency, achieving a current density of
130 mA cm™2, which is nearly four times greater than that of the
Pt/CIIRuO, system [78].

In addition to crystalline HEAs, their amorphous counterparts,
high-entropy metallic glasses (HEMGs), have also garnered
attention for their potential in catalytic applications. Metallic
glasses, although macroscopically homogeneous due to the
absence of typical defects such as grain boundaries and vacancies,
exhibit intricate local structural heterogeneities with significant
dynamical and spatial variations [80]. Characterized by their
disordered atomic structure, multicomponent composition, and
broad elemental miscibility, HEMGs exhibit unique catalytic
properties similar to those of traditional metallic glasses [81-89].
Notably, HEMGs such as PdPtCuNiP [90], (FeCoNiBy 75)97Pt3
[91], and PtPdNiP [92] have demonstrated ultralow over-
potentials for the hydrogen evolution reaction (HER) and oxygen
evolution reaction (OER). Zhang et al. [91] defect-engineered
(FeCoNiBy 75)97Pts HEMG with only 3 at% Pt, resulting in a
cost-effective electrocatalyst with abundant active sites due to
lattice distortions and stacking faults induced by boron. The
catalyst exhibited ultralow overpotentials for HER of 104 mV and
OER of 301 mV at 1000 mA cm™? in alkaline media, with over
200 h of stability at 100 mA cm™?. It also achieved HER over-
potentials of just 81 and 122 mV at 1000 and 100 mA cm ™2 under
acidic and neutral conditions, respectively, outperforming com-
mercial Pt/C and RuO,. Additionally, amorphous FeCoNiPb-
based high-entropy oxides [93, 94] and dual-phase (crystalline-
amorphous) multielement alloy (PdTiZrAlCuZnNiSiO) [95] have
also demonstrated excellent catalytic activity for hydrogen gen-
eration. Although not composed of high-entropy materials, recent
work on single-atom Fe dispersed within amorphous Mo-based
nanosheets demonstrates how atomic-scale disorder and hetero-
interfaces can be leveraged to enhance HER activity and dura-
bility, offering insights relevant to the catalytic design of HEAs
and HEMGs [96]. HEAs are also considered promising candidates
for hydrogen storage due to their unique multielement compo-
sitions, which enhance the processes of hydrogen absorption and
desorption. Ti-based HEAs, such as TiZrVMoNb, TiZrHfMoNDbD,
and NbTiVZr, undergo a phase change from BCC to FCC when
hydrogen absorption reaches a specific threshold [97, 98]. In the
BCC phase, hydrogen mainly occupies octahedral interstitial
sites. However, in the FCC phase, as the hydrogen content in-
creases, the preferred occupancy of hydrogen shifts from octa-
hedral to tetrahedral sites [97]. This shift is attributed to the lattice
distortion effect, which facilitates the occupation of both octa-
hedral and tetrahedral interstitial sites by hydrogen atoms.

HEAs are ideal for use in harsh environments, such as deep-sea
exploration, owing to their high mechanical strength, resistance

to corrosion, and fracture toughness. These materials can with-
stand high pressures, extremely low temperatures, and corrosive
substances. Gludovatz et al. [40] reported an FCC CrMnFeCoNi
alloy that demonstrated remarkable fracture toughness and ten-
sile strengths exceeding 200 MPa\/B and 1000 MPa, respectively,
at cryogenic temperatures as low as 77 K. Unlike conventional
alloys that experience low-temperature embrittlement, this alloy
exhibits a simultaneous improvement in both strength and
ductility as the temperature decreases. Wetzel et al. [99]
compared the corrosion behaviors of CrMnFeCoNi, CrCoN, and
AISI 304 stainless steels in H,SO4 and NaCl aqueous solutions.
CrCoN exhibited superior corrosion resistance in both solutions,
whereas CrMnFeCoNi was susceptible to pitting corrosion in the
NacCl solution. Additionally, AICoCrFeNi has been reported to
show an exceptional combination of mechanical, wear-resistant,
and corrosion-resistant properties compared to 2205 duplex
stainless steel (DSS) and Incoloy 825 alloys [100]. Because of their
excellent biocompatibility, antimicrobial property, and resistance
to corrosion compared to stainless steel and Ti, HEAs such as
CrFeNiysCugps [101], TiZrNbTa [102], TiNbTaZrMo, and
TiZrHfNbTaMo [103] are promising for use in medical implants
and surgical tools. The tunable magnetic properties of HEAs, such
as AlCoCrFeNi [46], FeCoNi(CuAl)ys [104], FeCoNiPd, and
FeCoNiPt [105], make them suitable for developing soft magnets
used in advanced magnetic recording and data storage, inductors,
and magnetic sensors.

1.2 | Conventional Experimental Methods

Experimentation remains one of the most effective methods for
discovering new alloys. Methods such as arc melting, induction
melting, and powder metallurgy are widely used for HEA syn-
thesis [106]. X-ray diffraction (XRD), scanning electron micro-
scopy (SEM), energy-dispersive X-ray spectroscopy (EDS), and
transmission electron microscopy (TEM) are commonly
employed to characterize their microstructure, whereas me-
chanical tests such as tensile tests and hardness tests are used to
assess their mechanical properties [26, 39]. These techniques
provide direct insights into the synthesis-microstructure-
properties relationship in HEAs. However, the concept of HEAs
has significantly broadened the range of potential compositions,
making it impractical to explore them all using these techniques,
which are often time-consuming and resource-intensive.
Furthermore, conventional methods are limited in their ability to
guide alloy design without extensive trial-and-error experimen-
tation. These methods are increasingly being complemented by
high-throughput and computational approaches to accelerate
HEA design [107, 108]. These approaches allow the exploration
and prediction of HEA compositions and properties before sig-
nificant investments in experimental processes are made.

1.3 | Combinatorial Synthesis

Combinatorial synthesis involves the rapid creation of a wide
range of alloy composition gradients using techniques such as
rapid alloy prototyping [109], diffusion multiples [109-111], laser
additive manufacturing [112, 113], and multitarget cosputtering
[109, 114]. The first four techniques are used for composition-
graded bulk alloys, whereas the latter is used for thin films.
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Rapid alloy prototyping combines casting, rolling, and heat
treatment of multiple alloys with specific compositions, followed
by analyses of their microstructures and properties [109]. How-
ever, it is constrained by the number of alloy compositions, which
is typically around five in one processing run. Diffusion multiples
are an extension of diffusion couples, in which three or more
components are placed in diffusional contact, enabling the
collection of data for ternary and more complex systems [109-
111]. This method enables the efficient exploration of
composition-structure-property relationships across various
phases, providing a faster alternative to traditional methods that
examine one composition at a time. Characterization is typically
performed using localized techniques such as electron probe
microanalysis, EBSD, nanoindentation, atomic force microscopy,
and microscale thermal analysis [109]. Although the cost of
creating samples for diffusion multiples is relatively low, the
process requires extended heat treatment at high temperatures,
often around 1200°C for over 24 h, to achieve the desired diffusion
gradients [110, 111]. Additionally, characterization techniques are
generally confined to small local areas, usually at the microscale.

Laser additive manufacturing techniques, such as laser-
engineered net shaping (LENS), have also been employed to pre-
pare compositionally graded HEAs [112, 113]. These systems can
be equipped with four or more feedstock nozzles, allowing the
delivery of powders with varying compositions to the laser,
thereby enabling the creation of virtually unlimited compositional
gradients in the material. Additive manufacturing enables the
fabrication of bulk alloys that are difficult to produce via con-
ventional casting; however, the process can be costly because of
the requirement for large quantities of prealloyed powders.
Combinatorial direct-current magnetron sputtering is another
versatile method for synthesizing compositionally graded HEA
films [109, 114]. For instance, graded FeMnCoCrAl HEA thin
films were fabricated via simultaneous codeposition from four
separate magnetron sources, Fe-Mn, Co, Cr, and Al, onto a silicon
substrate [114]. This technique is particularly suitable for syn-
thesizing functional alloys, where performance is primarily
determined by composition and crystal structure rather than
microstructural features, which are more critical in structural
applications. Combinatorial methods aid in HEA discovery but are
insufficient to explore the entire range of possible compositions
and microstructures. Furthermore, multicomponent gradients
may lead to compositional overlaps and interactions, complicating
the isolation of cause-and-effect relationships. This necessitates
the use of advanced data analysis tools, often involving compu-
tational modeling or machine learning techniques.

1.4 | Computational Modeling

Various computational techniques, including first-principles
calculations [115-119], molecular dynamics (MD) [120-125],
and CALculation of PHAse Diagrams (CALPHAD) [107, 108,
126-128], have been employed to design HEAs.

1.4.1 | First-Principles (or Ab Initio) Calculations

First-principles or ab initio calculations utilize quantum me-
chanics to predict material properties without relying on

experimental data or empirical inputs. These methods, often
grounded in density functional theory (DFT), enable the pre-
cise modeling of electronic structures, phase stability, and
mechanical properties [116, 118]. The four commonly used
first-principles-based methods to model the disordered crystal
structure of HEAs include the coherent potential approxima-
tion (CPA) [115, 118, 119, 129], virtual crystal approximation
(VCA) [115, 116], special quasi-random structures (SQS) [118,
129-131], and small set of ordered structures (SSOS) [118,
132], as illustrated in Figure 3. The VCA is a mean-field
method that simulates disordered alloys by substituting real
atoms with virtual atoms whose properties are a weighted
average of the constituent elements [115]. The mean-field
characteristic of the VCA enhances computational efficiency
by simplifying the complex disorder; however, it fails to cap-
ture local atomic variations. The VCA method has been
applied to predict the elastic constants, ideal tensile strength,
and shear strength of a single-phase TiVNbMo HEA [116].
Similarly, the CPA method, also based on mean-field theory,
treats all atoms in an alloy as equivalent, modeling each atom
as if it exists in a random environment. It employs a self-
consistent, effective medium to represent the system, making
it a computationally efficient method suitable for complex
alloy systems [117]. However, the CPA's accuracy is limited, as
it overlooks local lattice distortions and variations in individ-
ual atom positions [115, 118]. Despite this, CPA is more
realistic than VCA because it retains the individual atom types
in the model and accounts for the randomness in the alloy.
Liu et al. [119] employed the CPA approach to calculate the
elastic constants and mechanical properties of the refractory
TizpZr3pNbyyMo,, HEA, and their findings showed good
agreement with experimental data.

The SQS approach models the disordered structure of HEAs
by utilizing relatively small supercells and optimizing a quasi-
random crystal structure to closely resemble the key features
of a random solid solution, such as nearest neighbor pairs and
multisite correlation functions [130]. Unlike the VCA and
CPA, the SQS method considers local lattice distortions,
making it particularly effective for systems with significant
atomic-size mismatches. However, because SQS uses small
periodic supercells to simulate randomness, it may not fully
capture long-range disorder. It can introduce artificial peri-
odicity that is not present in truly random alloys [118]. Xie
et al. [130] applied SQS to investigate the FCC CosoN-
izoFe,0Cry HEA and found a lattice constant of 3.485 A
(within 2% of the experimental data) and a formation
enthalpy of —1.17 eV atom™, suggesting structural stability.
The SSOS method determines HEA properties using a
weighted average over a small set of ordered structures (SOS),
typically only a few atoms per unit cell [132]. These structures
are designed using a generalized cluster description to capture
the interactions in multicomponent systems, significantly
reducing the model size and offering a lower computational
cost compared to the SQS method. In conclusion, although
the SQS and SSOS methods effectively capture lattice distor-
tions in HEAs, they are more computationally demanding
than the CPA and VCA. However, as the number of alloying
elements increases, constructing small supercells that accu-
rately represent the chemical disorder becomes increasingly
challenging.
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FIGURE 3 | Schematic overview of first-principles-based approaches and model systems used to describe disordered crystal structures in HEAs.

(A) Simplified workflow of first-principles-based methods for modeling disordered crystal structures in HEAs. (B) Disordered supercell and VCA cell
equivalent. (C) Two-dimensional schematic of the CPA for equimolar ABCDE HEAs, where P is the real alloy potential, P the coherent potential,
and P, — Py the potentials of individual alloying elements. Reproduced with permission from Ref. [129]. Copyright 2017, the authors.

(D) Rock-salt lattice of TiC and SQS supercell of (TiZrNbTa)C generated to mimic random distribution of transition-metal atoms for

first-principles calculations. Reproduced with permission from Ref. [131]. Copyright 2022, Springer Nature. (E) Target HEA sample and a

set of 5-atom small ordered structures (SOS). Reproduced with permission from Ref. [115]. Copyright 2023, the authors.

1.4.2 | Molecular Dynamics (MD) Simulation

Molecular dynamics (MD) simulation models materials at the
atomic scale by considering atoms and molecules as interacting
particles governed by classical mechanics principles. This
method is particularly beneficial for investigating the mechan-
ical properties and deformation behavior of HEAs, as it captures
the microstructural evolution and uncovers the underlying
deformation mechanisms at the atomic level [120-124]. Li et al.
[121] employed MD to investigate the influence of strain rate
and temperature on the mechanical properties and deformation
behavior of nanocrystalline Co,sNiysFe,sAl 7 sCuy; s HEA. The
MD simulation results indicated that dislocation slip dominated
the deformation at low temperatures and high strain rates,
whereas grain boundary sliding became the primary mechanism
at higher temperatures and lower strain rates. Yang et al. [122]
used MD simulations to investigate the mechanical properties of
Al,CoCrFeNi HEA, showing that the computed lattice constant,
elastic constants, bulk modulus, Young's modulus, and Pois-
son's ratio were consistent with both experimental data and
DFT results. MD simulations have also been applied to study
phase transformation phenomena in CoNiCrFeMn [123] and
Aly3CoCrFeNi HEAs [124]. Although MD simulations provide
valuable atomic-level insights into the behavior of HEAs,
including the ability to model complex compositions, predict
mechanical properties, and examine deformation mechanisms

under various conditions, they also have limitations. These
include high computational costs, restricted time and length
scales, and dependence on the accuracy of interatomic poten-
tials, which can be challenging to develop for multicomponent
systems such as HEAs [125].

1.43 | Calculation of Phase Diagram (CALPHAD)

The CALPHAD method is used to predict the phase diagrams
and thermodynamic properties of materials with multiple
components. It achieves this by minimizing the total Gibbs free
energy of the system, utilizing inputs such as temperature,
pressure, and overall composition, along with the Gibbs energy
functions found in thermodynamic databases [127]. CALPHAD
is widely acknowledged as a reliable and efficient method for
designing alloys, as it can predict the thermodynamic properties
of complex multicomponent systems by extrapolating from
simpler, lower-order systems. A significant advantage of the
CALPHAD method is its computational efficiency, which allows
it to reduce the extensive compositional design spaces of HEAs
to a few experimental trials [107, 108, 126]. By combining
parametric and CALPHAD methods, Tazuddin and Biswas
[107] effectively narrowed down 1287 equiatomic quinary alloys
to 10 potential single-phase FCC and BCC HEAs. Of these, only
two FCC and seven BCC alloys required experimental synthesis.
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X-ray diffraction and scanning electron microscopy enabled the
rapid identification of optimal alloy compositions.

Klaver et al. [108] employed the CALPHAD method to refine an
initial design space of more than 3 million compositions in six-
element alloy systems (AICrMnNbTiV and AICrMoNbTiV) and
five-element systems (AICrFeTiV and AICrMnMoTi) to select a
few candidates for experimental investigation. Their goal was to
identify compositions that form single-phase solid solutions and
exhibit good oxidation resistance at relatively low temperatures.
Compositions near Al,sCr;Mn,sNb;Ti;V,4; and Al,;Cr,Mn,;Nb,
TisV4; met both criteria, exhibiting high-entropy phase stability
at 800 K and containing high levels of Al and/or Cr, which
enhance oxidation resistance. Conway et al. [126] used the
CALPHAD method to screen 1.78 million compositions within
the Co-Cr-Fe-Ni-Mn alloy system, ultimately identifying the
Co,0Cr,Fe 3sMn gNi,; alloy. This alloy demonstrated excellent
high-temperature strength and ductility, along with a 40% cost
reduction compared to the equiatomic Cantor alloy. Recog-
nizing twinning-induced plasticity and solid-solution hardening
as key strengthening mechanisms in these alloys, the authors
suggested integrating models for stacking fault energy, solid-
solution hardening, and cost into high-throughput screening
algorithms to accelerate the design of alloys with targeted me-
chanical properties. Although CALPHAD is a robust tool for
predicting phase stability and guiding alloy design, its accuracy
depends on the availability and quality of comprehensive ther-
modynamic databases, especially those covering wide composi-
tional and temperature ranges. Moreover, CALPHAD focuses on
equilibrium thermodynamics and does not account for kinetic
factors or metastable phases. It also does not directly predict
mechanical properties, and large-scale high-throughput appli-
cations can be computationally intensive. Conversely, machine
learning can rapidly analyze extensive datasets to capture
complex relationships among composition, microstructure, and
properties. This enables faster property prediction, composition
optimization, and the discovery of novel high-performance
HEAs. This shift from conventional methods to ML-based
methods marks a significant advancement in HEA research,
offering a more efficient, data-driven framework for alloy
design.

1.5 | The Rise of Machine Learning in Materials
Science

1.5.1 | Core Advantages of Machine Learning in
Accelerating Materials Discovery

Machine learning is a powerful computational method that
enables predictive modeling by recognizing complex patterns
in large datasets [133]. In alloy design, ML can reveal the
underlying trends and correlations in material data, thereby
enhancing the efficiency and precision of the design process.
ML builds an optimal function that links inputs to outputs in a
training dataset, allowing the prediction of unknown outputs
from new inputs. ML algorithms are categorized into super-
vised, unsupervised, semi-supervised, and reinforcement
learning [134, 135]. In material design, supervised learning
is used to predict material properties based on known

experimental data. This algorithm learns from labeled data,
where both the inputs and the corresponding outputs are
provided. The most commonly employed supervised learning
algorithms include support vector machines (SVMs), random
forests, k-nearest neighbors (kNNs), and neural networks
(NNs) [133, 135, 136]. Conversely, unsupervised learning uti-
lizes data without labeled responses, aiming to discover hidden
patterns and structures and is primarily applied in clustering,
dimensionality reduction, and generative modeling [135, 136].
Semi-supervised learning involves the use of a large volume of
unlabeled data in conjunction with a small set of labeled data.
In contrast, reinforcement learning operates without explicit
input-output pairs, instead relying on feedback from actions to
maximize a reward signal, guiding the model to learn optimal
behaviors within an environment [135]. The ML process typi-
cally involves several key stages, as illustrated in Figure 4. Data
are collected and preprocessed to ensure that they are clean,
consistent, and properly formatted for analysis. The data are
then split into training and testing subsets. An appropriate
model is then selected and trained using the training dataset.
The model's performance is evaluated on the test set using
metrics such as accuracy and precision. Based on this evalu-
ation, the model can be fine-tuned and adjusted. Ultimately,
the optimized model is deployed for practical use, where it is
continuously monitored and updated as needed to maintain its
efficacy.

Raccuglia et al. [139] demonstrated the effectiveness of ML in
accelerating materials discovery by converting large amounts
of previously “failed” experimental data into a resource for
material innovation. They successfully trained an ML model to
predict the outcomes of crystallization reactions in inorganic-
organic hybrid materials, achieving an impressive accuracy of
89% in identifying the formation of new compounds. Although
the accuracy of ML techniques depends heavily on high-fidelity
experimental datasets for accurate training, Meredig et al. [140]
illustrated the synergy between ML and DFT, demonstrating
how first-principles calculations can enhance data-driven ap-
proaches for material discovery. By utilizing a database con-
taining thousands of DFT calculations, an ML model was
trained to predict the thermodynamic stability of arbitrary
compositions, resulting in a six-order-of-magnitude reduction
in computational cost compared to DFT [140]. This model
enabled the screening of approximately 1.6 million ternary
compositions, resulting in the prediction of more than 4500
previously unknown stable materials. Conducting such an
extensive analysis using first-principles calculations would be
computationally infeasible and impractical to perform experi-
mentally, underscoring the capability and scalability of ML in
accelerating material discovery. When is it suitable to use ML
for materials discovery? ML is particularly advantageous in
scenarios where traditional methods encounter substantial
constraints. As emphasized by Ramprasad et al. [141], data-
driven methods are best suited for predicting properties that
are either too costly or time-consuming to compute or to
measure experimentally. They are also effective when dealing
with complex or stochastic phenomena that do not lend
themselves to direct solutions through fundamental equations
or when the underlying physical laws governing a system
remain unknown, thereby justifying the use of surrogate
models to approximate behavior.
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FIGURE 4 | A typical workflow for machine learning in material discovery. The process begins with data collection and processing, followed by
model training and evaluation. Once validated, the trained models are used to predict material properties from composition and other material

parameters, enabling accelerated material design [7, 137, 138].

1.5.2 | The Synergy Between ML and HEA Research

Although the increased number of principal elements in HEAs
presents significant opportunities for alloy design, it also in-
troduces considerable challenges in theoretical modeling and
simulations. These challenges arise from the complexity
involved in developing accurate empirical atomic interaction
models owing to the numerous chemical interactions and the
high computational cost of first-principles methods, such as
DFT. This method requires large supercells to accurately
represent the complex structural and chemical features of HEAs
[142]. Moreover, high-throughput simulations generate exten-
sive data characterized by high-dimensional inputs and low-
dimensional outputs, which present significant challenges for
traditional modeling techniques [143]. Furthermore, the con-
ventional trial-and-error approach to material design is
impractical for exploring the vast compositional space of HEAs,
highlighting the need for efficient predictive models.

The strength of ML lies in its ability to capture complex, nonlinear
patterns through models that can be systematically optimized via
data-driven learning. In the context of HEAs, ML algorithms
excel at navigating the vast, high-dimensional compositional
space to identify promising alloy candidates with targeted prop-
erties, significantly minimizing dependence on traditional trial-
and-error methods [144]. Additionally, ML models offer a

computationally efficient alternative to first-principles methods,
such as DFT, by approximating interatomic potentials with near-
DFT accuracy at a fraction of the computational cost. This effi-
ciency enables the simulation of systems with millions of atoms,
which is essential for accurately modeling the microstructural
complexity, defect behavior, and phase transformations that
define HEAs. Furthermore, the integration of traditional
methods with ML is rapidly advancing in HEA research, aiming
to harness the synergy between them by leveraging their
respective strengths [142-145]. Driven by advancements in
computing power, algorithm development, and the increasing
availability of high-quality experimental and computational data,
ML has become an indispensable tool for addressing the funda-
mental challenges of HEA design and modeling. Common ML
models used in HEA design include k-nearest neighbors (kNNs)
[7, 146], support vector machines (SVMs) [5, 7, 146], Gaussian
processes (GPs), random forests (RFs) [5, 138, 146], logistic
regression (LR) [5], gradient boosting decision trees (GBDT) [5],
and neural networks (NNs) [5, 7, 142, 143, 146-150].

1.6 | Review Objectives

This review examines the integration of ML in HEA research,
with a focus on its core applications in the field. Key areas of
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progress include ML-driven methods for composition design,
phase prediction, performance prediction, microstructure anal-
ysis, and process parameter optimization. In addition, this re-
view examines existing challenges and highlights recent
technical breakthroughs that are expanding the scope and
enhancing the reliability of ML in materials science. This study
also highlights the growing synergy among experimental,
computational, and data-driven approaches, which is crucial for
accelerating material discovery in this rapidly evolving field.

2 | Core Applications of ML in HEA Research
2.1 | Composition Design and Phase Prediction

The properties of materials are highly dependent on their phase
constitution. Different phases in HEAs, such as solid solution
(SS), amorphous (AM), intermetallic (IM), or a combination of SS
and IM, enable the tailoring of material properties to meet specific
performance requirements. Therefore, accurate prediction of the
phase that will form for a given composition is essential for
guiding alloy design. Conventional computational and experi-
mental methods for phase prediction are often slow and limited in
scope, whereas ML enables rapid phase prediction by leveraging
existing datasets across vast compositional spaces. Islam et al.
[147] employed an NN to predict phase formation (SS, AM, or IM)

AM: Amorphous

based on five key input features from a dataset of 118 experi-
mentally studied HEAs, as illustrated in Figure 5A. The input
features included valence electron concentration (VEC), differ-
ence in Pauling electronegativities Ay, atomic size difference 9,
AHpiy, and Spix. The trained NN achieved an accuracy exceeding
99% for the complete dataset. However, fourfold cross-validation
showed an average generalization accuracy of 83%, suggesting
some overfitting. This discrepancy was attributed to the limited
size of the dataset, underscoring the need for larger datasets to
enhance the model's robustness. Feature importance analysis
revealed the following order of influence on phase prediction:
VEC > Ay > AHpix > 8 > Smix, indicating that VEC is the most
critical factor for determining phase formation in HEAs, as shown
in Figure 5B. This study demonstrates the capability of NN to
accurately predict phase formation in HEAs based on key ther-
modynamic and atomic descriptors, highlighting ML as a valu-
able tool in material design. It also highlights the importance of
large, high-quality datasets to ensure reliable model generaliza-
tion and prevent overfitting in data-driven materials research.

Liu et al. [142] developed an ML framework by integrating first-
principles calculations with an ANN to explore the phase stabil-
ity and elastic properties of the AICoCrFeNi HEA system,
encompassing both FCC and BCC phases. The ANN was trained
using 0 K first-principles data, with elemental concentrations as
inputs and the enthalpy of formation (AH;) and elastic constants
as outputs. By employing the OPTUNA optimization framework
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FIGURE 5 | Machine learning for phase prediction. (A) A sample NN architecture for phase prediction in HEAs. It has two hidden layers, each

with five neurons (circles) for clarity. Inputs and outputs are empty squares. Phases AM, SS, and IM are encoded as (100), (010), and (001),
respectively. (B) Feature importance analysis indicating that VEC is the most critical factor for determining phase formation in HEAs.
Reproduced with permission from Ref. [147]. Copyright 2018, Elsevier. (C) Relationship between VEC and AHF®~BCC in the Al-Co-Cr-
Fe-Ni system. The region where AH}C~B°C <0 indicates greater stability of the FCC phase, whereas AHE“~B°C > 0 indicates greater
stability of the BCC phase. (D) Relationship between statistical frequency and VEC for the occurrence of stable FCC or BCC within the
analyzed VEC range. The red bars show stable BCC frequency, and the blue bars indicate stable FCC frequency. The FCC phase is more
stable at VEC > 7.22 or < 5.00, peaking at < 3.90 or > 8.66. The BCC phase dominates between 5.00 and 7.22, especially near
VEC = 6.00. (E) Relationship between configurational entropy (AScont /R) and VEC of FCC and BCC phases in the AlCoCrFeNi system
for over 300,000 predicted data points. Only a small fraction of the Al-Co-Cr-Fe-Ni system meets the HEA criterion (AScont /R >1.5).
Reproduced with permission from Ref. [142]. Copyright 2024, Springer Nature.
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for hyperparameter tuning, the model established a clear rela-
tionship between VEC and AHF““~BCC. As shown in Figure 5C,
the region where AHFCC~BCC < 0 indicates greater stability of the
FCC phase, whereas AHE“©~5CC > 0 indicates greater stability
of the BCC phase. The model predicted that the FCC phase ex-
hibits more stability when VEC is either >7.22 or <5.00, with the
highest stability observed at VEC < 3.90 or VEC > 8.66, as
shown in Figure 5D. Conversely, BCC phase stability dominates
when VEC ranges from 5.00 to 7.22, especially at VEC ~ 6.00.
This is a refinement of the empirical VEC-based parameter pro-
posed by Guo et al. [151] for predicting the phase stability of FCC
and BCC solid-solution structures. The model also revealed
that only a limited composition range met the HEA criterion
(AScont/R > 1.5), as shown in Figure SE. The optimal composition
for the desired elastic properties was identified as AlgFe;,-
Co30Cry4Niye. This study underscores the synergistic potential of
combining ML and first-principles methods to expedite the
rational design of high-performance HEAs.

Machaka [146] developed a systematic framework, as shown in
Figure 6A, for employing ML to classify the solid-solution phases

of HEAs using a dataset comprising 1460 entries from 438 peer-
reviewed studies, which included 36 metallurgy-specific predic-
tor features. This framework integrates six methods of feature
selection, the construction of feature ensembles, and eight ML
classifiers, including RF, SVM, kNN, and NN. The performance of
the classifiers was evaluated based on accuracy, kappa index,
receiver operating characteristic (ROC) curves, and area under
the ROC curve. RF, SVM, kNN, and NN demonstrated high ac-
curacy rates of 97.5%, 95.8%, 94.5%, and 94.0%, respectively, along
with high AUC values, as shown in Figure 6B,C, underscoring
their effectiveness in phase classification. VEC was identified as
the most significant descriptor, which is consistent with the
findings of Islam et al. [147]. The validity of the model and the
significance of ML were further demonstrated by the successful
prediction of phase stabilization and transitions, as well as by
resolving discrepancies between experimental and ab initio cal-
culations for the NiCoFeCrAl, alloy system.

The vast combinatorial space of model-descriptor combinations
poses a significant challenge in selecting optimal ML models
and descriptors for predicting phase formation in HEAs. To
address this, Zhang et al. [152] developed a framework based on

1
1 A :
1 .
| Data Collection P Input Data > Machine Learning $» Outp :
1
1
- = = 75/25 i
1 FSclenceDwect—l ) Stratifies sampling !
1 Web of Science H
' | Google Scholar 1
1
| |
: Data Filtering Subsel :
i Data Collection . 2 altase;hglte/d t? d Feature Selection L 1
1 HEAs & multi-principal | (— |~ Sindle a’/’ . yaisol Feature P Performance )
; alloys SIS Selection 1
1 Algorithms :
1
1 Majority Vote :
1 N
f - AUC - ROC 1
: Data Selection le::taf;t "‘5{?"9"'?9 / :
1 Experimental Studies Slucihprocikel Best Features |
1 alloys i
: Classification 1
: Algorithms -
1
: New Dataset(Full) 441 BCC Classify 1
. \/ 1
1 438 articles 354 FCC | J :
: 1460 entries 101 FCC + BCC Validate in 1
f 42 Features 36 Features Testing Subset ’ :
1 )
1
1
' i
: B T T T T i T C :
: 104 ~ | 104 T T T T T T /_ 1
| (I 7 :
" e 4 1
! 0.8 E 0.8 = ose | !
1 — 10.96 1
: / 094 1
. R | | zel Il LA o L 1 l
: Lo i o@s G0 0As = o0 005 aio oas 020 1
i E=] (1-Sensitivity) = (1-Sensitivity) 1
: g BCC SSS Classification % | ECC SSS Classification :
i v 04 o 0.4 = e 1
—— LDA(AUC=098) / — LDA(AUC =0.95) H
i —— KNN (AUC =0.98) —— KNN (AUC = 0.96) H
! —— NB(AUC =0.98) / — NB(AUC=0.96) |
: —— DT(AUC =097) 024 | —— DT(AUC=094) | I
; 02+ —— NNET(AUC=0.98) ] : / — NNET (AUC =0.98) |
H —— GLMNET(AUC=0.98) p —— GLMNET(AUC=0.96) 1
1 —— SVYM(AUC =0.99) i —— SVM (AUC =0.98) !
. 0.04 —— RF(AUC=0.99) ool T RF(AUC=099) !
1 T T T T T T T T T T T :
! 0.0 02 0.4 0.6 0.8 10 0.0 0.2 0 0.8 1.0 -
1
1
1 1

(1-Sensitivity)

.4 0.6
(1-Sensitivity)

FIGURE 6 | Machine learning workflow and validation results for multiclass classification of solid-solution phases. (A) The ML framework

consists of initial feature selection using all 36 features; application of Boruta, LVQ, RF-RFE, and SVM-RFE for feature reduction; ranking of

features by importance via majority vote; creation of seven top-ranked feature ensembles; and evaluation of classifier performance using accuracy,

kappa index, and AUC. (B) ROC curves for validating the classification of BCC single-phase solid solution and (C) FCC single-phase solid
solution. Both show higher performance for RF, SVM, kNN, and NN models. Reproduced with permission from Ref. [146]. Copyright 2021, Elsevier.
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a genetic algorithm (GA) to optimize both model selection and
descriptor subsets, as shown in Figure 7A. The study con-
structed a descriptor space comprising 70 features derived from
elemental, thermodynamic, structural, and DFT-based param-
eters and assessed nine ML classifiers, as listed in Figure 7B. GA
was employed to systematically identify the optimal combina-
tion of descriptors and classifiers, significantly boosting pre-
dictive performance and achieving classification accuracies of
88.7% (Figure 7B) for distinguishing solid-solution (SS) from
non-solid-solution (NSS) phases and 91.3% (Figure 7C) for
differentiating FCC, BCC, and dual-phase (DP) HEAs. Huang
et al. [7] employed three ML algorithms—kNN, SVM, and
ANN—to classify HEA phases using an experimental dataset of
401 samples derived from the work of Miracle and Senkov [10].
The study applied five key features—VEC, 8, Ay, ASmix, and
AHpix—for the theoretical correlation with the phase stability.
Among the models, the multilayer feedforward neural network
(MLFFNN), illustrated in Figure 8A, showed the highest
average testing accuracy of 74.3% for three-phase classification
and up to 94.3% for binary classifications, surpassing kNN and
SVM. Figure 8B-D illustrates how the average testing accuracy

changes depending on the number of neurons used in the three
hidden layers of the neural network, labeled n,, n,, and ns. This
study further highlights the superior ability of ANN to handle
the complex and nonlinear nature of HEA phase prediction,
underscoring the importance of carefully optimizing the
network architecture.

Assignificant challenge in predicting HEA phases is the scarcity of
high-quality experimental data, which often leads to uneven data
distributions, overfitting, and limited model generalization. To
address the limitations associated with small datasets, Wu et al.
[5] utilized a generative adversarial network (GAN) to augment
an initial dataset of 544 HEA configurations, as illustrated in
Figure 8E. The augmented data were used to train and optimize
ML models, such as SVM, ANN, RF, gradient boosting decision
tree (GBDT), and logistic regression (LR), via hyperparameter
tuning with the Optuna framework. SVM, ANN, and RF models
were used to predict the SS, IM, and AM phases, whereas RF,
GBDT, and LR were applied to classify FCC and BCC structures
within the solid-solution phases. The augmented dataset signifi-
cantly improved model performance in multiphase classification:
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FIGURE 7 | Genetic algorithm (GA)-driven ML framework for optimizing descriptor subsets and model selection in solid-solution phase
classification. (A) GA loop taking material descriptor space and ML model pool as input, iteratively optimizing a fitness function until a stopping
criterion is reached, yielding the optimal model-descriptor combination. (B) Comparison of nine ML models using descriptor subsets selected by
least absolute shrinkage and selection operator (LASSO), RF, gradient tree boosting (GTB), sequential feature selection (SFS), and GA. Solid-

solution versus non-solid-solution classification shows SVM.rbf with GA descriptors as the best model. (C) FCC, BCC, and dual-phase
classification shows NN with GA descriptors as the best model. Reproduced with permission from Ref. [152]. Copyright 2020, Elsevier.
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SVM achieved 94.77% accuracy, ANN 94.3%, and RF 93.8%
(Figure 8F). For the FCC/BCC classification, RF achieved the
highest accuracy at 98%, followed by GBDT at 92% and LR at 85%.
This approach highlights the growing trend in alloy design, where
generative models are employed not only for data augmentation
but also for material discovery and design. For instance, Li et al.
[153] developed cardiGAN, a GAN-based framework capable of
generating novel multiprincipal element alloy (MPEA) compo-
sitions with targeted phase characteristics. One of the predicted
compositions, AlsCogCussFe 9Niy;Vy,, was experimentally vali-
dated and found to form a stable FCC phase. These studies
illustrate that data-driven ML techniques can effectively over-
come the limitations of small experimental datasets using tech-
niques such as data augmentation, thereby enhancing model
performance and generalizability. They highlight the power of
generative models to explore vast compositional spaces and
accelerate the discovery of high-potential HEAs and related alloy
systems. Phase prediction plays a crucial role in alloy production,
as it aids in the selection of compositions that are most likely to
form desired phases, which, in turn, affect the material's prop-
erties. By accurately predicting phase formation, alloy designers
can narrow down potential candidates, thereby minimizing the
necessity for extensive trial-and-error experimentation in the
laboratory. Additionally, phase prediction helps optimize
manufacturing processes by identifying alloys that are more likely
to remain stable under varying processing conditions, such as
different temperatures and pressures.
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ML has also been employed in the study of complex
composition—property relationships in HEAs, leading to the
design of alloys with customized mechanical and functional
properties. The development of HEAs with high yield strengths
at elevated temperatures remains a significant challenge due to
the inherent complexity of the alloys and the associated costs
and difficulties in conducting high-temperature experiments on
them. To address this, Bhandari et al. [138] developed an ML
approach using an RF regression model, shown in Figure 9A, to
predict the yield strengths of HEAs at various temperatures.
Using a dataset of 238 samples, which included compositional,
physical, and thermodynamic features, such as density, entropy
of mixing, and bulk modulus, the model was trained to predict
the yield strength across a range of temperatures. After
removing multicollinearity through statistical analysis, the
optimized feature set was used to construct the RF model,
achieving a prediction accuracy of 93%-97% (Figure 9B). The
model accurately predicted the yield strengths of MoNbTaTiW
and HfMoNbTaTiZr HEAs at 800°C and 1200°C, with the pre-
dicted values closely matching the experimental results. For
instance, MoNbTaTiW had predicted yield strengths of 709 and
572 MPa at 800°C and 1200°C, respectively, compared with the
experimental values of 674 and 585 MPa. The model was also
used to predict the performance at 1500°C, demonstrating its
potential for high-temperature applications where experimental
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FIGURE 8 | Neural network architecture, classification performance, and GAN-based data augmentation for improved solid-solution phase
prediction. (A) A multilayer feedforward neural network (MLFFNN) with five inputs, three hidden layers, an output layer, and three bias nodes
for phase classification. (B) Scatter plots corresponding to the binary classification task using the MLFFNN for SS and IM; (C) SS + IM and IM;
(D) SS and SS + IM. The darker the color in the scatter plot, the higher the accuracy. The solid black lines connect the data points
corresponding to the highest testing accuracy for a fixed ns, as n; and n, vary from 5 to 30 in Panels (B) and (C) and from 10 to 50 in Panel (D).
The viewpoint of these plots is parallel to the n; — n, plane. Reproduced with permission from Ref. [7]. Copyright 2019, Elsevier. (E) Integration
of ML and generative adversarial network (GAN) models for data augmentation and model optimization. GAN-based augmentation generated
five datasets (100-500 samples), each merged with the original data. The augmented datasets underwent tenfold cross-validation and
hyperparameter tuning to optimize model performance. (F) Prediction accuracy of the model before and after data augmentation. Labels such as
“Gen_0” to “Gen_500” indicate datasets consisting of the original data augmented with 0-500 GAN-generated samples. The plot shows that
augmenting the dataset leads to noticeable improvements in accuracy across all three models. Reproduced with permission from Ref. [5].
Copyright 2024, Royal Society of Chemistry.
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FIGURE 9 | Application of supervised learning models for predicting and evaluating mechanical properties of HEAs, including yield strength and
Young's modulus. (A) A general flowchart of the random forest regressor model showing multiple decision trees with majority voting. (B) Yield
strength predictions at 800°C using the random forest regressor for MoNbTaTiW. Reproduced with permission from Ref. [138]. Copyright 2021,
Elsevier. (C) Performance comparison of eight ML models for predicting the Young's modulus of CuFeNiCrCo HEAs. Panel (D) shows the KELM

model prediction results for the test set for Young's modulus. In this panel, the red line represents the benchmark value from the equiatomic

sample; points above the line are classified as “good,” whereas points below are classified as “weak.” (E) Stress-strain curves of polycrystalline
HEA samples with varying compositions under uniaxial tension, highlighting the effect of elemental composition on mechanical performance.
Reproduced with permission from Ref. [154]. Copyright 2021, the authors.

data are limited. This study highlights the potential of ML
methods, particularly RF models, to expedite HEA design by
providing accurate and cost-effective predictions of key me-
chanical properties in scenarios where conventional experi-
mental methods are challenging to implement or impractical.

Zhang et al. [154] successfully leveraged the synergy between MD
simulations and ML to predict the mechanical properties of
nonequiatomic CuFeNiCrCo HEAs. The researchers built an
extensive database from the tensile test results of 900 single-
crystal HEA samples generated through MD simulations,
capturing the complex relationship between the elemental
composition and mechanical behavior. They examined eight ML
models: Naive Bayes (NB), k-NN, linear discriminant analysis
(LDA), SVM, extreme learning machine (ELM), kernel-based
extreme learning machine (KELM), deep neural network
(DNN), and stacked autoencoders (SAE). Among these, the
KELM model emerged as the most effective, achieving approxi-
mately 90% accuracy for yield stress prediction and an un-
weighted average recall (UAR) of 92.2% for Young's modulus
(Figure 9C). The robustness of the model was further validated by
the successful prediction of the mechanical performance of large-
sized HEA polycrystals, demonstrating strong generalization

beyond single-crystal data (Figure 9E). This study highlights the
powerful potential of integrating computational simulations with
ML techniques to accelerate the prediction and optimization of
mechanical properties, thereby addressing the challenge of data
scarcity.

The discovery of HEAs with optimal mechanical properties re-
mains challenging owing to the vast compositional space and
the inefficiencies of traditional trial-and-error methods. Recent
initiatives have increasingly focused on leveraging ML and
active learning frameworks to expedite the discovery of HEAs
with enhanced hardness, as illustrated in the studies by Wen
et al. [144] and Zhao et al. [155]. Wen et al. [144] developed an
ML-assisted framework for designing HEAs with enhanced
hardness within the Al-Co-Cr-Cu-Fe-Ni system. The overall
approach, which integrates ML with an iterative experimental
design (Figure 10A), employs two parallel strategies: one based
solely on compositions and the other incorporating physical
descriptors to systematically guide the discovery of alloys. A
dataset of 155 experimentally measured HEAs was assembled
from the literature and in-house experiments to train and vali-
date the models, representing only a small fraction of the nearly
1.9 million possible compositions generated by discretizing the
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FIGURE 10 | Leveraging ML and active learning frameworks for accelerated HEA design and optimization. (A) Iterative ML and design of
experiments (DOE) frameworks for the accelerated design of HEAs with enhanced hardness. Iteration Loop I uses compositions alone to train an
ML surrogate model, predict hardness, and guide experimental selection via an expected improvement (EI) utility function. Iteration Loop II
improves the model by incorporating physical descriptors related to elemental properties, thereby enhancing the search efficiency and accuracy of
the model. The experimental feedback after each iteration continuously refines the model to discover alloys with superior hardness.
(B) Performance of the iterative ML-guided alloy design strategy (Iteration Loop II) indicating predicted versus experimentally measured hardness
of alloys synthesized during successive iterations, showing strong agreement and model robustness. (C) Evolution of the measured hardness
across iterations, with newly discovered alloys consistently surpassing the maximum hardness of the original training dataset. The methodology
demonstrated rapid convergence toward superior alloys within only seven experimental cycles. Reproduced with permission from Ref. [144].
Copyright 2019, Elsevier. (D) A machine learning framework incorporating GAN to augment the data and active learning to screen the Al-Co-Cr-
Cu-Fe-Ni system. The GAN architecture includes a generator and discriminator. The generator takes random noise matching the input data's
dimensions and learns to produce synthetic data that mimic the original distribution. Reproduced with permission from Ref. [155]. Copyright

2024, Elsevier.

compositional space at 1 at% intervals. Various ML models,
including linear regression, support vector regression (SVR),
decision trees, k-NN, and NN, were evaluated. Among them,
SVR with a radial basis function kernel (SVR.r) was chosen for
its superior performance, as determined by tenfold cross-
validation and the bootstrap method. The methodology inte-
grated ML predictions with an expected improvement (EI)
utility function to iteratively guide the selection of alloys. The
experimental results from each cycle were incorporated back
into the training set to progressively refine the model, ultimately
leading to the discovery of Al-rich and Cu-lean compositions
exhibiting a hardness up to 14% greater than that of the best
alloy in the initial dataset.

Building upon these advances, Zhao et al. [155] further expanded
the methodology by incorporating a larger initial dataset (409
alloys), using generative adversarial networks (GANs) to
augment the data, and employing active learning with extreme
gradient boosting (XGBoost) as the master model (Figure 10D).

This framework evaluated nearly 4 million potential composi-
tions within the Al-Co-Cr-Cu-Fe-Ni system, discovering Al-rich
HEAs (Al46C0,,Cr;6CusFegNi, and AlyoCo;6CrisFesNig) that
exhibited ultrahigh microhardness (> 740 HV) and surprisingly
low densities (< 5.9 g cm™3). Microstructural analysis revealed
that in both studies, the increase in hardness was primarily
attributed to phase transformations that favored the hard BCC
and B2 structures. Zhao et al. [155] specifically attributed this
strengthening to the precipitation of disordered Cr-rich BCC
nanoparticles within an ordered AlCo-rich B2 matrix. As shown
in Figure 10B,D, the strong correlation between the predicted and
experimental hardness values in both studies highlights the
effectiveness of integrating ML models with active learning stra-
tegies for efficient HEA design. These advancements in ML-
driven HEA design not only demonstrate the rapid optimization
of mechanical properties, such as hardness and strength, but also
suggest promising avenues for extending similar frameworks to
other critical properties, including corrosion resistance, thermal
stability, and wear resistance of HEAs.
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In addition to elemental, thermodynamic, physical, and compo-
sitional features, fabrication methods are increasingly being
incorporated as input parameters in property-prediction models.
This integration is essential because different processing tech-
niques can produce significant variations in properties, even
among HEAs with the same composition [148, 149]. Zhu et al.
[148] developed a DNN model that specifically encodes fabrica-
tion methods, such as as-cast and laser additive manufactured
(LAM), as input features via one-hot encoding, as shown in
Figure 11. Using a curated dataset of 324 HEA samples (209 as-
cast and 115 LAM), this model combined elemental, thermody-
namic, physical, and manufacturing data to predict the Vickers
hardness. To compensate for the relatively small dataset, a con-
ditional generative adversarial network (CGAN) was employed to
generate an additional 67 synthetic samples, enhancing data di-
versity. The improved model achieved a mean absolute error
(MAE) of 44.6 and an R* of 0.85, surpassing the models that
excluded the processing features (MAE = 61.4, R?>=0.71). These
findings underscore the significance of processing history in ML
models for property prediction, demonstrating that omitting
fabrication features can result in systematic prediction errors.
Although data augmentation with CGAN offered modest im-
provements owing to the limited initial dataset size, the approach
established a scalable framework for future work, where larger
and more balanced datasets could further enhance prediction
accuracy. Bakr et al. [149] similarly emphasized the significance
of the fabrication route, incorporating manufacturing route
(casting or powder metallurgy) information into hardness
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FIGURE 11 |

prediction models and achieving a high regression value of 0.88
using a dataset of 427 HEA samples.

Modeling the strengthening mechanisms in ML remains a
challenge, particularly because of the difficulty in obtaining
accurate model parameters, such as the volume fraction and
antiphase boundary energy, for complex alloys [137, 156]. To
overcome these limitations, Li et al. [137] proposed a method
that integrates ML with precipitation-strengthening theory to
guide the design of high-strength high-entropy/medium-en-
tropy alloys. As illustrated in Figure 12A, the authors developed
a framework that combines physical strengthening models with
data-driven predictions using the AutoGluon-Tabular ML plat-
form, trained on a dataset of 21 L1,-strengthened AlTiCoCrFeNi
alloy specimens. The strong correlation between the predicted
and experimental values for the key precipitation parameters
further validated the reliability of the ML approach. This
approach enabled the high-throughput screening of nearly
230,000 alloy compositions, leading to the experimental syn-
thesis of the AlsTigCoyFe;Niy alloy, which achieved an
impressive yield strength of 1.15 GPa, approximately 10% higher
than that of the best previously reported L1,-strengthened
AlTiCoCrFeNi HEAs (Figure 12B). Li et al. [156] also effectively
employed an ML regression model to predict the volume frac-
tion of L1, precipitate phases, as well as the hardness, yield
strength, and plasticity of Fe-Co-Ni-based HEAs, achieving an
accuracy of 92%. Their approach facilitated the design and
optimization of four Fe-Co-Ni-based HEAs with optimized
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microstructure and performances, as shown in Figure 12C,D.
These studies demonstrate that embedding physical strength-
ening models into ML frameworks can significantly enhance the
predictive accuracy and efficiency of alloy design, offering a
scalable method for developing next-generation high-perfor-
mance structural materials.

Corrosion has wide-ranging societal and economic impacts,
often resulting in catastrophic damage in structural compo-
nents. HEAs have emerged as a promising class of corrosion-
resistant materials due to their ability to form homogeneous
single phases and incorporate elements with strong passivation
tendencies. However, the extensive range of possible composi-
tions and configurational space makes discovery through trial-
and-error or brute-force computation impractical. ML offers a
pathway to overcome these challenges by facilitating high-
throughput composition-property mapping and targeted mate-
rials selection. In a recent study, Zeng et al. [157] developed a
physics-informed ML framework, as shown in Figure 13A, to
identify corrosion-resistant HEAs, specifically focusing on
AlCrFeCoNi systems. The approach integrated a random forest
classifier, trained on an experimental dataset of 1807 entries, to
predict the formability of single phases, with ML interatomic
potentials trained on 1569 first-principles structures to compute
surface energies and Pilling-Bedworth ratios (PBRs) for Cr ox-
ides. This methodology enabled the mapping of these three
corrosion-relevant metrics across a broad spectrum of Al and Cr
compositions, showing that low Al (~< 10 at%) and ~18 at% Cr
compositions are likely to produce single-phase alloys with low
surface energies and appropriate PBRs, aligning with experi-
mentally observed high corrosion resistance. The corrosion-
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property maps clearly identify these optimal regions, providing
a data-driven basis for selecting compositions (Figure 13B-D).
By directly connecting composition to passivation behavior, film
compactness, and surface stability, this approach demonstrates
the powerful synergy between ML and HEA design, providing
not only a quicker path to corrosion-resistant alloys but also
deeper mechanistic insight to guide future alloy development.

2.3 | Microstructure Analysis

Although predicting mechanical properties offers important in-
sights into the performance of HEAs, a thorough understanding
necessitates connecting these properties to the underlying
microstructure. Features such as phase distribution, grain
boundaries, and defect density not only determine strength,
toughness, ductility, and corrosion resistance but also act as key
inputs and validation points for ML models. Analyzing these
microstructural parameters enables researchers to interpret
observed property trends, enhance predictive models, and design
alloys with optimized performance. Moreover, microstructure
examination reveals how materials respond under specific con-
ditions, such as stress, temperature, and corrosive environments,
thereby aiding in predictive mechanical behavior and potential
service failures. ML is increasingly being applied to microstruc-
ture analysis to automate, accelerate, and enhance the interpre-
tation of complex material structures at the microscopic scale
[158-160]. Important applications include image classification
[150], microstructural segmentation [159], grain size and shape
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FIGURE 12 | Synergistic integration of physical strengthening models and ML enables accelerated discovery and optimization of high-strength

HEAs. (A) Framework combining precipitation-strengthening theory, considering volume fraction and antiphase boundary energy of LI,
nanoprecipitates, with AutoGluon-Tabular ML for alloy design. (B) Comparison of the yield strengths of the designed alloys with those of existing
L1,-strengthened AlTiCoCrFeNi HEAs, showing a 10% improvement with AlsTis. Reproduced with permission from Ref. [137]. Copyright 2023,

Elsevier. (C) Room-temperature tensile performance of L1,-strengthened Fe-Co-Ni-based HEAs discovered through ML regression across a vast

compositional space and (D) the discovered alloys show excellent strength and plasticity compared with various conventional alloys. Reproduced

with permission from Ref. [156]. Copyright 2024, Springer Nature.
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data, with red squares for single phase and green circles for multiphase alloys. The maps highlight compositional regions with low Al and ~18

at% Cr that combine desirable corrosion-resistance metrics. Reproduced with permission from Ref. [157]. Copyright 2024, Elsevier.

relationships, defect detection, and the generation of synthetic
microstructures. These capabilities are particularly valuable for
processing large datasets generated by advanced characterization
techniques, such as X-ray diffraction (XRD), transmission elec-
tron microscopy (TEM), scanning electron microscopy (SEM),
and atom probe tomography (APT). By minimizing reliance on
manual interpretation, ML models not only enhance analytical
throughput and reproducibility but also uncover subtle patterns
that may elude traditional analysis techniques.

Biswas et al. [159] presented an innovative approach for seg-
menting microstructural images of steel using an ensemble of
attention-guided U-Net models applied to different color-
transformed images. This technique notably enhances the accu-
racy and robustness of segmentation in metallographic images,
thereby improving the understanding of material properties and
behavior. DeCost et al. [161] also employed computer vision and
ML techniques, specifically bag of visual words (BoW), vector of
locally aggregated descriptors (VLAD) encoding, and CNNs, to
analyze and classify the complex microstructures of ultrahigh
carbon steel (UHCS) from SEM images, achieving high accuracy
in identifying primary microconstituents and annealing condi-
tions. Kaufmann et al. [162] utilized two popular deep neural
network architectures, ResNet-50 and Xception, to autonomously
classify crystal structures from EBSD patterns, achieving overall
accuracies exceeding 90% with both models. To address the issue
of small data sizes, data augmentation techniques have been
employed in conjunction with ML to generate synthetic data for
microstructural images [163].

Despite its potential, the application of ML for the microstruc-
tural analysis of HEAs is still in its infancy. Mishra and Rahul
[150] conducted a comparative study of various deep learning

architectures for microstructure classification. The authors
employed convolutional neural network (CNN) models, such as
ResNet, DenseNet, Inception, and MobileNet, as well as ML
models, including support vector classifier (SVC), tree-based
models, and multilayer perceptron (MLP)-based models. These
models were used to classify six distinct microstructure types:
columnar, dendritic, fully eutectic, eutectic + dendritic, grain,
and precipitation strengthening. The dataset comprised 500
images of nonferrous alloys, such as HEAs, superalloys, Al al-
loys, and Cu alloys, primarily sourced from laboratory SEM
studies and the literature. By reducing the depth and width of
the networks, they developed models with fewer parameters
than the baseline model. The DenseNet-based model out-
performed others, as shown in Figure 14B, with training, vali-
dation, and testing accuracies of 97.45%, 96.26%, and 94.89%,
respectively. Figure 14A illustrates the architecture of the
DenseNet-based model, which comprises 421,674 parameters
(10,930 of which are nontrainable). The model consists of an
input layer, convolutional layers, four dense blocks, three
transition blocks, and a fully connected layer. The confusion
matrix in Figure 14C illustrates the predictive performance on
the test dataset, showing over 95% accuracy for all classes except
the eutectic + dendritic category, which achieved slightly lower
accuracy. This model was used to classify the microstructures of
HEAs, FeCoNiCrTag3; and FeCoNiCrTag4, and the results
showed good agreement. Thus, this study highlights the po-
tential of the CNN architecture, particularly the DenseNet
model, in accelerating the identification of complex HEA mi-
crostructures by effectively classifying microstructures with
limited data.

Ragone et al. [164] developed a deep learning framework uti-
lizing a fully convolutional neural network (FCN) to map the
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FIGURE 14 | Deep learning frameworks for microstructure classification and atomic-scale element distribution prediction in HEAs. (A) DenseNet-
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the predictive capabilities of the DenseNet-based model on the test dataset, showing over 95% accuracy for all categories except the
eutectic + dendritic class, where the accuracy was lower. Reproduced with permission from Ref. [150]. Copyright 2021, Elsevier. (D) Modeling
framework for predicting element distribution in PtNiPdCoFe HEAs, where DFT and evolutionary approach generate atomic models and
simulated images to train a deep learning model that maps atomic column heights for each element via semantic segmentation. (E) Prediction of
atomic column heights for each chemical element performed by the DL model applied to a simulated HAADF-STEM image randomly selected
from the dataset. The predicted column heights (CHs) for Pt, Ni, Pd, Co, and Fe, along with the true values and R? values, indicate the goodness
of fit. Pt and Pd exhibited the highest R* values calculated between the predicted and true heights. (F) Prediction results of the DL model applied
to an experimental HAADF-STEM image of a PtNiPdCoFe HEA, showing the predicted atomic fractions of the five elements within the central

region columns. Reproduced with permission from Ref. [164]. Copyright 2022, Elsevier.

element distribution in HEAs using scanning transmission
electron microscopy (STEM) images, as illustrated in
Figure 14D. Their work focused on PtNiPdCoFe HEAs, aiming
to correlate the pixel intensities in STEM images with the
number of atoms of various elements in atomic columns
through semantic segmentation. The dataset comprised 10,000
simulated high-angle annular dark-field (HAADF) STEM im-
ages generated from realistic atomic models derived from DFT
and evolutionary algorithm (EA) calculations, along with the
corresponding ground truth data for training and testing the
model. The FCN was trained to predict the column heights
(CHs) for each element, achieving a maximum error of three
atoms for most of the columns, with the majority of predictions
accurate to within one atom. This high accuracy is illustrated in
Figure 14E, which shows the predicted column heights for Pt,
Ni, Pd, Co, and Fe, alongside the true values and R* values,
indicating the goodness of fit. When applied to experimental
HAADF-STEM images, the model successfully captured the
irregular fluctuations and local aggregations of elements within
the columns, particularly for Pt, which exhibited the most
notable local aggregations with atomic fractions reaching up to
60% (Figure 14F). This study demonstrates the potential of deep

learning in providing detailed insights into the atomic-scale
distribution of elements in HEAs, offering valuable informa-
tion on their structural properties and guiding future material
design.

In addition to automated microstructure analysis, ML tech-
niques can facilitate inverse material design by linking micro-
structural images with chemical compositions and mechanical
properties [165]. Pei et al. [165] developed an ML framework to
differentiate between morphologically similar martensitic and
ferritic steels using 621 SEM images from 27 samples. This
method utilized a variational autoencoder (VAE) combined
with a regression model (Figure 15) to map high-dimensional
image data into a low-dimensional latent space, effectively
identifying subtle distinctions and emphasizing key elements
such as Fe, Mn, B, and N. Expanding on this, the authors
reversed the regression model's flow to create a “designer”
network capable of deducing alloy compositions from desired
microstructural characteristics, achieving the complex task of
inverse design of alloys. This approach presents a promising and
transferable framework for expediting the discovery of HEAs
while minimizing experimental effort and cost.
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2.4 | Process Parameter Optimization

Various fabrication techniques have been employed to synthe-
size HEAS, such as vacuum arc melting (VAM), spark plasma
sintering (SPS), magnetron sputtering deposition, thermal
spraying, laser cladding, and selective laser melting (SLM).
VAM, as shown in Figure 16, is the most common method for
synthesizing HEAs. It involves melting metals in a sealed vac-
uum chamber filled with high-purity argon to prevent oxidation.
A tungsten electrode generates an arc to melt the metal, and
multiple remelting cycles ensure complete homogeneity of the
melt [166]. SPS is a rapid consolidation technique that uses
pulsed direct current and uniaxial pressure (25-150 MPa) to
sinter powders, facilitating the fabrication of dense HEAs from
powders at relatively low temperatures and short processing
times. This technique enhances densification, reduces porosity,
and refines the microstructure, thereby improving the me-
chanical properties of HEAs [167]. Conversely, laser cladding is
a surface modification method used to apply HEA coatings by
melting a feedstock material with a high-energy laser beam onto
a substrate, creating a strong metallurgical bond [168, 169].
HEA coatings produced using this method exhibit enhanced
hardness, thermal stability, and excellent wear resistance [168,
170]. The SLM process has been used to fabricate complex HEA
components by selectively melting metal powders in a layer-by-
layer manner using a high-energy laser, with powder layer
thicknesses typically ranging from 20 to 100 um [171, 172]. The
powder bed fusion technique allows precise geometric control
and tailored microstructures, making it a valuable tool in
advanced HEA manufacturing. These fabrication techniques

vary in terms of processing conditions, compositional flexibility,
and resulting properties.

To fabricate HEAs effectively, it is crucial to fine-tune the pro-
cess parameters to achieve the desired microstructure, reduce
defects such as porosity and cracking, and obtain the desired
mechanical properties. Poor control over these parameters can
compromise the performance and reliability of the parts. Typi-
cally, optimization involves a combination of experimental trials
and computational modeling to determine the optimal param-
eter sets [173-175]. In situ monitoring and postprocess testing
further enhance process refinement. Although experimental
trials are straightforward and intuitive to implement for
exploring process behavior, they can be time-consuming and
inefficient when multiple parameters and their interactions
need to be evaluated simultaneously. Conversely, computational
modeling provides a robust method for simulating and pre-
dicting the effects of process parameters, thereby reducing the
need for extensive physical trials. Vogiatzief et al. [173]
employed response surface methodology (RSM) to systemati-
cally optimize laser power, scanning speed, and hatch spacing in
the laser powder bed fusion of AlyoCryoFe; Ni,; HEA. RSM
combines experimental and computational techniques—in this
case, the Box-Behnken design and fitting a quadratic model to
experimental data. Lin et al. [174, 175] applied polynomial
regression modeling to optimize the SLM process parameters for
a FeCoCrNi HEA, resulting in an almost fully dense material
(99.78%) with enhanced mechanical properties, including a
yield strength of 701 MPa, tensile strength of 907 MPa, and
elongation at fracture of 30.8% [174].
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ML is adept at capturing complex, nonlinear, and high-
dimensional interactions among process parameters and out-
comes, often with greater predictive accuracy. Its scalability,
generalization capabilities, and support for real-time automated
optimization make it particularly suitable for dynamic material
processing environments. In additive manufacturing (AM), ML
effectively addresses challenges such as the interdependence and
nonlinearity of process parameters, including power, scan speed,
layer thickness, and hatch spacing [176, 177]. Rankouhi et al.
[176] employed a multivariate Gaussian process regression model
to optimize process parameters in the SLM of 316L-Cu multi-
material parts. By leveraging high-throughput experimental data
on density and surface roughness, the model predicted the
optimal laser power, scan speed, and hatch spacing for different
alloy compositions. Park et al. [177] developed an ML-based
optimization system for SLM to improve the quality of Ti-6Al-
4V parts for biomedical applications. The authors used a deep
neural network to correlate four key process parameters (laser
power, laser scanning speed, layer thickness, and hatch distance)
with the part density ratio and surface roughness. The model,
trained on 2048 data points, achieved an R? value of 99%,
demonstrating high accuracy. In addition, a graphical user
interface (GUI) was developed to facilitate parameter selection
and enhance user convenience. Thus, ML has the potential to
reduce the need for numerous costly trial-and-error experiments,
which often result in cumbersome and inefficient process
parameter optimization and limited accuracy.

The integration of ML into the optimization of process parameters
for HEAs is still in its early stages. Wang et al. [178] proposed a
dimensionally augmented and physics-informed ML method to
predict and optimize the process parameters of SLM for fabri-
cating CoCrFeNiMn HEA components. This study employed a
dataset comprising 110 samples created under systematically
varied process parameters: laser power, hatching space, scanning
speed, and layer thickness. Based on this dataset, the researchers
trained four ML models, including ANN, Bayesian network (BN),
SVM, and RF, to predict critical AM quality metrics: surface

roughness and relative density. Feature engineering expanded the
original 4-dimensional parameter set into a 206-dimensional
space, whereas domain-specific physical features, such as peak
melt pool temperature and Marangoni flow, were integrated to
enhance model performance (Figure 17A) for the modeling
strategy framework. The study assessed the predicted and
experimental results using R?, mean squared error (MSE), and
mean absolute percentage error (MAPE) to evaluate the four ML
strategies for top-layer surface roughness and relative density, as
shown in Figure 17B,C, respectively. SVM consistently demon-
strated the highest prediction accuracy and generalization, with
the best outcomes achieved by a dimensionally augmented and
physics-informed model. This study demonstrates that ML
models not only improve the prediction fidelity of HEAs but also
provide practical guidance for optimizing SLM parameters,
thereby minimizing costly trial-and-error processes and
enhancing material processing efficiency and quality.

To accurately predict the mechanical properties of alloys, both
their composition and postprocessing parameters must be taken
into account. Relying solely on composition overlooks the
microstructural alterations caused by fabrication processes,
resulting in unreliable predictions of properties, such as yield
strength. Bajpai et al. [179] developed a residual ensemble
learning model (RELM), a hybrid ML framework combining RF
and gradient boosting regressors, trained on a dataset of 543
CoCrFeMnNi-based FCC HEAs (Figure 18A). The model in-
corporates both compositional features and critical processing
parameters, such as annealing temperature, annealing time, and
degree of plastic deformation, all of which significantly influ-
ence dislocation density and grain structure. To improve the
model's fidelity and interpretability, physics-informed de-
scriptors such as elastic modulus, lattice distortion, and mixing
entropy were incorporated. RELM demonstrated high predictive
accuracy (R? = 0.915) and outperformed traditional models
(Figure 18B). As shown in Figure 18C, feature importance an-
alyses using SHAP and partial dependence plots identified
processing parameters, especially annealing temperature and
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time, as the most influential factors in determining yield
strength. The model further guided the design and optimization
of two new HEAS, Co,(CrigFe,oMn;¢NisyAl, and Co,4Crys-
Fe;,Mn,6NiygAl,Siy, which achieved experimentally validated
yield strengths of 842 and 937 MPa, respectively. This study
emphasizes the importance of integrating postfabrication pa-
rameters into data-driven alloy design and highlights the po-
tential of the RELM as both a predictive and interpretive tool for
optimizing processing conditions in HEAs.

3 | Challenges and Future Directions
3.1 | Limitations of Data-Driven Approaches

ML leverages mathematical and statistical models to efficiently
analyze large datasets, facilitating the discovery of new mate-
rials. By capturing complex nonlinear correlations between
input parameters and process outcomes, ML enhances the un-
derstanding of the process-structure-property paradigm in
HEAs. However, ML faces numerous challenges. The successful
application of ML in the study and design of materials heavily
depends on the availability of high-quality and extensive data-
sets. Often, data for ML are collected under varying experi-
mental conditions, necessitating meticulous calibration to
maintain consistency and reliability when integrating these
datasets. Moreover, generating experimental data for HEAs is
resource-intensive, time-consuming, and subject to variability.
This challenge is exacerbated under extreme conditions, such as
high temperatures or pressures, where experimental data are
limited. These challenges impede the development of compre-
hensive and reliable datasets, thus limiting the accuracy and
generalizability of ML models in HEA studies. When datasets
are limited, simpler ML models, such as linear regression and
SVM, often perform better than more complex approaches, such
as NNs, which are prone to overfitting owing to their high data
requirements [5, 133, 147, 180]. Overfitting occurs when a
model learns the training data too precisely, including their
noise or irregularities, which hampers its ability to accurately
predict outcomes on new, unseen data. The quality and diversity
of research data are thus vital for effective ML in the field of
materials science. For example, Islam et al. [147] reported that
their ML model for phase prediction was constrained by the
small size of the dataset, resulting in an accuracy that was lower
than expected when cross-validated, revealing the potential for
overfitting. Sharing both successful and “failed” experimental
results is essential, as negative data contribute to more balanced
datasets and improve the robustness of the model [139]. To
maximize their impact, these results should be openly published
(in an open data repository for HEAs) in standardized and
interoperable formats, thereby facilitating broader accessibility
and integration across the research community.

Interpretability remains a significant challenge in applying ML
models to HEAs [106, 117, 133, 181]. ML models such as NN
function as “black boxes,” offering limited insight into how
predictions are made [180]. This lack of transparency poses is-
sues in materials research, where understanding the underlying
physical mechanisms behind material properties is essential for
guiding experimental efforts and informing the design of new

alloys. Without transparent models, converting predictive re-
sults into practical scientific knowledge becomes a challenging
task. In addition, the difficulty in quantitatively assessing pre-
diction uncertainty is a notable issue. Uncertainties may arise
from model selection, sparse data, and noisy experimental ob-
servations. HEAs also present challenges in feature extraction
and representation owing to the lack of regularity in their
structures. Unlike ordered alloy systems, in which periodicity
and symmetry allow for simpler and more efficient descriptors,
disordered alloy systems require more complex representations.
These are computationally demanding and may fail to capture
the key properties that dictate material performance. Tech-
niques such as ensemble learning and hyperparameter tuning
can improve model accuracy but are also often computationally
intensive, particularly when dealing with high-dimensional data
from HEAs.

3.2 | Emerging Technical Breakthroughs

Integrating other computational techniques with ML offers a
promising approach to tackling the issue of limited data in HEA
research [152, 154, 164, 182]. High-fidelity simulations, such as
first-principles and MD, can generate detailed data on micro-
structural evolution and mechanical properties, whereas CAL-
PHAD simulations provide insights into phase transformations.
These methods collectively create a more comprehensive and
data-rich framework for designing and optimizing HEAs.
Moreover, ML models, such as generative adversarial networks
(GANSs), have become powerful tools for addressing data scar-
city in ML applications for HEAs [5, 148, 153]. By employing an
adversarial training process between a generator and a
discriminator, GANs can synthesize realistic and diverse data
samples that augment the limited experimental datasets avail-
able for HEAs, thereby improving the robustness and general-
ization of predictive models. Additionally, transfer learning
enables ML models initially trained on large datasets from
related alloy systems, such as ordered alloy systems, to be
adapted for HEAs, thereby significantly reducing the need for
large labeled datasets specific to the target HEA. Although these
methods only offer partial solutions, they have not yet
completely addressed the limited data challenge in HEA
research. As ML models become increasingly complex, building
high-quality, well-curated datasets is crucial for their effective
training and application. Even with large datasets, NNs are still
prone to overfitting, making careful design essential. Strategies
to mitigate overfitting in NN include regularization, thoughtful
neural architecture design and parameter sharing, early stop-
ping, balancing network breadth and depth, and employing
ensemble methods [5, 23, 136, 180].

Advancing interpretable ML algorithms is an essential step to-
ward uncovering the underlying physical mechanisms within
these models. Methods such as local interpretable model-agnostic
explanation (LIME) and SHapley Additive exPlanations (SHAP)
assess the impact of each input feature on a given prediction,
thereby offering insights into how compositional or processing
variables influence material properties [5, 156, 179, 183].
Furthermore, the integration of domain knowledge through
physics-informed ML helps ground model behavior in established
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scientific principles, thereby enhancing the transparency and
reliability of the predictions [178, 184]. Uncertainty quantifica-
tion (UQ) has become a crucial tool for detecting bias in pre-
dictions by evaluating the model's confidence in its outputs. An
emerging UQ method is an evidence-based recommender system
(ERS) for HEAs, which leverages Dempster—Shafer (DS) theory, a
generalization of the Bayesian method designed to manage
incomplete information and imperfect data [185]. UQ is essential
in inverse material design because it prevents overconfidence in
predictions, guides experimental prioritization, and helps re-
searchers distinguish between recommendations and speculative
assumptions.

33 |
HEAs

Interdisciplinary Opportunities for ML in

ML presents transformative interdisciplinary opportunities for
the exploration and advancement of HEAs, which are known
for their compositional complexity and exceptional performance
in diverse environments. Although considerable advancements
have been made, opportunities still exist to expand the use of
ML in HEA research. Realizing this potential will require
deeper interdisciplinary collaboration, combining expertise in
materials science, physics, chemistry, computer science, and
data science, as illustrated in Figure 19.

One significant area for progress is the use of ML-driven high-
throughput characterization and data acquisition. Relying on
expert knowledge to manually extract information from vast
quantities of scientific data is time-consuming and inefficient.
This underscores the growing demand for rapid and precise
automated data extraction techniques to streamline the process
and support large-scale materials informatics. The integration of
ML with high-throughput characterization techniques has the
potential to revolutionize HEA research. ML algorithms can
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rapidly analyze intricate HEA datasets generated by advanced
characterization tools, such as X-ray diffraction, electron mi-
croscopy, and spectroscopy, thereby enabling the faster identi-
fication of structure-property relationships. When integrated
with automated data acquisition and processing systems, ML
can efficiently screen extensive compositional spaces, signifi-
cantly reducing experimental time and costs. This synergy not
only enhances the reliability of data-driven models but also fa-
cilitates the development of predictive frameworks to inform
HEA design.

There is also significant potential for applying ML to the dis-
covery of HEAs for energy storage and conversion. By inte-
grating ML with high-throughput experimentation and
computational modeling, the process of designing alloys spe-
cifically for use in batteries, supercapacitors, and electrocatalysis
can be made more efficient. Future research could expand the
application of data-driven methods to accelerate the identifica-
tion of stable, high-performance materials for advanced energy
systems, thereby minimizing reliance on trial-and-error tech-
niques and fostering the development of more environmentally
friendly and sustainable technologies. At the same time, prac-
tical challenges, such as material costs, availability, and density,
impose significant limitations that future ML models should
increasingly consider. Many promising HEAs optimized by ML
currently contain rare or costly elements, which restricts their
commercial potential. There is an expanding opportunity to
develop ML models that strike a balance between performance,
cost, and environmental factors, aiding in the discovery of
affordable HEAs that are suitable for catalysis or lightweight for
structural applications in the aerospace industry.

Another promising direction involves the use of ML in the
autonomous processing and fabrication of HEAs. In material
processing, ML aids in fine-tuning parameters, such as heat
treatment or settings for additive manufacturing, allowing for
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FIGURE 19 |

Interdisciplinary opportunities for ML in HEAs [186-188].
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more precise control over the microstructure and properties.
This capability is further enhanced by active learning and
Bayesian optimization, which significantly improve iterative
fabrication processes. Active learning identifies the most infor-
mative data points, whereas Bayesian optimization employs
probabilistic models to guide experiments toward optimal de-
signs with fewer trials. When combined with robotic systems,
these techniques facilitate automated synthesis and evaluation,
enabling fast, data-driven decisions regarding the next prom-
ising material candidate to test, thereby accelerating the dis-
covery of new materials.

Furthermore, ML is poised to significantly influence the
advancement of HEAs for use in extreme environments charac-
terized by high pressure, elevated temperatures, cryogenic con-
ditions, corrosive elements, and intense radiation. Because of
their exceptional properties and phase stability, future research
on HEAs could focus on expanding datasets that capture their
behavior under such harsh conditions, enabling ML models to
predict their long-term performance and inform the design of
alloys. To fully harness the capabilities of ML in HEA research, it
is essential to develop standardized, open-access data platforms
that merge experimental and simulation datasets from different
fields. Such platforms can boost reproducibility, enhance model
generalization, and accelerate scientific discoveries. As ML tools
and data infrastructure continue to evolve, their capacity to tackle
the complexities of HEAs will expand, establishing ML as a
pivotal force in the future of alloy design and development.

4 | Conclusions

HEAs represent a paradigm shift in alloy design, offering
compositional flexibility and exceptional properties. The devel-
opment of HEAs has evolved considerably, from traditional
methods to the integration of ML techniques. Although exper-
imental and conventional computational methods have laid the
groundwork for understanding HEA behavior, their relative
limitations in scalability and efficiency have become more
apparent in complex HEA designs. ML has emerged as a
powerful alternative, enabling the rapid exploration of vast
compositional design spaces, the prediction of material prop-
erties, and the optimization of processing conditions with ac-
curacy. However, the successful implementation of ML in HEA
research necessitates overcoming challenges such as data scar-
city, model interpretability, and uncertainty quantification. Ef-
forts have been made to tackle these issues, including data
augmentation, transfer learning, and generative adversarial
networks (GANS), to synthetically expand the available datasets.
Techniques such as SHAP and LIME, along with physics-
informed approaches, have been employed to address model
interpretability, whereas techniques based on the Bayesian
method have been tested to manage uncertainty quantification.
Looking forward, the future of HEA design hinges on the
following aspects:

1. Seamless integration of high-throughput computational
data: Techniques such as DFT and CALPHAD-based
thermodynamic simulations generate vast amounts of
data that can form the basis for ML models, addressing

data scarcity. ML models can not only learn from these
data but also ensure that their predictions are grounded in
fundamental physical principles.

2. Advanced ML models, such as deep learning frameworks,
including convolutional neural networks (CNNs), have
demonstrated their effectiveness in handling the complex
high-dimensional data characteristics of HEA systems.
These models can identify complex nonlinear correlations
that are otherwise difficult to capture using traditional
methods, thereby aiding researchers in exploring an
extensive design space with greater accuracy. As data
complexity increases, the roles of transfer learning and
active learning have become increasingly crucial. Transfer
learning allows models to leverage knowledge from one
alloy system to another, thereby enhancing their perfor-
mance in scenarios with limited data. Conversely, active
learning strategically selects the most informative data
points for experimentation, minimizing the need for
exhaustive trial-and-error testing and focusing experi-
mental efforts where they are most impactful.

3. Automated data-driven high-throughput experimental
techniques: By incorporating automated systems for data
collection during experiments and employing real-time
data analysis using ML, the materials discovery process
can be significantly accelerated. This approach enables
immediate feedback and adjustments to the experimental
setup based on the predictions of the ML model.

4. Multiobjective optimization: This is crucial for the devel-
opment of next-generation alloys, as it involves the simul-
taneous optimization of multiple, often competing material
properties, such as strength and ductility. Additionally,
frameworks for multiobjective optimization should facili-
tate alloy design that considers not only material properties
but also factors such as cost, environmental impact, and
recyclability, thereby aligning with both industrial and
sustainability goals. Consequently, ML models that inte-
grate multiobjective optimization techniques will be adept
at balancing these trade-offs and identifying alloy compo-
sitions that fulfill complex performance targets.

5. Collaborative and open-source platforms: Establishing
collaborative, open-source platforms that facilitate the
sharing of HEA experimental and computational data,
along with offering specialized ML tools for HEA design,
will significantly accelerate material discovery.
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