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We introduce a structure-agnostic inverse-design workflow that turns heterogeneous literature and database
evidence into experiment-prioritized shortlists of high-temperature high-entropy superalloy candidate chemis-
tries. Unlike most data-driven high-entropy alloy (HEA) design studies that optimize a small set of proxies, we
provide an end-to-end, reproducible decision-support loop that treats high-temperature creep and oxidation as
first-class objectives and outputs compact shortlists for downstream validation. From curated multi-source data,
we learn structure-agnostic, physics-informed surrogate models for the key high-temperature objectives — creep
resistance (Larson-Miller parameter), oxidation kinetics (parabolic rate constant), melting point, density and
elastic properties — and map predictions to “desirability” normalized scores. Candidate alloys are screened by a
uniform feasibility floor and Pareto non-domination, then compressed by Ward-medoid clustering to yield
compact, diversity-preserving shortlists for downstream validation. To explore beyond brute-force enumeration
under the same admissibility rules, we couple the screening stage to a constraint-conditioned variational
autoencoder, and retain only generated candidates that pass the full surrogate stack. The resulting compressed
Pareto sets extend the occupied property envelope of legacy Ni-based superalloys while remaining interpretable
through elemental-role analyses and Ashby-style trade-off maps. An external thermodynamic plausibility cross-
check further shows that higher microstructure-oriented scores enrich the candidate space in single-phase HEA-
compatible chemistries with wider stability windows and more favorable transition classes. Finally, we show
how the same pipeline can be restricted to sustainability-compatible element pools, enabling performance-aware
exploration under supply-risk and footprint constraints.

structures are not yet known.
Superalloys are a cornerstone class of structural materials whenever

1. Introduction

Accelerating the discovery of high-performance materials remains a
central challenge across the technologies needed for the “twin” (green &
digital) transitions. Classical discovery — hypothesis, synthesis, charac-
terization, iteration — has delivered outstanding alloys but typically at
the cost of long cycles, narrow local searches and path dependence on
existing chemistries [1,2]. The maturation of large materials databases
and learning algorithms now enables inverse design: posing target
properties first and then searching composition space for candidates
likely to satisfy them [3-5]. This strategy is especially attractive if we
can learn robust property surrogates from composition-derived, physics-
informed descriptors, thus remaining predictive even where crystal

* Corresponding author.
E-mail address: francois.rousseau@univ-lorraine.fr (F. Rousseau).

https://doi.org/10.1016/j.matdes.2026.116097

high mechanical loads must be sustained at elevated temperatures for
long durations. They enable critical technologies such as aero-engines
and land-based gas turbines, where raising turbine inlet temperature
remains a primary lever for efficiency, as well as a range of industrial
components subjected to creep, thermo-mechanical fatigue, and hot
corrosion/oxidation. In these extreme environments, performance is not
captured by a single scalar metric: it emerges from a delicate balance
between high-temperature strength, microstructural stability, environ-
mental resistance, and, increasingly, constraints related to cost and
element availability.

The exceptional high-temperature capability of superalloys is
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fundamentally rooted in microstructural engineering. In the archetypal
case of Ni-based superalloys, strength is achieved through a y (FCC)
matrix reinforced by a dense dispersion of y’ precipitates (ordered 15),
which are typically coherent or semi-coherent with the matrix. Such
crystallographic coherency lowers interfacial energy, enables a fine and
stable precipitate distribution, and makes precipitate-dislocation in-
teractions highly effective, thereby slowing plastic flow and enhancing
creep resistance. In addition to intragranular precipitation strength-
ening, many superalloys also rely on grain-boundary phases (e.g., car-
bides and borides) to stabilize grain boundaries and mitigate
intergranular creep mechanisms, at the cost of additional trade-offs with
ductility and damage tolerance.

Discovering new superalloy chemistries is therefore intrinsically
challenging, because performance depends on a coupled design space
involving composition, processing, heat treatments, and the resulting
microstructural transformations (precipitation and partitioning path-
ways, coarsening/rafting, potential formation of brittle TCP phases, and
the evolution of protective oxide scales, among others). In practice,
predicting macroscopic proxies such as the Larson-Miller parameter or
parabolic oxidation constants requires capturing, at least indirectly, the
underlying transformation pathways — an endeavor that typically de-
mands long-duration testing and advanced characterization. This
complexity contributes to the relatively limited availability of curated,
comparable datasets for high-entropy superalloys (HESA), despite the
broad range of possible chemistries.

High-entropy alloys (HEA) offer a natural testbed for inverse design
because their multi-principal-element degrees of freedom dramatically
expand the compositional search space and can unlock unusual combi-
nations of stiffness, creep resistance, oxidation behavior and melting
temperature. Even restricting to equimolar five-component alloys cho-
sen from a palette of 40 elements yields 658,008 candidates; prior pre-
dictive screening suggests that only a fraction may form high-
temperature solid solutions (e.g., 30,201 equimolar candidates pre-
dicted by Chen et al. [6] to form a solid solution, reducing the equimolar
space by roughly twenty-fold). However, once non-equimolar stoichi-
ometries and practical compositional tuning are considered - often
essential to optimize precipitation, stability, and high-temperature
performance - the effective design space expands again by orders of
magnitude.

Within HEA, we focus on high-entropy superalloy candidates (HESA)
for high-temperature service; throughout this paper, “HESA candidates”
denotes alloys shortlisted by structure-agnostic surrogates built pri-
marily from composition-derived descriptors, without claiming super-
alloy status in the microstructural sense (i.e., without asserting the
formation of the required y/y’ type or equivalent strengthening micro-
structures). Accordingly, the present workflow should be understood as
a composition-first screening stage: it prioritizes candidate chemistries
for downstream structure-aware validation, but does not certify y/y’
formation, phase stability over temperature, TCP avoidance, or the final
microstructure resulting from processing and heat treatment. More
expensive downstream validation tools — such as structure-aware ther-
modynamic calculations and targeted experiments — are natural follow-
up steps once the composition space has been sufficiently reduced, but
they cannot be applied at the same scale as the initial exploration. The
practical target is not a single optimum but a multi-constraint compro-
mise balancing creep (Larson-Miller parameter), oxidation kinetics,
elastic properties, density and melting point — properties that must be
aligned rather than optimized in isolation. Beyond performance, down-
selection in realistic deployment scenarios also depends on non-physical
dimensions (cost, supply security, environmental footprint). Conse-
quently, a key bottleneck is not generating candidates, but rapidly
identifying regions of interest where targeted experiments and
microstructure-resolved optimization are most likely to succeed - this is
precisely the purpose of the present work.

These bottlenecks are exacerbated in superalloy-grade systems,
where performance is microstructure-governed and cannot be reliably
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inferred from a single proxy. First, despite the frequent framing of “high-
temperature” applications, high-temperature creep and oxidation
resistance are usually not explicitly addressed, typically falling back on
proxies such as melting point or elevated-temperature strength. Second,
targeting sound candidates from a large set for a necessary limited
number of experiments requires to conceive an adapted methodology.
Third, non-physical constraints — criticality, supply risk, environmental
footprint — are rarely incorporated.

Against this background, our contribution is an end-to-end, repro-
ducible inverse-design loop built specifically to close these gaps, while
remaining structure-agnostic at the screening stage. Concretely, we
make four advances:

-

. High-temperature objectives as first-class targets: we integrate
creep- and oxidation-related metrics directly into the same uni-
fied multi-property screening loop, rather than treating them as
downstream checks or leaving them implicit.

ii. Robust and transferable surrogates: starting from curated data,
we learn property surrogates from physics-informed elemental
descriptors selected in an — automated — structured way (through
a preliminary benchmark of the importance of each descriptor),
enabling prediction across composition space and supporting
extrapolation to elements not present in the training chemistry.

iii. Closed-loop constrained generation with validity screening: we
use a constraint-conditioned generative model to propose new
stoichiometries under 10 simultaneous targets, with tunable
constraint weights to explore controlled compromises; generated
candidates are then systematically re-validated through the full
surrogate stack before being used to enrich the learning set and
iterate the design loop.

iv. Decision-grade shortlisting and interpretability: we turn large
feasible/Pareto-optimal sets into experimentally actionable,
diversity-preserving shortlists using Ward-linkage compression
with medoid representatives to reduce the set to a human-
manageable shortlist, complemented by clustering to identify
families of alloys and associated property profiles. Then follow
partial-dependence analyses to reveal element-level roles and
structure the design space into interpretable families.

To better ensure systematic exploration of composition space, we
additionally generate compositions via a Hamming-distance-based
enumeration strategy. Finally, we show how the same pipeline can be
restricted to sustainability-compatible element pools, thereby moving
from “physics-only optima” toward solutions that remain viable under
strategic and environmental constraints.

The remainder of the manuscript is organized as follows. We first
summarize the inverse-design workflow and the main screening out-
comes, then examine the plausibility and diversity of the shortlisted
candidate set through comparisons with literature HESA, an external
thermodynamic plausibility check, and compositional clustering. We
next analyze model interpretability and elemental roles. Finally, we
discuss the main limitations of the framework, including the need for
experimental validation and the role of additional non-physical con-
straints such as supply risk and environmental footprint.

2. Results

We first summarize the workflow and the main screening outputs,
then examine the plausibility, diversity, and interpretability of the
resulting candidate set through retrospective literature benchmarking,
an external thermodynamic plausibility check, and compositional
analysis.

2.1. Overview of the inverse-design workflow

Fig. 1 summarizes the end-to-end workflow: (i) data assembly/
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Fig. 1. Workflow for Generative Artificial Intelligence & Machine Learning Driven Materials Discovery Targeted to a Specific Application.

curation and physics-informed descriptor engineering (§1.2-1.4 of
Supplementary Information (SI)); (ii) training/validation of structure-
agnostic surrogates using a test base (20%) and feature selection (§1.5
of SI); (iii) multi-objective scoring, “Pareto” filtering (non-domination)
(§3.2 of SI) and Conditional Variational Auto-Encoder (CVAE)-based
exploration (§4.2-4.5 of SI). We use this figure here only as a visual
roadmap; implementation details (outlier control, descriptor reduction,
model selection) are given in Methods §5.1-5.4, while scoring and
Pareto compression are specified in §5.5-5.6. Supervised model per-
formance is reported in Table 3. We seed our exploration from the
equimolar quinary single-phase HEA map reported by Chen et al. [6],

who screened the equimolar quinary space and identified a subset of
candidate single-phase solid solutions; we use the same 40-element pool
and their candidate set as a thermodynamically motivated starting
point, then generate off-equimolar variants to explore application-
relevant trade-offs (see Fig. 21 in SI).

The workflow shown here corresponds to the large-scale composi-
tion-first screening stage; downstream structure-aware validation and
targeted experiments are considered as subsequent steps once the
shortlist has been reduced to a manageable size.
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2.2. Main screening outcomes and diversity of Pareto candidates

The screening stage yields a large but structured set of non-
dominated candidates, whose overall compositional diversity and per-
formance spread are first summarized before more focused plausibility
and interpretability analyses.

Across panels, the compressed Pareto set systematically extends the
occupied property envelope beyond legacy Ni-based superalloys with
totally new chemistries (see Fig. 14 for illustration and §4.7 in SI for a
systematic review). Fig. 2 provides an insight on the element’s frequency
of occurrence and correlations, revealing more dispersed composition
and letting an important place to unusual elements (Sc, Nb, Zr, Ta, etc.).

Each node denotes a chemical element, with its area proportional to
the element’s mean atomic fraction across all Pareto-optimal alloys
(reference circles: 1% and 10% mean content, as shown in the legend).
Edges join pairs of elements whose Pearson correlation coefficient sat-
isfies |r| > 0.3 — and in light grey pairs whose correlation coefficient
satisfies |r| > 0.25; their thickness scales linearly with |r|, so that thicker
bonds indicate stronger positive or negative correlations. A node bound
with at least 3 “strong” edges (|r| > 0.3) is highlighted with a navy-blue
ring.

The Pareto front that is eventually obtained contains over 2,000
candidate alloys and is provided herewith (see Data Availability sec-
tion). The initial stochastic brute-force screening is restricted to quinary
(5-element) alloys according to single-phase solid solution candidates
from Chen et al. [6]. Downstream enrichment steps (CVAE sampling and
gradient-based refinement) may generate up to N elements (here: N <7
as implemented), to allow local improvements while keeping
complexity bounded. We report elemental cardinality explicitly for all
shortlisted candidates and keep the stochastic brute-force and genera-
tive stages clearly separated in the scripts outputs. A selection of 7
samples of the Pareto front is provided in Table 1a and illustrates the

Correlation Graph Between Elements of HESA
of the Pareto Front
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Fig. 2. Correlation Network of Elemental Compositions (CLR) on the HESA
Pareto Front.
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Table 1a
Sampling of the Pareto front.

Stoichiometric Density ~ Bulk Melting Creep High-
Composition Modulus Point (LMP) Temperature
(Gpa) X) Oxidation
Resistance
Mo: 29% Zr: 29% 8.2 140 2310 31.4 0.4
Sc: 22% Ta:
17% Hf: 3%
Cr: 37% Fe: 29% 7.6 200 1740 30.3 -1.1
Co: 23% Si: 6%
V: 4%
Mo: 32%Sc: 23% 8.7 190 2140 31.8 0.3
V: 22% Ta:
16% Ga: 6%
Mo: 55% Ta: 9.3 190 2500 31.2 0.4
16% Sc: 10%
V: 10% Ti: 4%
Nb: 3% Zr: 2%
Sc: 21% Ta: 21% 8.2 150 2480 31.4 0.4
Zr: 21% Mo:
21% Nb: 16%
Cr: 39% Ti: 29% 6.4 130 1810 31.1 0.3
Al: 17% Ta:
12% Te: 2%
Sc: 28% V: 24% 7.0 140 2120 31.2 0.3
Ta: 14% Ti:

13% Zr: 8%
Nb: 8% Hf: 4%

diversity of compositions & performances.

These 7 candidates illustrate the diversity in composition and per-
formances of the Pareto front. The presence of rare elements like Ta or
Sc, confirmed in Fig. 2, must be noticed: it is both original, and raises
supply risk concerns.

2.3. External plausibility check using literature HESA

As a retrospective external plausibility benchmark (not an experi-
mental validation), we computed the same g-scores (see Table 4) for a
subset of HESA compositions reported in the review by Ayaz et al. [7]
and compared their score distribution to our screened candidates
(Fig. 3). At the aggregate level, the literature HESA occupy an inter-
mediate region of the (ming;, meang;) plane: their minimum & median
mean score are provided in Table 1b:

Most literature HESA remain limited by one or a few bottleneck
criteria, most often VEC, formation enthalpy, Q parameter (competition
entropy / enthalpy), and high-temperature oxidation. This is consistent
with the deliberately conservative intent of the screening stage: we
prioritize compositions that simultaneously satisfy all constraints under
a structure-agnostic model, while acknowledging that some reported
“HESA” may rely on microstructure-dependent mechanisms not
captured here. Overall, this benchmark does not constitute experimental
validation, but it does support the plausibility of the ranking and makes
the main bottlenecks more explicit.

Minimum score min;(g;) versus mean score (3 ,g;)/10 for (i) HESA
compositions extracted from the Ayaz et al. [7] review (circles) and (ii)
screened candidates from this work (diamonds). The vertical dashed line
marks the feasibility floor min;(g;) = 0. 3. Colors indicate which score
most frequently acts as the limiting bottleneck among {g4,87,8s,810};
black diamonds satisfy min;(g;) > 0.3. The figure provides a retrospec-
tive benchmark of the ranking layer and highlights the dominant
bottleneck criteria, but does not constitute prospective experimental
validation.
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Fig. 3. Retrospective external plausibility benchmark using literature HESA compositions.

Table 1b
Summary of the retrospective literature benchmark ().
81 82 83 84 86 &7 8 89 810
Min. 0.78 0.52 0.15 0.00 0.05 0.56 0.00 0.02 0.13 0.03
Mean 0.79 0.58 0.44 0.29 0.54 0.68 0.11 0.26 0.73 0.20

Source: Ayaz et al. [7]

2.4. External thermodynamic plausibility check using a third-party phase-
prediction route

High-entropy superalloy (HESA) design cannot be reduced to the sole
identification of alloys forming a single-phase solid solution. A relevant
HESA must first exhibit a stable high-temperature solid-solution matrix
and then evolve, upon cooling or ageing, toward a precipitation-
hardened microstructure. Ideally, this transformation should generate
a second phase that remains crystallographically coherent, or at least
sufficiently compatible, with the matrix while also providing a mean-
ingful lattice mismatch capable of inducing strengthening elastic strains.
However, no simple predictive tool is currently available that can reli-
ably assess, over a broad compositional space, interfacial coherence,
effective lattice mismatch, or the actual ability of a given phase trans-
formation to generate a superalloy-type microstructure. At this stage,
only experiments can provide the validation datasets ultimately
required for fully predictive Al-based models targeting this problem.

Accordingly, the present workflow should be regarded as a first
screening stage that enables experimentalists to focus on more prom-
ising alloy families within an immense compositional space. In this
sense, our approach is intended as a bridge between fully predictive Al-
based design-which remains the long-term objective but is not yet
achievable because of the lack of sufficiently rich validation data—-and
either random exploration or research restricted to already known alloy
families. To complement the retrospective benchmark against literature
HESA compositions, we therefore performed an external thermody-
namic plausibility check using the DFT-informed thermodynamic phase-
prediction model of Chen et al. [6], queried through its public Python
interface and post-processed with an in-house Python scraper. This
model is based on a regular-solution thermodynamic formalism with

binary interactions obtained from DFT and explicit competition with
intermetallic phases up to ternaries, which makes it suitable for large-
scale HEA screening while remaining more physically grounded than
purely empirical descriptor rules. Importantly, it still remains an inter-
mediate thermodynamic screening layer rather than a full microstruc-
tural validation tool.

For this analysis, we focused on the five desirability terms in our
decision layer that were initially introduced because of their expected
connection to phase selection or microstructural plausibility, namely g4,
gs, &7, &, and g9, associated respectively with VEC, atomic-size
mismatch, formation enthalpy, Q, and configurational entropy. We
used their arithmetic mean, mean (g4,g5,g7,gg,gg), as a compact
microstructure-oriented score and grouped alloys into three categories:
(i) random MPEA alloys with very low mean microstructure-oriented
score, (ii) Pareto-front alloys with lower mean score, and (iii) Pareto-
front alloys with higher mean score. Within the Pareto-derived sub-
sets, we further distinguished candidates originating from the stochastic
brute-force branch seeded from the Chen et al. HEA map and candidates
produced by the generative CVAE stage, in order to separate thermo-
dynamically safer proposals from more exploratory ones. This distinc-
tion is important because the brute-force branch is rooted in a
composition space already biased toward single-phase HEA formation,
whereas the generative branch is allowed to explore more audacious
chemistries.

From the Chen et al. route, we extracted three thermodynamic/phase
indicators. The first is the fraction of alloys forming a stable single-phase
solid solution, which we interpret here as a necessary prerequisite for
the existence of an HEA-type matrix. The second is the width of the
corresponding stability window in temperature. The third concerns the
class of transformation predicted below the solid-solution stability limit.
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We distinguish four classes: Spinodal, Spinodal + IM (inter-metallics), IM
precipitation, and Multiple IM. In the absence of an explicit model for
crystallographic coherence and effective lattice mismatch, the first three
classes cannot be considered as validated HESA microstructures, but
they remain, at least in principle, compatible with the preservation of a
solid-solution matrix together with a secondary transformation
pathway. By contrast, the Multiple IM class is considered here as clearly
unfavorable, since decomposition into several intermetallic compounds
is unlikely to produce a coherent or controllable precipitation-hardened
architecture. For this reason, rather than using only the fraction of pure
spinodal decompositions, we retained as a conservative performance
indicator the fraction of cases that do not fall into the Multiple IM class.
This choice provides a robust thermodynamic plausibility criterion
while avoiding overclaiming about the precise nature of the final
microstructure.

The figure summarizes three outputs obtained from the DFT-
informed thermodynamic phase-prediction model of Chen et al. [6],
for alloy subsets defined from the mean microstructure-oriented score
mean (g4 , 85,87, 88, gg): (top) fraction of compositions predicted to form a
single-phase HEA, (middle) average stability window expressed in units
of 10°K, and (bottom) fraction of alloys whose predicted transformation
class below the solid-solution stability limit is not Multiple IM. The left
column corresponds to random MPEA alloys with very low mean
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microstructure-oriented score. The two Pareto-front categories corre-
spond to lower and higher score ranges, respectively. Within Pareto-
derived sets, each square is split into two triangles: the upper-left tri-
angle reports candidates from the stochastic brute-force branch seeded
from the Chen et al. single-phase HEA map [6], whereas the lower-right
triangle reports candidates generated by the CVAE branch. Numbers
indicate the average metric value within each subgroup together with
the subgroup size. The figure is intended as a retrospective thermody-
namic plausibility check of the composition-first screening stage, not as
an experimental validation of HESA microstructures.

Several conclusions emerge from Fig. 4. First, the contrast between
the random low-score MPEA alloys and the Pareto-derived candidates is
very strong. In the present sample, the random low-score subset is
almost entirely devoid of single-phase HEA formation, exhibits a nearly
vanishing stability window, and almost never avoids the clearly unfa-
vorable Multiple IM regime. By contrast, Pareto-derived candidates are
overwhelmingly HEA-compatible and display substantial stability win-
dows. This indicates that the composition-first pipeline does not merely
identify arbitrary chemistries: it enriches the candidate space in alloys
that remain thermodynamically plausible from the viewpoint of a
downstream phase-based screening route.

Second, the microstructure-oriented score level matters. Moving
from the lower-score Pareto subset to the higher-score Pareto subset
preserves near-unity HEA compatibility while increasing the average

Thermodynamic plausibility summary
across alloy-selection categories

HER 0.01
compatible (n=200)
fraction
Stability 0.01
window (n=.200)
/103 K
No
multiple IM 0.01
transition (n=200)
fraction
Lowest

microstructure
scores (random MPEA)
(total n = 200)

(Pareto front)
(total n = 119)

Lowest Best
microstructure microstructure
scores scores

(Pareto front)
(total n = 300)

Hll Random MPEA
Il Pareto front, Stochastic brute force HEA
Il Pareto front, CVAE generated MPEA

Fig. 4. External thermodynamic plausibility summary across alloy-selection categories.
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stability window and, importantly, strongly increasing the fraction of
transitions that avoid the clearly unfavorable Multiple IM class. This is
consistent with the intended role of g4, gs, g7, s, and go: while they do
not guarantee any superalloy microstructure, they appear to steer the
search toward composition regions that satisfy more favorable thermo-
dynamic prerequisites for a HESA-like pathway.

Third, the comparison between the two Pareto-generation routes is
informative. The stochastic brute-force branch, which starts from a
composition space already biased toward HEA formation, unsurpris-
ingly performs very well in terms of HEA compatibility. The generative
CVAE branch reaches a comparable HEA-compatibility level and, in the
highest-score subset, exhibits similarly large or even slightly larger
stability windows, together with an equally strong suppression of clearly
unfavorable Multiple IM outcomes. This suggests that the generative
stage is not merely producing implausible outliers but can recover
candidates that remain thermodynamically competitive with those
inherited from the brute-force HEA map.

To refine the interpretation of the third indicator, Fig. 5 reports the
detailed distribution of the four phase-transition classes within the
Pareto-derived candidate subsets. This additional representation is
useful because the “no multiple IM” metric of Fig. 4 is intentionally
conservative: it tells us whether a candidate avoids a clearly unfavorable
outcome, but it does not distinguish between the three remaining
transformation families, which are not equally informative from a
metallurgical standpoint.

Stacked histogram showing the relative fractions of the four transi-
tion classes predicted below the solid-solution stability limit for the
Pareto-derived candidate subsets: Spinodal, Spinodal + IM, IM precipita-
tion, and Multiple IM or no HEA. The four bars correspond to (i) stochastic
brute-force HEA candidates with lower mean microstructure-oriented
score, (ii) CVAE-generated candidates with lower mean score, (iii) sto-
chastic brute-force HEA candidates with higher mean score, and (iv)
CVAE-generated candidates with higher mean score. Each bar sums to
100%. The class Multiple IM or no HEA merges clearly unfavorable
multiple-intermetallic decompositions with the absence of a stable high-
temperature solid solution, both of which are considered incompatible
with the targeted HESA-like architecture. This figure complements Fig. 4
by resolving the internal distribution of phase-transition scenarios
within the Pareto-derived sets.

Fig. 5 confirms and sharpens the message of Fig. 4. In the lower-score
Pareto subsets, unfavorable outcomes remain common: the merged class
Multiple IM or no HEA still accounts for about one quarter to one third of
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the candidates, and no pure Spinodal case is observed. By contrast, in the
higher-score Pareto subsets, the unfavorable class becomes nearly ab-
sent, while the candidate space becomes dominated by Spinodal + IM
transitions and also starts to exhibit a non-negligible fraction of pure
Spinodal decompositions. In other words, increasing the mean
microstructure-oriented score does not demonstrate the direct formation
of a HESA microstructure, but it clearly shifts the transition landscape
away from strongly unfavorable decomposition patterns and toward
transformation families that are at least not inconsistent with a
precipitation-based strengthening route.

Overall, Fig. 4 and Fig. 5 support a more precise and more defensible
interpretation of our workflow. The present pipeline should not be
viewed as a direct predictor of the final superalloy microstructure, and
the Chen et al. phase-prediction route [6] used here should likewise be
understood as an intermediate thermodynamic screening layer rather
than as a substitute for targeted CALPHAD/DFT analyses or experi-
ments. Rather, the combined evidence supports interpreting the work-
flow as a composition-first screening stage that significantly enriches the
search space in thermodynamically plausible HEA candidates and,
among them, reduces the frequency of clearly unfavorable decomposi-
tion modes before any downstream structure-aware validation or
experimental synthesis.

2.5. Chemical families and clustering of the Pareto front

Using a Ward linkage process, these alloys were grouped in four
clusters regarding their chemical composition (§4.7.2 of SI). The phys-
ical performances of these clusters are represented in Fig. 6, together
with the qualitative composition of their centroid — keeping only sig-
nificant elements, i.e. over 5 at. %.

Physical characterization of the 4 clusters were defined through
Ward clustering, by providing the average value and standard deviation
within each cluster of the physical quantities mentioned above. This
shows that while alloys belonging to the green & red clusters reach the
highest melting point, alloys from the blue cluster are promising,
regarding their resistance to high-temperature oxidation and bulk &
shear moduli, or density. The variations within the cluster do not affect
the rankings vs physical properties.

The clusters are chemically roughly described by the composition of
their centroid (summarized as the list of elements with a content over
5% in the legend).

Phase-transition distribution across Pareto-derived candidate subsets

80 1

60

40 A

Phase-transition fraction (%)

20 A

Stochastic brute force HEA
Pareto lowest scores
(n=43)

I Spinodal
I Spinodal + IM

CVAE generated MPEA
Pareto lowest scores
(n=76)

Stochastic brute force HEA
Pareto best scores
(n=113)
[ IM precipitation
I Multiple IM or no HEA

CVAE generated MPEA
Pareto best scores
(n=187)

Fig. 5. Phase-transition distribution across Pareto-derived candidate subsets.
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Physical Characterization of Clusters (Mean Values & Standard Deviation)
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Fig. 6. Physical Characterization of Clusters (Mean Value & Standard Deviation).

2.6. Elemental roles and model interpretability

To move beyond aggregate metrics, we analyze drivers of predictions
with complementary viewpoints: embedded feature importance, per-
mutation importance, SHAP and partial dependence (§3.4 of SI).
Because the atomic fractions sum to one, the data contains artificial
collinearity and distorted distances which makes standard machine-
learning methods unreliable. To mitigate the issue, we therefore apply
a centered log-ratio (CLR) transform.

For the different physical performances predicted, feature-
importance highlights the set of elements repeatedly selected by
boosted-tree splits; permutation importance detects their out-of-sample
influence; SHAP yields directionality and spread, consolidating which
high/low elemental contents promote the score. Focusing on consistent
trends across these three measures increases robustness and limits ar-
tefacts from any single method.

Partial dependence summarizes marginal trends per element. This
disambiguates “frequent splitter” effects from genuine monotone con-
tributions and supports chemically interpretable rules that feed into the

multi-objective selection downstream (Fig. 7).

Heatmap depicting the significance and directionality of each ele-
ment’s effect (when forced at a fixed proportion of 30%) on the five
considered physical properties. Green regions correspond to consistently
positive effects (mean relative A significantly above zero), red indicates
consistently negative effects (mean relative A significantly below zero),
yellow denotes ambiguous impacts (mean =+ standard deviation includes
zero), and white reflects neutral or negligible impacts.

Beyond hold-out test performance, we verify that the most signifi-
cant directional element effects are consistent with well-established
metallurgy in the relevant regimes (SI, Table 3). These checks do not
replace experiments, but increase confidence in the surrogate models.

3. Discussion
3.1. Limitations and the need for experimental validation

Validation operates at two distinct levels in the present study. First,
each surrogate property model is quantitatively evaluated on unseen test
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Fig. 7. Mean Shift & Standard Deviation of Partial Dependence of Physical Properties.

data. Second, the multi-objective screening/ranking layer is bench-
marked retrospectively against reported literature HESA compositions
and legacy reference alloys. By contrast, prospective validation of newly
shortlisted candidates would require synthesis, characterization, and
long-duration testing, and therefore remains outside the scope of the
present computational screening study.

This limitation is not incidental but structural to the present study
design. In superalloy development, composition selection and micro-
structure optimization are tightly coupled but remain distinct stages.
The present work addresses the first stage only: reducing a very large
chemical space to a physically motivated shortlist of candidate chem-
istries. Establishing phase constitution, y/y’ stability, TCP avoidance,
grain-size effects, and processing-dependent microstructural optimiza-
tion requires downstream structure-aware calculations and experi-

mental validation, and therefore lies outside the scope of the present
composition-first screening framework.

Our framework relies on structure-agnostic surrogates trained on
heterogeneous sources and on generative proposals filtered by multi-
objective scores. While the close agreement between predicted and
observed values on the held-out test set supports the ability of the sur-
rogates to generalize beyond the training data, several limitations
remain. First, targets with scarce and noisy measurements — especially
high-temperature oxidation — exhibit wider uncertainty bands and
stronger sensitivity to curation choices than the better-populated
computational targets. In the present workflow, the oxidation branch
should therefore be read as a conservative selector within the screening
stack rather than as a standalone certification tool. Second, composition-
first descriptors were chosen deliberately to retain predictive coverage
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in regions where no crystal structure or processed microstructure is yet
known. This broadens the accessible search space, but it also means that
the screening stage does not resolve the microstructural features that
ultimately govern service performance, such as phase constitution, y/y’
stability, precipitate morphology, grain-size effects, or the possible for-
mation of brittle competing phases. Third, generative sampling proposes
chemically plausible mixtures under score constraints, yet feasibility of
synthesis, phase stability, and processability (e.g., possibility of growing
a unique crystal, segregation, oxidation during processing, etc.) remains
at least a technological lock and cannot be certified in silico.

Consequently, experimental synthesis and characterization are
indispensable to probe phase constitution and validate property pre-
dictions, closing the design-test-retrain loop. Computational screening
should precede and inform, not replace, targeted experimentation,
especially for complex HESA where microstructure is decisive.

The present workflow should therefore be read as the first stage of a
broader alloy-discovery strategy. Its role is to reduce a very large
composition space to a physically motivated shortlist. Once this reduc-
tion has been achieved, more expensive downstream tools — including
structure-aware thermodynamic calculations and targeted synthesis/
characterization — become both feasible and meaningful. The absence of
such downstream steps in the present manuscript should therefore be
read as a scope choice, not as a claim that they are unnecessary.

As retrospective benchmarks in the absence of prospective valida-
tion, we complemented the literature-HESA score-space comparison
(Fig. 3 and Table 1) with an external thermodynamic plausibility check
based on a third-party phase-prediction route (Fig. 4). The latter does
not certify y/ formation, TCP avoidance, or the final processing-
dependent microstructure, but it does show that higher
microstructure-oriented scores enrich the candidate space in single-
phase HEA-compatible compositions, with wider stability windows
and a lower fraction of unfavorable transitions. These benchmarks do
not replace targeted CALPHAD/DFT analyses or experiments, but they
strengthen the interpretation of the workflow as a composition-first pre-
screening stage rather than as a direct microstructure predictor.

3.2. Beyond physics: Industrial choices integrate cost, security of supply,
and environmental footprint

Industrial down-selection rarely optimizes physical performance
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alone. Cost, supply-security, and environmental burden are co-
determinants of viable choices. Considering various parameters: en-
ergy footprint (data source: ANSYS Granta. Granta Selector Database.
ANSYS, Inc.) - a first-principle decent proxy for prices & overall envi-
ronmental impact [8,9] —, availability (world annual production [10]),
risks induced by by-product exposure or monopolistic situations —
informed through the Herfindahl Hirschman Index [10] — we proceed to
a filtering of elements based on 6 rules detailed in SI (section 5, and more
specifically subsection 5.3 and Table 6) and summarized on Fig. 8, then
reassesses candidates on a “sustainable” front. Fig. 9 summarizes the
outcome: when supply risk and energy footprint are considered along-
side seven physical performance axes, the “sustainable” Pareto set re-
mains competitive — often challenging or outperforming legacy
superalloys on moduli, density, Pugh ratio, and high-temperature
oxidation resistance — while naturally improving the non-physical in-
dicators. This motivates prioritizing those candidates for experimental
validation.

The elements considered “unsuitable” are in red with the regards of
the rules suggested in the SI (see Table 6), whereas the elements present
in the clean dataset are in green. The elements that were not considered
for potential HESA are not colored.

On this diagram, seven “physical performances” are represented, in
addition to the sustainability indicators “supply risk [11]” and “energy
footprint™. In spite of the fact that many elements were filtered out in the
“sustainable” alloys set, it is noticeable that this set still achieves very
interesting performances for bulk and shear modulus, density, Pugh
ratio, and high-temperature oxidation, challenging or even out-
performing legacy superalloys, while naturally obtaining the best scores
for supply risk and energy footprint. Unless a really high melting point
or resistance to creep is required, its physical performances compare
with the overall best Pareto front, making the alloys of this set a priority
for experimental validation.

3.3. Generality of the inverse-design route

Our inverse-design strategy proceeds from -curated, structure-
agnostic descriptors to validated surrogate models, then to multi-
objective screening and finally to constrained generative exploration.
Although developed here for HESA, this workflow naturally extends
beyond this specific alloy family. Any materials class where composition

H - Remaining elements in the Elements not included in the He
1 dataset after cleaning scope of this study 2
Li Be C N (o) Ne
3 4 -Elements eliminated as 5 6 7 8 9 10
Na unsuitable P S Cl A
11 15 16 17 18
K Ca Se Br Kr
19 20 34 35 36
Rb | Sr Tc | Xe
37 38 43 53 54
Cs | Ba La TI Po | At | Rn
55 56 57 81 84 85 86
Fr | Ra | Ac Rf | Db | Sg | Bh | Hs Mt | Ds | Rg | Cn [ Uut| FI [Uup| Lv | Uus | Uuo
87 88 89 104 105 106 107 108 109 110 111 112 113 114 115 116 117 118
Ce Pr | Nd | Pm | Sm | Eu | Gd | Tb | Dy | Ho | Er | Tm | Yb | Lu
58 59 60 61 62 63 64 65 66 67 68 69 70 7
Th Pa U Np | Pu | Am |Cm | Bk | Cf | Es | Fm | Md | No | Lw
90 91 92 93 94 95 96 97 98 99 100 101 102 103

Fig. 8. Remaining elements in the data set after cleaning.
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Properties Comparison across Alloy Sets (means (u), 68% intervals [z * o], and min-max)
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Fig. 9. Comparison of Properties across Alloys Sets: Overall Pareto Front, “Sustainable” Alloys Pareto Front and Legacy Superalloys.

is a primary design lever and target properties can be consistently
learned from available data can adopt the same recipe. Examples include
cathode/anode chemistries, thermoelectric and magnetic alloys, coat-
ings and oxidation-resistant systems, or high-entropy ceramics, pro-
vided that (i) descriptors capture the relevant physics at the stage of
interest (stoichiometric, structural), (ii) the data are available in quan-
tity and quality to train the surrogate models, (iii) the score space en-
codes the right trade-offs (performance, durability, processing), and (iv)
a retrainable loop couples predictions to experiments. In all cases, the
generative component is model-agnostic with respect to chemistry; once
its proposals are passed through the same feasibility floors and non-
domination filters, the downstream analysis is unchanged. The main
adaptation is domain-specific conditioning (targets and floors) and,
where appropriate, the inclusion of non-physical constraints earlier in
the loop to steer discovery toward deployable solutions.

11

4. Conclusion

We presented an end-to-end, structure-agnostic inverse-design
workflow that converts heterogeneous literature and database evi-
dence into experiment-prioritized shortlists of high-temperature high-
entropy superalloy candidate chemistries. The pipeline learns physics-
informed surrogate models built primarily from composition-derived
descriptors, complemented where needed by branch-specific test-con-
dition variables, and maps predicted properties to desirability scores for
multi-objective screening. A uniform feasibility floor and Pareto non-
domination identify feasible trade-offs, while Ward-medoid compres-
sion yields compact, diversity-preserving representative sets suitable for
experimental planning and Ashby-style visualization. Unlike many HEA
design studies that rely on a small set of proxies, our workflow treats
high-temperature creep (LMP) and oxidation kinetics as first-class
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objectives within the same screening loop. A constraint-conditioned
VAE expands exploration under the same admissibility rules, with sys-
tematic re-validation through the full surrogate stack. Finally, we
illustrated how restricting the element pool using explicit sustainability
rules can still retain competitive candidates under supply-risk and
footprint considerations. Experimental synthesis and downstream
structure-aware validation remain essential to confirm phase constitu-
tion, exclude brittle competing phases, and validate the service-relevant
behavior of the shortlisted candidates.

5. Methods
5.1. Data sources & inclusion/exclusion

We assembled a multi-source alloys dataset spanning thermody-
namics, elasticity, melting behavior and service-relevant performance
from five curated repositories: DeepMind GNoME [12] (thermodynamic
stability, densities for predicted stable crystals), the Materials Project
[13] (formation energies, elastic moduli from DFT), MPContribs [14] —
Melting Points, the Cambridge Superalloy Database [15-26] (experi-
mental creep summarized by the Larson-Miller parameter, LMP), and
NASA cyclic-oxidation studies [27,28,28-44] (parabolic rate constant
Ka). To remain predictive for conjectured alloys without known struc-
tures, we exclude structure-dependent features and learn primarily on
composition-derived, physics-meaningful descriptors, complemented
where needed by branch-specific test-condition variables. The corre-
sponding mapping from physical quantity to source is summarized
below. Although the overall workflow is multi-source at the study level,
each surrogate model is trained independently for a single target prop-
erty. Experimental and computational labels are therefore not pooled
into a single regression task.

5.1.1. Inclusion rules

(i) Keep fully metallic chemistries for thermodynamic/elastic/
melting subsets; (ii) retain GNoME-stable entries and Materials Project
entries with non-positive energy above hull; (iii) include creep records
only when both stress and temperature are reported, so that the Lar-
son-Miller parameter (LMP) is consistently defined; (iv) include oxida-
tion records only when the test temperature is reported, so that
temperature-dependent oxidation behavior can be modeled explicitly.

5.1.2. Exclusion rules

(i) Discard compounds with positive energy above convex hull
(thermodynamic instability) in DFT-derived subsets; (ii) pre-filter non-
fully metallic compositions before descriptor generation for MP/
GNoME/MPContribs; (iii) for creep, because data are scarce, tolerate
limited non-metallic presence but add fraction of non-metals as an
explicit descriptor; (iv) for oxidation, discard records lacking
temperature.

A consolidated overview of targets and sources (formation and
decomposition energies, bulk modulus B, shear modulus G, density p,
melting point Tr,, LMP at specified stress, and the decimal logarithm of

Table 2

Physical Quantities to be Learnt and Data Sources available for the Process.
Physical Quantity Source Citation
Formation Energy Materials Project [13]
Decomposition Energy GNoME [12]
Melting Point MP Contribs [14]
Shear Modulus Materials Project [13]
Bulk Modulus Materials Project [13]
Density GNoME [12]
Creep (LMP) Cambridge Super Alloy Databaseand ~ [15-26]

other sources

High-Temperature NASA and various sources [27,28,28-44]

Oxidation

Materials & Design 266 (2026) 116097

the parabolic constant log;,Ka) appears in Table 2.

5.2. Data curation & outlier handling

Heterogeneous provenance, variable sample sizes (notably for creep
and high-temperature oxidation [27,28]), and occasional reporting in-
consistencies require a target-specific curation pipeline. In practice,
each target is handled with its own source family, inclusion/exclusion
criteria, outlier policy, feature-selection workflow, and validation
setting.

To clear out redundancies, we compute the Pearson correlation r
between all pairs of candidate descriptors, convert it to distances
d =1 —|r| and apply average-linkage hierarchical clustering. Cutting the
dendrogram at [r| > 0.95 yields clusters of near-duplicate descriptors
(Fig. 10); we retain one representative per cluster to mitigate multi-
collinearity and stabilize downstream importance estimates.

In principle, these correlations are purely related to the descriptors
definition and should not depend on the target. However, for targets
with limited data (such as creep or high-temperature oxidation), the
smaller sample size can slightly modify the dendrogram and may lead to
additional merging of descriptors.

The performance of machine learning highly depends on the quality
of the data — The basic assumption of machine learning is that data are
distributed according to the same probability law —, and therefore sta-
tistical outliers detection is necessary. We flag suspicious records using
four complementary detectors (§1.3 of SI): (i) Local Outlier Factor
(density anomalies), (ii) Isolation Forest (global isolation), (iii) k-near-
est-neighbor residuals against a robust trend (response inconsistencies),
and (iv) Huber-regression residuals (high-influence points under a
robust linear fit).

To avoid arbitrary thresholds, we evaluate the detector stability
using 50 bootstrap resamples, and the treatment of the four-view outlier
pipeline is property-aware (strict for creep/oxidation, moderate for
well-behaved targets such as density) depending on the quality and the
quantity of the raw data. For creep and high-temperature oxidation, we
adopted the most conservative curation setting of the study, retaining
only records not flagged by any of the four outlier detectors. This target-
specific treatment is particularly important for the scarce experimental
branches, where the available literature is intrinsically more heteroge-
neous than the large computational datasets used for the thermody-
namic or elastic targets.

All curation steps (filters, cluster cuts, detector hyper-parameters,
removals) are logged for reproducibility in the accompanying code
archive (see Data Availability and Code Availability sections).

5.3. Descriptors & feature engineering (§1.4 of SI)

We use composition-derived, physics-informed descriptors to expose
models to size, electronic, thermodynamic and periodic-trend drivers
while remaining structure-agnostic (predictive for conjectured alloys).
The initial panel (42 features) is engineered once from normalized
atomic fractions and then specialized per target through ranking and
selection. We deliberately avoid structure-dependent feature sets and
learn on composition-derived, physics-meaningful descriptors only:

e Size & packing. Mean and spread of metallic radii; size-mismatch

8 = 1/3%i(1 —1;/T)* (where x; stands for the stoichiometric coeffi-

cient of element i, r; for its atomic radius, and T is the average atomic
radius); extreme radius ratios; and a virtual density proxy di: =

%'f:‘é‘ (where M stands for the average atomic mass) capturing

packing efficiency — useful to anticipate actual density.

Electronic structure. Pauling/Allen electronegativities (mean,
standard deviation, range), first ionization energy, electron affinity,
valence-electron count (VEC) statistics; subshell-level counts where
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Fig. 10. Analysis of Descriptors Redundancy & Clustering (Shear Modulus) (a) Absolute correlation matrix for the full set of composition-derived descriptors.
(b) Average-linkage hierarchical clustering of descriptors based on their pairwise distances; colors highlight groups of strongly correlated descriptors. The
dendrogram is cut at a distance of 0.05 to define descriptor clusters used in the subsequent analyses.
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available. These correlate with mixing/ordering tendencies and
phase preferences.

e Thermodynamics & entropy. Miedema-based mixing enthalpy
proxies, stoichiometric (configurational) entropy, and derived
quantities (e.g., Q for solid-solution stabilization; G/B for ductility).
Predicted targets from surrogates (e.g., E¢, B, G, p, Ty, LMP, log;,Ka)
are computed downstream and used for scoring, not as inputs.

5.3.1. Descriptor reduction & selection process (per target)

For each target property, the descriptor set is processed in four steps
(Fig. 11):

i) redundant variables are pruned by correlation-based clustering as
in Fig. 10; ii) the remaining descriptors are ranked using four comple-
mentary criteria over 50 bootstrap resamples — absolute Spearman
correlation (monotonic signal), mutual information (general depen-
dence), XGBoost feature importance (nonlinear context), and RFECV
with XGBoost as estimator (Fig. 11); iii) a geometric elbow is applied to
each importance curve to define data-driven cut-offs; iv) the four binary
selections are combined into a consensus stability score, from which
descriptors above the final elbow are retained as a compact subset
without imposing an arbitrary feature count.

Focusing on stoichiometric descriptors allows previously unseen
chemistries to be featurized and screened without requiring known
crystal structures, thereby providing broader transferability than
element-identity encoding. Predictions for candidates lying far from the
training manifold should nevertheless be interpreted cautiously.

5.4. Supervised ML surrogates

We trained structure-agnostic surrogates on composition-derived
descriptors (Sections 5.1-5.3) to predict the target properties used
downstream for screening and generative conditioning. Models are
XGBoost regressors with early-stopping on a held-out validation fold,
stratified shuffles to preserve target distributions, and hyper-parameters
optimized on training data only to avoid leakage. Performance is re-
ported on unseen test splits and summarized with the coefficient of
determination R?, Mean Absolute Error (MAE) and calibration
diagnostics.

We trained independent surrogates for creep (LMP), high-
temperature oxidation, formation enthalpy, bulk and shear moduli,
melting point, and density. The creep and oxidation branches should not
be interpreted symmetrically. For creep, the supervised target is the
Larson-Miller parameter (LMP), i.e. a standardized scalar creep indi-
cator in which temperature is already embedded in the target definition,
and the feature-selection/training pipeline was provided with the
applied stress as an explicit branch-specific variable. By contrast, the
high-temperature oxidation branch remains more heterogeneous and
incorporates temperature explicitly through the inverse-temperature
variable 1/T. The creep branch should therefore be interpreted as a
predictor of the standardized scalar target LMP, not as a universal direct
predictor of rupture life under arbitrary combinations of stress and
temperature. Representative parity plots (on test sets) are provided with
typical test R? in the [0.8,1] (see Fig. 12 as an illustration) range
depending on target data quality (notably lower for oxidation due to
sparse and heterogeneous measurements). A compact summary table
(size, selected-feature count, outlier-threshold setting, test R2) is also
provided (Table 3). These target-specific validation results should be
distinguished from the validation status of the overall inverse-design
workflow. In the present study, the surrogate models are quantita-
tively validated on unseen test data, whereas the downstream ranking/
screening layer is only benchmarked retrospectively against literature-
reported HESA compositions and legacy reference alloys.

On the test base, this training reached almost R> = 0.94.

Each row in Table 3 corresponds to an independently trained
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surrogate associated with its own data regime; the heterogeneity chal-
lenge therefore lies in the target-specific literature or repository source,
not in a direct mixing of experimental and computational labels within
one model.

Among the seven supervised surrogates, the high-temperature
oxidation branch is currently the least mature one, reflecting both the
limited dataset size (172 entries) and the heterogeneous nature of the
underlying literature measurements. Its output should therefore be
interpreted as a conservative screening signal rather than as a definitive
quantitative certification of oxidation behavior.

5.5. Multi-objective scoring (g-scores) & baseline filter

To rank candidates consistently across heterogeneous targets, we
convert each predicted property into a desirability score g; € [0, 1] using
sigmoid or Gaussian mappings (see §3.2 of SI) anchored to literature-
supported thresholds or favorable intervals. These mappings are not
intended to make the underlying physical variables “equivalent”, but to
express how well each predicted property satisfies an application-driven
design requirement. The g; values should therefore be interpreted as
engineering desirability functions rather than absolute scores. They
provide a common decision layer for screening across heterogeneous
objective types — maximize, minimize, or remain within a target window
— while the shortlisted candidates are still interpreted in terms of their
underlying predicted physical properties. Each g was parameterized
from a literature-supported acceptable interval or threshold. For one-
sided objectives, sigmoid functions were used, with the midpoint cor-
responding to the transition around the acceptable limit and the width
controlling how progressively the score decays away from the desired
regime. For target-window objectives, Gaussian desirability functions
were centered on the literature-supported favorable range and scaled so
that g; = 0.5 at the range boundaries. The generic construction of these
mappings is illustrated in Fig. 23 of the Supplementary Information.
Importantly, the workflow does not rely on a weighted-sum formulation
assigning equal scalar weights to creep and oxidation. Candidates are
first filtered through a uniform feasibility floor and then screened by
Pareto non-domination across the full 10-dimensional desirability space.
The ten objectives {g;, -+, 81 } cover creep resistance [46], high Tr,, low
density [47], empirical BCC-favoring VEC window [48], empirical &
size-mismatch control [49-53], Pugh ratio (G/B) [54], intermetallic
avoidance [49], empirical solid-solution tendency () [49-52], config-
urational entropy ASp,ix [511, and high-temperature oxidation resistance
[51]. Exact thresholds and window shapes are summarized in Table 4.

This table summarizes the literature-supported thresholds or favor-
able intervals used to parameterize the desirability functions. These
thresholds should be understood as literature-supported engineering
thresholds for the present screening problem, not as uniquely validated
universal constants. These g; functions are used as a screening layer for
admissibility filtering and Pareto analysis; they do not replace the un-
derlying physical interpretation of the predicted properties.

The VEC-, 8-, and Q-based terms should not be interpreted as uni-
versal phase-formation laws. They are used here as empirical, literature-
supported heuristics that bias the search toward composition regions
historically associated with favorable HEA/HESA behavior. In the pre-
sent workflow, they function as soft desirability terms within a broader
multi-objective screen; none of them is considered individually neces-
sary or sufficient to guarantee the targeted phase constitution.

After computing all g;, we apply a baseline feasibility filter requiring
g; > 0.3 for all i, ensuring no single objective catastrophically fails while
retaining diversity for Pareto analysis. This rule is enforced before
dominance tests and generation loops, and it is identical across brute-
force, legacy and generative candidates.

Because the high-temperature oxidation branch is the most data-
limited surrogate, we also examined how strongly the feasible set de-
pends on the oxidation-related cutoff. On a 15,700-alloy baseline set,
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Fig. 11. Representation of the 4 Scores of the Descriptors Selected by the Clustering (Shear modulus) The bar plots represent the scores obtained by the

descriptors for each selection method

(a) Spearman score, (b) Mutual Information score, (c) XGB Embedded score and (d) RFECV score. The descriptors selected by

the elbow method appear in red, others appear in grey. The selection comprises the bar at which the elbow is identified. (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)
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Fig. 12. Predicted Values for the Formation Enthalpy (eV / at.) versus Real Values.

Table 3
Targets Learning Summary.

Outlier score threshold ~ Number of selected features ~ R2 reached on test dataset

Target Source of Data Size of dataset

Creep (LMP) Scientific Literature [15-26] (experimental) 295

HT Oxidation Scientific Literature [27,28,28-44] 172
(experimental)

Formation Enthalpy =~ Materials Project (DFT) 11,061

Bulk Modulus Materials Project (DFT) 1898

Shear Modulus Materials Project (DFT) 1749

Melting Point MPContribs (GNN) 13,880

Density Deep Mind (GNN) & Materials Project (DFT) 238,787

0/4 11 0.99
0/4 28 0.80
2/4 23 0.94
1/4 30 0.98
0/4 20 0.90
2/4 23 0.90
4/4 30 1.00

109 candidates satisfy g;,-:-,gy > 0.3. Among these, 46, 39, 35, 28, 13,
and 3 candidates also satisfy g;, > 0.1, 0.2, 0.25, 0.3, 0.35, 0.4,
respectively. This confirms that the oxidation filter acts as a deliberately
stringent selection criterion: relaxing it moderately enlarges the feasible
set, whereas tightening it further sharply reduces the number of retained
candidates.

Retaining demanding creep and high-temperature oxidation criteria
is nevertheless a deliberate design choice in the present superalloy-
oriented workflow, because the objective is not to maximize the num-
ber of admissible candidates, but to reduce a very large search space to a
manageable shortlist for downstream validation.

5.6. Pareto front computation and compression

We construct the Pareto frontier on the 10-dimensional score space
by marking a candidate as non-dominated if no other candidate is at
least as good in all g; and strictly better in at least one. Computation is
applied to the merged dataset (stochastic brute-force screened HESA, Al

16

generated HESA). The initial frontier can contain thousands of items; we
therefore compress it for interpretability.

We represent each alloy by its CLR-encoded composition vector,
perform Ward-linkage hierarchical clustering with an empirically cho-
sen Euclidean cut in CLR-space (see Fig. 13), then extract medoids
(observed compositions minimizing intra-cluster distance) as represen-
tatives. This reduces near-duplicates while preserving chemical inter-
pretability and diversity.

The graph on the left edge shows the Within-Cluster Sum of Squares
(WCSS), a classic metric to define the best value for K in K-mean clus-
tering. This graph shows a significant gain until K = 4, then the decrease
of WCSS slows down: this value is retained to perform the clustering.

The 3D graph on the right edge represents the 4 clusters in the latent
space defined by the 3 first principal components PC1, PC2 and PC3.

The (Ward) compression of the Pareto front to a few hundred rep-
resentatives suitable for Ashby-style visualization and expert review
(illustration on Fig. 14).

Ashby diagram depicting density against melting point, critical
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Table 4
Summary of the Physical Performance Objectives, the Quantitative Values and the Associated Filters.
SCORES Physical Scope Physical Quantity Target Range Unit Filter Type Sources
g Creep resistance Larson-Miller Parameter > 23 sigmoid,[20, 26] [46]
82 Operates at high-temperature Melting Point > 1500 K sigmoid [1200,1800]
g3 Weight Density <75 sigmoid [6, 9] [47]
84 Empirical BCC-favoring tendency Valence electron per atom € [6.87,8] electron per atom  gaussian window (48]
8s Empirical size-mismatch control & mismatch € [0.03,0.066] gaussian window [49-53]
86 Mechanical behavior (ductility) Shear / bulk moduli ratio (Pugh Criteria) >0.55 sigmoid [0.5,0.6] (54]
ol
87 No intermetallic formation Formation enthalpy [—0.156, 0.052] eV/atom gaussian window [49]
8s Empirical solid-solution tendency Q >1.1 sigmoid [1.0,1.2] [49-52]
&9 High configurational entropy Stoichiometric entropy [1.31,2.32] gaussian window (51]
810 Resistance to high-temperature oxidation  logKa >0 sigmoid [ —0.25,0.25] 130.45]
Ward clusters (k=4) — PCA 3D (visu)
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Fig. 13. Choice of K in the Ward Clustering Method.

properties for aerospace and energy applications. Markers reflect the
alloy generation methodology. Generative and gradient-optimized al-
loys (diamonds, crosses, stars) occupy high-performance domains
characterized by elevated melting temperatures with moderate-to-low
densities. These generative compositions consistently exceed the
melting points observed in classical superalloys, indicating novel alloys
with enhanced thermostructural capabilities and potentially lighter-
weight solutions for demanding applications.

The compressed Pareto set provides a compact, diverse summary of
high-performing candidates, enabling clear trade-off inspection and
shortlisting for experiments; examples and narratives appear in the
Results section.

5.7. Generative model (CVAE) and exploration enrichments

We employ a Conditional Variational Autoencoder (CVAE) to sample
plausible HEA/HESA compositions under explicit multi-objective con-
ditions. Compositions are encoded with the centered log-ratio (CLR)
transform to place mixtures in an unbiased Euclidean space; the condi-
tion vector y aggregates normalized targets (selected g-scores) with a
per-score minimum and a minimum total score to avoid single-objective
collapse. The network uses two dense layers in the encoder/decoder
with a moderate latent size (~16), trained with a schedule that first
prioritizes reconstruction, then statistical regularization (KL), and
finally introduces a reward term nudging the latent toward regions

decoding to high-score compositions while guarding against recon-
struction drift (Fig. 15).

Given a desired condition y (e.g., class Cy), sample z p(z) and decode
X = p,(x|z,y). The candidate X is then screened by a classifier or rule-
based filters to check membership X € Cy (e.g. good physical perfor-
mance as defined in Table 4).

At inference, we perform iterative propose-filter-adjust cycles:
sample z N(0,I), decode under y, then apply two light pre-filters before
surrogate evaluation: (i) an entropy filter (reject low configurational
entropy) and (ii) a minimal-score check on CVAE-predicted scores.
Survivors are evaluated by the supervised surrogates from their
composition (see 5.4); retained candidates (meeting all conditions) are
deduplicated and accumulated. Batch-level statistics (entropy, mean
scores, survival share) steer the reward schedule epoch by epoch.

To systematically diversify the explored composition space and
support the CVAE in generating varied candidates, we complement
CVAE sampling with:

e Hamming-based discrete augmentation over the presence/absence
mask (fixed cardinality, five-element alloys), selecting binary
“words” far from previously explored sets; and

e gradient-guided stoichiometric refinement (finite-difference gradi-
ents with simplex projection) starting from promising Pareto candi-
dates to climb toward higher multi-objective scores despite non-
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differentiabilities. These steps produced improved candidates while 6. Code availability
maintaining feasibility.
The complete code of the inverse design pipeline, including the
The learning database is enriched with the improved candidates, and training scripts and sample data, is publicly available on GitHub under
the generative model is run again. The overall candidates pool is then https://github.com/fr55160/materials_inverse_design_pipeline, except
compressed via Ward linkage and medoid selection before Pareto for the largest files which are publicly available at https://doi.org/10.5
analysis and visualization. 281/zenodo.17566991 and  https://doi.org/10.5281/zenodo.175
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