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ARTICLE INFO ABSTRACT

Keywords: Data-centric materials informatics has become a transformative paradigm for accelerating the discovery and
Machine learning (ML) design of superalloys, particularly by enabling efficient prediction of properties that are experimentally inac-
Superalloy

cessible or computationally intractable due to constraints in cost, time, or complexity. By harnessing the ability
of machine learning (ML) to model complex, nonlinear, and high-dimensional relationships, this approach
provides a compelling alternative to traditional trial-and-error and simulation-based strategies. This review
presents a comprehensive and critical assessment of recent advances in ML for superalloys. We first delineate the
essential workflow for ML-enabled superalloy design, encompassing foundational data resources, quantitative
assessments of data quality, feature descriptors and feature-selection strategies, representative algorithms
tailored to small and heterogeneous datasets, rigorous model-evaluation protocols, and model interpretation
through explainable ML and symbolic regression. We then summarize state-of-the-art ML applications targeting
specific high-temperature performance metrics, particularly y' phase stability, creep behavior, fatigue life, and
oxidation resistance, and highlight how approaches such as multi-fidelity learning, data augmentation, transfer
learning, and optimization algorithms facilitate efficient exploration of vast composition-processing design
spaces. Finally, we discuss persisting challenges and emerging opportunities, including data scarcity and reli-
ability, model confidence and uncertainty quantification, cross-system generalizability across Co-, Ni-, and multi-
principal superalloys, high-dimensional multi-objective optimization, and the integration of physics-informed
models and large language models into materials-informatics workflows. By synthesizing these developments,
this review outlines a strategic roadmap for harnessing ML to accelerate the discovery, performance optimiza-
tion, and intelligent design of next-generation superalloys.

Forward prediction
Intelligent design
High temperature properties

1. Introduction

Superalloys, renowned for their exceptional mechanical strength and
resistance to thermal creep deformation, are inherently complex, high-
dimensional, and multiscale-coupled systems. Despite their critical ap-
plications in aerospace, power generation, and other high-temperature
environments, existing fundamental theories struggle to accurately
and quantitatively describe the intricate relationships between compo-
sition, processing, microstructure, properties, and service behavior.
Several key mechanisms remain insufficiently understood, necessitating
a prolonged reliance on experimental trial-and-error approaches [1-3]
and various computational simulations [4,5]. Experimental strategies,

while invaluable for gaining insights, are often prohibitively costly,
time-consuming, and labor-intensive, with outcomes heavily dependent
on the researcher's expertise. Given the vast combinatorial possibilities
in alloy design, the efficiency of experimental trial-and-error methods
remains limited. Computational techniques like density functional the-
ory (DFT) offer precise atomic-scale calculations [6], but their applica-
bility is restricted by significant computational demands, especially for
complex alloys [7]. Similarly, physical models based on in prior
knowledge, such as molecular dynamics (MD) and Monte Carlo (MC)
simulations, can handle large-scale systems over shorter timescales but
fall short in predictive capability for alloy design [8]. Furthermore,
while physical models grounded in prior knowledge have proven
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successful for specific alloy systems, they often lose fidelity when
applied to different alloy systems [9]. Thus, these limitations present
significant challenges in exploring the extensive search space of
superalloys.

Machine learning (ML) is rapidly bridging the gap between tradi-
tional experimental trial-and-error approaches and computational sim-
ulations by offering surrogate models that combine the strengths of
both. Rather than relying on labor-intensive experimental processes or
the specific functional forms and parameterizations characteristic of
computational simulations, which limit their generalizability, ML
methods leverage experimental data reported in the literature alongside
simulation data to predict the specific properties of a given alloy
composition, processing condition, microstructure, or crystal structure
[10,11]. A key advantage of ML is its ability to provide significantly
faster predictions, with speeds several orders of magnitude higher than
those of traditional experimental and computational simulations. For
instance, certain ML models can predict specific properties within mil-
liseconds, compared to the hours or days required by DFT or MD sim-
ulations [12]. Moreover, by directly correlating alloy properties with
composition and processing parameters, ML mitigates the cumulative
errors often introduced by the complexity of multi-mechanism in-
teractions, thereby enhancing both predictive accuracy and robustness
[13-15].

Data is the cornerstone of ML. ML algorithms rely on extensive
datasets to identify and learn underlying trends, correlations, and pat-
terns [16-18]. In the realm of superalloys, sustained research and
development efforts over decades have generated a wealth of data,
encompassing alloy compositions, processing conditions, microstruc-
tural characterizations, and performance metrics. This has laid a solid
foundation for the widespread application of ML in superalloy research.
Through ML, it is feasible to establish mapping relationships between
key feature factors, such as alloy composition, heat treatment processes,
and microscopic electrophysical properties, and target performance.
This capability not only facilitates the prediction of alloy properties but
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also accelerates the discovery of novel superalloy compositions [11].
Furthermore, ML can aid superalloy researchers in gaining deeper in-
sights into the mechanisms governing superalloy behavior across
various scales and dimensions, ultimately revealing their underlying
scientific principles [19,20].

In recent years, ML methods have been increasingly applied to su-
peralloy research, particularly in alloy composition design and perfor-
mance prediction. While significant progress has been made, several
challenges remain. Therefore, it is essential to comprehensively under-
stand both the latest research advancements and the ongoing challenges
in applying ML to superalloys. While several excellent reviews exist on
the broader application of ML in materials science [7,8,21-28], there
remains a noticeable gap in comprehensive reviews focusing specifically
on superalloys. For instance, Liu et al. [7] reviewed ML applications for
high-entropy alloys, focusing on state-of-the-art ML models that
describe atomic interactions and atomistic simulations of thermody-
namic and mechanical properties. Another review by Hu et al. [25]
summarized the current state of ML-driven alloy research. Both review
papers discuss ML applications for alloys in general; However, ML's
unique challenges and opportunities for superalloys are not thoroughly
discussed. Given the extensive attention that superalloys have attracted,
a timely and focused review is warranted. Specifically, we present a
comprehensive review on the interdisciplinary topic of ML for superal-
loys, discuss the critical aspects involved in implementing ML, summa-
rize key applications to illustrate the advantages of ML for superalloys,
and highlight the existing challenges and opportunities in this field.

2. Critical steps of ML methods for superalloy

Fig. 1 presents the overall framework for applying ML to superalloys.
The following sections will focus on key components within this
framework, including the fundamental data, data quality evaluation,
feature descriptors and feature selection, representative ML algorithms,
model evaluation, model interpretation, virtual space, optimization
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algorithms, and the performance prediction issues associated with su-
peralloys using ML.

2.1. Fundamental data

The availability of reliable fundamental data is a prerequisite for
accelerating research and development in superalloys. Existing data-
bases containing structural, thermodynamic, and property information,
derived from high-throughput experiments, computational thermody-
namics, and first-principles calculations, provide essential resources for
data-driven alloy design. Although a dedicated, comprehensive super-
alloy database is not yet available, several well-established repositories
contain extensive data relevant to superalloys. Representative examples
are summarized in Table 1. For instance, the MatNavi database devel-
oped by the National Institute for Materials Science (NIMS, Japan) offers
a substantial collection of tensile, creep, and fatigue data for Fe-, Ni-, and
Co-based superalloys.

Beyond these curated databases, vast quantities of high-quality,
peer-reviewed experimental data are embedded in the scientific litera-
ture. However, manually mining such information is both time-
consuming and knowledge-intensive. To address this challenge, Wang
et al. [34] developed a rule-based named-entity-recognition framework
coupled with a distance-based heuristic multi-relation extraction algo-
rithm. As illustrated in Fig. 2, this workflow enables automated
extraction of composition, processing, and performance data from
literature with high accuracy, particularly for small and domain-specific
corpora. Using similar strategies, large-scale datasets of superalloy
compositions and properties can be constructed efficiently, providing a
robust foundation for property prediction and rational alloy design.

Despite their value, literature-derived datasets typically remain
small in size. To mitigate this intrinsic limitation, data-augmentation
techniques have emerged as powerful tools [35]. Among them, gener-
ative adversarial networks (GANs) have proved particularly effective. In
GANSs, a generator is trained to produce synthetic samples that closely
mimic the original data, while a discriminator learns to distinguish real
from synthetic samples. Through this adversarial interplay, the model
captures the underlying latent structure of the dataset, thereby
enhancing both diversity and representativeness. For example, Lee et al.
[36] successfully applied GAN-based augmentation to high-entropy al-
loys, improving the phase-prediction accuracy of a deep neural network
from 84.75 % to 93.17 %. Such generative approaches substantially
strengthen the data foundation of ML-driven superalloy research and
accelerate the discovery of new alloy chemistries.

In addition to data scarcity, materials datasets often suffer from
incomplete, ambiguous, or partially missing information, particularly
regarding alloy compositions or processing histories. To address this
pervasive issue, Lv et al. [37] innovatively integrated transfer learning
with partial-label learning to construct an uncertainty-aware predictive
framework (Fig. 3). This model leverages transferable knowledge from
related material systems to intelligently infer, refine, and correct missing
or ambiguous information in the target dataset. By reconstructing the
“true” compositions from incomplete records, the framework

Table 1
Online databases for superalloys.
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significantly enhances both the accuracy and generalizability of
fatigue-performance prediction models. This strategy highlights a
promising avenue for harnessing machine learning to extract reliable
knowledge from imperfect materials data, thereby advancing
ML-assisted alloy design.

In summary, reliable fundamental data remain the cornerstone of
ML-enabled superalloy research, yet current resources are fragmented
across curated databases and dispersed literature. Recent advances have
begun to close this gap through automated information extraction and
data-augmentation frameworks, which together expand dataset
coverage while preserving physical fidelity. Moreover, emerging stra-
tegies that integrate transfer learning with partial-label learning offer a
pathway to correct incomplete or ambiguous records, thereby
strengthening model robustness in realistic, imperfect data environ-
ments. Collectively, these developments transform data availability
from a limiting bottleneck into an enabling capability, laying the
groundwork for scalable, accurate, and generalizable ML-driven super-
alloy design.

2.2. Data quality evaluation

The reliability of ML applications in superalloy research is deter-
mined not only by dataset size, but increasingly by the quality, trans-
parency, and internal coherence of the underlying data. Recent studies
[38,39] have introduced quantitative evaluation frameworks centered
on completeness, accuracy, and consistency, enabling systematic
assessment of heterogeneous data sources.

(1) Completeness evaluation. Completeness reflects the availability
of essential composition-processing-microstructure-property in-
formation and is commonly quantified using a completeness
ratio:

N(rom lete
C=—"2" (€Y
Nrotal

where Neomplete denotes the number of records containing full chemical
composition, heat-treatment descriptors, microstructural parameters,
and corresponding property values (e.g., ¥ phase coarsening rate,
oxidation kinetics, tensile strength, creep life, fatigue lifetime, etc.), and
Niotal is total number of records in the dataset. Records missing critical
target properties are typically excluded to avoid label uncertainty,
whereas partially missing auxiliary fields may be reconstructed through
literature tracing, CALPHAD-guided calculation, or statistically
informed estimation when physically justified.

(2) Accuracy assessment. Accuracy describes the degree of agree-
ment between reported data and more reliable references (e.g.,
curated databases, benchmark experiments, or well-established
literature values). In superalloy datasets, accuracy is evaluated
at both the single-entry and dataset level. At the single-entry
level, the relative deviation between two independent sources
can be expressed as:

Database Name Description

Availability

Materials Data Sharing (MSDSN)

MatWeb

CINDAS LLC

NIMS Materials Database (MatNavi)

Inorganic Crystal Structure Database (ICSD) [29]
Crystallography Open Database (COD) [30]

The Open Quantum Materials Database (OQMD) [31]
Materials Project (MP) [32]

Automatic Flow (AFLOW) [33]

Atomly

Experimental data

13702 superalloy experimental data
1106 superalloy experimental data
32 superalloy experimental data

Crystal structure data

DFT calculated thermodynamic and structural properties data

http://www.materdata.cn/
https://matweb.com/
https://cindasdata.com/
https://mits.nims.go.jp/
http://icsd.fiz-karlsruhe.de
https://www.crystallography.net/cod/
https://oqmd.org/
https://www.materialsproject.org/
http://www.aflowlib.org/
https://atomly.net/#/matdata
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Fig. 2. Schematic workflow of the automated text mining pipeline [34]. The workflow involves several stages of scientific documents download, preprocessing, table
parsing, text classification, named entity recognition, table and text relation extraction, and interdependency resolution. A corpus of scientific articles is scraped and
the irrelevant information in raw corpus is then filtered during preprocessing. According to the table parsing and text classification, the tables and sentences with
target information are determined for named entity recognition and relation extraction. The alloy named entity, property specifier and property value are recognized
by named entity recognition, and relation extraction of text and table gives the specific tuple relations. Interdependency resolution resolves the linkage to chemical
composition and property data fragments for one specific material, and finally outputs a complete record into materials database.
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where x{°! is the value of the i-th data point reported in one source (e.
g., a database or a specific paper), and x{°“¢? is the corresponding value
reported in an independent reference source (e.g., another database or a
different experimental study). A pointwise accuracy score is then
defined as:

A=1-6 3

such that A;—1 indicates excellent agreement, while lower A; values
reflect larger deviations. At the dataset level, an average accuracy in-
dicator can be calculated over Np,;; cross-comparable entries:

Npair

Auvg = Npluir Z Ai

i=1

@

where N, is the number of entries with cross-source correspondence,
and Agy represents the dataset-level average accuracy.

Beyond cross-source comparisons, statistical anomaly detection is
widely employed to identify suspicious measurements. A commonly
used approach is z-score analysis:

Xi — 4
i=—
c

5)
where x; is the value of the i-th data point and y and ¢ are the sample
mean and standard deviation, respectively. Values exceeding a
threshold (typically |z;| > 3) are flagged as statistical outliers and

removed or subjected to manual inspection. Complementary methods,
such as interquartile-range (IQR) filtering, serve a similar purpose.
Physical plausibility checks further compare reported values against
thermodynamic and phase-stability constraints (e.g., ¥ volume fractions
not exceeding equilibrium limits), providing an additional layer of
reliability. Collectively, cross-source validation, statistical outlier
detection, and physics-based screening form a multi-level accuracy
evaluation framework that substantially reduces the impact of experi-
mental noise, transcription errors, and inconsistent testing protocols.

(3) Consistency harmonization. Consistency harmonization ensures
that data originating from heterogeneous sources can be mean-
ingfully compared and integrated by eliminating discrepancies in
representation, terminology, and measurement scales. A
commonly cited quantitative indicator is the normalized consis-
tency score:

s=7
Hy

(6)

where o7 and yy represent the standard deviation and mean of feature f,
respectively. Features exhibiting extremely low variance (e.g., Sy ~ 0)
are typically removed due to negligible information content and the risk
of implicit weighting during model training. Consistency harmonization
generally involves: (i) unit standardization, including converting of wt.
% to at.% through atomic-weight normalization, unifying stress units (e.
g., MPa vs GPa) and temperature scales, and aligning time formats (e.g.,
aging duration in hours vs minutes); and (ii) terminology and descriptor
unification, such as standardizing phase labels (y' vs L1, FCC vs y ma-
trix), harmonizing heat-treatment notations (e.g., “solutionized at
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Fig. 3. Schematic overview of the proposed methodology [37]. (a) Integrated workflow combining partial label learning (PLL) and transfer learning (TL) for alloy
composition mining and fatigue performance prediction. The framework consists of four key modules: (I) prediction of tensile properties and inferred composition;
(II) knowledge transfer via a TL strategy; (III) ambiguity resolution using PLL to handle partially labeled compositional data; and (IV) final prediction of fatigue
performance. (b) Experimental validation of the developed model, including alloy fabrication, fatigue testing, data acquisition, and quantitative assessment of

prediction accuracy.

1250 °C for 1 h” vs “ST1250-1h"), and resolving ambiguous expressions
lacking explicit conditions.

Overall, the adoption of quantitative data-quality evaluation signals
a shift from data accumulation toward data reliability, establishing a
more rigorous foundation for trustworthy, generalizable, and physics-
consistent insights in superalloy informatics.

2.3. Feature descriptors, and feature selection

Feature descriptors are fundamental to establishing quantitative
structure-property relationships that link alloy composition, processing
conditions, microstructural attributes, and targeted performance met-
rics. However, excessively high-dimensional descriptor spaces can
introduce the curse of dimensionality, data sparsity, and overfitting,
ultimately degrading the generalization capability of ML models and
increasing computational cost. Accordingly, feature selection consti-
tutes a critical step in developing robust, efficient, and interpretable ML
frameworks, particularly in superalloy research, where datasets are
typically heterogeneous, strongly correlated, and limited in size. By
identifying the most informative variables while eliminating redundant
or weakly relevant descriptors, feature selection reduces model
complexity, mitigates overfitting, and improves the physical interpret-
ability of predictions. This step is especially important in Co- and Ni-
based superalloys, where candidate descriptors span a wide spectrum,
including alloying composition, heat-treatment schedules, Y phase

metrics, diffusion-controlled parameters, thermodynamic quantities,
and electronic-structure features, many of which are interdependent and
do not contribute equally to predictive performance. Existing feature-
selection strategies are generally categorized into three groups.

(1) Filter methods evaluate descriptor relevance independently of
the learning algorithm using statistical criteria such as Pearson
correlation, mutual information, variance thresholds, or
maximum-relevance-minimum-redundancy (mRMR). These ap-
proaches offer high computational efficiency and are well suited
for the initial screening of large descriptor spaces.

(2) Wrapper methods, including recursive feature elimination (RFE),
forward or backward stepwise selection, and cross-validated
subset search, iteratively assess feature subsets by training ML
models. Although computationally more demanding, they often
deliver superior performance for small-sample materials datasets
by capturing nonlinear interactions among descriptors.

(3) Embedded methods incorporate feature selection directly into
model training, for example through LASSO or elastic-net regu-
larization, sparsity-promoting Bayesian frameworks, or tree-
based importance measures such as random forest and XGBoost.

These approaches provide a balanced compromise between effi-
ciency, predictive accuracy, and reproducibility. Recent advances in
interpretable and physics-aware ML have introduced hybrid strategies
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that integrate statistical selection with domain knowledge. Examples
include SHAP-based importance ranking, stability selection under
bootstrapping, and metallurgically guided elimination informed by
CALPHAD predictions or mechanistic constraints (e.g., Al-Ta governing
Y’ solvus temperature versus W-Mo controlling diffusion-limited coars-
ening). For superalloys, such combined strategies not only enhance
predictive performance but also uncover meaningful composition-
processing-microstructure-property  linkages, prevent physically
spurious correlations, and provide actionable guidance for alloy design.

Overall, rigorous and reproducible feature-selection pipelines are
indispensable for enabling reliable model generalization, reducing
computational overhead, and establishing interpretable and scientifi-
cally grounded ML frameworks for next-generation superalloy design.
Fig. 4 summarizes representative feature descriptors associated with key
target properties in Co- and Ni-based superalloys.

2.4. Representative ML algorithms

Different ML algorithms possess distinct strengths and limitations;
therefore, selecting an appropriate model requires careful consideration
of task characteristics, feature dimensionality, and, critically, the scale

and fidelity of the available dataset. Although comprehensive in-
troductions to classical ML algorithms are widely available [40,41],

Target properties

&

Physical properties -{

Microstructural parameters J

Co-based superalloy
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conventional approaches inherently rely on large, high-quality datasets
containing hundreds to thousands of alloy samples [25,42]. While such
data volumes are often attainable for properties that are inexpensive and
straightforward to measure, they remain exceptionally difficult to obtain
for high-cost, small-sample properties such as L1,-y' coarsening kinetics,
creep lifetime, or fatigue resistance, which require prolonged testing,
complex characterization, and are frequently constrained by industrial
confidentiality.

To address this persistent data scarcity, recent studies have devel-
oped a suite of practical, domain-specific strategies tailored to the su-
peralloy community. First, data-augmentation techniques, including
generative adversarial networks (GANs) and Markov and Chain Monte
Carlo (MCMC) sampling, have emerged as effective tools for synthesiz-
ing physically realistic microstructural or property data. These methods
substantially alleviate the small-sample bottleneck by expanding the
training domain while preserving thermodynamic and mechanistic
consistency. Sun et al. [43] proposed an interpretable machine-learning
(XML) framework combined with a multi-fidelity augmentation strategy
specifically designed for small-sample scenarios. Their workflow in-
tegrates MCMC sampling and a Wasserstein GAN with gradient penalty
(WGAN-GP) to generate thermodynamics-constrained medium-fidelity
data, while low-fidelity expansions are produced using the SMOGN al-
gorithm with Gaussian perturbations. The resulting hybrid dataset,

Feature descriptors

Chemical compositions

___, Chemical compositions;
" Chemical compositions, age temperature, age time

Chemical compositions, age temperature, age time;
Physical and chemical attributes

—( ¥ phase stability (—Microscopic characteristics of the elements

— /v’ microstructure (aspect ratio, area fraction, rafting degree)

Mechanical properties

Yield strength

___Chemical compositions, age temperature, age time, test
temperature microstructural parameters

Chemical compositions, oxidation temperature, oxidation

idati operti e — ..
Oxidation properties — - e

Creep microstructure |— Creep conditions (various creep stresses)

]’— Creep properties

Ni-based superalloy —4

eep gth | — Creep temperature, creep stress, and creep time

— Plain composition, physical descriptor, physical and metallurgical descriptors

Creep rupture life | — Chemical compositions, processing parameters, testing conditions, microstructures

Fatigue crack nucleation |— Von Mises stress, maximum plastic slip-rate, plastic defect energy
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Fatigue strength | — Temperature, stress ratio, fatigue life
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aging processing), fatigue experimental parameters (total strain, plastic strain, stress
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Fig. 4. The feature descriptors corresponding to target properties of Co/Ni-based superalloys.
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comprising experimental measurements, thermodynamic simulations,
and physically constrained generative data, enables robust multi-fidelity
learning. Using this enriched dataset, the authors achieved
high-accuracy prediction of the y' coarsening rate constant (K,) with an
XGBoost regression model, demonstrating the effectiveness of
multi-fidelity augmentation in modeling superalloy properties other-
wise limited by sample scarcity.

Importantly, this multi-fidelity paradigm is readily extendable to
creep-property prediction. For instance, GAN-based generative models
or MCMC sampling can be employed to approximate the underlying data
distribution of creep-related features (e.g., composition, microstructure
descriptors, temperature-stress conditions). These synthetic data pro-
vide a statistically enriched representation of the design space. Subse-
quently, physics-based computational tools, such as JMatPro, can be
used to calculate creep life or steady-state creep rates for these generated
compositions, thereby supplying medium-fidelity simulation data.
Although such simulated creep data inevitably contain model-
dependent uncertainties, they nevertheless offer valuable mechanistic
insights and broaden the effective training set. When combined with a
limited quantity of high-fidelity experimental creep measurements, the
resulting multi-fidelity dataset enables the construction of significantly
more reliable machine-learning models for predicting creep life or creep
rate in advanced superalloys.

GANSs represent one of the most influential generative frameworks in
modern deep learning and are widely used to model complex material-
property distributions through an adversarial game between a generator
and a discriminator. In the classical formulation, the two networks
optimize a minimax objective:

ménmng(D, G) =E. . log D(x)] + E..,, [log(1 — D(G(z)))] @)

where pgqq denotes the real data distribution, p, the latent prior, and G
(2) the synthesized sample with model distribution p,. The generator
learns to map latent variables onto the real data manifold, whereas the
discriminator aims to distinguish real from synthesized samples; ideally,
iterative optimization drives p; toward pgqq. However, classical GANs
frequently suffer from mode collapse, gradient vanishing, and unstable
convergence, limitations that are particularly pronounced in small,
noisy materials datasets.

To mitigate these drawbacks, advanced variants such as the Was-
serstein GAN (WGAN) replace the Jensen-Shannon divergence with the
Wasserstein-1 (Earth mover) distance:

W (psanspe) = 99 [Evepu 0] = Evep [ 9] ®

where f ranges over the set of 1-Lipschitz functions. The corresponding
critical loss is expressed as:

Lwcan = Exp, [D(X)] = Exp,, [D(%)] €)

Further stabilization is achieved using the gradient-penalty variant
(WGAN-GP), in which the Lipschitz constraint is enforced via an addi-
tional regularization term:

VD), ~ 1)° (10)

Lwcan—cr = Lwcay + Az,

where X is sampled along straight lines between real and generated
samples and A > O controls penalty strength. This formulation signifi-
cantly improves training stability and increases the diversity of gener-
ated samples.

Performance evaluation of GAN-generated materials data typically
considers both realism and diversity. Widely used quantitative metrics
include the Fréchet Inception Distance (FID), Maximum Mean Discrep-
ancy (MMD), and mode-count-based diversity scores. A common
reproducing-kernel Hilbert-space (RKHS) definition of MMD between
distributions P and Q is:

Progress in Natural Science: Materials International 36 (2026) 1-19

MMD(P, Q) = || [(x)] — Ey-old ]|} an

where ¢( -) denotes the feature mapping into RKHS H. In materials sci-
ence, however, the most practical criterion is often task-oriented eval-
uation, namely, whether the generated data enhance the predictive
accuracy, robustness, or extrapolation capability of downstream ML
models. Although GANs hold significant promise for augmenting high-
cost datasets (e.g., ¥ phase coarsening, creep, fatigue, oxidation, and
phase-transformation kinetics), their outputs may violate physico-
chemical constraints if trained without appropriate regularization.
Consequently, physics-informed or constraint-embedded GAN frame-
works have emerged as essential directions for ensuring both fidelity and
physical validity. Overall, GAN-based data generation provides a
powerful route to mitigating the small-sample bottleneck in advanced
materials research and enabling more reliable exploration of
composition-structure-property relationships in regimes where experi-
mental data are limited or prohibitively costly to obtain.

Markov Chain Monte Carlo (MCMC) provides a complementary, fully
probabilistic approach for synthesizing medium-fidelity materials data
by sampling directly from a physically meaningful target distribution p
(x). MCMC constructs a Markov chain with transition kernel T (x—x)
such that p(x) is its stationary distribution, typically enforced through
the detailed-balance condition:

PX)P(x—x) =p(x)P(x —x) (12)

Representative algorithms include Metropolis-Hastings (MH), Gibbs
sampling, and Hamiltonian Monte Carlo (HMC). In MH sampling, a
candidate point X' drawn from

q(x|x) is accepted with probability:

(P
alx,x)=m “(1 P x)> (13

Gibbs sampling sequentially updates each variable by drawing from
its full conditional distribution, whereas HMC introduces auxiliary mo-
mentum variables and simulates Hamiltonian dynamics to perform long-
range, low-autocorrelation moves that significantly reduce random-walk
behavior. Convergence diagnostics, such as trace-plot inspection, the
Gelman-Rubin statistic, effective sample size, and autocorrelation anal-
ysis, are routinely employed to ensure sampling reliability. Compared
with GANs, MCMC offers stronger interpretability, explicit incorporation
of physicochemical priors, and strict adherence to thermodynamic con-
straints. Thus, MCMC serves as a critical component of multi-fidelity data-
augmentation workflows, complementing GAN-based generative models
and substantially improving the physical consistency and generalization
performance of ML models under small-sample regimes.

Second, transfer learning (TL) provides another highly effective
pathway for small-sample materials modeling. By transferring knowl-
edge learned from data-rich domains (e.g., tensile strength, oxidation
kinetics) to data-poor domains (e.g., creep rupture life, fatigue perfor-
mance), TL can substantially enhance predictive accuracy while
reducing reliance on costly experimental datasets. Gao et al. [44] pro-
posed a transfer learning Transformer-KAN (TLT-KAN) framework
integrating Transformer encoders and Kolmogorov-Arnold Networks
(KAN) to predict Ni-based superalloy residual fatigue damage under
multi-level loading with limited samples. To address the dual limitations
of physics-based models (inaccuracies caused by over simplification)
and conventional data-driven methods (requiring sufficient data),
TLT-KAN leverages simulation data from the validated Manson-Halford
physics-based model as the source domain for pre-training, transferring
knowledge by fine-tuning the model on scarce experimental data (target
domain). Validation on a dataset comprising 14 materials demonstrates
that TLT-KAN achieves competitive accuracy using only 8.3 % of the
training data required by conventional ML models; when the training
data increases to 16.7 % of that needed by conventional ML models, its
accuracy surpasses all ML models. Ablation studies confirm the critical
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roles of the Transformer encoder's feature interaction and KAN's adap-
tive nonlinear mapping, and the model exhibits exceptional data effi-
ciency, enabling high-accuracy fatigue prediction under scenarios of
limited experimental data.

The concept of TL is inspired by the human ability to apply previ-
ously acquired knowledge to solve new tasks with greater speed and
accuracy [45], as illustrated in Fig. 5. TL is particularly advantageous
when experimental data available for the target task are insufficient or
the computational costs are prohibitively high [22]. By leveraging
transferable knowledge from a source domain, TL enhances model
performance in the target domain [46].

TL methodologies can be broadly categorized into model-based,
sample-based, and feature-based strategies [47]. Model-based TL in-
volves sharing components of a pre-trained architecture and fine-tuning
it for the target task, which is the mainstream approach. In neural net-
works, shallow layers are typically retained for feature extraction,
capturing fundamental patterns such as edges, textures, or spatial mo-
tifs. Freezing these early layers and retraining only the final one or a few
layers using a small learning rate significantly reduces the need for
labeled data and accelerates convergence, as shown in Fig. 6.

Sample-based TL requires selecting samples from the source domain
that are highly similar to the target domain for utilization. This approach
is straightforward and does not require additional model training or
feature extraction. When the feature spaces of the source and target
domains differ, feature-based TL, also known as marginal distribution
adaptation, becomes necessary. This approach transfers knowledge by
aligning feature representations between the source and target domains.
The primary challenge in feature-based TL lies in addressing discrep-
ancies in the marginal distribution of input data or features. By focusing
on shared feature representations, feature-based TL provides an effec-
tive strategy for knowledge transfer across domains.

Fig. 7 presents the specific machine learning models employed for
various target properties of Co- and Ni-based superalloys. To further
promote broad engagement in the field of materials informatics and
advance the research of high-temperature alloys, an array of integrated
informatics platforms and software tools has emerged. These platforms
are designed to assist researchers in efficiently developing models and
accelerating the discovery of novel alloy systems, as summarized in
Table 2.
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2.5. Model evaluation

Generally, model performance in regression tasks is quantitatively
evaluated using five standard evaluation metrics: coefficient of deter-
mination (Rz), mean absolute error (MAE), root mean square error
(RMSE), mean absolute percentage error (MAPE) and symmetric mean
absolute percentage error (SMAPE), defined as follows [59]:

PR o/ 0 a
n —\2
Zi:l(yi _y)
1 n—1
MAE =~ =7, 15
" ;Iy il (15)
T R
RMSE= |- (3 —73,)° (16)
i=1
mape=100% § |y yi’ a7)
no= Vi
smapE = 100% i = 3 (18)
(vl +19:0)/2

where y;, ¥;, and y represent the actual value, predicted value, and mean
of the actual values for the i-th sample, respectively, and n denotes the
total number of samples.

R? measures the proportion of variance in the target variable
explained by the model, with values approaching 1 indicating improved
goodness of fit. MAE and RMSE metrics provide complementary per-
spectives on prediction accuracy. MAE, computed as the mean of ab-
solute residuals, provides a robust estimate that is less affected by
extreme values. RMSE applies quadratic penalization to residuals and is
therefore more sensitive to large deviations, making it particularly
useful for identifying substantial prediction errors. Both metrics
decrease as predicted values more closely match experimental obser-
vations and are widely adopted for evaluating regression models.

MAPE quantifies the average percentage deviation between pre-
dicted and actual values, offering a scale-independent and interpretable
measure of prediction accuracy. However, its formulation involving
division by the ground truth renders it numerically unstable when actual

(©)

’ Knowledge

Transfer

Fig. 5. Intuitive examples about TL. (a) Applying the knowledge of riding a bicycle to learning how to ride a motorcycle. (b) Utilizing the skills gained from using a
smartphone to efficiently operate a computer. (¢) Transferring swimming techniques to learning how to ski.
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Fig. 6. Variable-fidelity surrogate model based on TL [48].

values approach zero. SMAPE mitigates this issue by replacing the de-
nominator with the average of predicted and actual values, yielding a
symmetric and more numerically stable estimate of relative error. This
makes SMAPE especially advantageous for datasets containing hetero-
geneous magnitudes or near-zero targets.

In classification tasks, accuracy (ACC), recall (REC), precision (P),
and the Fl-score constitute the fundamental metrics for evaluating
discriminative performance. Among these, the Fl-score is particularly
informative under class-imbalanced conditions because it balances
precision and recall. The receiver operating characteristic (ROC) curve
and its associated area under the curve (AUC) provide a threshold-
independent measure of class separability and are applicable to both
binary and multi-class classification problems. The definitions of the
classification model evaluation metrics are provided as follows [60]:

TP + TN

ACC= Th FP Y IN T PN (19
P= TPTFP 20)
REC = TPZ% (21)
Flscore= 27"]’4—217% (22)

where TP (True Positive) denotes the number of correctly predicted
positive samples; FP (False Positive) represents the number of negative
samples incorrectly predicted as positive; TN (True Negative) corre-
sponds to the number of correctly predicted negative samples; and FN
(False Negative) indicates the number of positive samples incorrectly
predicted as negative.

Although many models achieve seemingly excellent fitting perfor-
mance on the training dataset, such results provide only limited insight
into their true predictive reliability. For superalloy applications, model
evaluation should therefore be based on rigorously separated validation
schemes, such as k-fold or nested cross-validation, repeated random sub-
sampling, and, ideally, independent test sets, to obtain unbiased

estimates on genuinely unseen data and to detect overfitting that is often
hidden in small, noisy, or imbalanced datasets. In practice, robust
generalization further requires careful control of data leakage (e.g.,
avoiding splitting data points originating from the same alloy or heat in
different subsets), transparent reporting of evaluation protocols, and
complementary uncertainty quantification to indicate the confidence
level of each prediction. A distinct but equally important issue is
generalization across alloy systems. Models trained exclusively on a
single chemistry window, for example, Co-based y'-strengthened su-
peralloys, rarely transfer directly to Ni-based or multi-principal systems
because of substantial shifts in composition space, phase-stability
landscapes, diffusion kinetics, and deformation or damage mecha-
nisms. Consequently, naive extrapolation beyond the training domain
can lead to deceptively confident yet physically unreliable predictions.
Recent studies [61,62] have begun to mitigate this gap through strate-
gies such as transfer learning (pretraining on broad, cross-system data-
sets followed by system-specific fine-tuning), domain adaptation and
reweighting of training samples, multi-fidelity or physics-informed de-
scriptors (e.g., CALPHAD-derived thermodynamic metrics, diffusion
coefficients, and y' phase attributes), and multi-task frameworks that
learn shared representations across related properties or alloy families.
Nevertheless, systematic benchmarks on cross-system generalization
remain scarce, underscoring the need for community-wide, standardized
testbeds to evaluate how far current ML models can reliably extrapolate
between Co-based, Ni-based, and emerging superalloy systems.

2.6. Model interpretation

Most conventional ML models operate as black boxes, providing
limited transparency regarding how input features influence predicted
outcomes. This lack of interpretability poses a fundamental challenge
for data-driven superalloy design, where understanding mechanistic
trends is essential for informed alloy development and scientifically
grounded decision-making. The advent of explainable ML (XML) tech-
niques has substantially alleviated this limitation by enabling quanti-
tative and human-interpretable attribution of model behavior. Among
available XML methods, SHapley Additive exPlanations (SHAP), local
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Fig. 7.

Commonly used ML models to target properties in Co/Ni-based superalloys.
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Table 2
All-in-one materials informatics platforms/software.
Platform/software Function Source
MLMD [49] A programming-free Al platform to predict and design materials http://matdesign.top/

MatCloud [50]
AlphaMat [51]

Python Materials Genomics (Pymatgen) [52]
MaterialsAtlas.org [53]

Joint automated repository for various integrated
simulations (JARVIS) [54]

Jilin Artificial-intelligence aided Materials-design
Integrated Package (JAMIP) [55]

Materials Image Processing and Automated

A high-throughput computational infrastructure for integrated management of materials
simulation, data and resources
A material informatics hub connecting data, features, models and applications

A robust, open-source python library for materials analysis

A materials informatics web app platform for materials discovery and survey of state-of-the-

art

An integrated infrastructure to accelerate materials discovery and design using density
functional theory (DFT), classical force-fields (FF), and machine learning (ML) techniques
An open-source Python framework to meet the research requirements of computational
materials informatics

A novel software package for two- and three-dimensional microstructural characterization

https://www.matclou
dplus.com.cn/
http://www.aimslab.
cn/#/alphamat
https://pymatgen.org/
http://www.materialsa
tlas.org/
https://jarvis.nist.gov/

http://www.jamip-
code.com/
https://www.mipar.us/

Reconstruction (MIPARTM) [56]
Artificial Learning and Knowledge Enhanced Materials
Informatics Engineering (ALKEMIE) [57,58]
Crystals.ai

An intelligent computational platform for accelerating materials discovery and design

An software frameworks for robust Al in materials science

https://alkemine.org

https://crystals.ai/

interpretable model-agnostic explanations (LIME), and symbolic
regression (SR) have been widely adopted in the superalloy community
[59,63,64].

SHAP analysis, in particular, provides a unified, game-theoretic
framework for decomposing model outputs into additive feature con-
tributions while capturing nonlinear interactions. These capabilities
make SHAP especially effective for elucidating the complex
composition-processing-microstructure-property relationships charac-
teristic of Co- and Ni-based superalloys.

For example, Sun et al. [59] reported that when age temperature
(Tqge) is below 1050 °C and the compositional window satisfies V > 0 at.
%, Ti < 3.0 at.%, Cr > 3.0 at.%, and Mo between 1 and 5 at.%, the SHAP
values of the y' coarsening-rate model remain predominantly positive,
indicating a significant reduction in the y’ coarsening rate constant (K;)
under these thermochemical conditions. Notably, T, exerts the stron-
gest influence on K. Conversely, when Tgg < 1050 °C, Ti > 3.0 at.%,
W > 2.5 at.%, Co < 55 at.%, Ta >1 at.%, Cr < 2 at.%, V > 1 at.% and Mo
within 2-5 at.%, the y volume-fraction model exhibits consistently
positive SHAP values, suggesting a pronounced enhancement in y' phase
volume fraction. These findings illustrate that XML tools not only
identify dominant factors but also reveal intricate feature interactions
that frequently elude traditional metallurgical intuition.

A concise formulation of SHAP is provided below. The SHAP value
for the i-th feature is defined as:

(23)

SIN(|F| = |S| =1)!
;= Z.@F\{i}% [fsugy (xsugiy) — s (xs)]

where F represents the set of all features, S is a subset of F, and SU {i}
denotes the union of subset S and the i-th feature. Here, fs;(Xsugiy) is
the model's prediction when the i-th feature is included, while fs(xs) is
the prediction of the model trained without the i-th feature.

The final prediction is obtained by aggregating the contributions of
all features:

y=Yo+ Z Pi 24)
i1

where ¥ is the predicted value and y,, represents the model's prediction
without any features. Egs. (23) and (24) are applied to each data
instance, meaning that SHAP values vary across different samples. The
mean absolute value of the SHAP values for each feature can be
computed to assess its overall impact on the targeted property.

Beyond quantifying individual feature contributions, SHAP also
captures feature interactions through SHAP interaction values, which
measure the interaction effects between two features. The formula is
defined as follows:

11

Pij

-y [SINIF| = 18] =2)!
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where represents the interaction effect between features i and j. Here, F
is the set of all features, and S is any subset that excludes i and j. The term
fs(xs) denotes the model's prediction when using only the feature subset
S, while fou (Xsugi) and fsugy (xsugy) represent the model's prediction
when feature i or feature j is added, respectively. Finally, fs i, (xsu{l- J})
denotes the model's prediction when both features i and j are included.
This formulation quantifies the incremental contribution of features i
and j when considered jointly, relative to their individual effects. A
positive ¢;; indicates a synergistic effect, suggesting that the two fea-
tures reinforce each other's influence on the prediction. Conversely, a
negative @;; suggests an antagonistic effect, where the two features
counteract each other's impact.

Beyond model-specific explanations, XML techniques can also be
leveraged to interrogate the data itself. Symbolic regression (SR),
particularly when implemented via genetic programming, identifies
explicit, closed-form equations that map alloy descriptors to target
properties. Because the resulting expressions remain physically inter-
pretable, SR offers a promising route to uncover mechanistic relation-
ships and guide rational alloy design. For instance, Hansen [65]
employed genetic-programming-based SR to predict fatigue-indicator
parameters (FIPs) in additively manufactured IN625. The accurately
predicted FIPs enabled reliable estimation of microstructurally
short-crack initiation and growth. By coupling SR-derived FIPs with
long-crack growth models, the authors established a unified framework
for efficiently predicting total fatigue life of IN625 superalloys.

Collectively, these advances underscore that interpretability is not
merely an auxiliary attribute but a central pillar of modern, trustworthy,
data-driven superalloy design. XML techniques bridge the gap between
predictive performance and scientific understanding, allowing ML
models to serve not only as computational tools but also as engines for
discovering mechanistic principles and accelerating the development of
next-generation superalloys.

2.7. Virtual space

Machine learning models are often trained on small-sample datasets,
typically ranging from a few hundred to several thousand data points,
and subsequently employed to predict outcomes in substantially larger
virtual datasets containing hundreds of thousands or even millions of
samples. While models may exhibit exceptional performance on small
training datasets, their predictive accuracy within the virtual sample
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space remains uncertain, primarily due to potential discrepancies in the
alignment and consistency of sample distributions between the training
and virtual datasets. In the context of high-temperature alloys, virtual
sample spaces are commonly constructed using domain knowledge or
expertise, with predefined ranges for elemental compositions and pro-
cessing parameters. This approach enables the systematic exploration of
optimal compositions and processing conditions. However, the sample
distribution in the virtual space may diverge significantly from that of
the original experimental dataset. Such distributional disparities can
compromise the reliability of model predictions, even when the model
demonstrates strong performance on the training dataset. A practical
strategy to assess the reliability of model predictions in the virtual space
involves experimentally validating a subset of alloy compositions. If the
experimental results closely correspond to the model predictions, the
model's predictive capability in the virtual space can be considered
credible. Nonetheless, this approach inevitably incurs additional
experimental costs and effort. The primary challenge, therefore, lies in
designing the virtual space to closely approximate the sample distribu-
tion of the training dataset. When the distributions are well-aligned, a
model that performs effectively on the small training dataset is more
likely to produce reliable predictions for the larger dataset. Through a
review of the literature, it was found that numerous scholars have
summarized various methods for virtual sample generation, including
SMOTE, Monte Carlo, and Generative Adversarial Networks et al. [35,
66,67]. These methods have been described in detail in terms of their
characteristics and the specific application scenarios for which they are
most suitable. Therefore, a detailed introduction to these methods is not
provided here.

2.8. Optimization algorithm

In general, the unexplored virtual space is prohibitively large,
making it challenging for a trained ML model to efficiently identify an
optimal solution. Consequently, optimization methods are typically in-
tegrated to facilitate the search process, wherein the established forward
surrogate model serves as an evaluation solver. The genetic algorithm
(GA) is a widely adopted optimization technique used as a global
strategy for exploiting promising superalloys [68,69]. Inspired by Dar-
win's theory of natural selection, GA converges to an optimal solution by
evolving successive generations through a series of evolutionary oper-
ations, including selection and genetic operators. Specifically, genetic
operators such as crossover and mutation conduct stochastic searches
within the solution space, while the selection operator directs the search
trajectory. This combination enables GA to effectively balance explo-
ration and exploitation [70]. In addition to GA, Bayesian optimization
(BO) is extensively employed in the optimization design of superalloys
[71-73]. As a robust global optimization framework, BO excels in
tackling complex problems where function evaluations are prohibitively
expensive or infeasible through direct computation or predictive
modeling. Its core methodology involves constructing a probabilistic
surrogate model, typically a Gaussian process, to quantify uncertainty in
the objective function. This surrogate model facilitates informed
exploration of the solution space by strategically balancing exploration
and exploitation through acquisition functions such as Expected
Improvement or Upper Confidence Bound. Consequently, BO efficiently
navigates the vast and intricate parameter landscapes inherent in alloy
design, enabling the identification of optimal compositions and pro-
cessing conditions with reduced computational overhead.

3. Specific performance issues of ML applications in superalloys

ML can analyze and mine extensive experimental and computational
data to establish complex mapping relationships between composition,
processing conditions, microstructure, and properties. This approach
allows for the prediction of novel alloys with specific properties in un-
explored spaces, while simultaneously identifying the optimal
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compositions and processing conditions corresponding to superior
properties. ML has thus become a widely adopted and effective strategy
for advancing superalloy research and development. This section re-
views recent progress in ML applications for superalloy performance
prediction, mainly focusing on y' phase high-temperature stability, high-
temperature creep property, fatigue behavior, and oxidation resistance
aspects.

3.1. High-temperature stability of the y' phase

The high-temperature stability of the y' phase, as the primary
strengthening phase, is directly related to the structural and property
stability of superalloys under elevated temperature service conditions.
Structural stability under such conditions requires two critical factors:
first, the y/y' two-phase microstructure must remain stable with minimal
formation of detrimental secondary phases; second, the evolution of y'
phase in terms of volume fraction, size, and morphology occurs gradu-
ally to mitigate the degradation of high-temperature mechanical prop-
erties [63].

Traditional experimental characterization techniques face chal-
lenges such as long testing cycles, high costs, and complex influencing
factors that introduce data uncertainties. With the ongoing shift toward
the fourth paradigm of data-driven science and the fifth paradigm of Al
for Science, the integration of materials informatics and ML has emerged
as the optimal solution for designing and developing superalloys sys-
tematically and efficiently. In this context, researchers have extensively
investigated the phase composition, stability, and coarsening behavior
of precipitate phases. Yu et al. [74] employed 458 experimental data
samples to develop a random forest classification model for predicting
whether an alloy contains only the y/y’ two-phase microstructure. The
model achieved a prediction accuracy exceeding 95 %, enabling the
design of a series of Co-Ti-V-based quaternary alloys with stable y/y’
phases. Xi et al. [12] proposed a methodology integrating ML with
first-principles calculations to predict the stability of the L1, phase in
Co-V-Ta and Co-Al-V systems. Their results showed that the ML
approach was more than four times as efficient as relying solely on
first-principles calculations. Qin et al. [75] constructed a
high-throughput experimental database comprising 33,484 Ni-based
superalloy samples with detailed composition and microstructural
data. Using the UNet3+ architecture for image recognition, they
developed a high-precision backpropagation neural network (BPNN)
model to predict the ¥ phase volume fraction, average size, and size
distribution. This model effectively identified v/, p, o, and n phases in
Ni-based superalloys, and accurately predicted the morphology of the y'
phase. Additionally, it captured the distribution of alloying elements in
various precipitate phases, providing insights into the effects of alloying
elements on the microstructural morphology of Ni-based superalloys.
Liu et al. [76] employed convolutional neural networks (CNNs) to
develop an image segmentation model for the y/y’ phase microstructure
in superalloys. By utilizing the OpenCV ML vision library, they extracted
detailed microstructural information related to the y/y phases. A
regression model was subsequently constructed to correlate micro-
structural electronic-physical properties with the y' phase size, and the
results were experimentally validated. Their findings revealed that ele-
ments with high Young's modulus, such as Re, Ru, W, and Mo, tend to
segregate into the y matrix or distribute relatively uniformly across the
y/y phases. This behavior increases the lattice constants a, and ay,
thereby enlarging the denominator of the lattice misfit § without
significantly altering the numerator. As a result, the misfit is reduced,
lowering the elastic stress between the two phases and ultimately
yielding a smaller ' phase size. The observed coarsening behavior
aligned closely with fitting from the Lifshitz-Slyozov-Wagner (LSW)
theory [77]. The workflow of computer vision framework using deep
learning-based CNNS to extract accurate microstructural information
from y/y’ microstructure images for the y' coarsening analysis in kinetic
theory and machine learning models is illustrated in Fig. 8. Addressing
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Fig. 8. The workflow of computer vision framework using deep learning-based convolutional neural networks to extract accurate microstructural information from
y/y' microstructure images for the y' coarsening analysis in kinetic theory and ML models (adapted from Ref. [76]). (a) The computer vision framework using deep
learning-based convolutional neural networks to segment and quantify y/y' microstructure images. (b) Extracted y/y’ microstructural features including y' number, '
volume fraction, y' size and y' morphology fraction. (c) Y coarsening analysis to compare with classical kinetic theory. (d) Descriptor analysis to construct ML models

and explicit dimensionless relations using symbolic regression.

the stability of the y/y' two-phase microstructure and the precipitation of
harmful secondary phases during high-temperature service is essential
for improving superalloy performance. By leveraging ML to optimize the
regulation of alloying elements and uncover the underlying mecha-
nisms, is of significant research value for enhancing the
high-temperature service capabilities of superalloys.

3.2. High-temperature creep property prediction

Exceptional creep resistance is among the most critical metrics in the
design, materials selection, and safety evaluation of high-temperature
components. Under prolonged exposure to elevated temperatures and
stresses, superalloys inevitably undergo creep deformation. From a
microstructural perspective, this process manifests as y' phase dissolu-
tion, coarsening, and rafting, all of which contribute to microstructural
degradation [78,79]. Such changes result in a marked deterioration in
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the mechanical properties of superalloys, thereby compromising their
operational safety and service life. The relationship between micro-
structural evolution during creep and the corresponding macroscopic
properties is highly complex and nonlinear, posing a significant chal-
lenge to traditional experimental methodologies and linear modeling
approaches, which struggle to comprehensively and accurately capture
these intrinsic mechanisms. Addressing this challenge and establishing a
precise mapping relationship between microstructural evolution and
creep performance remain pivotal issues in superalloy research.
Furthermore, the creep rupture life of superalloys is a decisive factor in
determining whether components can endure prolonged service in
specific operational environments. However, the extended duration and
high cost associated with creep testing have rendered traditional
trial-and-error approaches increasingly unsuitable for novel materials
design.

Recent advances in Al for Science have introduced powerful tools
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and innovative methodologies for investigating the creep behavior of
superalloys. By leveraging data-driven ML techniques, can effectively
integrates multi-dimensional data, encompassing composition, pro-
cessing, microstructure, and performance, to construct nonlinear pre-
dictive models of creep behavior. These models significantly enhance
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Xu et al. [80] developed quantitative models to elucidate the
creep-induced microstructural evolution of a single-crystal nickel-based
superalloy containing Re and Ru, utilizing ML method that integrate
physical and statistical microstructural features. High-temperature

Verify in extrapolation space

| Train

Data Split

Actual value

Performance (h) max

Extrapolation Space

*
*

*
*

Training Space

Predicted value

2 Constructing deep transfer learning models

Progress in Natural Science: Materials International 36 (2026) 1-19

® traditional Ni-based SX alloy creep dataset
® ultrahigh temperature IC SX alloy creep dataset

® feature expansion

® transfer “low” temperatures to “high” temperatures; traditional alloy to IC alloy

® implementing transfer learning based on physical constrained neural network

Physical constrained deep transfer learning model

Elemental properties
spdrg 0)
» Compositions
(el oMo

Chemical information sharing |
of alloying elements

W

Ni Al Co Re Cr ... W

Self -attention

Pre-trained

Features Fusion

Representation of
alloy system by
Transformer

Dense Layer

traditional SX alloy creep
datasets below 1200 °C

XX X X
GOO00
L1
GO0
@0

)
O

LB E XK

(KX XX XN

Fine-tuned

Transfer
“compositions—creep
property” relationship
below 1200 °C

Transfer model
weight

IC SX alloy creep datasets
at 1200 °C

XXX X,
00000
¢ O
oRe)
o0

KX E X X
‘XX XX XN
@
b4

Fig. 9. Deep learning model construction strategy for improving extrapolation efficiency and alloy design flow (adapted from Ref. [82]). (a) The whole alloy design
process including deep transfer learning model construction, composition screening, alloy design, experimental validation, and creep mechanism study at ultrahigh
temperature. (b) The data split strategy, data with higher performance is utilized as a test set to evaluate the extrapolation efficiency of the model. (c) The deep
learning model construction method based on transfer learning in A, the necessary dataset collection and processing steps are labeled, and the key feature fusion and
element interaction representation modules involved in the model are shown in the illustrations.
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creep tests were performed under multiple conditions on
high-throughput specimens, enabling the continuous quantification of
critical physical features of the microstructure, including the volume
fraction, rafting degree, and raft thickness of y' precipitates across eight
distinct samples. To enhance the comprehensiveness of the microstruc-
tural representation, statistical features were incorporated through
two-point correlation analysis and principal component analysis (PCA),
thereby complementing the physical features with greater specificity.
Two neural network-based ML models were subsequently constructed:
one model predicted the microstructural features based on creep con-
ditions, while the other inferred the creep conditions from specified
microstructural features. Validation experiments confirmed the robust
predictive performance of both models, enabling bidirectional predic-
tion of the microstructure-performance relationship in single-crystal
superalloys, thus providing a novel quantitative framework for under-
standing high-temperature creep behavior. Zhou et al. [81] proposed a
simplified yet accurate and generalizable surrogate model for creep
rupture life predictions for Ni-based single crystal superalloys using an
automated ML algorithm implemented in AutoGluon. Remarkably, the
model achieves high prediction accuracy on independent test data
without integrating microstructural information or deformation mech-
anisms into the ML framework. The exclusion of microstructural and
deformation mechanism details not only broadens the model's applica-
bility across a vast, unexplored composition and processing space but
also significantly facilitates the efficient inverse design of novel alloys.
Yang et al. [82] introduced a physically constrained deep transfer
learning framework, SaTNC_FT, illustrated in Fig. 9, to address two
critical challenges in the predictive modeling of Ni-based single crystal
(SX) superalloys at ultrahigh temperatures (>1200 °C): the scarcity of
experimental data and the limited generalization capability of ML
models in extrapolation spaces. Through the implementation of transfer
learning, the framework effectively leveraged prior compositional
sensitivity information from pre-trained models to accurately capture
the complex, nonlinear relationships between alloy composition and
creep rupture life at ultrahigh temperature, even when relying on a
limited dataset. This innovative approach enabled the successful design
of an advanced SX superalloy with a verified creep rupture life of
approximately 170 h at 1200 °C and 80 MPa, achieving a 30 %
improvement over the current state-of-the-art. Furthermore, the study
elucidated the y/y' interface strengthening mechanism as the primary
factor contributing to the enhanced creep performance, offering valu-
able insights into compositional optimization strategies. This proposed
framework represents a significant advancement in the field, providing a
robust, scalable, and cost-efficient methodology for the development of
high-performance materials, while establishing a foundation for
addressing broader challenges in alloy design. Ma et al. [83] proposed a
back propagation neural networks (BPNN) model to predict the creep
curves of MarM247LC superalloy under various conditions. Utilizing six
creep curves for training, the model achieved prediction errors within
+20 %, demonstrating its accuracy and reliability. Compared to the
traditional 6 projection model, the BPNN approach reduced the
maximum error by 30 %, underscoring its superior predictive perfor-
mance. Furthermore, the applicability of this method was validated on
other superalloys, including DZ125 and CMSX-4, confirming its versa-
tility and potential for widespread use in modeling the creep behavior of
diverse superalloy systems.

Previous sections have primarily highlighted domestic advances in
applying machine-learning techniques to predict and analyze the creep
behavior of high-temperature superalloys. In recent years, several in-
ternational researchers have also contributed to this field. For example,
Hossain et al. [84] employed a multi-gene genetic programming algo-
rithm to uncover an explicit mathematical relationship linking stress,
temperature, intrinsic material properties, chemical composition, and
creep-rupture life in Alloy 617. Brandon et al. [85] developed a
machine-learning model capable of predicting the steady-state creep
strain rate of y-strengthened Co-based superalloys as a function of
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temperature and applied stress, using alloy composition, heat-treatment
parameters, and y' precipitate volume fraction as model inputs. Overall,
however, international studies remain limited, and most foreign
research on creep behavior still relies predominantly on conventional
experimental trial-and-error approaches rather than comprehensive
data-driven frameworks.

In summary, ML provides a powerful tool for establishing precise
mappings between input features and output performance metrics,
enabling effective prediction and design of creep behavior in high-
temperature alloys. By addressing risks associated with performance
degradation under service conditions, ML-driven approaches offer a
viable alternative to conventional methods. Nevertheless, the majority
of ML applications in superalloy creep performance research, whether
focused on microstructural evolution, rupture life, or creep curves, have
predominantly concentrated on Ni-based superalloys due to the relative
abundance of experimental and industrial data. In contrast, emerging
alloys, such as Co-based superalloys, remain significantly underex-
plored. Leveraging creep data from Ni-based alloys as source data and
experimental data from Co-based alloys as target data within a TL
framework presents a promising pathway for advancing the under-
standing and predictive modeling of creep performance in Co-based
superalloys, particularly in scenarios constrained by limited data
availability.

3.3. Fatigue behavior

Assessing the fatigue life and reliability of high-temperature alloy
structural materials is crucial, given their extensive use in demanding
and extreme environments. The fatigue life of superalloys is governed by
a diverse array of factors, including applied cyclic stress or strain, geo-
metric design, cyclic strain rate, surface conditions (e.g., surface finish
and treatment), environmental influences (e.g., high temperatures and
corrosive atmospheres), manufacturing defects (e.g., keyholes, gas
pores, and lack of fusion defects), microstructural characteristics, re-
sidual stresses, and heat treatment processes [86,87]. A key focus of
fatigue research is the systematic investigation of these variables to
ensure optimal performance in structural applications and to inform the
selection of appropriate processing technologies tailored to specific
operational requirements.

Traditional theoretical models for predicting the fatigue life of high-
temperature alloys often emphasize the impact of a single influencing
factor. This narrow focus poses challenges in capturing the intricate
interactions among multiple variables that collectively drive fatigue
failure. The development of comprehensive predictive approaches
capable of addressing these multifactorial interactions is imperative for
advancing the understanding and practical application of fatigue-
resistant superalloys. The study of fatigue crack propagation is also a
crucial aspect of high-temperature alloy fatigue performance, as crack
growth often leads to catastrophic failure of the material. As such, un-
derstanding and predicting fatigue crack growth behavior is vital for
assessing the durability of high-temperature alloys under cyclic loading
conditions.

Recent literature has highlighted that, ML, as a data-driven solution,
can overcome some of the limitations of existing model, by uncovering
implicit relationships within data. Several studies have employed ML
techniques to explore the fatigue properties of high-temperature alloys.
For instance, Xu et al. [88] used chemical composition, heat treatment
processes, and experimental parameters as input features, with the
low-cycle fatigue life of nickel-based superalloys as the target variable.
They applied random forest (RF), fully connected neural networks
(FCNN), support vector machines (SVM), and a genetic algorithm-based
random forest (GA-RF) model to predict fatigue life. The GA-RF model
outperformed the others, delivering results comparable to the
Coffin-Manson model. Menasche et al. [89] utilized convolutional
neural network (CNN) image segmentation techniques to analyze fa-
tigue crack images of Ni-based superalloys subjected to cyclic loading.
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Using micro-computed tomography (pCT), they captured images of
crack propagation following 26 in-situ fatigue tests. A dataset of crack
images from a fatigue test conducted over 9500 cycles was selected for
training deep learning models, including U-Net, FCN8, and FCN4s. The
U-Net model achieved a Dice coefficient (IoU) of 0.995 + 0.004,
demonstrating excellent segmentation performance. Further analysis of
crack images from 25 additional in-situ fatigue tests revealed that, as the
number of fatigue cycles increased, the total crack area grew exponen-
tially. This image processing approach provides valuable support to
researchers studying high-temperature alloys, enabling efficient analysis
of crack growth and propagation mechanisms.

In conclusion, ML holds substantial promise for uncovering complex
relationships among multiple variables, thereby improving the predic-
tion of fatigue properties. However, the availability of fatigue data for
high-temperature alloys is often limited, and obtaining such data is both
resource-intensive and costly. Overcoming the challenges associated
with small sample sizes is crucial for advancing the application of ML in
the study of fatigue properties.

3.4. High-temperature oxidation property

Superior oxidation resistance is a crucial performance criterion for
high-temperature alloys during service. However, the regulation of
multiple alloying elements introduces significant complexity to the
high-temperature oxidation behavior of superalloys. The formation of
continuous and stable oxide layers, such as AlO3 and Cry0s3, on the alloy
surface is essential for ensuring exceptional oxidation resistance at
elevated temperatures [90-93]. Zhang et al. [91] observed that
increasing Al content improves the oxidation resistance of Co-based
superalloys at 800-900 °C while significantly reducing Ti diffusion. At
1000 °C, however, higher Al content promotes the diffusion of Ta, Ti,
and W, resulting in the formation of Co(W, Mo)O4 and TaTiO4 oxides,
which ultimately degrade the oxidation resistance of the alloy. The
formation of AlyO3 oxide films is influenced by Al content and compo-
sitional changes within the y' phase. Moreover, Al reduces the intrinsic
stacking fault energy, thereby affecting the mechanical properties of the
alloy [94]. The addition of Cr, meanwhile, tends to facilitate the for-
mation of intermetallic compounds (TCP phases), which diminishes the
stability of the y phase [95]. Interactions among alloying elements
further influence their diffusion capacities and the formation energies of
oxides, adding to the complexity of oxidation behavior and surface oxide
layer formation in novel Co-based superalloys.

ML offers substantial advantages in modeling the intricate relation-
ships between multiple variables and target properties. Kim et al. [96]
utilized an artificial neural network (ANN) model to predict the
high-temperature oxidation behavior of Ni-based superalloys. The re-
searchers designed 62 multi-component alloys within the NiC-
oCrMoWAITiTa system and conducted 20 cyclic oxidation experiments
for each alloy at 850 °C, generating a total of 1240 experimental data
points. Of these, 75 % were allocated for training and 25 % were
reserved for validation. The input features for the ANN model included
the cyclic oxidation cycles and the contents of alloying elements Co, Cr,
Mo, W, Al Ti, and Ta, while the output variable was the oxidation
weight gain. The ANN model achieved a mean squared error of less than
0.01. Compared with the empirical response surface methodology
(RSM), the ANN model demonstrated significantly higher predictive
accuracy. For typical Ni-based alloys such as GTD-111, IN738LC, and
CM247LC, whose experimental data were excluded from training, the
ANN model predictions closely matched the experimental results, with
deviations ranging from near 0 mg-cm-2 to below 0.15 mg-cm-2. In
contrast, the RSM model exhibited substantial deviations, exceeding
0.9 mg-cm-2 for all three alloys, underscoring the superior predictive
performance of the ANN model. Further analysis of the ANN model's
predictions revealed that the addition of Mo and Ti increases oxidation
weight gain, while the addition of Al and Ta reduces it, consistent with
previous studies. By integrating gradient descent optimization
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algorithms, the model identified and recommended several new alloy
compositions with high oxidation resistance. Nikhil et al. [97] con-
structed a dataset comprising over 2000 data points on the oxidation
properties of Ni-based superalloys. Utilizing fully connected neural
networks (FCNN) and extreme gradient boosting (XGBoost) algorithms,
they developed high-accuracy ML models for predicting oxidation
weight gain and oxidation rate constants. These models demonstrated
exceptional precision and reliability in forecasting oxidation properties.
Thus, employing ML to investigate the oxidation behavior of novel
Co-based superalloys enables more scientifically informed regulation of
Al and Cr contents while systematically uncovering the interactions
between these elements and other alloying components. This approach
offers a robust pathway to achieving precise control and reliable eval-
uation of the oxidation resistance of high-temperature alloys.

4. Bridging potential and practice: outlook and challenges in
machine learning for superalloys

4.1. Strategic outlook

Multi-fidelity data sources. High-fidelity data derived from small-scale
experimental studies, medium-fidelity data generated from larger-scale
simulations, and low-fidelity data produced through virtual sampling
technologies present substantial opportunities for advancing ML-based
research. These multi-fidelity data sources offer a robust foundation
for the discovery and optimization of high-temperature alloy systems
exhibiting comprehensive and exceptional properties.

Interpretable ML models. ML models are often referred to as "black
boxes" due to the difficulty in correlating their numerous complex pa-
rameters with established physical and chemical principles, rendering
these models largely uninterpretable. In contrast, symbolic regression
algorithms offer a tangible advantage by providing explicit mathemat-
ical expressions that elucidate the relationships between input and
output variables within the model. Furthermore, Shapley Additive Ex-
planations analysis can quantify the contributions of individual input
features to the model's outputs, thereby offering a degree of interpret-
ability. Together, these techniques enhance the transparency of ML
models and facilitate a more robust understanding of their underlying
mechanisms, which is particularly valuable in the study of superalloys.

Large language models (LLMs). The advent of LLMs has introduced
transformative opportunities for the field of metallic material design,
particularly in addressing the challenges posed by the multifaceted and
interdisciplinary nature of this domain. Individual research teams often
lack the comprehensive expertise required to navigate and integrate
diverse aspects of material design effectively. Compounding this issue is
the overwhelming volume of scientific publications, patents, conference
abstracts, and other corpora, which are seldom organized to support
holistic design approaches. Large language models, such as Deepseek-
R1, ChatGPT-40, Gemini, Llama, and Claude, have demonstrated
exceptional potential in extracting and synthesizing information from
extensive datasets. By leveraging these models, researchers can sys-
tematically process and distill insights from vast and fragmented
corpora, thereby enabling a more integrated and efficient approach to
material innovation. These capabilities position LLMs as valuable tools
in the pursuit of advancing the design and development of high-
performance metallic materials, including superalloys.

4.2. Challenges

Model confidence and reliability. Understanding the conditions under
which a ML model provides accurate predictions and identifying sce-
narios where it may fail are critical challenges. Without such insights,
reliance on ML predictions becomes precarious, potentially leading to
erroneous conclusions or suboptimal decisions. This issue is particularly
significant in the context of superalloy research, where the conse-
quences of inaccurate predictions can profoundly affect material
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performance and safety assessments.

A high-quality experimental dataset. The foundation of ML lies in the
availability of high-quality experimental data. However, discrepancies
in experimental conditions or gaps in data collection during testing can
undermine the accuracy of subsequent ML models. Therefore, estab-
lishing comprehensive, high-quality and standardized experimental
datasets for superalloys is crucial to advancing the application of ML in
this field.

Highly interpretable ML/LLMs. The development of highly interpret-
able ML/LLMs to address the challenges of high-temperature alloy
research and development has been a long-standing objective. Such
models can provide deeper insights into the underlying mechanisms,
fostering more effective and reliable advancements in the field.

High computational cost. The parameters of LLMs often range from
billions to tens of billions, requiring immense computational resources
for training.

Development of multi-objective optimization algorithms. In practice, a
commercially viable superalloy must simultaneously meet numerous
performance criteria, including yield strength, oxidation resistance,
creep resistance, density, manufacturability, and cost. Conventional
optimization approaches, such as Bayesian optimization or genetic al-
gorithms, perform reasonably well for two or three objectives but
become ineffective when scaling to seven, ten, or even twenty simulta-
neously optimized targets. High-dimensional multi-objective optimiza-
tion for superalloys thus remains an open challenge. There is an urgent
need to develop new optimization paradigms, potentially combining
physics-based constraints, active learning, vector-valued surrogate
models, and LLM-assisted search, that can efficiently navigate these
extremely complex performance landscapes.
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