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TOPICAL REVIEW — AI + Physical Science
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Rare-earth magnetostrictive materials possess irreplaceable strategic value in fields such as national defense, pre-
cision actuation, and smart sensing. Conventional materials development relies heavily on experimental trial-and-error
approaches, first-principles calculations, and numerical simulations. However, owing to the complexity of multiphysics
coupling, weak cross-scale correlations, and high computational cost, it is difficult to achieve both high efficiency and
high accuracy. This paper systematically reviews recent progress in the application of machine learning (ML) to rare-earth
magnetostrictive materials. From electronic structure and microstructural evolution to macroscopic property responses, the
review clarifies the physical information transmission pathways between different scales. Furthermore, the challenges and
development opportunities faced by cross-scale information fusion for machine learning-assisted design of magnetostric-
tive materials are discussed. ML methods are then classified and summarized according to different research scenarios,
including property prediction, composition optimization, structure–property mapping, and parameter design for rare-earth
magnetostrictive materials. In addition, this review further analyzes several core issues currently faced in this field and
provides an outlook on future developments. This review provides a reference for the integration of data-driven methods
and physical mechanisms, as well as for the design of high-performance magnetostrictive materials.

Keywords: magnetostrictive materials, rare earth, machine learning, physically interpretable framework, Fe-
based alloys

PACS: 75.80.+q, 71.20.Eh, 07.05.Mh, 75.50.−y

DOI: 10.1088/1674-1056/ae9a57 CSTR: 32038.14.CPB.ae9a57

1. Introduction

Magnetostrictive materials represent a class of functional
materials characterized by their ability to undergo macro-
scopic dimensional variations under an applied magnetic field,
or conversely, to exhibit modulations in magnetization state
when subjected to external mechanical stress.[1–3] The mag-
netostrictive effect in these materials stems from the synergis-
tic interplay of physical mechanisms across multiple length
scales. At the microscopic scale, the reorientation of electron
spins induces minute lattice distortions mediated by spin–orbit
coupling. Macroscopically, the cumulative effect of these dis-
tortions, combined with the irreversible motion of magnetic
domain walls, manifests as significant dimensional changes
in the bulk material. Based on the magnitude of the magne-
tostrictive response and its thermal stability, these materials
are generally categorized into traditional magnetostrictive al-

loys and rare-earth giant magnetostrictive materials.
Rare-earth giant magnetostrictive materials (GMMs) are

exemplified by rare-earth–iron intermetallic compounds like
Terfenol-D. These materials occupy a pivotal strategic po-
sition in both defense and civilian sectors. Their applica-
tions range from sonar detection to precision actuation and
intelligent vibration damping. Their indispensability stems
from an exceptional combination of giant magnetostriction
(λ ) and high energy densities. They also exhibit rapid re-
sponse characteristics.[4] In contrast, iron-based magnetostric-
tive alloys consist predominantly of the Fe–Ga binary system.
These alloys have garnered extensive utility in sensors, med-
ical instrumentation, and actuator applications. They are dis-
tinguished from traditional counterparts by superior magne-
tostriction coefficients. Furthermore, they possess robust me-
chanical integrity and elevated Curie temperature (Tc). Nev-
ertheless, conventional material discovery relies on empirical
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trial-and-error and standard computational simulations. These
methods remain constrained by the intrinsic complexity of the
material systems. Consequently, efficient and cost-effective
exploration proves difficult. From an experimental standpoint,
performance is strongly influenced by composition and pro-
cessing conditions. The intricate interplay of multicomponent
synergies critically dictates microstructural evolution. More-
over, interfacial reactions directly influence macroscopic mag-
netostrictive behavior. Therefore, systematic experimental
screening is often required to optimize composition and pro-
cessing conditions. This process necessitates prolonged cycles
and complex operations. It also incurs prohibitive costs due to
the consumption of precious metals and rare resources. From
a computational perspective, challenges remain equally pro-
nounced. First-principles methods based on density functional
theory effectively elucidate atomic-scale electronic structures.
However, their high computational cost restricts applicabil-
ity to high-throughput screening. This is particularly true for
complex or multicomponent systems. Conversely, mesoscopic
methods such as molecular dynamics can address larger scales.
Yet, they fail to rigorously bridge the gap between atomic-level
mechanisms and macroscopic properties. This disconnect lim-
its the predictive efficacy of current models. Ultimately, it ex-
acerbates the inefficiency of research and development.

The deep integration of ML techniques with materials in-
formatics offers a transformative paradigm to overcome cur-
rent research and experimental development bottlenecks.[5–7]

Agada et al.[8] propose a hybrid ML framework combining
physically-constrained variational autoencoder and Bayesian
optimization to speed up crystal-structure refinement with de-
fects. This method applies to complex materials for explor-
ing structure-property relations. It offers a new idea of com-
bining crystallography and ML for magnetic-material study.
Similarly, Wei et al.[9] predicted the high-temperature oxida-
tion and corrosion behavior of GMMs. Consequently, they
achieved optimized durability and stability. Moreover, ML can
precisely modulate the microstructure of structure-sensitive
rare-earth materials. It achieves this by identifying optimal
processing windows. For instance, Jie et al.[10] focused on
low-cost Nd–Fe–B magnets. They utilized an adaptive learn-
ing loop integrating random forest (RF) and Gaussian process
regression. This approach simultaneously optimized chemical
composition and heat treatment protocols. This methodology
successfully screened for optimal combinations within a mul-
tidimensional parameter space. It pinpointed the ideal anneal-
ing temperature window for specific compositions. Thus, it
effectively balanced coercivity (Hc) against production costs.
ML leverages statistical algorithms to mine latent structure–
property relationships from vast datasets. This capability en-
ables rapid performance prediction and virtual screening of
novel materials. Additionally, it facilitates the intelligent opti-
mization of processing parameters.

2. Method
According to task types, ML can be divided into regres-

sion tasks, classification tasks, clustering tasks, and generation
tasks. For magnetostrictive materials, the prediction of contin-
uous numerical values such as λ , Tc, saturation magnetization
(Ms), and Hc all belong to regression tasks. Table 1 lists the
ML models suitable for such regression tasks, together with
their advantages and disadvantages.

Table 1. Advantages and disadvantages of commonly used ma-
chine learning algorithms.

Model Advantage Disadvantage

ANN Strong generalization ca-
pability and support for
multiple input and output
variables

Prone to overfitting, com-
plex hyperparameter tuning

ELM Fast training speed and
strong generalization
ability, less prone to
overfitting

Sensitive to noisy data and
has poor interpretability

CNNs No manual feature en-
gineering required, with
strong generalization ca-
pability

High computational com-
plexity and complex net-
work structure

DTR Intuitive and inter-
pretable, handles nonlin-
ear relationships

Prone to overfitting, weak
generalization ability, and
sensitivity to noise data

RF Strong generalization
ability and output feature
importance

High computational com-
plexity; poor performance
on small sample data

GBDT High prediction ac-
curacy, suitable for
small samples and
high-dimensional data

Training is slow, sensitive
to parameters, and prone to
overfitting

SVR Strong generalization
ability under small sam-
ple size and handling
nonlinear data

High computational com-
plexity and parameter sensi-
tivity

KNN No training process re-
quired. Simple imple-
mentation and no explicit
model-training phase.

The full-sample distance
must be calculated, which
is highly affected by the
dimensionality curse.

2.1. Model based on neural network

Neural network models mimic biological brain struc-
tures. They handle complex non-linear relationships and ex-
cel at tasks such as classification, regression, and pattern
recognition.[11] Artificial neural networks (ANNs) constitute
a pivotal branch of ML. They consist of interconnected neu-
rons organized into input, hidden, and output layers.[12] In
magnetostrictive material research, ANNs accurately predict
performance by learning complex relationships among com-
position, processing, and properties. They possess strong
generalization capabilities and handle high-dimensional, non-
linear data. While suitable for multi-input multi-output tasks,
these models require substantial sample data and are prone to
overfitting.[13]

Extreme learning machine (ELM) operates as a single-
hidden layer feedforward network. The sole parameters re-
quiring learning are the hidden-to-output weights. This char-
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acteristic endows ELM with rapid training speeds and supe-
rior generalization performance.[14] Hidden layer parameters
require no iterative adjustment. Output weights are calculated
solely via the least squares method. Consequently, training
speed surpasses that of back propagation neural network by
one to two orders of magnitude.[15] In rare-earth material re-
search, this facilitates the rapid screening of extensive candi-
date composition combinations.

Convolutional neural networks (CNNs) are deep learning
(DL) models explicitly designed for processing data with grid-
like topology.[16] CNNs extract local features through con-
volutional layers. They subsequently reduce dimensionality
while retaining key features via pooling layers. Finally, fully
connected layers perform classification or regression.[17] In
materials science, CNNs analyze microstructural images to
predict macroscopic performance.

2.2. Model based on decision tree

Decision tree regression (DTR) serves as the foundational
algorithm, recursively partitioning the feature space into ho-
mogeneous subsets based on optimal splitting criteria until
specific stopping conditions are met.[18] Its primary advantage
lies in its intrinsic interpretability and visualization capabil-
ities, allowing researchers to explicitly trace decision path-
ways. However, single decision trees are inherently prone
to high variance and overfitting, particularly when processing
datasets sensitive to noise or minor perturbations. To address
these limitations, random forest regression (RF) leverages a
bagging (bootstrap aggregating) strategy. Building upon this,
gradient boosting decision tree (GBDT) and extreme gradient
boosting (XGB) adopt a sequential boosting strategy to reduce
bias. GBDT iteratively constructs weak learners to fit the neg-
ative gradient of the loss function from previous steps. XGB
further optimizes this framework by incorporating a second-
order Taylor expansion of the loss function and adding regu-
larization terms to control model complexity. These modifi-
cations can improve optimization efficiency and help control
model complexity and overfitting.

In the specific context of magnetostrictive material re-
search, these ensemble learning methods offer a distinct ad-
vantage over DL by effectively mining patterns from small-
sample datasets. They accurately model highly non-linear
mappings between complex synthesis parameters — such as
stoichiometry, annealing temperature, and orientation control
— and key performance metrics like Ms and λ . Crucially,
the feature importance mechanisms embedded in these algo-
rithms provide a quantitative basis for physical interpretation.
By identifying the relative contributions of specific rare-earth
elements, interpretable ML can provide hypotheses regarding
their possible roles in domain rotation and crystal-field-related
effects, which require further physical validation. This transi-
tion from black-box prediction to interpretable analysis fun-

damentally transforms material design, shifting the paradigm
from empirical trial-and-error to rational, data-driven opti-
mization.

2.3. Other models for regression tasks

Support vector regression (SVR) represents the adapta-
tion of support vector machines for regression tasks. Its pri-
mary objective is to define a function where deviations of all
training samples remain within a preset threshold.[19] Simulta-
neously, it seeks to minimize model complexity. In predicting
magnetostrictive properties, SVR effectively processes limited
experimental data. It identifies the optimal hyperplane to fa-
cilitate accurate forecasting. The K-nearest neighbors (KNN)
algorithm operates as a lazy learning model based on proxim-
ity similarity. It functions as a non-parametric, instance-based
method suitable for both classification and regression. In re-
gression contexts, KNN computes the distance between a new
query instance and all training samples.[19] It subsequently se-
lects the k nearest neighbors. The predicted value is typically
derived as the average of these neighbors’ target values. The
KNN architecture is intuitively simple and requires no explicit
training phase. However, its computational complexity esca-
lates significantly with increasing data volume. In the explo-
ration of magnetostrictive materials, KNN identifies analogues
with similar compositions and processing histories. It subse-
quently predicts their potential magnetostrictive performance.

3. Magnetostrictive materials and devices
3.1. Rare earth-based magnetostrictive materials

Rare-earth GMMs are an important class of functional
materials, owing to their strong magnetoelastic coupling be-
tween magnetic-field variation and structural deformation.
This coupling makes them attractive for applications in spin-
tronics, precision actuation, and energy harvesting. The earli-
est ML studies on rare-earth magnetostrictive materials mainly
focused on composition–property prediction. The input data
are typically structured numerical descriptors, such as al-
loy composition, magnetic field, heat-treatment parameters,
and phase information, while the target outputs are macro-
scopic properties such as magnetostriction. For such tabular
datasets with nonlinear relationships, traditional ML methods
are particularly suitable. They can efficiently learn descriptor–
property mappings without requiring explicit spatial represen-
tations. Liu et al.[20] addressed the non-linear correlation chal-
lenges associated with the magnetostriction of TbDyFe alloys.
Ti content and external magnetic field were used as the in-
put variables, while the magnetostriction coefficient was taken
as the output. A three-layer BPNN was constructed to learn
this low-dimensional nonlinear mapping. The coefficient of
determination (R2) can reach 0.991, and the absolute error of
most data points is less than 5%. This study demonstrated that
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BPNN can effectively address low-dimensional relationships
when the dataset is relatively small but well targeted.

As the descriptor space expanded to multivariate experi-
mental parameters, ensemble learning methods gradually be-
came more advantageous. Hu et al.[21] developed a data-
driven screening strategy for RFe2-type GMMs, as shown in
Fig. 1. The dataset integrated multiple descriptors, such as
phase constitution, room-temperature magnetostriction (λa),
heat-treatment conditions, and driving magnetic field. Among

the tested models, XGB achieved the best predictive perfor-
mance with an R2 of 0.98, indicating excellent fitting ability
and generalization. Based on this model, the magnetostric-
tion distribution of TbxDy1−xFeyV2−y alloys was mapped. As
depicted in Fig. 2, the high-performance compositional re-
gions were identified. Experimental validation showed that
Tb0.28Dy0.72Fe1.96V0.04 reached a room-temperature magne-
tostriction of 1619.69 ppm under a low magnetic field of
12 kOe, outperforming many previously reported alloys.[22–26]

Fig. 1. Diagram of design strategy for RFe2-type alloys with desired magnetostriction.[21]

Fig. 2. Construction of machine learning model. (a) Cross-validation error of models obtained by bootstrapping resampling method through 100
iterations. (b) Comparison of the measured and predicted λa by XGB model for RFe2-type compounds. (c) Predicted magnetostriction heatmap
of Tb–Dy–Fe–V alloys.[21]

A similar conclusion was reached by Gong et al.,[27]

who established a dual-stage framework to optimize the trade-
off between magnetostriction and piezomagnetic properties
in RFe2. This approach combines ML prediction and high-
throughput micromagnetic simulations (HTP-MMs). Using a
dataset of 123 alloy compositions described by 18 elemental
features, they compared DTR, SVR, RF, and gradient boosting
regression trees (GBRT). DTR suffered from obvious overfit-
ting, whereas SVR showed acceptable generalization but lim-
ited accuracy. RF improved robustness by reducing overfit-

ting through randomization, but this also weakened the per-
formance of individual weak learners. In contrast, GBRT
achieved the best balance between accuracy and generaliza-
tion, with R2 values of 0.95 and 0.92 on the training and test
sets. Simultaneously, it maintained low mean absolute er-
rors (MAE) of 32.41 ppm and 99.02 ppm. The optimized
GBRT model identified the high magnetostriction region in
the TbxDy1−xFey system. Compared with early BPNN-based
models, these ensemble methods are more suitable for com-
plex multicomponent alloy systems because they can bet-
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ter handle higher-dimensional descriptor spaces and main-
tain predictive robustness. Therefore, traditional ML methods
are preferred for composition–property prediction because the
problem is usually formulated with structured descriptors and
scalar property labels.

Although high prediction accuracy is valuable,
composition–property prediction alone cannot fully support
alloy design. Recent studies have increasingly emphasized
interpretable alloy design, in which ML is used not only to
predict properties but also to reveal feature contributions and
support mechanism-guided optimization. In the work of Hu
et al.,[21] Shapley additive explanations (SHAP) were further
combined with the XGB model to quantify the contribution
of individual descriptors to magnetostriction. As shown in
Fig. 3(c), the SHAP summary plot, heatmap, and dependence
plots revealed the relative influence of key variables such

as average magnetic moment, bulk modulus, heat-treatment
temperature, and compositional parameters. Moreover, the
intersection of LOWESS fitting curves with SHAP = 0 was
used to identify more precise descriptor thresholds. Accord-
ing to elasticity theory, bulk modulus correlates positively
with Young’s modulus, as described by

Mb =
My

3(1−σ)
, (1)

where Mb and My denote bulk modulus and Young’s modulus,
respectively, and σ represents Poisson’s ratio. This relation-
ship provides additional physical context for the observed im-
portance of Mb,ave in the ML model. Therefore, interpretable
models are especially appropriate when the scientific objective
is design guidance rather than prediction alone.

Fig. 3. (a) SHAP summary plot for each feature. The color intensity of each point stands for the impact of feature on the model prediction.
(b) The ranking of feature contributions to λa based on SHAP. (c) Heatmap of global explanation using SHAP values. The SHAP value for key
features: (d) µave, (e) Mbave, (f) Eiave, (g) Theat, (h) Hcri, (i) Tbave, (j) Hsave, (k) VECemp.1, where the red solid line is the LOWESS fitted curve,
the black dotted line represents SHAP = 0, and the blue dashed line denotes the intersection of the LOWESS curve and SHAP = 0.[21]
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Since magnetostriction essentially stems from the lat-
tice distortion caused by the magnetic-domain rotation and
domain-wall motion, both of which are strongly influenced
by microstructural factors such as grain orientation, grain
size, grain boundary characteristics, and defect distribution,
therefore, when the research objective shifts from component
optimization to microstructure-performance mapping, mod-
els capable of preserving spatial connectivity become nec-
essary. GNNs are particularly suitable for this purpose be-
cause a polycrystalline microstructure can be naturally repre-
sented as a graph. The grains correspond to nodes, and grain
adjacency corresponds to edges. As shown in Fig. 4, Dai
et al.[28] proposed a GNN framework for predicting the ef-
fective magnetostriction of polycrystalline Tb0.3Dy0.7Fe2 al-
loys. In this model, the microstructure was represented as
G = (F,A). Here, A is the grain adjacency matrix, and F is the
grain-feature matrix containing Euler angles, grain size, and
the number of neighboring grains. The model captures inter-
granular interactions by integrating and updating message-
passing layers:

Fn+1 = σ

(
D̂− 1

2 ÂD̂− 1
2 FnW n

)
, (2)

where σ is the ReLU activation function, Â is the graph adja-
cency matrix, D̂ is the degree diagonal matrix of Â, and W (n) is
the trainable weight matrix. Message-passing operations were
used to aggregate intergranular information and update node
embeddings, allowing the model to learn how local grain fea-
tures and neighborhood interactions jointly affect the macro-
scopic response. A fully connected layer subsequently com-
bined the graph embedding with the external magnetic field
Hx to predict the effective magnetostriction λ eff

xx . As shown in
Fig. 4, the integrated gradients method was used to quantify
the contribution of each physical feature of individual grains
to magnetostriction. 492 three-dimensional polycrystalline
microstructures containing 87981 grains were generated us-
ing Dream.3D. Phase-field simulations were then combined
to obtain λ eff

xx under varying external magnetic fields. GNN
demonstrated exceptional performance in the prediction of
magnetostriction for polycrystalline Tb0.3Dy0.7Fe2 alloys. It
achieved a MARE of only 8.24% on the test set, with the over-
all prediction error remaining within 12%. Therefore, GNN
provides a unique advantage for describing grain connectiv-
ity and microstructure–property relationships that cannot be
achieved using conventional ML models.

Table 2. Comparison of representative ML methods with respect to their research objectives.

Research objective Representative algorithms Advantages Limitation

Composition–property prediction BPNN, RF, XGB, GBDT Structured numerical data with nonlinear relationships Limited interpretability
Interpretable alloy design SHAP + XGB Quantify feature contributions and reveal physical mechanisms High computational cost

Microstructure–property mapping GNN Capture grain connectivity and spatial interactions High computational cost

Fig. 4. Dataset of 3D polycrystalline microstructures and their effective magnetostriction. Distributions of (a) size (represented by the number
of voxels), (b) the number of neighboring grains for a specific grain, and (c) three Euler angles of the 87981 grains in the entire dataset of 492
microstructures. (d) An example of 3D polycrystalline microstructure in the dataset (colored by grain orientation). (e) Local magnetization and
(f) local magnetostriction λxx on the 2D slice shown in panel (d). (g) Effective magnetostriction of the 3D microstructure shown in panel (d) as a
function of the applied field Hx.[28]

The aforementioned types of ML (listed in Table 2) ad-

dress distinct scientific scenarios rather than competing di-

rectly with one another. Traditional ML algorithms, includ-

ing BPNN, RF, XGB, and GBDT, are primarily designed for

composition–property prediction using structured datasets. In-

terpretable ML frameworks, such as SHAP combined with

XGB, are more valuable when researchers need to identify

dominant factors and derive mechanism-relevant design rules.
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In contrast, GNN extends ML to microstructure–property
mapping by preserving grain connectivity and topological in-
formation. Therefore, the selection of ML methods should be
determined by the research objective and data characteristics
rather than algorithm complexity alone. This purpose-oriented
perspective offers a clearer framework for selecting algorithms
and understanding their respective roles in magnetostrictive
materials research.

3.2. Iron-based magnetostrictive materials

Fe-based nanocrystalline soft magnetic materials are piv-
otal in high-frequency power electronics and precision sens-
ing. Their near-zero λ is essential for achieving high perme-
ability and low loss. The emergence of FINEMET materials
in 1988 offered a novel pathway for material design. Their
magnetostrictive behavior is strongly governed by nanoscale
structural characteristics, such as grain size, crystalline phase
fraction, and grain-boundary features. The λ of these materi-
als is not a fixed constant. Instead, it is governed by nanocrys-
talline size, crystalline phase volume fraction, and residual
stress. However, the strong coupling among composition, pro-

cessing, and microstructure makes traditional trial-and-error
development highly inefficient. In 2020, Wang et al.[29] accel-
erated the development of Fe-based soft magnetic alloys using
ML models and random optimization frameworks. The origi-
nal data were standardized according to atomic percentages,
annealing temperature, and annealing time. Data cleaning,
feature processing, and selection were carried out to obtain
the final feature set. The primary objective was to maximize
the saturation magnetic flux density Bs while minimizing the
Hc, with simultaneous consideration of λ . This study system-
atically compared five algorithms, including linear regression,
SVM, DTR, KNN, and RF. Figure 5 compares the predicted
values of Bs, λ , and Hc against experimental data for all al-
gorithms. The results showed that the most important fea-
tures varied depending on the target property. The RF model
achieved the best overall predictive performance. However,
the RF generally has limited extrapolation capability beyond
the range of the training data. Consequently, it is unable to
identify the optimal component range or heat treatment win-
dow beyond the scope of the training data.

Fig. 5. (a) R2 value of different machine learning algorithms. Comparison between predicted values from the machine learning model and
experimental values for (b) magnetic saturation, (c) coercivity, and (d) magnetostriction.[29]

To further develop Fe-based soft magnetic materials com-
bining low Hc, low loss, and high permeability, Tang et al.[30]

focused on the synergistic optimization of magnetostriction
coefficients and key magnetic properties in Fe-based amor-
phous/nanocrystalline alloys. This study integrated ML tech-
niques into high-performance alloy design. It involved collect-
ing 2417 sets of literature data to construct a comprehensive
dataset covering properties such as λ , Bs, and Hc. The mag-
netostriction sub-dataset contained 233 material entries. Fea-
ture variables included 13 elemental compositions, annealing
temperature, and annealing time. Figures 6(a) and 6(b) illus-
trate feature importance, highlighting distinct attributes criti-
cal for Bs and Hc, respectively. Results indicate that iron con-

tent and annealing temperature are the paramount attributes
for Bs. Conversely, annealing temperature and the amorphous
nature of the material are most critical for Hc. Beyond these
primary factors, the significance of the remaining features de-
clines gradually. Furthermore, feature importance analysis via
the extreme gradient boosting (XGBT) model identified Fe
content and annealing temperature as key determinants influ-
encing λ . Notably, the regulatory effects of elemental and pro-
cessing parameters on λ exhibit synergistic correlations with
Bs and Hc. The predictive performance of four ML mod-
els — XGB, KNN, GB, and ANN — was evaluated using
grid search and normalization methods, as shown in Fig. 6(c).
Based on these analyses, the team designed a high-Fe con-
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tent alloy: Fe85Si2B8.5P3.5C1. Trace additions of P and C
were employed to optimize glass-forming ability. This indi-
rectly regulated magnetostriction levels. Consequently, the
design achieved a synergistic enhancement of magnetostric-
tion alongside Bs and Hc. The material simultaneously pos-
sesses high Bs, low Hc, and high Tc. The XGB model pre-
dicted magnetostriction values of 12.2 ppm and 10.4 ppm for
the as-cast and annealed states of the Fe85Si2B8.5P3.5C1 al-

loy, respectively. The deviation from experimental measure-

ments (17.6 ppm and 15.5 ppm) was approximately 5 ppm.

Although this deviation falls within a reasonable range, the

model consistently underestimated the coefficients for both

physical states. This systematic underestimation suggests de-

ficiencies in the model’s ability to capture the impact of phase

transitions on magnetostrictive performance.

Fig. 6. Feature importance derived from the XGBT model for Bs (a) and Hc (b). (c) R2 trending of XGBT, KNN, GBDT and ANN for predicting
Bs, Hc, grain size, λ and Tc, respectively.[30]

The existing Jiles–Atherton (J–A) hysteresis model es-
tablishes a non-linear relationship between total magnetiza-
tion (M) and applied magnetic field intensity (H). It achieves
this by identifying five core characteristic parameters for fer-
romagnetic materials or composites via experimental measure-
ment combined with algorithmic optimization. However, this
standard model is inapplicable to magnetostrictive composites
(MSCs). Consequently, Zhao et al.[31] proposed a technical
route integrating a modified J–A model with data mining pa-
rameter identification. This approach realizes the prediction of
magnetic properties for magnetostrictive materials. The tra-
ditional J–A model applies solely to single-phase ferromag-
netic materials. It fails to account for factors such as the non-
metallic matrix or particle shape orientation within MSCs. To
address this, the study introduced a composite coefficient b:

b = cosθ ×Vf. (3)

Here, θ represents the angle of the applied orientation field,
and Vf denotes the volume fraction. Simultaneously, a de-
magnetization factor (Nd) was introduced to reconstruct core
model parameters. This adaptation aligns the model with the
hysteresis characteristics of MSCs. Hysteresis loop data for
the Tb0.25Dy0.45Ho0.31Fe1.9 alloy were acquired using a vi-
brating sample magnetometer and a NIM-2000 magnetic test-
ing system. Five categories of intermediate parameters were
extracted. These parameters formed the raw dataset for iden-

tification. Subsequently, the differential evolution (DE) algo-
rithm was employed as a data mining tool. It resolved the
non-linear coupling issues among J–A model parameters. By
defining an objective weight function — specifically minimiz-
ing the difference between simulated and experimental mag-
netization — the parameters were iteratively optimized. This
process yielded an optimal parameter set adapted for MSCs.
Using Tb–Dy–Ho–Fe alloy as the raw material and epoxy
resin as the matrix, 1–3 type magnetostrictive composites were
fabricated. Their major and minor hysteresis loops were sub-
sequently tested. Following DE optimization, the modified J–
A model simulation achieved a high degree of concordance
with experimental data. This methodology allows for the pre-
diction of MSC magnetic properties using only the original
alloy data. It obviates the need for physical MSC fabrication
and overcomes parameter deviations caused by direct equation
solving.

3.3. Devices based on magnetostrictive materials

Magnetorheological (MR) foam represents a prototypical
magnetic polymer composite. It is widely applicable in the de-
velopment of flexible sensors and actuators for soft robotics.
To realize the engineering deployment of MR foam-based de-
vices, systematic modeling of their magnetostrictive behavior
and mechanical properties is crucial. Addressing the challenge
of predicting non-linear magnetostrictive performance, Rohim
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et al.[32] pioneered the application of ELM and ANN in this
domain. Their work provides a model for quantitatively pre-
dicting magnetostrictive properties based on composition and
magnetic field conditions. This offers an efficient tool for the
rapid design of MR foam devices in soft robotics. Initially,
a rheometer was utilized to test the magnetostrictive perfor-
mance of five MR foam variants under magnetic fields ranging
from 0 to 0.78479 T. A raw dataset was constructed based on
these experimental results. Following data cleaning and nor-
malization, the model architecture was designed using a single
hidden layer feedforward network framework. Upon comple-
tion of training, the R2 and root mean square error (RMSE)
were adopted as evaluation metrics. These quantitatively char-
acterized the predictive accuracy of the models. The ELM se-
ries models significantly outperformed traditional ANN mod-

els in stress prediction. Specifically, the ELM model utiliz-
ing the hard limit activation function exhibited optimal per-
formance. Its strain prediction achieved an R2 of 0.999 and
an RMSE below 0.003. Furthermore, no overfitting was ob-
served across test samples with varying carbonyl iron powder
contents. These results indicate that the ELM model can effec-
tively reproduce the observed relationship between the input
variables and the measured magnetostrictive response. How-
ever, ML models like ELM are intrinsically black box sys-
tems. While they achieve high-precision prediction, they fail
to clearly elucidate the internal physical mechanisms linking
magnetic fields, microstructure, and magnetostrictive behav-
ior. This opacity limits their in-depth application in innovative
material development.

Fig. 7. Magnetic domains of Tb0.27Dy0.73Fe2 under different stresses and the corresponding feature maps.[33]

The high magneto-elastic alloy, as the core sensing el-
ement, can meet the requirements for high-precision micro-
strain/stress detection. Gong et al.[33] integrated DL with the
magnetic domain response characteristics of magnetostrictive
materials Tb0.27Dy0.73Fe2. It achieved precise detection of
micro-strains at the micrometer scale. Initially, micromagnetic
simulations established a polycrystalline Tb0.27Dy0.73Fe2 thin
film model. Tensile stresses ranging from 0 to 500 MPa and
reverse unloading processes were applied. This generated im-
ages of stress-driven magnetic domain evolution. A total of
501 magnetic domain images under varying stresses were par-
titioned into training, validation, and test sets. The ratio was
maintained at 3:1:1. These images encapsulate stress-sensitive
features such as magnetic moment reorientation and domain
wall migration. Thus, they provide high-quality sample sup-
port for DL. Regarding model construction, a CNN architec-
ture was adopted. It comprises two convolutional layers, two

max-pooling layers, and a fully connected layer with 256 neu-
rons. ReLU was employed as the activation function to mit-
igate gradient vanishing. Additionally, the Adam algorithm
with adaptive learning rate served as the optimizer. Mean
squared error (MSE) was selected as the loss function. Follow-
ing 996 iterations of optimization, the model yielded a mean
absolute error (MAE) of 1.35 MPa for the training set. The
test set achieved an MAE of 2.10 MPa. The model demon-
strates excellent generalization capabilities, particularly within
the low-stress range of 0–200 MPa. It precisely captures
strain variations on the order of 1.25 × 10−5 with a predic-
tion error of merely 0.37 MPa. Consequently, the detection
resolution far surpasses traditional x-ray techniques.[34] Fig-
ure 7 displays the magnetic domains and corresponding fea-
ture maps of Tb0.27Dy0.73Fe2 under varying stresses. This
confirms the model’s ability to automatically extract key do-
main features. Filter 3 focuses on identifying vertical mag-
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netic domain stripes. Meanwhile, filter 5 precisely captures
domain wall contours. The synergistic action of multiple fil-
ters integrates microscopic details such as magnetic moment
direction and domain size. This provides a clear physical ba-
sis for stress/strain quantization. The research transforms the
magnetic domain response into image features recognizable
by DL. It establishes a quantitative correlation between micro-
scopic magnetic structure and macroscopic stress/strain. How-
ever, current validation relies solely on a single polycrystalline
thin film model. It does not account for the impact of com-
positional fluctuations or temperature variations on detection
accuracy.

4. Prospects
4.1. Data scarcity and quality dilemma

The effectiveness of ML and DL in the field of rare
earth functional materials is fundamentally constrained by the
scarcity of high-quality, standardized datasets. First, the ac-
quisition of high-fidelity experimental data is inherently pro-
hibitively expensive and suffers from significant temporal la-
tency. The currently available datasets only contain a few hun-
dred sample points, which is far less than the massive reposito-
ries required to train robust deep neural networks.[35] Second,
the data distribution exhibits severe structural bias and spar-
sity within the high-dimensional compositional space. Previ-
ous studies have overly focused on a few mature and high-
performance systems, such as the Terfenol-D and Galfenol
series. In contrast, a large number of exploratory areas,
especially those involving novel transition metal doping or
light rare earth substitution, still lack sufficient supervisory
signals.[36] Third, data heterogeneity presents an intractable
obstacle to model convergence. Significant discrepancies ex-
ist in fabrication protocols and testing standards across dif-
ferent research groups. This inconsistency is regarded as a
confounding variable. If not strictly handled, it may intro-
duce non-physical illusions into the model and obscure intrin-
sic structure–property relationships.

One promising strategy for addressing data scarcity is
transfer learning.[37] Transfer learning can transfer knowledge
from data-rich related magnetic material systems. Represen-
tative source domains include permanent magnets, soft mag-
netic alloys, magnetic refrigeration materials, and magnetic
thin films. These materials share common descriptors, such
as elemental composition, magnetic moments, crystal struc-
tures, and thermodynamic parameters. Pretrained models de-
veloped from these datasets can provide transferable feature
representations, thereby reducing the amount of task-specific
data required for magnetostrictive materials. Another promis-
ing direction is to establish multimodal datasets so that ma-
chine learning models can learn physically meaningful fea-
ture representations rather than relying solely on statistical

correlations.[38] In addition, active learning provides another
effective strategy for improving dataset quality. Instead of ran-
domly selecting new experiments, the model actively identifies
compositions with the highest uncertainty and recommends
them for experimental validation. Newly acquired data are
subsequently incorporated into the training dataset, allowing
continuous model refinement.[39] Such closed-loop optimiza-
tion significantly reduces experimental costs while accelerat-
ing the discovery of high-performance magnetostrictive ma-
terials. Transfer learning, multimodal data fusion, and active
learning are expected to become key technologies for over-
coming the limitations of current small-data scenarios in mag-
netostrictive materials

4.2. Interpretability deficit

Despite the predictive prowess of current ML models,
their inherent black-box nature constitutes a critical bottle-
neck hindering widespread adoption in closed-loop material
design. The mutual conversion of magnetic and elastic energy
is driven by intricate mechanisms ranging from 4f electron
shell interactions and spin–orbit coupling to irreversible mag-
netic domain wall motion under stress fields. However, main-
stream algorithms remain fundamentally statistical. They cap-
ture local correlations within labeled data but lack the capac-
ity to comprehend these underlying physical principles. Al-
though the physically interpretable framework proposed by Hu
et al.[21] significantly improves the understanding of feature
contributions, its interpretability is still derived from the inter-
nal behavior of the ML model rather than from explicit phys-
ical equations. Consequently, the feature importance depends
strongly on the selected prediction model and training dataset.
The model accuracy degrades sharply when extrapolating to
unknown chemical spaces or novel crystal structures.[40] This
inability to generalize beyond the training distribution severely
impedes cross-system material discovery.

More importantly, current interpretable ML models
mainly establish statistical correlations between descriptors
and target properties. Several key physical mechanisms gov-
erning magnetostriction are still not explicitly incorporated
into existing learning frameworks. For example, the mag-
netoelastic coupling between magnetic moments and lattice
strain, the magnetic domain nucleation and domain-wall mo-
tion, the crystal-field interactions of rare-earth atoms, phase
transformation during processing, and the thermodynamic
evolution under different heat treatment conditions are not
considered. As a result, current models provide feature at-
tribution but cannot fully reveal the physical origin of magne-
tostrictive behavior.

In this context, physics-informed neural networks
(PINNs) may provide a promising solution for integrating
multi-physics mechanisms into ML models.[41] Unlike purely
data-driven models, PINNs incorporate governing equations,
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boundary conditions, and prior physical knowledge directly
into the training process. By constraining model predictions
to satisfy known physical laws, PINNs can potentially im-
prove physical consistency, interpretability, and generaliza-
tion. For magnetostrictive materials, constitutive relations
describing magnetoelastic coupling, thermodynamic equilib-
rium, and phase evolution could, in principle, be embedded
into such learning frameworks. Nevertheless, the applica-
tion of PINNs to magnetostrictive materials still faces sev-
eral important challenges. First, magnetostriction is governed
by strongly coupled processes involving magnetic, mechan-
ical, thermal, and microstructural evolution. The formula-
tion of appropriate governing equations is highly nontrivial.
Second, some key mechanisms, such as domain-wall motion,
phase transformation, and processing-induced microstructural
evolution, are difficult to describe accurately in a unified
PINN framework. Third, the successful training of PINNs
often requires carefully designed physical constraints, numer-
ical stability, and sufficient high-quality data for validation.
Therefore, the effective application of PINNs in this field
still requires further methodological development and system-
specific adaptation.

4.3. Cross-scale coupling challenge

Although magnetostriction is inherently governed by
strongly coupled processes across electronic, microstruc-
tural, and macroscopic scales, current ML studies have not
yet fully realized genuine cross-scale information fusion.[42]

Most existing studies still remain confined to isolated scales.
Ensemble learning models are primarily used to describe
composition–property relationships. GNN models are mainly
developed for microstructure–property prediction, and DL
models are usually applied to image recognition or device
applications. Although these models often achieve high pre-
dictive accuracy within their respective domains, they are
generally developed independently. Information across dif-
ferent physical scales is rarely integrated within a unified
framework.[43] One major challenge lies in the heterogeneity
of multiscale data, as descriptors derived from first-principles
calculations, microstructural images, and experimental prop-
erty measurements differ substantially in physical meaning,
spatial resolution, and representation format. Another key lim-
itation is the discontinuity of the physical-information path-
way. Most existing models directly establish statistical cor-
relations between input variables and target properties, while
the intermediate mechanisms linking electronic interactions,
domain evolution, microstructure formation, and macroscopic
response are often ignored. In addition, the imbalance of
available datasets at electronic, microstructural, and macro-
scopic levels further hinders joint training and robust general-
ization. To address these issues, future research should focus

on developing physics-informed multimodal frameworks ca-
pable of integrating heterogeneous data, hierarchical learning
architectures that explicitly model information transfer across
scales, and knowledge-guided representations that preserve
the causal relationships among composition, electronic struc-
ture, microstructure, and functional properties. Such efforts
may provide a practical route toward genuine cross-scale cou-
pling and more reliable intelligent design of magnetostrictive
materials.

4.4. Critical supply chain bottlenecks

The transition of rare-earth magnetostrictive materials
from laboratory prototypes to industrial commodities faces
severe bottlenecks beyond mere technical performance. The
primary constraint lies in the supply chain ecosystem, where
the core heavy rare-earth elements are highly susceptible to
geopolitical dynamics and trade policy shifts.[44] This fragility
manifests as persistent price volatility, significantly escalating
fabrication costs and raising barriers to market entry. How-
ever, existing models predominantly maximize physical at-
tributes, such as magnetostriction and magnetic stability, while
treating cost and environmental impact as secondary exter-
nalities. They lack integrated mechanisms for cost risk man-
agement and comprehensive life cycle assessment, effectively
blinding researchers to the hidden costs of supply interruptions
and the carbon footprint of extraction and purification pro-
cesses. In the context of intensifying global resource competi-
tion and the drive for green development, this single-objective
focus is obsolete. There is an urgent strategic imperative to
develop multi-objective optimization frameworks capable of
navigating the complex trade-offs between performance, cost,
and sustainability. Such frameworks are essential for guiding
the discovery of alloys with reduced heavy rare-earth content
or doping-modified alternatives. Ultimately, achieving a syn-
ergistic balance among functional properties, supply security,
and eco-friendliness is the critical step toward realizing robust,
sustainable industrialization.
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