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Fe-based amorphous alloys are promising soft magnetic materials for developing next-generation devices with high
frequency and efficiency. However, optimizing Fe-based alloys with ultra-high saturation magnetic flux density (Bs), ultra-
low coercivity (Hc), and good glass-forming ability remains a notorious challenge owing to the vast composition space and
complex trade-offs among these properties. Thus, conventional design methods face great challenges. Here, we develop a
generative multi-task deep learning (GMTDL) approach to achieve simultaneous optimization of compositions and trade-
off properties. The GMTDL can sufficiently exploit and share knowledge from datasets across different tasks, despite
the limitations and imbalances of these datasets. Therefore, it exhibits superior performance in predicting alloys with
multiple targeted properties, outperforming previous machine learning-based design strategies. Moreover, the GMTDL
can also tailor compositions, providing an efficient way to regulate properties and generate desired candidates for further
experimental processing. The validity and reliability of GMTDL are rigorously tested by benchmarking against Fe-based
alloys reported very recently. Moreover, some new alloys with ultra-high Bs and ultra-low Hc are predicted. The optimal
content windows of key elements and their synergistic effects are also unraveled, providing practical guidance. Thus, our
study establishes an effective and reliable paradigm for simultaneous prediction and optimization of high-performance
materials with multiple properties.

Keywords: Fe-based amorphous alloys, soft magnetic materials, multi-task deep learning, multi-objective
optimization, inverse design
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1. Introduction
With the development of new infrastructure fields such

as 5G communication, new energy vehicles, artificial intelli-
gence, and intelligent manufacturing, it has become increas-
ingly desirable to develop next-generation electrical equip-
ment and electronic devices with high frequency, miniatur-
ization, and high efficiency.[1,2] With increasing frequency,
however, most of the electrical energy is consumed by mag-
netic components.[3,4] Thus, energy conversion efficiency as-
sociated with soft magnetic materials becomes a key factor
in the development of high-frequency devices.[5] So far, sil-
icon steels are the most widely used soft magnetic materi-
als, yet they suffer from high core loss, low energy conver-
sion efficiency, and consequently serious heating problems
in devices when used at high frequencies such as megahertz
frequencies.[6,7] While ferrites exhibit high permeability and
low loss due to their high electrical resistivity, their low satu-
ration magnetization is detrimental to the miniaturization of
high-frequency devices.[8] Fe-based amorphous alloys have

emerged as a promising new class of soft magnetic materials
for high-frequency applications.[9] Compared to silicon steel,
these alloys possess lower coercivity (Hc) and higher resistiv-
ity, which contribute to reduced core losses. Although the sat-
uration magnetic flux density (Bs) of Fe-based amorphous al-
loys is relatively low, it can be improved by tuning the content
of ferromagnetic elements and some other metallic and metal-
loid elements.[10,11] Moreover, the formation of nanocrystals
within the amorphous matrix induced by heat treatment can
further enhance the Bs.[12,13] Therefore, great efforts have been
devoted to designing high-performance Fe-based alloys with
high Bs, low Hc, and good glass-forming ability (GFA).[11,14]

However, the optimization and regulation of Fe-based al-
loys with ultra-high Bs, ultra-low Hc, and good GFA remain
a notorious challenge.[11,14] While increasing the content of
ferromagnetic elements favors the Bs, the GFA of these alloys
rapidly decreases, leading to poor thermal stability and harsh
and uncontrollable crystallization processes. To enhance the
GFA, some metalloid elements, such as B, P, Si, and C, are of-
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ten added, which mostly deteriorates the Bs. Meanwhile, mi-
nor additions of some metallic elements may be useful for con-
trolling the nanocrystalline structure.[15] Moreover, there is
also a trade-off between Bs and Hc, that is, enhancing Bs leads
to deterioration of Hc.[16] Thus, it has been a long-standing
challenge to balance the trade-offs among Bs, Hc, and GFA
for optimizing high-performance Fe-based amorphous alloys,
since this is essentially a high-dimensional search and opti-
mization problem in a vast and highly complicated composi-
tion space integrating multiple properties.

So far, machine learning (ML) methods have been applied
to accelerate the search for high-performance alloys.[17,18]

However, such methods require manual input of alloy compo-
sitions. As alloy complexity increases, the number of poten-
tial compositions grows exponentially, rendering manual in-
put impractical.[19] Very recently, rapid progress in generative
approaches and autonomous laboratories (A-Labs) has pro-
vided efficient new strategies for addressing high-dimensional
optimization problems and has significantly accelerated new
material design.[20] Nevertheless, most existing A-Labs fo-
cus on single-objective design,[21,22] while practical applica-
tions mostly require simultaneous fulfillment of multiple per-
formance objectives. This greatly increases the complexity
of searching the performance space and finding optimal so-
lutions.

To achieve multi-objective design, multiple single-task
models are often developed for each individual property pre-
diction, and step-by-step property screening is performed dur-
ing the design procedure.[23–26] However, due to the diversity
and complexity of alloy compositions and the scarcity of high-
quality datasets, single-task models often face overfitting is-
sues when applied to small datasets, which limits their prac-
tical performance. Recently, multi-task learning, a transfer
learning strategy that shares information across multiple re-
lated tasks, has been shown to achieve multi-objective design
by significantly enhancing model performance, including data
augmentation, attention focusing, feature selection, and over-
fitting prevention.[27–30] For instance, Wu et al.[30] developed
a multi-task learning model to successfully predict multiple
properties of quantum many-body systems from short-range
correlation data. Unlike crystalline materials, however, amor-
phous alloys are in non-equilibrium states; therefore, their dis-
ordered atomic structures are metastable and may not serve as
reliable criteria for materials design. Moreover, the discovered
Fe-based amorphous alloy compositions are much fewer than
those of crystalline materials. Another serious problem is that
the existing datasets of multiple properties for amorphous al-
loys are significantly imbalanced, posing a greater challenge
for multi-objective design of amorphous alloys.

To address these challenges, we developed a generative
multi-task deep learning (GMTDL) framework by integrating

a multi-task Wasserstein autoencoder (MTWAE) and the non-
dominated sorting genetic algorithm III (NSGA-III), achieving
efficient multi-objective inverse design of high-performance
Fe-based amorphous alloys. Our framework effectively mit-
igates the challenges associated with limited and imbalanced
data by leveraging shared information across multiple related
properties, significantly outperforming conventional single-
task models in prediction accuracy. The validity and reliability
of the framework are rigorously examined and benchmarked
against recently reported Fe-based alloys that are not included
in the datasets. Furthermore, by employing SHapley Addi-
tive exPlanations (SHAP) and statistical analysis, we provide a
comprehensive understanding of the intricate effects and syn-
ergistic interactions of key elements on soft magnetic proper-
ties and GFA. Optimal content windows of these elements are
also revealed for practical guidance in materials design. Fi-
nally, we developed an online platform for the GMTDL frame-
work to achieve convenient and efficient material design.

2. Methods
2.1. Generative multi-task deep learning framework

Figure 1 illustrates the GMTDL framework, which in-
tegrates the MTWAE[31] and the non-dominated sorting ge-
netic algorithm III (NSGA-III).[32] Here, the MTWAE model,
combining the distribution-matching capability of WAE with
multi-task learning, maps alloy compositions to a latent space
and captures the nonlinear relationship between compositions
and multiple properties, thereby enabling simultaneous op-
timization of multiple material properties. The NSGA-III-
based evolutionary algorithm can efficiently explore the latent
space to identify alloy compositions with novel combinations
of multiple properties. Thus, the GMTDL framework fully
leverages the advantages of the WAE-based generative model
and multi-objective optimization algorithm to achieve efficient
optimization and regulation of Fe-based alloys with multiple
desired properties, i.e., high saturation magnetic flux density
(Bs), low coercivity (Hc), and good GFA.

2.2. Data collection and processing

We constructed datasets for three properties of Fe-based
metallic glasses (MGs), i.e., saturation magnetic flux den-
sity Bs of 574 compositions, coercivity Hc of 383 composi-
tions, and critical casting diameter Dc of 311 compositions
(see Fig. 1(a)). All data were rigorously collected from peer-
reviewed experimental measurements (see supplementary Ta-
bles S1–S3). Among the MG compositions in these datasets,
30 elements are involved (see supplementary Fig. S1). To in-
put the elemental composition of each alloy into the multi-task
learning model, a composition descriptor is constructed as a
30-dimensional vector of 𝑋 = [x1, x2, . . . ,x30]

T based on the
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molar ratios of 30 elements in an alloy, subject to the constraint
of ∑

30
i=1 xi = 1. Here, xi denotes the molar ratio of element i in

an alloy. If an alloy does not contain element i, xi = 0 (see sup-
plementary materials I for more details of data processing).

Considering that the different units and numerical scales
among the datasets of Bs, Hc, and Dc may result in large gra-
dient gaps among different tasks, we standardized the raw
datasets for easier model training. Note that the raw experi-
mental datasets should be standardized through a linear trans-
formation to guarantee that their distribution shapes are not
changed. Here, Z-score transformation ŷexp

i =
(
yexp

i − ȳexp
)
/σ

was employed, which transforms raw data distributions into

distributions with a mean of 0 and a standard deviation of 1.

Here, ŷexp
i represents the transformed property values and yexp

i

refers to the original values, while ȳexp and σ are the average

value and standard deviation of a dataset, respectively. Note

that ȳexp and σ must be calculated from the training datasets,

and these two parameters are then used for transforming the

test datasets. In our work, the Bs, Hc, and Dc datasets were

randomly divided into two subsets: 80% for training and 20%

for testing.
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Fig. 1. Schematic of the generative multi-task deep learning framework. (a) Dataset acquisition of alloy compositions and properties of Bs, Hc,
and Dc. (b) The MTWAE model, which maps compositions into a latent space and simultaneously predicts properties. (c) NSGA-III, which
performs multi-objective optimization in the latent space using the MTWAE predictors for evaluation and generates Pareto-optimal solutions. (d)
The final optimal latent solutions are decoded back into candidate alloy compositions.

2.3. MTWAE model

To fully leverage the limited experimental data and di-
rectly generate novel alloy compositions with multiple de-
sired properties, we developed the MTWAE model by ex-
tending the standard WAE model to a multi-task architec-
ture. The MTWAE model consists of five distinct neural net-

works: an encoder of qφ (Z|X), a decoder of pθ

(
X̂ |Z

)
, and

three separate predictors of fωp

(
yp|Z

)
for each target property

yp (p ∈ {Bs,Hc,Dc}). Here, Z denotes a latent space repre-
sentation. φ , θ , and ωp represent the parameters of the en-
coder network, decoder network, and predictor networks as-
sociated with property yp, respectively. All network compo-
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nents are based on multi-layer perceptrons (MLPs). Here, a
softmax activation function was employed in the output layer
of the decoder, which guarantees that all decoded molar frac-
tions are non-negative and satisfy the constraint of ∑xi = 1
(i = 1,2, . . . ,30) without any additional post-processing (see
supplementary materials II for the detailed architecture of the
MTWAE model).

The MTWAE model was trained to fit the distribution of
the datasets of both alloy compositions and properties shown
in Fig. 1(b). The model training is essentially an optimiza-
tion of a total loss function, Ltotal = ∑task wtaskLtask, which is
a sum of weighted individual task losses. Here, wtask denotes
the weight of each task loss Ltask for balancing its contribution
to the total loss, and Ltask = Lrecon +Lpro +LMMD. Lrecon, Lpro,
and LMMD are reconstruction loss, prediction loss, and maxi-
mum mean discrepancy loss, respectively[33] (see supplemen-
tary materials II for details of the MTWAE model training).

To address the significant imbalance in the sizes of these
datasets, we employed a dual strategy of resampling and in-
verse sample-size weighting. This approach effectively bal-
ances the contribution of each task during training, leading to
improved overall performance (see Supplementary Figs. S3–
S5). Furthermore, we optimized the latent-space dimensional-
ity, identifying k = 8 as the optimal dimension that balances
reconstruction fidelity and prediction accuracy (see supple-
mentary Fig. S6). The final optimized model demonstrates
strong predictive performance on the test dataset, achieving
coefficients of determination R2≈ 0.88 for Bs, 0.49 for ln(Hc),
and 0.63 for Dc, respectively (see supplementary Fig. S7).
Note that the R2 value for ln(Hc) is lower than those for Bs and
Dc. This is mainly because coercivity is an extrinsic property
and is strongly affected by microstructural features and pro-
cessing conditions beyond composition. In addition, the Hc

dataset is relatively smaller, providing less training informa-
tion. Although incorporating processing- or microstructure-
related descriptors may further improve the prediction of Hc,
the acquisition of such information remains a significant chal-
lenge in this field. Nevertheless, the MTWAE model still
outperforms single-task ML models in Hc prediction (see
Fig. 2(f)).

2.4. Multi-objective evolutionary optimization

In the evolutionary optimization shown in Fig. 1(c), our
framework employs NSGA-III to effectively maintain solution
diversity and uniformly approximate complex Pareto fronts
by leveraging a reference-point-based approach. In this pro-
cedure, candidate solutions in the latent space are iteratively
evolved via genetic operations (selection, crossover, and mu-
tation). Property predictions by the predictors in the MTWAE
model guide the evolution toward latent representations asso-
ciated with optimal combinations of multiple properties, i.e.,
high Bs, low Hc, and high Dc, effectively managing trade-offs

among these properties. Upon reaching a predefined crite-
rion (e.g., maximum number of generations or target property
thresholds), these optimal latent representations are decoded
into explicit alloy compositions by the decoder in the MT-
WAE model (see Fig. 1(d)). To realize efficient multi-objective
evolutionary optimization, we utilized the Genetic and Evolu-
tionary Algorithm Toolbox for Python with High Performance
(GEATPy) [34] (see supplementary materials III for implemen-
tation details).

3. Results
3.1. Generative exploration and diversity analysis of gen-

erated alloy compositions

First, we evaluated the ability of the MTWAE model
to generate diverse alloy compositions with multiple desired
properties simultaneously, which has been argued to be a
prerequisite for addressing inverse materials design tasks.[35]

Here, we chose k = 8 as the optimal dimensionality of the la-
tent space and trained the MTWAE model on the entire train-
ing dataset containing Bs, Hc, and Dc data. We randomly
generated 3000 Fe-based alloy compositions and predicted the
corresponding Bs, Hc, and Dc values using the trained MT-
WAE model.

Figures 2(a)–2(c) show the distributions of the Bs, ln(Hc),
and Dc values for the existing and generated alloys, respec-
tively. It is found that the property distributions of the gen-
erated alloys (blue) mostly overlap with those of the exist-
ing alloys (red). However, the density of the generated al-
loys with Bs > 1.6 T or Hc < 1 A/m is lower than that of the
existing ones. This may be due to the random generation of
alloys, which makes it difficult to search for alloys with ex-
tremely high Bs or small Hc. Among the 3000 generated al-
loys, 221 alloys are found to simultaneously satisfy the criteria
of Bs > 1.5 T, ln(Hc)< 1.5 A/m, and Dc > 1 mm, as shown in
Figs. 2(a)–2(c), and are denoted as target alloys (green). These
results highlight the capability of the model to generate Fe-
based MG compositions with high-performance soft magnetic
properties.

To analyze the diversity of the generated alloy compo-
sitions, we reduced the high-dimensional latent space to two
dimensions using the t-distributed stochastic neighbor embed-
ding (t-SNE) method.[36] Figure 2(d) visualizes the composi-
tion distributions of the existing and generated alloys in the 2D
latent space. It can be seen that the generated alloys (blue) not
only cover the existing ones (red) but also extend to nearby re-
gions. This indicates that our MTWAE model can capture the
composition distribution in the training dataset and generate
new alloy compositions in a reliable way. This also indicates
that the alloy compositions generated by the MTWAE model
are as diverse as the existing ones.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 2. Generation of diverse alloy compositions with multiple desired properties. (a)–(c) Comparison of the property distributions of exist-
ing alloys (red) and generated alloys (blue) for saturation magnetic flux density (Bs), coercivity (ln(Hc)), and critical casting diameter (Dc),
respectively. The green region denotes the target alloys that simultaneously satisfy Bs > 1.5 T, ln(Hc) < 1.5 A/m, and Dc > 1 mm. (d) t-SNE
visualization of the compositional distributions of existing and generated alloys. (e) Analysis of the uniqueness of the generated alloys (ranging
from 1000 to 100000). (f) Comparison of the property prediction accuracy between the MTWAE model and traditional ML models (SVR, KNN,
RF, XGBoost). (g)–(i) Distributions of the 3000 randomly generated compositions in the latent space colored by Bs, ln(Hc), and Dc values,
respectively. Here, principal component analysis (PCA) was used to compress the 3000 generated compositions in the latent space from 8
dimensions to 2 dimensions.

Moreover, the MTWAE model can generate a substan-
tial number of unique and new alloy compositions. Here, two
alloy compositions are considered similar if they contain the
same elements and the corresponding content differences are
less than 1 at.%. Thus, a generated alloy composition can be
regarded as unique if it is not similar to any other alloy com-
positions generated by the same method, and an alloy compo-
sition is considered new if it is not similar to any alloy compo-
sitions in the Bs dataset. As shown in Fig. 2(e), among 1000
generated alloy compositions, the percentage of compositions
that are both unique and new is as high as 98%. This percent-
age still reaches 64% after 100000 alloy compositions are gen-
erated. It is also found that 99% of the generated alloy com-
positions are new (see Fig. 2(e)). This demonstrates that the

MTWAE model can generate diverse alloy compositions with-
out significant saturation even at a large scale, and almost all
of these alloy compositions are new compared with the train-
ing dataset. These results illustrate the ability of the MTWAE
model to generate unique and new alloy compositions.

Next, we demonstrated the property prediction ability of
the MTWAE model by benchmarking it against several tradi-
tional ML models, such as support vector regression (SVR),
K-nearest neighbors (KNN), random forest (RF), and extreme
gradient boosting (XGBoost) (see supplementary Table S4 for
the optimal hyperparameters of these traditional ML mod-
els). The prediction performance was systematically evalu-
ated using 5-fold cross-validation. As shown in Fig. 2(f), the
MTWAE model significantly outperforms the traditional ML
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models in predicting Hc and Dc. In the Bs prediction task, its
performance is comparable to that of the best-performing XG-
Boost model, despite the smaller weight assigned to the Bs pre-
dictor during the training of the MTWAE model (see Methods
for more details). These results indicate that, through multi-
task learning, the MTWAE model exploits shared knowledge
from datasets across different tasks and benefits from the com-
bined datasets, which enhances prediction accuracy and gen-
eralization capability, particularly when each dataset is quite
limited.[37,38] For the traditional ML models, however, they
are trained independently for each single-property prediction
task and therefore fail to share knowledge across different
tasks, resulting in reduced prediction accuracy and a higher
risk of overfitting.[27]

Therefore, the MTWAE model couples high generative
diversity with superior prediction accuracy and thus estab-
lishes a practical foundation for reliable inverse design. Next,
we sought to understand how the MTWAE model captures and
organizes the complex relationships between alloy composi-
tions and multiple properties. Here, we characterized the dis-
tribution of compositions with specific properties in the latent
space by employing principal component analysis (PCA)[39]

to reduce the 8-dimensional latent space of the model to two
dimensions. As shown in Fig. 2(g), alloy compositions with
high Bs values (red dots) are mainly distributed on the left
side of the latent space, while compositions with low Bs val-
ues (blue dots) are located on the right side. This indicates
that the MTWAE model can effectively organize alloy compo-
sitions in the latent space according to Bs properties. Different
from the distribution of Bs, compositions with high Dc values
are located on the right side of the latent space, whereas those
with low values are on the left side, as shown in Fig. 2(i). The
difference in the distributions of Bs and Dc in the latent space
indicates that the model successfully captures the trade-off be-
tween Bs and Dc and assigns clear regional divisions in the
latent space for different properties. Notably, the distribution
of alloy compositions with Hc values in the latent space shows
a complex feature (see Fig. 2(h)). Compositions with high Hc

values (red dots) are located at the end of the latent space,
while those with low Hc values are located in the central re-
gion, demonstrating a complex relationship between Hc and
alloy compositions.

The above results reveal the significant advantages of the
MTWAE model in multi-task learning: by sharing knowledge
between different tasks of Bs, ln(Hc), and Dc, the MTWAE
model is able to effectively represent and organize the rela-
tionships between multiple properties and alloy compositions
in a unified latent space, which results in complementary and
collaborative knowledge across tasks. In addition, the latent
space unifying multiple properties allows exploration of the al-
loy composition space with multiple targeted properties more

efficiently in the inverse design framework, accelerating the
discovery of high-performance alloy materials.

3.2. Efficient multi-objective inverse design of Fe-based
amorphous alloys

In the above section, we established a robust MTWAE
model that is capable of accurately predicting Bs, Hc, and Dc

while simultaneously generating corresponding alloy compo-
sitions. To realize efficient multi-objective inverse design for
Fe-based MGs with high-performance soft magnetic proper-
ties, we incorporated the NSGA-III algorithm into the MT-
WAE model. Here, NSGA-III is used to efficiently search
for latent composition representations in the latent space ob-
tained by the MTWAE model and provide multi-objective op-
timization for the trade-offs between the Bs ∼ Dc, Bs ∼ Hc,
and Hc ∼ Dc property pairs. In the optimization, Bs and Dc

are maximized, while ln(Hc) is minimized. The searched
latent composition representations are subsequently decoded
into corresponding alloy compositions using the decoder in the
MTWAE model. In the multi-objective optimization, a bal-
anced set of solutions, known as Pareto optimal solutions, is
identified, which provides the best possible trade-offs among
multiple properties.

Figure 3(a) visualizes the Pareto optimal solutions in the
diagram of Bs–ln(Hc)–Dc obtained with a population size of
200 across 500 generations. While the red circles (target MGs)
represent the Pareto optimal solutions that meet all the target
properties of Bs > 1.5 T, ln(Hc) < 1.5 A/m, and Dc > 1 mm,
the gray triangles (other MGs) represent the Pareto optimal
solutions that do not meet at least one target property. The
green, blue, and orange circles are the projections of the Pareto
optimal solutions onto the Bs–Dc, Bs–ln(Hc), and Dc–ln(Hc)

plots, respectively, representing the trade-offs between each
pair of properties. The data exhibit clear trends: a nega-
tive Bs–Dc relation (higher Bs typically coincides with smaller
Dc) and a positive Bs–ln(Hc) relation (higher Bs accompanies
higher ln(Hc)). The Pareto optimal solutions are well spread,
covering approximately Bs ≈ 1.5 ∼ 2.0 T, ln(Hc) ≈ −0.5 ∼
1.5 A/m, and Dc ≈ 2 ∼ 6 mm, with a denser cluster near
Bs ≈ 1.6∼ 1.8 T and ln(Hc)≈ 0.3∼ 1.0 A/m. This indicates
that the GMTDL framework achieves good trade-offs between
the conflicting properties.

To illustrate the ability of the GMTDL framework to
identify new alloy compositions with superior properties, we
compared the Pareto optimal solutions (the candidate alloys)
of each pair of properties with the experimental data in the
datasets. As shown in Figs. 3(b)–3(d), the Pareto optimal
solutions extend the feasible performance space beyond the
region covered by the experimental data, demonstrating that
the GMTDL framework successfully identifies new alloy com-
positions and significantly pushes the achievable performance
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(a) (b)

(c) (d)

Fig. 3. Multi-objective optimization of alloy properties. (a) Visualization of Pareto-optimal solutions obtained by the GMTDL framework in the
three-dimensional property space of saturation magnetic flux density (Bs), coercivity (ln(Hc)), and critical casting diameter (Dc). Red circles
denote solutions simultaneously meeting the target criteria (Bs > 1.5 T, ln(Hc) < 1.5 A/m, Dc > 1 mm), while gray triangles represent non-
ideal solutions. Green, blue, and orange circles indicate the projections of target solutions onto the Bs ∼ Dc, Bs ∼ ln(Hc), and Dc ∼ ln(Hc)
performance planes, respectively. (b)–(d) Comparison between the Pareto front obtained by the GMTDL optimization and experimental data
on pairwise property planes (Bs ∼ ln(Hc), Bs ∼ Dc, and Dc ∼ ln(Hc)), demonstrating the framework’s capability to effectively expand the
experimental performance boundaries.

boundaries toward regions with better trade-offs between con-
flicting properties. Specifically, Fig. 3(b) showcases many
candidate alloys that achieve a satisfactory trade-off between
high Bs and low ln(Hc). In the experimental dataset, how-
ever, alloys with high Bs (> 1.5 T) are typically accompanied
by higher ln(Hc) (> 1.5 A/m). The trade-offs of Bs ∼ Dc

and Dc ∼ Hc also show similar trends (see Figs. 3(c) and
3(d)). Therefore, our GMTDL framework successfully identi-
fies new alloy compositions with superior properties.

3.3. Model validation and discovery of high-performance
Fe-based amorphous alloys

In this section, we rigorously validated our MTWAE
model and assessed its generalizability and predictive power
from two aspects. One is that we applied our MTWAE
model to predict the Bs values of given Fe-based amor-
phous alloys. To demonstrate this, we applied the MTWAE
model to 12 Fe-based alloys reported very recently that were
not included in our datasets. As shown in Fig. 4(a), the
MTWAE model exhibits remarkable accuracy in predicting
Bs. For amorphous alloys of Fe68.2Co17.5B13Si0.5Cu0.8 and

Fe79.7Co6B13Si0.5Cu0.8 fabricated by Guo et al.,[40] the pre-
dicted Bs values by the MTWAE model are 1.92 T and 1.86 T,
respectively, with MAE ≈ 0.04 T, which are very close to the
experimentally measured Bs values of 1.90 T and 1.81 T. This
confirms the predictive power of our model for Fe-based amor-
phous alloys with ultrahigh Bs.

For amorphous alloys of Fe85B12Si2V0.5Cu0.5,
Fe76.5Co8.5B12Si2V0.5Cu0.5, Fe68Co17B12Si2V0.5Cu0.5, and
Fe68.8Co17.2B11Si2V0.5Cu0.5 synthesized by Li et al.,[16] the
predicted Bs values are about 1.70 ∼ 1.87 T with MAE ≈
0.10 T, which are quite close to the experimental values of
1.58 ∼ 1.84 T. Moreover, our model reproduces the variation
tendency of the Bs value with Co content, which first increases
and then decreases as the Co content exceeds 17%.[16] These
results indicate that our MTWAE model not only accurately
predicts the Bs values but also correctly captures the essential
Fe–Co exchange-coupling mechanism that governs Bs.[41,42]

Our MTWAE model can also estimate the Bs values of the
amorphous precursors of Fe-based amorphous/nanocrystalline
alloys. Very recently, Yang et al.[43] developed several Fe-
based amorphous/nanocrystalline alloys with Bs exceeding
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1.9 T. For the amorphous precursors of these Fe-based alloys,
all the predicted Bs values are larger than 1.7 T, as shown in
the right panel of Fig. 4(a). It is well known that the Bs val-
ues of amorphous precursors are smaller than those of the cor-
responding amorphous/nanocrystalline counterparts, because
the fine grains smaller than 20 nm formed within the amor-
phous matrix after annealing possess higher saturation mag-
netization than the residual amorphous matrix, thereby further
enhancing the Bs values.[43]

In addition to accurately predicting the Bs of Fe-based
alloys, the MTWAE model can simultaneously provide pre-
dictions for Hc and Dc (see Table 1). Note that Dc serves as
an indicator of the GFA of alloys, and the predicted Dc values
reflect the potential GFA of alloys but do not necessarily cor-
respond to the actual critical diameter of a given alloy under
specific experimental conditions. The distribution of experi-
mentally measured Dc values is predominantly concentrated
within the range of 1∼ 3 mm, and the MTWAE model predic-
tions align closely with this distribution (see supplementary
Fig. S2(c)), highlighting the remarkable reliability of the MT-
WAE model in predicting the GFA of Fe-based alloys. For the
12 alloy compositions listed in Table 1, the predicted Dc values
primarily range from 1.12 to 1.39 mm, all exceeding 1 mm, in-
dicative of good GFA of these alloys. Although the critical di-
ameters of the Fe-based alloys mentioned above were not mea-
sured by copper mold casting methods in experiments, their
good GFA has been confirmed by the successful fabrication
of Fe-based MG ribbons using melt spinning.[16,40,43] Further-
more, the predicted Hc values are highly consistent with ex-

perimental findings; for instance, amorphous alloys prepared
by Yang et al.[43] typically exhibit coercivities above 10 A/m
in their amorphous state, and correspondingly, the MTWAE
model also predicts similar Hc values for nearly all these al-
loys, confirming the accuracy of the MTWAE model in pre-
dicting coercivity for amorphous alloys.

The other aspect is that our GMTDL framework can
navigate the search in the vast compositional space to iden-
tify high-performance Fe-based amorphous alloys. With a
population size of 500 after 1000 generations, the GMTDL
framework pinpoints a Pareto front of 95 optimal composi-
tions that simultaneously satisfy the more stringent criteria,
i.e., Bs > 1.75 T, ln(Hc)< 1.5 A/m, and Dc > 1.0 mm. Some
compositions with ultra-high Bs, ultra-low Hc, and good GFA
are listed in Table 1 (see supplementary Table S5 for all pre-
dicted compositions). These newly discovered candidates ex-
hibit much superior properties, located in a high-performance
region of the property space that is sparsely populated by
both alloys in the datasets (gray squares) and recently reported
high-performance alloys (blue triangles) (see Figs. 4(b)–4(d)
and supplementary Table S5). For instance, Fig. 4(b) reveals
that most of these compositions exhibit substantially low Hc

(ln(Hc) < 1.5 A/m) while maintaining high Bs (> 1.75 T).
Moreover, these candidate alloys also tend to possess larger Dc

than those in the dataset and recently reported Fe-based alloys,
while retaining high Bs, as shown in Fig. 4(c). In addition, the
newly discovered compositions simultaneously achieve both
high Dc and low ln(Hc), as shown in Fig. 4(d).

Table 1. Fe-based alloy compositions with experimentally measured and predicted saturation magnetic flux density (Bs), predicted coercivity
(Hc), and critical casting diameter (Dc) values. Compositions 1–6 are Fe-based amorphous alloys, whereas compositions 7–12 are Fe-based
amorphous/nanocrystalline alloys. All compositions 1–12 were experimentally fabricated very recently. Compositions 13–20 are predicted Fe-
based amorphous alloys with ultra-high Bs and ultra-low Hc generated by our model.

Fe-based alloy compositions Experimental Bs (T) Predicted Bs (T) Predicted ln(Hc)/Hc (A/m) Predicted Dc (mm)

1 Fe68.2Co17.5B13Si0.5Cu0.8
[40] 1.90 1.92 1.19/3.29 1.23

2 Fe79.7Co6B13Si0.5Cu0.8
[40] 1.81 1.86 1.25/3.51 1.39

3 Fe85B12Si2V0.5Cu0.5
[16] 1.58 1.70 2.57/13.07 1.31

4 Fe76.5Co8.5B12Si2V0.5Cu0.5
[16] 1.65 1.80 2.09/8.08 1.17

5 Fe68Co17B12Si2V0.5Cu0.5
[16] 1.84 1.87 1.79/6.03 1.38

6 Fe68.8Co17.2B11Si2V0.5Cu0.5
[16] 1.72 1.83 2.45/11.59 1.32

7 Fe70.11Co15.39Ni1.5B9P3C1
[43] 1.92 1.76 3.32/27.66 1.38

8 Fe69Co16Ni1Si3B11
[43] 1.92 1.72 2.08/8.00 1.12

9 Fe64.13Co21.38Ni1.5B8.5P3C1V0.5
[43] 1.90 1.74 2.80/16.44 1.28

10 Fe68.4Co17.1Ni1.5B9P3C1
[43] 1.90 1.75 3.36/28.79 1.37

11 Fe64.13Co21.38Ni1.5B8.5P3C1Mo0.5
[43] 1.87 1.74 2.81/16.77 1.29

12 Fe64.13Co21.38Ni1.5B9P3C1
[43] 1.85 1.75 2.86/17.51 1.31

13 Fe78.57Co7.49B12.15Si1.55Cu0.11 – 1.91 0.48 1.48
14 Fe73.24Co14.13B11.29Si1.18 – 1.96 0.74 1.27
15 Fe71.26Co15.98B11.35Si1.22Nb0.10 – 1.95 0.70 1.34
16 Fe65.76Co19.43B13.43Si0.95Nb0.33 – 1.98 0.75 1.13
17 Fe40.20Co38.42B19.75Si0.19Nb0.95Y0.27 – 1.93 0.19 1.42
18 Fe67.99Co0.29B22.41Si5.71Nb1.35Ni1.81Cu0.13Hf0.21 – 1.89 1.08 2.17
19 Fe83.61B14.26Si0.17P0.15Nb0.31Ni1.19Hf0.14 – 1.87 1.43 2.60
20 Fe63.27Co2.23B21.01Si8.17Nb4.73Ni0.32Cu0.14 – 1.85 0.98 2.45
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(a)

(b) (c) (d)

Fig. 4. Validation of the MTWAE model and discovery of high-performance Fe-based amorphous alloys. (a) Comparison between MTWAE-
predicted and experimentally measured saturation magnetic flux density (Bs) for twelve recently reported Fe-based amorphous or amor-
phous/nanocrystalline alloys that were not included in the training set. Two-dimensional projections of the Pareto front obtained by performing
NSGA-III optimization for 1000 generations with a population size of 500 latent vectors in the MTWAE latent space: (b) Bs∼ ln(Hc); (c) Bs∼Dc;
(d) Dc ∼ ln(Hc). Red circles indicate 95 newly discovered alloy compositions simultaneously satisfying Bs > 1.75 T, ln(Hc) < 1.5 A/m, and
Dc > 1.0 mm; squares represent experimental samples from the training dataset; triangles denote the literature alloys shown in panel (a).

To go beyond the property-space validation and the dis-
covery of superior alloy compositions, and to assess whether
the discovered candidates remain within empirically plausi-
ble thermodynamic–structural regimes, we further conducted
a physics-guided plausibility check by projecting alloys in the
datasets and the GMTDL candidates (see supplementary Ta-
ble S5) onto physically motivated descriptor planes. Here,
three physical descriptors were considered, i.e., atomic-size
mismatch δ , mixing enthalpy ∆Hmix, and a theoretical sat-
uration magnetic flux density Bcal

s (see supplementary ma-
terials IV for definitions). While δ and ∆Hmix are related
to the GFA,[44] Bcal

s corresponds to Bs.[45] To visualize the
distribution, we plotted the δ–∆Hmix map together with two
magnetism-related projections, i.e., Bcal

s –δ and Bcal
s –∆Hmix.

As shown in Fig. 5(a), the dataset-defined high-performance
subsets occupy a compact region characterized by moderate
δ and negative ∆Hmix. Moreover, the GMTDL candidates
largely fall within or in proximity to the envelope spanned
by these experimentally observed subsets. No obvious drift
toward extreme outliers is observed in the composition–
thermodynamics descriptor space. In addition, Figs. 5(b) and
5(c) indicate that the candidates preferentially populate the
upper envelope of Bcal

s , consistent with the design objective
of achieving higher predicted Bs (e.g., the more stringent tar-
get Bs > 1.75 T used to define the highlighted candidates in
Fig. 5). Moreover, Fig. 5(c) suggests a mild shift of candidates
toward less negative ∆Hmix along the high-Bcal

s ridge, which is

consistent with the commonly observed trade-off between en-
hancing saturation performance and maintaining strongly neg-
ative mixing enthalpy that favors glass formation of Fe-based
alloys.

To further substantiate the validity of the GMTDL frame-
work, we compared the predicted candidates (see supplemen-
tary Table S5) with recently reported Fe-based alloys with
high Bs values (see Table 1). The GMTDL framework au-
tonomously converges to compositions that are close to the ex-
perimental exemplars in both composition and properties. For
instance, the candidate of Fe68.47B13.11Si1.20Co17.03 closely
matches the reported alloy of Fe68.2B13Si0.5Co17.5Cu0.8 in
composition, with nearly identical total magnetic-element
content, i.e., 85.50 vs. 85.70 at.% of Fe + Co, and exhibits
comparable Bs values (1.97 vs. 1.90 T). Likewise, compared
to the reported Fe68Co17B12Si2V0.5Cu0.5 alloy, the candi-
date Fe67.13Co17.44B12.79Si2.09Nb0.43 alloy has a highly sim-
ilar magnetic-element content (84.57 vs. 85.00 at.%) and Bs

values (1.94 T vs. 1.84 T), indicating that the framework
rediscovers the same high-performance regions in composi-
tion space. These quantitative matches across composition,
total magnetic-element content, and Bs values provide firm
evidence that the GMTDL framework can learn the govern-
ing composition–property relationship and reliably rediscover
the experimentally validated regions of Fe-based alloys with
ultra-high Bs. Thus, the framework generates large pools of re-
liable, high-performance alloy candidates, markedly reducing
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(a) (b) (c)

Fig. 5. Physics-guided descriptor mapping of GMTDL-discovered Fe-based amorphous-alloy candidates. Projections of alloys in the datasets
and GMTDL candidates onto the physically motivated descriptor planes of δ ∼ ∆Hmix (a), Bcal

s ∼ δ (b), and Bcal
s ∼ ∆Hmix (c), respectively.

Here, δ denotes the atomic-size mismatch, ∆Hmix denotes the mixing enthalpy, and Bcal
s denotes the composition-only theoretical saturation-

moment proxy, respectively. Green triangles denote alloys with Bs > 1.5 T in the dataset, orange squares denote alloys with ln(Hc) < 1.5 A/m
in the dataset, and purple diamonds denote alloys with Dc > 1.0 mm in the dataset. Blue circles indicate alloys that satisfy all three criteria
simultaneously (Bs > 1.5 T, ln(Hc)< 1.5 A/m, and Dc > 1.0 mm) in the dataset. Red stars represent GMTDL candidates meeting more stringent
design targets based on GMTDL predictions, i.e., Bs > 1.75 T, ln(Hc)< 1.5 A/m, and Dc > 1.0 mm.

experimental trial-and-error and accelerating the discovery of
next-generation soft magnetic materials. Note that alloys num-
bered 13–20 in Table 1, as well as those in supplementary Ta-
ble S5, are predicted by the GMTDL framework and have not
yet been experimentally tested.

4. Discussion
4.1. Comparison with previous ML-based Strategies

To demonstrate the search efficiency of our GMTDL
framework for discovering compositions with target proper-
ties, i.e., Bs > 1.5 T, ln(Hc) < 1.5 A/m, and Dc > 1 mm, we
conducted a comprehensive comparison with previous ML ap-
proaches for alloy design. Data-driven generative ML mod-
els represent one prominent approach.[46–48] While generative
models alone can effectively capture data distributions, they
often face great challenges in optimizing target properties.[48]

ML models combined with genetic algorithms (GA + ML)
constitute another approach,[49–51] which has received increas-
ing attention. Here, we compared the GA+ML approach with
our GMTDL framework using the same datasets, target crite-
ria, NSGA-III settings, and computing platform. We imple-
mented the GA+ML approach using the NSGA-III algorithm.
In this approach, a composition space needs to be defined.
Here, a composition space containing the six most prevalent
elements Fe, B, Si, C, P, and Co was considered, yielding
26 alloy systems ranging from ternary to 6-element compo-
sitions. Moreover, property predictions were performed us-
ing XGBoost for Bs and Dc, and random forest for Hc. With
population sizes of 500 over 1000 generations per alloy sys-
tem, the GA+ML approach generated 13000 samples in to-
tal, of which 3428 (26%) satisfied the performance criteria,
as shown in Fig. 6(a). The average values are Bs ≈ 1.62 T,
ln(Hc) ≈ 1.05 A/m, and Dc ≈ 2.37 mm, respectively (see
Fig. 6(b)).

For the GMTDL framework, we trained ten MTWAE
models with different parameter initializations to ensure ro-
bust statistical sampling. Each model was executed with a
population size of 500 over 1000 generations, generating 5000
alloy compositions in total. Remarkably, 2255 candidates
(45%) satisfy the predefined criteria (see Fig. 6(a)), repre-
senting a dramatic improvement over the sub-1% success rate
of standalone generative models.[48] The GMTDL-generated
samples exhibit superior average properties of Bs ≈ 1.65 T,
ln(Hc)≈ 0.19 A/m, and Dc ≈ 3.05 mm (see Fig. 6(b)). These
metrics substantially exceed the target thresholds, with Bs sur-
passing the requirement by 10%, ln(Hc) achieving an 87% im-
provement below the threshold, and Dc tripling the minimum
requirement.

(a) (b)

Fig. 6. Comparison of optimization strategies for alloy design. (a) Search
efficiency of the GA+ML strategy and the GMTDL framework, show-
ing the fraction of generated samples meeting target criteria (Bs > 1.5 T,
ln(Hc)< 1.5 A/m, and Dc > 1 mm). (b) Average property values of sam-
ples satisfying target criteria generated by the GA+ML strategy and the
GMTDL framework, respectively, demonstrating superior performance
of the GMTDL-designed alloys across all three metrics. Error bars repre-
sent standard deviation.

Apparently, the GMTDL framework exhibits significant
improvement in search efficiency compared to the GA+ML
approach, while delivering superior property distributions
across all three metrics. This enhanced performance stems
from a fundamental advantage: the GMTDL framework ini-
tiates searches from the distribution of existing samples, navi-
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gating the design space proximate to this distribution. This ap-
proach generates novel yet chemically plausible designs while
maintaining prediction reliability throughout the optimization
process. In contrast, the GA+ML method often encounters
significant discrepancies between randomly generated sam-
ples and training data, undermining prediction reliability.[52]

On the other hand, a representative GMTDL optimization
run needs about 4.0 s, whereas the GA+ML approach costs
about 12.7–16.8 s per alloy system, with an average time of
14.7 s. Moreover, GA + ML must optimize 26 predefined
alloy systems separately, and its cumulative search time was
about 383 s in our implementation. In contrast, GMTDL
performs the search directly in a fixed 8-dimensional latent
space and then decodes latent vectors into alloy compositions,
leading to substantially lower search costs. Therefore, the
GMTDL framework substantially outperforms traditional ML
approaches in both efficiency and scalability for the inverse
design of high-performance alloys.

4.2. Evolution of the Pareto front in the GMTDL frame-
work

To understand why the GMTDL framework can pro-
vide accurate and efficient prediction of high-performance Fe-
based soft magnetic alloys, we tracked and visualized the evo-
lution of the composition population across multiple gener-
ations during the evolutionary optimization procedure. We
initialized the population with 200 individuals and examined
0, 10, and 200 generations, respectively. In Figs. 7(a)–7(c),
the t-SNE embeddings depict 3000 randomly generated com-
positions (blue heatmap) superimposed with Pareto optimal
solutions (yellow points). These panels illustrate how the

Pareto solutions transform from a random distribution in the
initial generation (see Fig. 7(a)) to a more refined, higher-
performance region of the design space after 200 generations
(see Fig. 7(c)). Specifically, in generation 0, the randomly
sampled latent variables yield a population with sparse Pareto
optimal solutions, corresponding to a nearly random compo-
sition distribution. Only a small subset of these individuals
achieve desirable trade-offs among Bs, Hc, and Dc. In gen-
eration 10 shown in Fig. 7(b), the Pareto solutions begin to
grow, reflecting the initial success in balancing the competing
objectives and indicating that the algorithm is effectively ex-
ploring the latent space. In generation 200 shown in Fig. 7(c),
the Pareto-front solutions clearly separate from the main den-
sity cloud, converging toward less-populated regions that are
less likely to arise from random sampling alone. This demon-
strates the transformation from near-random exploration to tar-
geted optimization, highlighting the capability of the GMTDL
framework to uncover compositions with superior properties.

In addition, Figs. 7(d)–7(f) compare the pairwise proper-
ties of Bs ∼ ln(Hc), Bs ∼ Dc, and Dc ∼ ln(Hc) across gener-
ations 0, 10, and 200, clearly showing how the Pareto-front
solutions shift toward improved Bs, reduced ln(Hc), and en-
hanced Dc during the evolutionary process. These shifts con-
firm that the GMTDL framework successfully discovers com-
positions with balanced trade-offs among multiple properties.
Consequently, the optimization process evolves from random
sampling to a systematic, iterative search in regions of the
composition space containing superior multi-objective solu-
tions. Such results further validate the efficiency and advan-
tage of the GMTDL framework in identifying target composi-
tions within a vast composition space.

(a) (b) (c)

(d) (e) (f)

Generation 0 Generation 10 Generation 200

Fig. 7. Evolution of the Pareto front in the GMTDL framework. (a) t-SNE representation of the 0th-generation (initial) Pareto front, highlighting
the random distribution of the initial population. (b) t-SNE representation of the 10th-generation Pareto front, showing the early progress
of optimization. (c) t-SNE representation of the 200th-generation Pareto front, demonstrating refined exploration of the design space. (d)–(f)
Pairwise comparisons of Bs ∼ ln(Hc) (d), Bs ∼Dc (e), and Dc ∼ ln(Hc) (f), revealing how the solutions are progressively improved over iterations.
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We also evaluated whether the high-performance solu-
tions collapse to a single local minimum or instead arise
from multiple compositionally distinct regions of the compo-
sition space by comparing representative candidates (yellow
circles in Figs. 3(b)–3(d)). Although several alloys achieve
the target properties, i.e., Bs > 1.5 T, ln(Hc) < 1.5 A/m,
and Dc > 1 mm, their chemistries differ markedly, indi-
cating that they do not originate from the same local re-
gions. For example, Fe61.35B23.38Si1.00Co8.98Nb4.94Y0.15 and
Fe72.28B15.79Si4.24Co3.59Nb1.90Cu2.01 differ markedly in the
contents of Fe and B, while Fe67.95B21.62Si1.19Co7.58Nb1.48

and Fe77.13B13.45Si7.53P0.19Nb0.22Zr1.21Ga0.11 also exhibit
significant differences in the contents of Fe, B, and Co. To
more clearly visualize the inherent compositional diversity
of these candidate alloys, we plotted their compositions in
a ternary Fe–B–Si diagram by focusing exclusively on three
dominant alloying elements (see supplementary Fig. S8). De-
spite containing additional alloying elements, this represen-
tation effectively highlights the broad compositional distribu-
tion of the candidate alloys. This demonstrates that our multi-
objective design framework can discover a diverse range of
novel candidate alloys.

Note that the present GMTDL framework is estab-
lished on available literature datasets and evaluates candidates
mainly through learned composition–property relationships.
Consequently, possible effects associated with real processing
conditions, such as composition deviation, cooling-rate varia-
tion, and microstructural heterogeneity, have not yet been con-
sidered in the current study. Nevertheless, the close compo-
sitional and property-level agreement between the predicted
candidates and recently reported high-performance alloys (Ta-
ble 1, entries 1–12), together with the physics-guided plausi-
bility analysis (Fig. 5), provides preliminary evidence support-
ing the reliability of these predictions.

4.3. Elemental design principles for high-performance Fe-
based amorphous alloys

Based on the GMTDL framework, we utilized the Shap-
ley Additive Explanations (SHAP) method[53] to provide
quantitative insights into the contributions of individual el-
ements to the predicted outcomes. We first focused on the
experimental datasets and applied the SHAP method to scru-
tinize the influence of individual elements on Bs, Hc, and
Dc. Figures 8(a)–8(c) present the SHAP plots for the 12
most prevalent elements: Fe, B, Si, P, C, Co, Nb, Ni, Mo,
Zr, Ga, and Al, where positive/negative values indicate posi-
tive/negative impacts on the predicted properties. The analy-
sis reveals a clear hierarchy of elemental influences on prop-
erties. Apparently, magnetic elements (Fe, Co) predom-
inantly control Bs, showing strong positive SHAP values
and validating that an increase in magnetic element content

is the most straightforward way to enhance the saturation
magnetization.[54] However, excessive Fe content may dete-
riorate the GFA, as the SHAP values are negative for Dc. B
exhibits not only a significantly positive impact on Dc (en-
hancing GFA), but also largely negative SHAP values for Hc

(reducing coercivity), making it crucial for both structural sta-
bility and magnetic softness.[10] Diffusion-inhibiting elements
(Zr, Nb, Mo) with large atomic radii effectively enhance the
GFA, but exhibit strong detrimental effects on Bs at high con-
centrations, necessitating precise compositional tuning.[11]

To translate these global trends into practical alloy de-
sign strategies, we systematically analyzed the SHAP-derived
dependence on the contents of some key elements (see sup-
plementary Figs. S9–S11). For Fe, the SHAP values of Bs

increase almost linearly with increasing Fe content, clearly il-
lustrating the contribution of Fe content to Bs (see Fig. S9a).
The SHAP values remain positive for Fe > 72 at.%, indicat-
ing a positive contribution of Fe content to Bs, whereas the
values are all negative for Fe < 65 at.%, indicating a negative
contribution to Bs. On the contrary, the SHAP values of Dc

continuously decrease with increasing Fe content and change
from positive to negative at around 70 at.% (see Fig. S9c).
This confirms the trade-off between Bs and Dc. Moreover, the
SHAP values of Bs and Dc as a function of Fe content suggest
an optimal Fe content window, i.e., 70 ∼ 72 at.%, to balance
Bs and Dc. As the Fe content exceeds 72 at.%, its effect on
Dc becomes consistently negative, indicating that additional
elements are required to improve the GFA of Fe-based alloys
with Fe> 72 at.%. For Hc, the SHAP values fluctuate between
positive and negative over the whole Fe content range (see
Fig. S9b), indicating a relatively random effect on Hc. In con-
trast to Fe, Co provides positive contributions to Bs when its
content exceeds 5 at.% (see Fig. S9d), while exerting a random
contribution to Dc (see Fig. S9f). In addition, Co may con-
currently decrease Hc (negative SHAP values, Fig. S9e). This
demonstrates that Co addition (> 5 at.%) may improve both Bs

and Hc without deteriorating the GFA, and may even enhance
the GFA. For the magnetic element Ni, it exhibits unique dual
functionalities with a critical transition at 8 at.%, above which
Ni simultaneously enhances Bs (see Fig. S9g, with positive
SHAP values up to 0.4 T) and reduces Hc (see Fig. S9h, with
negative SHAP values reaching−1.0 A/m). However, Ni has a
negative impact on GFA when its content is larger than 14 at.%
(see Fig. S9i), suggesting an optimal regime of 8–14 at.% for
enhancing magnetic properties while maintaining acceptable
GFA.

Metalloid elements show similar impacts on these prop-
erties but with distinct optimal contents (see Fig. S10). For
B, when the content is below 15 at.%, the SHAP values for
Bs are mostly positive, favoring the enhancement of Bs (see
Fig. S10a). For Hc, the SHAP values are mostly positive be-
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low 15 at.%, but become mostly negative above 15 at.% (see
Fig. S10b), which benefits the reduction of Hc. For Dc, the
benefit emerges beyond ∼ 6 at.% and strengthens with in-
creasing content, as the SHAP values remain mostly positive
(see Fig. S10c). Thus, an optimal B content window is around
15∼ 25 at.% for Hc/GFA-prioritized designs, or 10∼ 15 at.%
when preserving high Bs is critical. The effect of P on Bs is
quite similar to that of B, but the critical content is around
6 at.%, beyond which the SHAP values for Bs become neg-
ative, leading to reduced Bs (see Fig. S10d). However, the
SHAP values for Dc remain near zero below 4 at.%, but be-
come strongly positive above 4 at.% (see Fig. S10f), strongly
favoring GFA. This confirms the role of P as an effective GFA
enhancer. In contrast to B, P exhibits an almost random im-
pact on Hc (see Fig. S10e). Thus, for P, a content range

of 4 ∼ 6 at.% may be optimal for tuning magnetic perfor-
mance. For Si, the SHAP values for Bs are positive only at
very low contents (see Fig. S10g). However, the SHAP values
for Dc are mostly positive when the content exceeds 2 at.%
(see Fig. S10i). Similar to P, Si addition shows an almost ran-
dom effect on Hc (see Fig. S10h). A narrow Si content range
below 4 at.% remains suitable for simultaneously tuning mag-
netic properties and GFA (see Figs. S10g and S10i). When the
C content exceeds 2 at.%, the penalty on Bs becomes notable
(see Fig. S10j), whereas the benefit to Hc appears below 4 at.%
(see Fig. S10k). In addition, improvements in Dc emerge when
the C content is ≥ 4 at.% (see Fig. S10l). This suggests that
2 ∼ 4 at.% C is suitable for balanced optimization, whereas
4∼ 6 at.% C is preferable for GFA-prioritized compositions.

(a) (b) (c)

(d)

Element and Mean Content (at%)

Fe 72.5 B 12.2 Co 9.51 Si 3.00

P 3.51 Nb 1.47 C 2.26 Ni 3.43

Cu 0.73 Y 1.00 Mo 0.58 Zr 1.30

Cr 0.54 Al 0.93 Dy 0.34 Ga 0.39

Hf 0.62 Nd 0.26 Ti 0.31 Tb 0.16

Ta 0.29 W 0.33 Ho 0.25 Sn 0.17

Sm 0.19 V 0.11 Er 0.19 Gd 0.15

Fig. 8. Quantitative insights into element-specific contributions to the properties of Fe-based amorphous alloys via SHAP analysis and frequency
statistics. SHAP values for Bs (a), Hc (b), and Dc (c). The x-axis denotes the SHAP value of each element (positive values indicate positive
contributions, whereas negative values indicate negative contributions), and the y-axis ranks input features according to their importance. Each
point represents an individual sample from the dataset, with the color indicating the element concentration (red represents higher concentration).
(d) Statistical frequency analysis of elements within a subset of 7500 MTWAE-generated compositions with Bs > 1.7 T. The frequencies represent
the fraction of compositions that additionally satisfy Dc > 1 mm and ln(Hc) < 1.5 A/m. The bar height represents the element frequency (%).
The inset table shows the mean atomic concentrations (at.%) of each element.

Transition metal modifiers impose more stringent trade-
offs. Nb exhibits severe magnetic dilution — even small ad-
ditions significantly weaken Bs, as indicated by SHAP values
reaching −2.0 (see Fig. S11a). On the other hand, Nb can ef-
fectively reduce Hc when its content is below ∼ 4 at.% (see
Fig. S11b), and enhances Dc above 2 at.% (see Fig. S11c).
This leads to distinct optimization strategies, namely, Nb con-
tents below 1 at.% for improving Bs, and 2 ∼ 4 at.% for
Hc/GFA-focused designs with acceptable Bs, respectively.

Thus, the convergence of the optimal content windows

for these elements — Fe (70 ∼ 72 at.%), Co (5 ∼ 10 at.%),
Ni (8 ∼ 14 at.%), B (15 ∼ 25 at.%, or 10 ∼ 15 at.% for Bs-
priority), P (4∼ 6 at.%), Si (2∼ 4 at.%), C (2∼ 4 at.% for bal-
anced optimization or 4 ∼ 6 at.% for GFA-priority), and Nb
(≤ 1 at.% for Bs-priority or 2 ∼ 4 at.% for Hc/GFA-priority)
— defines a highly constrained yet achievable compositional
space where high Bs, low Hc, and adequate Dc for glass for-
mation can be simultaneously realized.

Although such analyses of experimental data provide
valuable insights, they are inherently limited by small sam-
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ple sizes and high experimental costs. Our GMTDL frame-
work circumvents this bottleneck by rapidly generating vast
virtual libraries of alloy compositions, enabling systematic and
robust statistical exploration at a scale that was previously
unattainable. To elucidate the underlying elemental “design
rules” governing the simultaneous optimization of high Bs,
low Hc, and superior GFA, we utilized a virtual library con-
taining 500000 alloy compositions with their predicted Bs, Hc,
and Dc values, generated by ten independently trained MT-
WAE models. From this virtual composition library, we ex-
tracted 7500 candidates meeting stringent performance criteria
(Bs > 1.70 T, Dc > 1 mm, and ln(Hc) < 1.5 A/m) and calcu-
lated the occurrence frequencies and average contents for 28
elements. To validate the robustness of these findings, we gen-
erated 10000 compositions using the MTWAE model and con-
ducted SHAP analysis, which revealed elemental trends fun-
damentally consistent with those identified from the experi-
mental datasets (see supplementary Fig. S12).

Figure 8(d) shows the occurrence frequencies of the ele-
ments and their average contents among these generated al-
loys. It can be clearly seen that a fundamental Fe–B–Co–
Si quaternary alloy system is essential for designing high-
performance Fe-based alloys. The statistical results show
that Fe and B are present in 100% of the retained alloys,
demonstrating their indispensable roles in developing high-
performance Fe-based alloys. The mean content of Fe is about
72.5 at.%, demonstrating its primary role as a magnetic con-
tributor and fundamentally enabling high Bs. This optimal Fe
content precisely aligns with that identified by the SHAP anal-
ysis (see Fig. S9a). B, with a mean content of ∼ 12.2 at.%, is
confirmed as critical for GFA. As the lightest metalloid ele-
ment, B effectively improves GFA while exhibiting the weak-
est dilution effect on magnetic properties among the metal-
loids. The prevalence of B at this concentration corresponds to
the region identified in our SHAP analysis where B maintains
low Hc while allowing sufficient magnetic element content for
high Bs.

Co has the third-highest frequency of occurrence
(76.8%), with a mean content of ∼ 9.5 at.%, consistent with
the above SHAP analysis. According to the Slater–Pauling
curve, partial substitution of Fe with Co enhances magnetic
exchange interactions, leading to an increased average mag-
netic moment per atom.[55] Completing this core quaternary
system, Si exhibits an occurrence frequency as high as 74.9%,
with a mean content of ∼ 3.0 at.%, located within the opti-
mal content window obtained from the SHAP analysis. While
B is essential, excessive B content leads to the precipitation
of Fe–B compounds during nanocrystallization, deteriorating
soft magnetic properties.[56,57] Our results quantitatively val-
idate that partial substitution of B with Si is highly effective,
with Si improving the combination of GFA and magnetic soft-

ness through its intersolubility with bcc-Fe to form a bcc-
(Fe,Si) phase.[58]

Apart from the primary Fe–B–Co–Si matrix, our analy-
sis also highlights key secondary alloying elements that are
critical for fine-tuning material properties. P shows the fifth-
highest frequency (64.5%), demonstrating its important role
in tuning the properties of Fe-based MGs. Its atomic radius
(0.109 nm) is relatively larger than that of B (0.087 nm).
Therefore, partial substitution of B with P may enhance
exchange–coupling interactions, improving Bs.[59] Nb also
plays significant roles, with a frequency of 43.8%, confirming
its contribution to refining nanocrystalline grains, reducing Hc,
and improving GFA despite its magnetic dilution effect.[60] C,
with a frequency of 37.6%, may effectively stabilize amor-
phous structures.[61] Ni (24.0% frequency,∼ 3.4 at.% content)
serves an essential role through partial substitution for Co, ef-
fectively reducing Hc while maintaining reasonable Bs.[62]

The remarkable consistency between the SHAP analy-
sis of experimental data and the statistical patterns in the vir-
tual library validates the physical plausibility of the MTWAE-
generated compositions and establishes quantitative, data-
driven design rules for multi-objective optimization. These
findings transform alloy design from empirical trial-and-error
into a principled, predictive science, providing a roadmap for
developing next-generation soft magnetic materials with tai-
lored properties.

4.4. Online toolkit

To facilitate the application of the GMTDL framework,
we developed an online interactive tool based on the Stream-
lit platform. By simply configuring parameters such as pop-
ulation size and the number of generations, the online toolkit
provides users with an efficient and convenient way to design
Fe-based alloys with desired properties for subsequent exper-
imental preparation and synthesis. The web applications for
property prediction and the GMTDL framework can be ac-
cessed at Fe-based amorphous alloys Property and GMTDL
Generative Fe-based amorphous alloy Design.

5. Conclusion
In summary, we developed a generative multi-task deep

learning (GMTDL) framework that enables efficient inverse
design of Fe-based amorphous alloys with optimized soft
magnetic properties. The framework effectively navigates
the high-dimensional composition space, generating a diverse
range of novel alloy candidates that push performance beyond
the limits of known alloys. Moreover, the GMTDL framework
overcomes the long-standing challenge of trade-offs among
Bs, Hc, and GFA, and identifies high-performance alloys with
all three objectives optimized simultaneously. The GMTDL
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framework not only outperforms conventional ML-assisted al-
loy design approaches in success rate and accuracy, but also
provides mechanistic insights into alloy design for guiding the
development of next-generation soft magnetic alloys. Never-
theless, because Hc is highly sensitive to processing factors,
such as annealing temperature, annealing time, and ribbon
thickness, future improvement of the framework requires in-
corporating processing-related descriptors to establish a more
comprehensive composition-processing-property model. In
addition, the generative multi-task deep learning design strat-
egy can be generalized to other material systems, providing a
robust and intelligent tool to accelerate materials discovery for
advanced technology.

Code availability
The source code for the GMTDL framework is available

at GitHub. The archived version with a persistent DOI is
https://doi.org/10.5281/zenodo.19272020.
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