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The unique long-range disordered atomic arrangement inherent in amorphous materials endows them with a range
of superior properties, rendering them highly promising for applications in catalysis, medicine, and battery technology,
among other fields. Since not all materials can be synthesized into an amorphous structure, the composition design of
amorphous materials holds significant importance. Machine learning offers a valuable alternative to traditional “trial-and-
error” methods by predicting properties through experimental data, thus providing efficient guidance in material design. In
this study, we develop a machine learning workflow to predict the critical casting diameter, glass transition temperature,
and Young’s modulus for 45 ternary reported amorphous alloy systems. The predicted results have been organized into a
database, enabling direct retrieval of predicted values based on compositional information. Furthermore, the applications
of high glass forming ability region screening for specified system, multi-property target system screening and high glass
forming ability region search through iteration are also demonstrated. By utilizing machine learning predictions, researchers
can effectively narrow the experimental scope and expedite the exploration of compositions.

Keywords: amorphous alloys, machine learning, database

PACS: 61.43.Dq, 71.23.Cq
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1. Introduction

Amorphous materials are known for their unique disor-
dered structures and have a wide range of application scenar-
ios. In the field of electrocatalytic water splitting, for example,
amorphous alloys emerge as superior catalysts, outperforming
crystalline alloys with the same composition by significantly
reducing overpotential.['>! Amorphous alloys can also be used
as biomedical bone implant materials due to their excellent
mechanical properties and corrosion resistance.** Besides,
amorphous solid electrolytes have gained attention for their
outstanding electrochemical performance. Amorphous solid
electrolytes exhibit excellent ionic conductivity, admirable sta-
bility and unique ion transport mechanisms.>-8! These advan-
tages are linked to the inherent disordered nature of the mate-
rial to a large extent, making composition design a pivotal area
of research focus. In this work, we select amorphous alloys
with relatively more experimental data as the research objects
for the composition design of disordered structure materials.
Research on the prediction of glass forming ability (GFA) can
enrich our understanding of the preparation and application of
amorphous materials in battery technology. These insights are
essential to drive the development of disordered materials for
future battery systems.

Through continuous summarization of experimental re-
sults, researchers have summarized some empirical laws for
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GFA to guide the composition design, such as the three prin-
ciples of Inoue and the eutectic point criterion. Meanwhile,
some characteristic indicators such as the normalized glass
transition temperature, the width of supercooled liquid region,
etc. have also been proposed by some researchers.®~!!l De-
spite the availability of numerous reports to guide composition
design, the development of new compositions still involves ex-
tensive experimental “trial-and-error”, resulting in high costs
as well as low efficiency. In recent years, machine learning has
emerged as a powerful tool in composition design, by using
known experimental data as training sets to predict unknown
properties and guide experiments.[!>!61 For amorphous al-
loys, machine learning models are capable of predicting prop-
erties such as characteristic temperature, GFA and mechani-
cal properties, among others. In contrast to traditional em-
pirical rules, machine learning can fully utilize existing data,
including experimental results that do not form amorphous
structures. This approach enables more precise predictions,[!7]
especially in scenarios involving complex elemental compo-
sitions. Liu et al.l'8 employed the random forest to con-
struct the classification model of GFA. They demonstrated that
the prediction accuracy could be significantly enhanced by
grouping based on the classification system proposed by In-
oue, and they conducted an analysis of the significance of the
GFA descriptive factors within each respective group. Jeon
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et al.!"! utilized the random forest model to predict the glass
transition temperature and crystallization temperature of Ni-
based amorphous alloys. Subsequently, they designed a novel
Nisp.9Mo11.8Alx 3Nbs o amorphous alloy based on the pre-
dictions of the model. Xiong et al.?”! predicted the GFA,
bulk modulus, and shear modulus through machine learning
and discovered a negative correlation between the shear and
bulk moduli of bulk amorphous alloys and the average atomic
volume of the constituent alloys, and observed that the mix-
ing entropy enhances the shear modulus. Recently, we de-
veloped a machine learning model for predicting the critical
casting diameter using experimental data. We established an
efficient workflow to predict GFA by combining the reduc-
tion of data imbalance and the iteration of a small number of
experimental data.”?!! Through machine learning, the proper-
ties of the predicted target can be quickly obtained without
experiments, which can significantly expedite composition se-
lection. Consequently, the establishment of a comprehensive
prediction database with valuable insights gleaned from ma-
chine learning results holds significant value in expediting the
composition selection.

In this work, we train machine learning models respec-
tively for three important properties of amorphous alloys, in-
cluding critical casting diameter (D.), glass transition tem-
perature (73), and Young’s modulus (E). The critical cast-
ing diameter refers to the maximum diameter that can form
amorphous alloys when prepared by the copper mold casting
method, which is the most easily obtained and most commonly
used property to reflect the GFA. The glass transition temper-
ature is indicative of the thermal stability of the amorphous
structure and represents a critical parameter for amorphous
alloys in production and application. Additionally, Young’s
modulus is a pivotal mechanical property of amorphous alloys,
and there is theoretical research on modulus-guided compo-
sition design, which aims to derive other physical properties
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based on the modulus.>?! We then use trained models to con-
struct a comprehensive database for common reported ternary
bulk amorphous alloy systems and show the application of our
database.

2. Data acquisition

In this paper, we develop a machine learning workflow
designed to achieve predictions of amorphous alloys’ proper-
ties through literature data, as illustrated in Fig. 1. First, the
training set is derived from extensive literature data across rel-
evant fields. To ensure data quality, we implement a rigorous
data cleaning process that includes removing outliers and stan-
dardizing formats and units, resulting in a clean and reliable
dataset. Next, we extract 29 features from the online mat-
miner database.>3] Analysis of the descriptor linear correla-
tion matrix reveals that the correlation between these features
is below 0.85, indicating their suitability for machine learn-
ing, as depicted in Fig. S1. During the training process, each
property is trained separately using three algorithms: support
vector machine (SVM), random forest (RF), and extreme gra-
dient boosting (XGBoost). These three models have good re-
sistance to overfitting and perform well in small datasets. The
Hyperopt optimization algorithm,?*! combined with five-fold
cross-validation, is employed to minimize the determination
coefficient (R?) and optimize the model parameters. The set
of parameters with the biggest R? on the test set is selected as
the final hyperparameter selection for each model, and the pre-
diction ability of the models compared for different targets is
shown in Fig. 2(a). Finally, the SVM is selected to predict the
modulus of amorphous alloys, while the XGBoost is selected
to predict the glass transition temperature and critical casting
diameter. The performance of the various models on the test
set is illustrated in Figs. 2(b)-2(d).
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Fig. 1. The machine learning workflow used to obtain the prediction database.
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Fig. 2. (a) Prediction effect of different models on the test set. (b)—(d) The final optimized models on D¢, T; and E prediction, where the
horizontal axis represents the predicted value and the vertical axis represents the reported value.

3. Details of database

The database in this study is derived from predictions us-
ing the models mentioned above and includes the following
45 alloy systems: Ag—-Mg—Ca, Ca—Al-Ag, Ca—Al-Cu, Ca—
Al-Zn, Ca-Mg-Al, Ca-Mg—Cu, Co-Nb-B, Co-Ta-B, Ce—
Al—-Co, Cu—Hf-Ti, Cu—Zr-Al, Cu-Zr-Ti, Fe-P-C, Fe-Nb-B,
Ga—Co-Al, Ga-Ni—Al, Hf-Cu-Al, Hf-Ni-Al, Ir-Ni-Ta, La-
Al-Co, La—Ni-Al, Mg—Ag-Y, Mg—Cu-Gd, Mg—Cu-Y, Mg-
Cu-Yb, Mg-Zn—-Ca, Mo-Co-B, Ni—-Nb-Ta, Ni-Nb—Zr, Ni-
Ta—Sn, Pd-Ag-Si, Pd—Au-Si, Pd—Cu-P, Pd—Cu-Si, Pd-Ni—
P, Sr-Mg—Zn, Ta-Ni—Co, Ti—-Cu-Be, Ti—Cu-Ni, Ti—-Cu—Zr,
Ti—-Zr-Be, Y-Al-Co, Zr—Al-Co, Zr—Al-Ni, and Zr-Cu—Be.
These systems represent commonly reported bulk amorphous
alloys and are of significant research interest. Other alloy sys-
tems can also be predicted using the same workflow. The

distribution of the elements used in these alloy systems is il-
lustrated in Fig. 3(a), with red-highlighted regions indicating
their presence in the database. The element name indicates
that this element has been reported as one of the elements of
amorphous alloys, while those with slash line indicates that
no reported amorphous alloys contain this element. This in-
dicates that our database encompasses a broad range of ele-
ments known to form amorphous alloys. Figures 3(b)-3(d)
show the distribution of the predicted objects across the en-
tire database. It is observed that the predicted critical casting
diameter is predominantly concentrated within the region of
less than 2 mm, which can be attributed to the fact that only
a fraction of the system typically exhibits high GFA. Concur-
rently, the predicted glass transition temperature and Young’s
modulus exhibit an approximately normal distribution pattern.
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Fig. 3. Statistics of database. (a) Distribution of elements on the periodic table in the predicted database. (b)—(d) Histograms of frequency

statistics for D, Ty, and E, respectively.
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Table 1. Contents for the database.

Content Type Comment
system str the classification of alloys characterized by a con-
served ensemble of fundamental constituent ele-
ments
composition str the proportion of elements in a specific alloy
pred_D. (mm) float the critical casting diameter of the corresponding
composition
pred_T, (K)  float the glass-transition temperature of the corre-
sponding composition
pred_E (GPa) float the Young modulus of the corresponding compo-

sition

The prediction object encompasses all compositions
within 45 systems that vary at a step of 1 at.%. The predic-
tion targets are critical casting diameter, glass transition tem-
perature, and Young’s modulus for the corresponding compo-
sitions. The data are organized into a CSV file, as illustrated
in Table 1. The dataset consists of five columns, with the first
two columns representing compositional information, indicat-
ing the system to which this data belongs and the specific ele-
ment ratios. The last three columns contain the predicted val-
ues, which are the critical casting diameter, glass transition
temperature, and Young’s modulus, respectively.

(a) )

(b) 100

4. Application of the database

The database in this study can assist and guide exper-
imenters in designing compositions, reducing experimental
costs by combining traditional material science knowledge
with prediction results. Specifically, within the same system,
the predicted data can be visualized as a ternary heat map to
analyze property trends with changes in element composition
and narrow down the composition range for experiment. The
critical casting diameter of the Ir-Ni-Ta system can be pre-
dicted, as illustrated in Fig. 4(a). By considering five atom
ratios as the step size, the number of compositions requir-
ing experimental verification can be reduced from hundreds to
about twenty. Combined with laser high-throughput and other

[2526] the composition screening can be

preparation methods,
realized more efficiently. The predicted region shows high
GFA contained compositions with high GFA as reported in
the experimental study.'?’! This correspondence illustrates the

generalization ability of the model in the face of unknown sys-

tems.
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Fig. 4. Examples of database applications. (a) Diagram of searching regions with high GFA in Ir-Ni-Ta system. The top figure is the heat map of
the prediction results, and the bottom figure is the screening results. The red part is the top 85% composition region of the prediction results, and the
blue hollow circles represent the experimental candidate compositions. (b) Diagram of screening candidate systems for ternary Mg-based biomedical
amorphous alloys that meet GFA and T requirements. The green area indicates that the predicted critical casting diameter is greater than 1 mm, the blue
area indicates that the predicted Young’s modulus is less than 30 GPa, and the red area indicates that both of the above are satisfied at the same time.
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Moreover, the database can serve as a basis for initial
system screening during composition design by predicting nu-
merous potential systems that meet target criteria and setting
broad screening conditions to minimize quantity of candidate
systems. As shown in Fig. 4(b), it is assumed that the goal is
to screen magnesium-based amorphous alloys as bone implant
materials while maintaining an elastic modulus similar to hu-
man bone. By organizing the prediction data of critical casting
diameter and Young’s modulus for multiple potential systems
in the database, and establishing a set of broad screening cri-
teria such as, the critical casting diameter is greater than 1 mm
and the Young’s modulus is less than 30 GPa, four candidate
systems can be selected through screening. In this case, the
Ag-Mg—Ca, Ca—Mg—Cu, Ca—-Mg—Cu and Sr—-Mg—Zn systems
with larger red area are candidate systems. Subsequently, ad-
ditional conditions like cytotoxicity can be considered for fur-
ther screening. Prediction can also serve as a part of the target
composition discovery process, wherein active learning is es-
tablished by combining limited experimental data with multi-
ple prediction iterations, which is discussed in Ref. [19].

5. Conclusion

In this paper, we present a comprehensive procedure for
establishing a machine learning database of amorphous alloys,
encompassing data collection, model training, and prediction.
We offer a CSV file containing predicted values for three key
physical properties (critical casting diameter, glass transition
temperature, and Young’s modulus) across 45 systems. Addi-
tionally, we add system and element composition tags to facil-
itate easy retrieval. We demonstrate three typical application
directions: composition selection, system selection, and itera-
tive optimization. The methodology and database can be read-
ily extended to encompass various properties of amorphous
alloys by simply substituting label values. This database pro-
vides efficient and cost-effective design insights for the com-
position design of amorphous alloys while expediting the ex-
perimental composition exploration process.
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