
5772 |  Mater. Adv., 2024, 5, 5772–5780 © 2024 The Author(s). Published by the Royal Society of Chemistry

Cite this: Mater. Adv., 2024,

5, 5772

Accelerated design of L12-strengthened single
crystal high entropy alloys based on machine
learning and multi-objective optimization

Wenchao Yang, * Shunsheng Lin, Qiang Wang, Chen Liu, Jiarun Qin and
Jun Zhang*

A comprehensive strategy of machine learning and multi-objective optimization based on thermodynamic

simulation data was proposed to accelerate the composition design of L12-strengthened single crystal high

entropy alloys (SX-HEAs). This approach simultaneously optimized various alloy microscopic parameters,

such as volume fraction and solvus temperature of L12 phase, TCP phase content, liquidus–solidus tem-

peratures, and density, using a machine learning model. From a pool of 2 515 661 candidates, a composition

of Ni41.5Co31Cr8Ti4Al10W0.5Mo2Ta3 (at%) was selected and then the related microscopic parameters were

verified experimentally with a high accuracy. Furthermore, the designed alloy reached a yield strength of

873 MPa at 800 1C and 503 MPa at 1000 1C, as well as a creep life of 111.65 h at 1038 1C/158.6 MPa and

62.67 h at 1038 1C/172 MPa. This material design strategy based on machine learning and multi-objective

optimization extends the L12-strengthened SX-HEAs design method to optimize simultaneously multiple

objectives, rather than one by one.

1. Introduction

High entropy alloys (HEAs)1–4 were a new alloy system based on
configuration entropy principal alloy, which was considered one
of the most promising alloys. This design concept broke the
traditional alloy design concept of traditional metallic materials
with single principal elements, showing the unique physical and
mechanical properties.5–7 Among them, the coherent strengthen-
ing between the L12-type nanoparticles and FCC matrix showed
the most promising strengthening effect to maintain the excel-
lent mechanical properties over a wide temperature range.8–10

However, the composition of multiple elements (Ti, Al, W,
Mo, etc.) was crucial in determining the volume fraction of the
L12 phase. An excessive increase in certain elements (such as
Mo and W) could result in the formation of TCP phases (such as
s, Z, m, Laves, etc.) in HEAs.3,11–13 Additionally, it was worth
noting that many L12-type nanoparticles could only maintain a
thermal stability at relatively low temperatures (below 850 1C),
which limited their potential for practical applications. This had
been observed in the Al0.5CrCuNiCoFe HEAs system, where the
L12 phase solvus temperature ranged from 800 1C to 850 1C.14

Furthermore, the current research on L12-strengthened HEAs
has mainly focused on the polycrystalline structure. However,

the polycrystalline HEAs also exhibited intergranular embrittle-
ment like most structural materials. The phenomenon was parti-
cularly evident at intermediate temperatures, where polycrystalline
materials tended to experience severe intergranular embrittlement
due to stress-assisted oxygen infiltration along grain boundaries,
leading to premature failure. These issues greatly hindered the
widespread use of HEAs, especially in harsh environments. Nota-
bly, the synthesis of single crystals offered a promising solution for
eliminating the negative effects of grain boundaries and had the
potential to significantly improve the alloy’s temperature capacity
and high-temperature service performance.15–18 Therefore, it was
of great significance to design the composition of L12-
strengthened single crystal high entropy alloys (SX-HEAs).

The design of high-performance HEAs for L12-strengthened
SX-HEAs presented a significant challenge due to the diverse
range of alloy elements, composition, and single-crystal proces-
sing technology. Traditional trial-and-error or intuitive methods
were often ineffective in this context. Therefore, it was necessary
to find a more efficient and accelerated manner to discover
multi-component HEAs with satisfactory multi-performance. In
the past few decades, machine learning (ML) had increasingly
been used in materials science research because of its efficient
computational and predictive capabilities.19–26 For example,
Zheng et al.18 for the first time innovatively used an experimental
nickel-based database for ML to design and prepare HEAs with
expected L12 phase volume fraction (455%) and tensile strength
(41 GPa) in Al–Co–Cr–Fe–Ni–Ti six-element system. Liu et al.26
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aimed to find HEAs with high L12 phase volume fraction and
high hardness by establishing prediction models for multilayer
structures, including precise prediction models for microstruc-
ture parameters and hardness properties. It was important to
note that in the cases mentioned above, the design of HEAs often
prioritizes a single microstructure parameter and room tempera-
ture performance. In the case of L12-strengthened SX-HEAs, it
was crucial to accurately predict and characterize their properties
under various high-temperature conditions, as well as their
physical properties that reflected their performances at elevated
temperatures. However, when the performance of L12-enhanced
SX-HEAs was in conflict, it was not possible to consider a single
ML model at the same time. Instead, multiple ML models must
be constructed in order to optimize the performance one by one.
To optimize the overall performance of a material, it was
inevitable to face multiple constraints and property conflicts.
Notably, the multi-objective optimization approach could effec-
tively address the non-linear and multi-dimensional aspects of
the alloy design problem.27

In this work, based on the calculation data established by
the thermodynamic Pandat software, an ML model was built for
the relationship of L12-strengthened SX-HEAs between composi-
tions and L12 phase volume fraction (VL12

), L12 phase solvus
temperature (TL12

), TCP phase content after heat treatment (TCP),
solidus temperature (TS), liquidus temperature (TL) and density
(r). A multi-objective screening and optimization process was
developed for SX-HEAs by means of alloy composition design
guidelines and material structure reverse design concepts. The
reasonableness of the SX-HEA composition design method and
the alloy design criteria in this work was indirectly verified by
testing the microcosmic parameters of the designed alloy. Con-
currently, the reliability of the design criteria was verified through
tensile and creep tests conducted at elevated temperatures. The
method would broaden the idea for the composition design of
L12-strengthened single crystal HEAs in the future.

2. Method
2.1 Calculation method

2.1.1 Design strategy. A design strategy based on machine
learning and multi-objective optimization was applied to opti-
mize multiple performance parameters of L12-strengthened
SX-HEAs, including VL12

, TL12
, TCP, TS, TL, and r. The design

workflow of L12-strengthened SX-HEAs was shown in Fig. 1. The
composition space of 8 elements (Ni, Co, Cr, Ti, Al, W, Mo, and
Ta) was set for the L12-strengthened SX-HEAs. Furthermore,
271 compositions were randomly sampled from Pandat, a
thermodynamic software was used to calculate the equilibrium
phase content and the transition temperature of the phase
transition. After comparing the errors of various machine
learning algorithms, the optimal model for training was used
to establish the mapping relationship between the components
and each target parameter. In addition, the method was also
used for multi-objective search in the range of interest. To
further optimize the multi-objective, the range of output

parameters was limited, and the optimization results were
substituted back to Pandat software to verify the effect of
machine learning prediction. By analyzing the occurrence fre-
quency of alloying elements and comparing the influence law of
the variation of alloying elements on the output parameters, the
alloy composition for the test was obtained. Finally, the relia-
bility of the designed alloy was verified by experiments.

2.1.2 Dataset. Reasonable and reliable data sources were
the basis for effective machine learning. However, the experi-
mental data of L12-strengthened HEAs were insufficient, espe-
cially, since the high-temperature properties were rarely reported
in related literature. In this work, based on the successful experi-
ence of Joseph et al.28 in designing HEAs through thermodynamic
simulation, the relevant data set of Ni–Co–Cr–Ti–Al–W–Mo–Ta 8-
element HEAs system was constructed by using the thermody-
namic simulation software Pandat. The chosen database for this
article was PanNi-2016, which contained all though the necessary
elements to construct the dataset. It was important to mention
that this study aimed to design alloys with excellent mechanical
properties at high temperatures, however, the Pandat thermody-
namics software did not include the calculation of these proper-
ties. Based on the successful experience of Liu et al.29 in designing
L12-strengthened new cobalt-based superalloys, the selection of
output parameters in this work was based on their research. The
rationality of the alloy design was indirectly explained by the
intrinsic parameters of the material at high temperatures. Firstly,
the alloying element content and step size were limited to the
following ranges: Co: 20–45 at%, Cr: 7–25 at%, Ti: 0–10 at%, Al: 0–
10 at%, W: 0.5–1.5 at%, Mo: 0–5 at%, Ta: 0–3 at%, with a step size
of 0.5 for W and 1 for the remaining elements. Additionally, the Ni
content was kept within the range of 20–45 at%. This resulted in a
total of 2 515 661 alloy compositions to be predicted. However,
using the thermodynamic software Pandat to calculate all of these
components would be time-consuming. Therefore, in this work,
based on the reported distribution characteristics of alloy
components,2,3,6–8,14 271 components were randomly selected,
including the phase content of the equilibrium state at 900 1C,
and finally established surrogate models through ML.

Fig. 1 Design workflow of L12-strengthened SX-HEAs aided by machine
learning and multi-objective optimization.
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2.1.3 Machine learning strategy. In this work, linear regression
(Linear), K-nearest neighbor regression (KNN), ridge regression
(Ridge), random forest regression (RF), support vector regression
model (SVR), and multi-layer sensor regression (MLP) were used
to build surrogate models, respectively. Six different regression
models were trained with VL12

, TL12
, TCP, TS, TL, and r as the

multi-task outputs respectively. The alloy compositions were
used as input for each ML model. The sample data was divided
into two subsets, which were the training set (70%) and the test
set (30%). The performances of the models were comprehen-
sively measured by root mean square error (RMSE) and R2 score,
expressed in eqn (1) and (2), respectively.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPm
i¼1

yi � byið Þ2

m

vuuut
(1)

R2 ¼ 1�

Pm
i¼1

yi � byið Þ2

Pm
i¼1

yi � �yið Þ2
(2)

where yi represented for the observation value of the i-th
sample, byi standed for the predicted value of the i-th sample,
and �yi was the average of the observation value. In addition, m
was the number of data samples. The smaller the RMSE, the
model error would be smaller. The R2 within [0,1] was an
evaluating indicator to represent for the proportion of response
variation ‘‘explained’’ by the regressors.

2.1.4 Multi-objective optimization. The optimization objec-
tives and constraints were determined based on domain knowl-
edge and aimed at finding globally suitable candidate
compositions. The predefined preferences for the optimized objec-
tives, namely VL12

, TL12
, TS, and TL, were set to be greater than 55%,

1175 1C, 1300 1C, and 1365 1C, respectively. The constraint thresh-
olds for TCP and r, were set to be lower than 3% and 8.5 g cm�3,
respectively. An optimal combination of components was then
identified that satisfied all of the above objectives and constraints.
By analyzing the occurrence frequency of alloying elements and
their influence on the output parameters, the alloy composition for
testing was determined. Finally, the rationality of the alloy com-
position was verified through tests of microscopic parameters and
mechanical properties.

2.2 Experimental procedure

One candidate composition obtained by ML and multi-objective
optimization was verified by experiments. Raw metals with a
purity higher than 99.9% were applied. Alloy button ingots were
prepared by vacuum arc melting. To ensure the uniformity of
the alloy composition, the alloy was melted at least 6 times per
100 g and homogenized by the magnetic stirring of the vacuum
electric arc furnace. Then the button ingots were directionally
solidified into [001] single crystal rod by high-rate solidification
(HRS) technology at a withdrawal rate of 100 mm s�1. The heat
treatment regime of the alloy was 1220 1C/1 h + 1230 1C/2 h +
1240 1C/2 h + 1250 1C/4 h A.C. + 1050 1C/4 h A.C. The density of

the alloy was determined by the Archimedean drainage method.
The transformation temperatures were measured by differential
scanning calorimetry (DSC)-STA449F3 within the high-purity Ar
flow. The sample in 3 mm� 3 mm� 0.5 mm for DSC was tested
within the temperature range of 600–1400 1C at a heating rate of
20 1C min�1. The linear interpolation method was employed to
measure TL12

, TS, and TL based on the DSC heating curves. The
etched chemically with the solution of HNO3 : HF : C3H8O3 in
volume ratio of 1 : 2 : 3. The microstructures were characterized
by TESCAN Clara GMH scanning electron microscope (SEM)
and Leica DM3000 optical microscopy (OM). Rod specimens
with diameter of 3 mm and standard distance of 15 mm were
used to evaluate their tensile properties. Uniaxial tensile tests
were conducted at a nominal strain rate of 2.5 � 10�3 s�1 along
the [001] direction in the temperature range from RT to 1000 1C,
such as 800 1C, 900 1C, and 1000 1C. Rod specimens with a
diameter of 5 mm and a standard distance of 25 mm were used
to evaluate their tensile properties. A set of uniaxial constant
loading tensile creep tests was accomplished at 1038 1C/158.6
MPa, and 1038 1C/172 MPa. All the creep tests were carried out
in a TM105-A1 creep testing machine.

3. Results and discussion
3.1 Establishments of ML and multi-objective optimization

3.1.1 Establishment and evaluation of regression model.
Fig. 2 showed that R2 and RMSE values were obtained from
training six models with 6 output parameters. It was clear that
the RF model had the highest R2 value, exceeding 0.95 for five
of the output parameters: VL12

, TL12
, TCP, TS, and TL (Fig. 2a).

Additionally, the RMSE of the RF model was smaller than that
of the other 5 models (Fig. 2b). While the Linear model had the
highest R2 value and the smallest RMSE for the output para-
meter of r, these values did not significantly outperform those
of the RF model. It indicated that the RF model should be most
suitable for the 6 data sets used in this work. Therefore, the RF
model was selected as the prediction model for all six output
parameters in this work.

3.1.2 Alloy compositions search space. After establishing
the machine learning model, it could be used to predict the
composition of unknown alloys. Then, a multi-objective optimi-
zation strategy was applied to find the alloy components that
meet the desired output parameters. Fig. 3 illustrated the search
space of the L12-strengthened HEAs comprehensive prediction
system used. According to the requirements in the figure, the

Fig. 2 Performance evaluation of 6 regression models: (a) R2; (b) RMSE.
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alloy element content and step size were limited, and the total
number of alloy components could be predicted to be 2 515 661. It
was worth noting that the content of each element was limited to 45
at% to ensure the predicted alloy components fall within the
reasonable range for HEAs. Additionally, according to previous
research by Liu et al.,26 the content of Ti and Al were the forming
elements of the L12 phase, which should be restricted to 10 at% to
prevent a phase transition from FCC to BCC in the alloy.24,30 The
objective of this work was to enhance the mechanical properties of
HEAs at high temperatures by adding appropriate refractory ele-
ments such as W, Mo and Ta. Therefore, a multi-objective optimiza-
tion process was conducted for all alloy components within the
predicted measurement space. Initially, the criteria of VL12

4 55%,
TL12

4 1175 1C, and TCP o 3% were imposed, resulting in the
identification of 95 potential alloy components. This step was
crucial in the development of an alloy that could maintain a high-
volume fraction of the L12 phase and exhibit the structural stability
under high-temperature conditions. Subsequently, the criteria of
TS 4 1300 1C, TL 4 1365 1C, and r o 8.5 g cm�3 were applied,
leading to the selection of 28 alloy compositions. This step was
essential in designing an alloy with excellent performance at high
temperatures and ensured its practical application in engineering.

3.1.3 Computational verification. Although the prediction
of large component space by machine learning ultimately selected
28 candidate alloy components, the accuracy of predicting
unknown alloy components by ML was not clear. Therefore, the
Pandat software was utilized again to validate the effectiveness of
the ML method on 28 alloy components. Besides, Fig. 4 illustrated

the comparison between the predicted and calculated values of the
output parameters. On the whole, the ML model performed well in
predicting the 6 output parameters, and the predicted values were
in good agreement with the calculated values of Pandat software,
indicating that the RF model could predict these 6 output para-
meters in alloys with high accuracy2.6,29,31

3.1.4 Occurrence frequency of alloying element content. In
the previous section, 28 candidate alloys were identified using
machine learning and multi-objective optimization strategies.
However, it was not feasible to experimentally verify all 28 alloys
simultaneously. Therefore, this section focused on analyzing
the frequency of occurrence of the 28 alloy elements to narrow
down the selection of experimental alloys, and the results were
illustrated in Fig. 5.18

On the one hand, the distribution of Ni, Co, Cr, and Ti
(Fig. 5a–d) in the alloy was uneven, with no clear advantage in
the occurrence frequency of any one element. This work
focused on the design of L12–(Ni3Al) type precipitated phase.6

The content of Ni in the final alloy was over 40 at%, and the
content of Co was between 27 at% and 32 at%. The sum of the
content of the two elements accounted for about 3/4, which
should occupy the central position of the 6 faces of the Ni3Al
structure. Similarly, the elements Cr and Ti should occupy 8
corner positions of the Ni3Al structure.6 The above results also
verified the reliability of ML methods in alloy design and alloy
screened.

On the other hand, the Al and W contents were fixed at
10 at% and 0.5 at%, respectively (Fig. 5e and f). The Al was the
formed element of the L12–(Ni3Al) type precipitated phase, and
the content of Al in the 28 candidate alloys in this example was
10 at%, indicating that increased the Al content would also
increase the volume fraction of the L12 phase. The W element
played a crucial role in improving the high-temperature perfor-
mance of the alloy. In this work, the search range for W content
was set at 0.5–1.5 at% (Fig. 3) to enhance the high-temperature

Fig. 3 Search space of comprehensive prediction system for L12-
strengthened SX-HEAs.

Fig. 4 Comparisons of the optimization values by RF and the calculation
values by Pandat software: (a) VL12

; (b) TL12
; (c) TCP; (d) TS; (e) TL; (f) r.

Fig. 5 Frequency maps of the filtered 28 alloys composition: (a)–(h) were
the frequency maps of Ni, Co, Cr, Ti, Al, W, Mo, and Ta, respectively.
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performance of the final designed alloy. However, in this
particular example, the W content in the final screened alloy
composition was fixed at 0.5 at% due to the synergistic effects it
had on the 6 output parameters. The increase of W content
further would make it difficult to achieve the multi-objective
optimization design objectives.

Finally, Mo and Ta had the highest frequencies when the
content of Mo and Ta appeared at 2 at% and 3 at%, respectively
(Fig. 5g and h). As a refractory element, Mo also played an
important role in improving high-temperature performance.
However, when its content was too high, the TCP phase might be
precipitated on the matrix, thus significantly damaging the high-
temperature durability of the alloy.32 According to machine
learning, the comprehensive sensitivity of Mo to the range of 6
output parameters was highest at 2 at%, while no relevant
component occurred at 3–5 at%. No related components were
found in 3–5 at%, indicating that the further increase of Mo
element promoted the precipitation of the TCP phase. Pandey
et al.6 promoted the L12 phase solvus temperature of the HEAs to
1156 1C by addition of 2.8 at% Ta element. In this work, the alloy
selection was carried out by ML, and the final occurrence fre-
quency of Ta element was 3 at%, indicating that the addition of Ta
not only increased the L12 phase solvus temperature in the alloy
but also made the comprehensive sensitivity to meet the require-
ments of the range of 6 output parameters the highest.

In summary, the contents of Al, W, Mo, and Ta were fixed at
10 at%, 0.5 at%, 2 at%, and 3 at%, respectively, based on the
results and discussion in this section. However, the contents of
the other four elements have not yet been determined. Further
analysis would be conducted in the next section to determine
the final experimental composition.

3.1.5 Influence of element content variation on output
parameters. The effect of element content on the 6 output
parameters was illustrated in Fig. 6. As the Ni content increased,
VL12

initially decreased and then slightly increased (Fig. 6a),
while TS, TL, and r first increased and then decreased (Fig. 6d–
f). However, TL12

and TCP in the alloy had a minimal impact
(Fig. 6b and c). On the other hand, increased Co content led to
an initial increase in VL12

followed by a decrease, and a decrease
in TCP (Fig. 6a and c). The TS and TL in the alloy increased
(Fig. 6d and e), while the TL12

(Fig. 6b) remained relatively

unchanged and r (Fig. 6f) fluctuated. When the Cr content
increased, VL12

decreased (Fig. 6a), TL12
fluctuated within a range

of 2 1C without significant change (Fig. 6b), TCP increased
(Fig. 6c), TS initially increased and then decreased (Fig. 6d), TL

decreased (Fig. 6e), and r showed fluctuations (Fig. 6f). Finally,
increasing Ti content increased VL12

(Fig. 6a), with TL12
remained

relatively unchanged within a range of 2 1C (Fig. 6b), a decrease
in TCP (Fig. 6c), a decrease in TS (Fig. 6d), and fluctuations in TL

temperature within a range of 2 1C (Fig. 6e). The r showed a clear
decreased trend (Fig. 6f).

According to the rule of the influence of alloying element
content on 6 output parameters, this work selected 28 alloy compo-
nents to verify the alloy composition. The goal was to minimize the
content of the Ni element, maximize the content of the Co element,
minimize the content of the Cr element, and maximize the content
of the Ti element. The aim was to ensure that the final selected alloy
would have high values for VL12

, TL12
, TS, TL, and low values for TCP

and r. After considered the practical situation of the 28 alloy
compositions, the study determined the composition of the tested
alloy to be Ni41.5Co31Cr8Ti4Al10W0.5Mo2Ta3 (at%).

3.2 Experimental verification

3.2.1 Microscopic parameters. After using ML to select an
alloy component, the microscopic parameters of the alloy were
experimentally tested to indirectly verify its high-temperature
mechanical properties. Ni41.5Co31Cr8–Ti4Al10W0.5Mo2Ta3 SX-HEA
microscopic parameters of the test results were shown in Fig. 7. An
optical microscopy image of the designed as-cast SX-HEA micro-
structure in this work was shown in Fig. 7a. The microstructure
was arranged in a ‘‘cross-petal’’ morphology. Meanwhile, the
primary dendrite arm spacing in the as-cast structure was
280 mm. Fig. 7b and c displayed the thermodynamic equilibrium
phase diagram and DSC heating curve of the SX-HEA, respectively.
From the equilibrium phase diagram, it could be observed that
there were three-phase transition temperatures at 1168 1C, 1298 1C,

Fig. 6 The influence of element content change on all targets: (a) VL12
; (b)

TL12
; (c) TCP; (d) TS; (e) TL; (f) r.

Fig. 7 Test results of microscopic parameters of Ni41.5Co31Cr8Ti4Al10W0.5-

Mo2Ta3 SX-HEA: (a) optical microscopy image of the as-cast SX-HEA
showing dendritic and inter-dendritic regions; (b) pandat phase diagram
based on SX-HEA nominal composition; (c) DSC heating curve of the as-
cast SX-HEA; (d) SEM micrograph of SX-HEA after heat treatment.
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and 1360 1C, respectively. The DSC heating curve revealed three-
phase transition temperatures: TL12

, TS, and TL, which were
1157.6 1C, 1305.4 1C, and 1355.1 1C, respectively. Fig. 7d showed
the microstructure of the final selected SX-HEA after heat treat-
ment. After statistical analysis using Image-J software, it was found
that the L12 phase volume fraction in the SX-HEA after heat
treatment was 68%. Additionally, there was no TCP phase precipi-
tation observed in the alloy microstructure after heat treatment.
The density of the alloy was determined to be 8.45 g cm�3 used the
Archimedean drainage method.

By comparing the results of the experiment, thermodynamic
Pandat software, and ML, as shown in Table 1, it could be seen
that the differences among the three results were within a
reasonable range. It was similar to the results of Deng et al.32

Furthermore, the above results showed that machine learning
using thermodynamic software was reasonable, and its predic-
tion results could effectively guide the alloy design.

In addition, the properties of the alloys designed in this
work were compared with those of other alloys. A radar diagram
comparing the various properties of the design alloy with HEA
CoNi and CMSX-2 was shown in Fig. 8.6,33,34 The SX-HEAs
developed in this work outperforms HEA CoNi (Co37.6Ni35.4-
Al9.9Mo4.9 Cr5.9Ta2.8Ti3.5) in all the properties displayed in the
figure, while also reducing cost and density. Compared to the
first-generation nickel-based single-crystal superalloy CMSX-2,
HEA showed better performance in all areas except TL12

and
price. Overall, significant improvements had been achieved in

terms of performance when compared to the CMSX-2 alloy.
Notably, SX-HEA had a lighter density than CMSX-2 (SX-HEA:
8.45 g cm�3, CMSX-2: 8.56 g cm�3). In the aviation industry,
reducing weight had always been a sought-after goal.

3.2.2 Mechanical properties. The tensile experiments of
SX-HEA at different temperatures were carried out, the results
were displayed in Fig. 9. Fig. 9a showed the engineering stress–
strain curves of the designed SX-HEA at different temperatures.
The specific values were shown in Table 2. It could be observed
that the yield strength of the alloy increases significantly at
800 1C compared to room temperature. Specifically, the yield
strength was 873 MPa at 800 1C and 707 MPa at room tempera-
ture, respectively. However, as the temperature increased, the
yield strength of the alloy decreased. The properties of the alloy
did not decrease significantly after the temperature increased.
The yield strength maintained 503 MPa at 1000 1C. The anom-
alous yield temperature of nickel-based superalloy was about
800 1C.35 It had also been observed in some HEAs.36,37 It was
caused by thermally activated cross-slip dislocation of the
octahedral {111} vertical aspect {100} in the optimal L12

phase.38 Fig. 9b showed the yield strength comparison between
the SX-HEA designed in this work, partial polycrystalline high-
entropy alloy, and single-crystal alloy at different temperatures.
It was worth noting that compared with polycrystalline high-
entropy alloys and new cobalt-based single-crystal superalloys
reported in recent years,39–42 the designed alloys had superior
tensile properties at room temperature to 1000 1C, especially at
high temperatures above 800 1C. Furthermore, when compared
to the SX-HEA,17 the designed alloy showed better tensile
properties at room temperature and 800 1C. At 900 1C and
1000 1C, the tensile properties of the designed alloy were
comparable to those of the designed alloys. Additionally, com-
pared to the nickel-based single-crystal superalloys CMSX-2 and
DD8,43,44 the designed alloy exhibited greater advantages in

Table 1 Comparison of experimental, Pandat, and ML test results

Result Experimental Pandat ML

VL12
(%) 68 67 66

TL12
(1C) 1157.6 1168 1175

TCP (%) 0 0.54 0.46
TS (1C) 1305.4 1298 1310
TL (1C) 1355.1 1360 1370
r (g cm�3) 8.45 8.41 8.43

Fig. 8 Radar diagram of SX-HEA, HEA CoNi, and CMSX-2 on multiple
properties.6,33,34

Fig. 9 Tensile curves and performances comparison of SX-HEA: (a)
stress–strain curves of SX-HEA at RT, 800 1C, 900 1C, 1000 1C; (b) yield
strength of SX-HEA at different temperatures, compared with that of
polycrystalline HEAs and other single crystal nickel-based superalloys,
cobalt-based superalloys and HEAs.17,38–44

Table 2 Tensile properties of SX-HEA at different temperatures

Temperature (1C) YS (MPa) UTS (MPa) j (%)

RT 707 860 17
800 873 1117 35
900 790 854 28
1000 503 571 54
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tensile properties at high temperatures. Similarly, when com-
pared to Rene N5, the second-generation nickel-based single-
crystal superalloy,45 the designed alloy showed certain advan-
tages at 900 1C, which was essentially equivalent at 800 1C. In
summary, the final alloy selected by the machine learning
method in this work had good comprehensive tensile properties
and a certain high temperature application potential.

In addition, the creep performances of SX-HEA were also
tested. The creep properties of SX-HEA at 1038 1C/158.6 MPa
and 1038 1C/172 MPa were shown in Fig. 10a. Under these two
conditions, the creep life was 111.65 h and 62.67 h, and the
fracture elongation was 30.12% and 27.26%, respectively. To
evaluate the creep properties of SX-HEA, nickel-based single-
crystal superalloys, novel cobalt-based single-crystal superal-
loys, and published L12-strengthened SX-HEA were selected for
comparison. Fig. 10b showed L–M curves of different alloys
(L–M coefficient (P = (T + 273)(20 + lgt)/1000), where T was the
experimental temperature and t was the creep rupture life). In
this paper, the L–M coefficients of SX-HEA at 1038 1C/158.6 MPa
and 1038 1C/172 MPa were 28.91 and 28.51, respectively. Compared
with the SX-HEA,46 the first-generation nickel-based single crystal
superalloy PWA-1483,47 and the new cobalt-based single crystal
superalloys,48,49 the L–M coefficient points of SX-HEA were on the
right or above, indicating that the designed alloy had the better
creep properties than the above alloys. At the same time, the L–M
coefficient points of the designed alloy were close to that of the first
generation single crystal CMSX-2, and slightly to the left of the
second generation single crystal Rene N5 L–M coefficient point,50,51

indicating that the creep performance of SX-HEA was the same as
that of the first generation single crystal CMSX-2 and slightly
lower than Rene N5. Considering that the density of CMSX-2 was
8.56 g cm�3 and the density of the alloy designed in this work was
8.45 g cm�3, the alloy designed in this work still had the char-
acteristics of low density under the condition of basically equivalent
performance, and it had a certain application potential.

4. Conclusion

In this work, a design strategy based on ML and multi-objective
optimization was proposed for the discovery of a new L12-
strengthened SX-HEA. The conclusions were drawn as follows.

(1) By using the RF model and combining the design criteria
of VL12

, TL12
, TCP, TS, TL, and r, one alloy was selected from

2 515 661 alloys. The experimental results showed that the
surrogate model based on error evaluation had high accuracy.
The VL12

, TL12
, TCP, TS, TL and r in Ni41.5Co31Cr8Ti4Al10W0.5-

Mo2Ta3 (at%) were 68%, 1157.6 1C, 0%, 1305.4 1C, 1355.1 1C
and 8.45 g cm�3, respectively.

(2) The yield strength of SX-HEA was 873 MPa and 503 MPa
at 800 1C and 1000 1C, respectively. The creep life at 1038 1C/
158.6 MPa and 1038 1C/172 MPa were 111.65 h and 62.67 h,
respectively. The mechanical properties were of SX-HEAs better
than some single-crystal alloys.

(3) This material design strategy based on ML and multi-
objective optimization extended the L12-strengthened SX-HEAs
design method to optimize multiple targets simultaneously, rather
than one by one. At the same time, the design concept and
theoretical results of auxiliary alloys would provide important
guidance for the further study of new L12-strengthened SX-HEAs.
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