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ABSTRACT
We propose an active learning guided density functional theory calculation framework for rapid
screening of multi-principal element alloys (MPEAs) with superior mechanical properties. Using this
framework, we fast construct the datasets of the bulkmodulus (B), shearmodulus (G), yield strength,
and Pugh’s ratio of 12,698 noblemetal MPEAs. These datasets were obtainedwith density functional
theory prediction accuracy (R2 = 0.98 and 0.96 for B and G, respectively) based on active learning
guided 120 DFT calculated data. Analysis of the dataset shows that Ni and Au would enhance the
yield strength and the toughness of these noble MPEAs, respectively.

IMPACT STATEMENT
An active learning guided density functional theory calculation framework, which reduces computa-
tion time by three orders of magnitude, was proposed for rapidly screening multi-principal element
alloys with superior mechanical properties.
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Multi-principal element alloys (MPEAs) represent a new
area of materials research, and often exhibit superior
mechanical properties beyond traditional alloys [1–3].
Many MPEAs with different compositions have been
studied, aiming to obtain ultrahigh strength combined
with high ductility [4–7]. Since the number of potential
compositions of MPEAs are dramatic larger than those
of conventional alloys, the regions that have been investi-
gated hitherto are merely the tip of the iceberg. The huge
regions of composition space set a significant challenge
in compositional optimization, especially if explored by
‘trial and error’ experiments. Hence, it would be urgently
needed to develop an accurate and efficient method that
can rapidly forecast target properties of MPEAs within
the huge composition space.

Data-driven approaches such as machine learning
(ML) provide an effective way to tackle the above
challenge [8–10]. These approaches begin with a
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heterogeneous and sparse data set and train general
models to predict the properties of new compounds on
unknown broad spaces. Several promising ML models
have been developed to search for high-performance
MPEAs [11–18]. These models include novel machine
learning algorithm [13], improved descriptors [14–16],
intrinsic quantitative relationships [17], and the con-
struction of high-throughput calculations database [18].
These studies showed that the quantity and quality of
training data is normally the most important factor, and
themost labor-intensive part, for ensuring a good perfor-
mance of aML algorithm. Typically, based on the density
functional theory (DFT) calculated B andG of 1940 inor-
ganic compounds in the material project database [19],
one has developed an ML model [12] that can well pre-
dict the B and G of over 30,000 compound inorganic
compounds (with root mean squared error of 7.5% and
13.8% forB andG, respectively).However, when applying
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this model to MPEAs the predicted B of Al0.3CoCrFeNi
(208GPa) has a large relative error of 21% with respect
to experiments (172GPa) [13]. The large prediction error
was attributed to the fact that the dataset does not contain
any information of MPEAs [10].

DFT calculations have been proven to be effective in
accurately predicting the B and G values of MPEAs. For
instance, DFT calculations were used to predict a bulk
modulus of 133GPa for MnFeCoNi, which matches well
with the experimental value of 126GPa [20]. Similarly,
the B and G values of Al0.3CoCrFeNi quinary alloys were
also accurately predicted using DFT, as evidenced by
the good agreement between the calculated results (161
and 73GPa, respectively) and the experimental values
reported by George et al. (177 and 85GPa, respectively)
[13]. As a result, it is reasonable to expect that devel-
oping a ML model based on the MPEAs dataset would
lead to even more precise predictions of B and G for
MPEAs.

In this contribution, starting with a small number of
DFT calculated MPEA datasets, we propose an active
learning (AL) guided DFT calculation framework for
rapidly forecasting the datasets of the bulk modulus (B),
shear modulus (G), yield strength, and Pugh’s ratio of
MPEAs. This framework, termed as AL@MPEA, uses
the active learning loop to select poorly predicted candi-
dates for DFT calculations, and then feedbacks into the
training data to improve the model’s predictive ability.
After four-loop iteration of the AL@MPEA framework,
we established the elastic properties database of 12,698
noble metal MPEAs, which achieves excellent accuracy
(R2 = 0.98 and 0.96 for B and G, respectively) based on
merely 120DFT calculated data.Moreover, analysis of the
datasets shows that Ni and Au that would enhance the
yield strength and the toughness of these noble MPEAs,
respectively. The proposed framework provides quantita-
tive connection between alloy composition and mechan-
ical properties of MPEAs, which may apply to other
series MPEAs and help to design MPEAs with excellent
mechanical properties.

The workflow of standard ML-based material prop-
erty prediction is shown in Figure 1(a), which begins
with preparing initial dataset and training general ML
models to predict the properties of new compounds on
target systems. Here, the target systems include 12,698
equal or near equal atomic ratios MPEAs formed by
Au, Ag, Cu, Ni, Pd, Pt, Rh, and Ir elements, which
involve 168 ternary systems (25 at.% < x < 35 at.%, x
represents concentration of each element), 1330 quater-
nary alloys (20 at.% < x < 30 at.%), 8680 quinary alloys
(15 at.% < x < 25 at.%), and 2520 senary alloys (10
at.% < x < 20 at.%). In the target systems, we randomly
selected 80 systems as the initial datasets to performDFT

calculations, along with the occurrence probability of
each element ranging from 10% to 15% (see supplemen-
tary information Table S1 for details). The special quasi-
random structures (SQSs) [21] generated by the alloy
theoretic automated toolkit (ATAT), were used to model
the random solid solution character of multi composi-
tional systems. The Vienna Ab-initio Simulation Package
(VASP) code were utilized to perform DFT calculations
[22]. The calculation details are shown in supplementary
materials.

To guide the ML model for the elastic property pre-
diction, nine physical/thermodynamic parameters were
combined using weighted mean to generate descriptors
denoted as compositional features. Their formulas and
property descriptions are shown inTable 1. Among them,
there are four commonly used thermo-physical parame-
ters, i.e. valance electron concentration Nv, electroneg-
ativity difference �χ , mixing configurational entropy
�Smix, and mixing enthalpy �Hmix. We also introduced
five crystal characteristics descriptors, i.e. the averaged
atomic radiusR, lattice constants of FCC structure a, bulk
modulus B, shear modulus G, Young’s modulus E of the
involved constituents.

For the standard ML computations, we applied the
gradient-boosted trees regression algorithm [23], as
implemented in the open-source code scikit-learn, to
build the ML model [24]. The constructed dataset was
split randomly into 80% training and 20% testing sub-
sets for the effective optimization of our model. Five-
fold cross validation was used to assess how well our
model can be generalized to an independent test set.
Considering that the accuracy of the prediction is sen-
sitive to the training and testing set splits, the train-
ing procedure is executed 1000 times to eliminate the
impact of randomness. The determination coefficient
(R2) of the testing set was selected to assess the accu-
racy of the prediction. Figure 1(a) shows the R2 distri-
bution probability of B and G predicted by 80 MPEA
datasets trained ML models (termed as ML@MPEA).
The mean value of R2 is 0.93 and 0.83 for B and G,
respectively. Notably, the R2 results predicted by 4898
ordered inorganic compounds (IC) datasets trained ML
models (termed asML@IC) are significantly smaller than
those of ML@MPEA (see Figure 1(a); 0.85 for B and
0.63 for G). Here, we constructed a dataset for train-
ing theML@ICmodel by selecting inorganic compounds
from the Material Project that contain the eight elements
(Au, Ag, Cu, Ni, Pd, Pt, Rh, and Ir), which are involved
in our MPEAs. As a result, a total of 4898 ordered
inorganic compounds were included in our dataset. We
trained the ML@IC model using this dataset and the
same methodology as described in the reference paper.
The large R2 of ML@MPEA is presumably because the
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Figure 1. (a) The standard framework of ML-basedmaterial property prediction, which begins with the preparingmaterials dataset and
training general ML models to predict the properties of new compounds on unknown broad spaces. The violin plot of distribution of
determination coefficient for bulk modulus (B) and shear modulus (G) under one thousand trials by 80 MPEA datasets (ML@MPEA) and
MPdatasets constructedby4898ordered inorganic compoundsdatasets (ML@IC). Thedistributionofpredictionaccuracies is represented
between the two black horizontal lines. The averaged prediction accuracy is denotedwith red line. (b) The active learning guided density
functional theoryworkflow (AL@MPEA). The AL@MPEA framework start with small number of DFT calculatedMPEAdatasets, using active
learning loop to select poorly predicted candidates for DFT calculations, and feedback into the training data to improve the model’s
predictive ability. The violin plot of distribution of determination coefficient for bulk modulus under one thousand trials fromML@MPEA
to AL@MPEA with four-loop iteration.

Table 1. Descriptors used to predict the bulk and shear modulus for gradient boosting decision tree models. The symbols repre-
sent valence electron concentrations (Nv), electronegativity difference (�χ ), mixing configurational entropy (�Smix), mixing enthalpy
(�Hmix), atomic radius (R), lattice constants of FCC structure (a), bulk modulus (B), shear modulus (G), Young’s modulus (E). bi is the
concentration of i-th element, χ̄ is the average electronegativity difference of alloys.

Symbol Description Formula Properties

Nv Valence electron concentrations
∑n

i=1 biNv i Electronic properties of atoms

�χ Electronegativity difference
√∑n

i=1 bi(χi − χ̄)2 Reflecting the bonding strength between atoms

�Smix Mixing configurational entropy −R
∑n

i=1 bi ln bi Describing the degree of elementary disorder

�Hmix Mixing enthalpy
∑n

i=1,i<j 4Hijbibj Describing the ability of heat adsorption or release

R Atomic radius
∑n

i=1 biRi Size properties of atoms

a Lattice constants
∑n

i=1 biai Structure properties of atoms

B Bulk modulus
∑n

i=1 biBi Related with the hardness of a material

G Shear modulus
∑n

i=1 biGi Related with the shear deformation of a material

E Young’s modulus
∑n

i=1 biEi Related with tensile/compressive resistance of a material

MPEA dataset only contains FCC structure systems,
which would increase the effectiveness of the training
process [10]. However, as shown in Figure 1(a), the dif-
ference between the maximum and minimum distribu-
tion probability (�R2) for B and G is 0.21 and 0.80 for
the ML@MPEA, larger than that of ML@IC (0.19 for
B and 0.28 for G). The large fluctuation of ML@MPEA
may originate from the small number of the datasets,
which cannot well capture the relationship between the

property and features determined by the underlying
physics [10].

Generally, by adding more DFT calculation results to
the training set ofMLmodels, onemay increase themean
values and reduce the fluctuation of R2 predicted by the
models. However, objectless addition of large number of
DFT calculated results is apparently unreasonable, diffi-
cult, and time consuming. Fortunately, the active learn-
ing strategy could solve this problem by intentionally
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screening out poorly predicted results as the target sys-
tems to test, then feed back into the training data to
improve the ability to learn from previous data [10,25].
Figure 1(b) shows the framework of the AL@MPEA,
which combines the active learning approach with the
DFT calculations. Again, we start with the same 80 num-
ber of DFT calculated MPEA datasets. Then, we con-
struct 1000 sub-datasets by randomly select 80% systems
in the initial dataset, and training ML model to predict
the B and G values of alloys in the entire search space.
Finally, the standard variance (σ 2) of the 1000 predic-
tion values were used to select 10 most poorly predicted
candidates for DFT calculations, and then feedback into
the training data to improve the model’s predictive abil-
ity. Here, the standard variance is defined as: σ 2 =∑

(X − μ)2/N, where X is the predicted values of every
system,μ is the average value, andN is the total predicted
number.

Figure 2 shows the σ 2 values of B and G calculated
from four-loop iteration in the AL@MPEA framework.
Based on the initial 80 MPEA data, large variance val-
ues are observed on alloys containing Rh and Ir, with the
largest σ 2 of 16.2 and 16.7 for B and G, respectively. The
large variance suggests that the properties of these alloys
cannot be well described by ML model based on the ini-
tial dataset. Thus, we attempted to add these alloys into
the training dataset, with the aim to improve the pre-
diction accuracy. To determine the optimal number of
systems (n), we tested different values ranging from 0 to
14 and evaluated the prediction error on the first itera-
tion. Given that the majority of the variance σ 2 of B and
G, as calculated from the initial dataset, is concentrated in
the region where σ 2 < 4 (as shown in Fig. S2), we pro-
pose to use the number of systems with σ 2 greater than
4 as the parameter to assess the performance of system
count. As shown in Fig. S1(b), we observed that with an
increase in the number of systems added from 0 to 14,
the number of systems with σ 2 large than 4 decreased
from 244 to 158, and the convergent result appears at
n = 10. Therefore, we selected 10 systems as the opti-
mal number to balance the computational efficiency and
accuracy of our model. We would like to emphasize that
the optimal number of each step may vary and should
be tested carefully. Here, considering that the number
of first step is small, we only select 10 systems for each
iteration in our AL algorithm. Very encouragingly, after
adding only 10 systems in this iteration, the largest σ 2

decreases significantly from 16.2 to 7.2 for B and from
16.7 to 9 for G. Similarly, to construct the second, third,
and fourth-loop iteration, each time 10 systems with the
largest σ 2 are selected as labeled alloys for DFT calcula-
tions. After four-loop iteration, the σ 2 values of B and
G become smaller than 4 for all alloys, indicating the

Figure 2. The variation of standard variance σ 2 of B and G calcu-
lated from four-loop iteration. Active learning loopwasperformed
by select 10 systems with the largest σ 2 as candidates for DFT
calculations, and feedback into the training data to improve the
model’s predictive ability. After four-loop iteration, the σ 2 values
of B andGbecome smaller than 4 for all alloys, indicating the good
stability of the ML model on the target training systems.

good stability of the ML model on the target training
systems.

The R2 distribution probability of B and G predicted
by AL@MPEA are plotted in Figure 1(b) and Fig. S1.
These models show large mean values and small fluctu-
ations simultaneously. The mean values of R2 of B and
G increase to 0.98 and 0.97 for B and G, while the dif-
ference between the maximum and minimum �R2 for
B and G decrease to 0.07 and 0.10. The σ 2 and R2 can
further improved by increasing the loop iteration. Specif-
ically, we computed the largest σ 2 values for B and G at
each iteration and compared them to the previous itera-
tion. As shown in Fig. S3, the initial σ 2

max values for B and
G were 16.2 and 16.7, respectively, based on the initial
80 MPEA data. With an increase in the number of itera-
tions, the σ 2

max value decreased to 3.9 and 4.0 for B and
G, respectively, after four iterations.We observed that the
difference between the σ 2

max values for third and fourth
iterations was less than 1, indicating that the ML model
had attained satisfactory stability on the target training
data. Consequently, we conclude that the four-loop itera-
tion works well to trainMLmodels for MPEAs with high
predictive precision and small fluctuation.

Having constructed the robust AL@MPEAmodels, we
now continue to assess its performance in predicting the
B and G values of unknown alloys. To test the predic-
tion ability of a machine learning model, the unlabeled
(unknown) data should be randomly distributed in the
instance space. Following this basic requirement, based
on the AL@MPEA model predicted B and G of 12,698
MPEAs, we randomly selected 50 systems that were not
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Figure 3. The performance of AL@MPEA model on predicting (a) bulk modulus and (b) shear modulus of 50 MPEAs, which are not
included in the training data (red solid circle).

included in the training data to constitute independent
datasets for testing the predictive power of our model
(see Table S2 for details). As show in Fig. S4, we plot-
ted the predicted B andG values of all the 12,698 MPEAs
(the black square), and divided the predicted values into
different regions based on their distribution. We then
selected 50 systems from different regions to constitute
independent datasets (the red circle dot). The selection
of these 50 systems covers all regions of the entire sam-
ple space, ensuring that the verification results are both
accurate and unbiased, and represent the entirety of the
dataset. The mean absolute error (MAE) and the root
mean squared error (RMSE) are used to evaluate the
performance of AL@MPEA models by comparing with
DFT results. As shown in Figure 3, the values determined
by AL@MPEA and DFT exhibit a linear relationship,
without any large deviations. The MAE and RMSE of
AL@MPEA model for B are 3.57 and 4.96GPa, and the
MAE and RMSE of G prediction are 4.17 and 5.27GPa,
respectively; all agree well with the DFT results. There-
fore, we conclude that the AL@MPEA framework allows
us to develop database of the 12,698 noble metal MPEAs
with DFT accuracy.

We next use these databases to search noble MPEAs
with high toughness and yield strength. Theoretically, the
toughness ofMPEAs can be evaluated by the Pugh′s ratio
(B/G). Alloys with high values of Pugh′s ratio (>1.73)
indicate that the material exhibits good toughness, while
low values are associated with brittleness [26]. Our calcu-
lation shows that the Pugh′s ratio of AuCuNiPdPt larger
than that of CuNiPdPtRhIr (3.5 vs. 2.5, respectively),
agrees with the experiment proved high compression
strain of AuCuNiPdPt than that of CuNiPdPtRhIr (50%
vs. 30%, respectively) [27,28]. As shown in Figure 4(a),
the calculated Pugh′s ratio values of all 12,698 MPEAs
are larger than 1.73 (the critical value of toughness and
brittleness), suggesting that these noble MPEAs tend to
exhibit good toughness. Remarkably, Figure 4(b) shows
that alloys containing element Au are distributed on the

high Pugh′s ratio area, while other seven elements have
no decisive effect on the Pugh′s ratio (see Figure 4(c)–(d)
and Fig. S5). These findings clearly suggest that the
toughness of these noble MPEAs would be enhanced by
increasing the content of Au in alloys.

As to yield strength, the commonly used model to
predict the yield strength of random FCC alloys was
derived by Varvenne et al. [29–31]. In this model, the
yield strength σy of random FCC alloys at finite temper-
ature T and finite strain-rate ε̇ is evaluated by the yield
stress τy(T, ε̇) expressed as:

τy(T, ε̇) = 3.06τy0(T)[1 − (
kT

�Eb(T)
ln

ε̇0

ε̇
)2/3] (1)

where ε0 = 104 s−1 is a reference strain-rate determined
by the dislocation density and other factors, the temper-
ature T is 300K in theoretical calculations, and �Eb is
the zero-stress energy barrier (�Eb = 5.185G

1
3P

2
3 b3θ

2
3 ).

Here, we predicted the yield strength using DFT-
calculated bulk modulus (B), shear modulus (G) at 0 K.
We note that experiments have shown that the elastic
constants Cij of pure metals decrease by less than 10%
from 300K to 0K. We believe that the yield strength pre-
dictions made using the 0K elastic constants are likely to
be less than 10%. The flow stress τy0 = 0.098P

4
3G− 1

3 θ
4
3 ,

where P = G(1 + ν)/(1–ν) is an elastic pressure field
associated parameter, and the dislocation Burgers vector
b = a0 /

√
2 (a0 is the lattice constant of alloys) [32]. θ is a

parameter that describes the collective effect of the misfit
volumes of all the elements in the alloy, expressed as θ =√
2
∑

n cn�V2
n/9b6, where cn is the concentration of the

element in the alloy,�Vn is themisfit volumes ofMPEAs.
To calculate the �Vn, we used Vegard law combined
with the atomic volumes (Vn = a3n/4) of the fcc pure ele-
ments with lattice constants (an). The atomic volume of
the random alloy was computed as V̄ = ∑

n CnVn, where
Cn is the concentration of the n-th element. The misfit
volumes were then calculated as �Vn = Vn − V̄ . This
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Figure 4. (a) Yield strength versus Pugh’s ratio (B/G) of 12,698 MPEAs combined by noble metals (gray square in the figure). The 27
systems (including 9 ternary alloys, 13 quaternary alloys, 4 quinary alloys and 1 senary alloy) in the outer contour possess high yield
strength or toughness compared to the CuNiPdPtRhIr systems. (b)–(d) The distribution of alloys with Au, Ni, and Ir in the total 12,698
MPEAs.

calculation method has been widely used in predicting
the misfit volumes of face-centered cubic metals. More-
over, the deviation of Vegard law for many binary solid
solution alloys within this family of alloys appear small
in a range of experiments and DFT studies.

Figure 4(a) shows the calculated yield strengths of all
the 12,698 MPEAs. Notably, we predicted that the yield
strength of 90 PdPtRhIrCuNi series MPEAs are between
602 and 750MPa, being larger than the experimental
value (527MPa) [27]. The deviation between experimen-
tal and predicted results is presumably because: (1) the
yield strength model only accounts for the solid solution
strengthen, but neglects the grain-boundary strength and
grain size strength; and (2) the alloys prepared in exper-
iments are not single phase, but consist of a dendritic
phase and an interdendritic phase with similar lattice.
Prominently, the predicted yield strength ofAuCuNiPdPt
MPEA (637MPa) agrees well with the experimental find-
ings that solid solution strengthen contribute 592MPa to
its yield strength [28].

In all the predicted yield strength of the 12,698
MPEAs, over 86% of the systems show yield strength val-
ues higher than 400MPa, exhibiting better yield strength
than that of the Cantor series MPEAs (200 ∼ 400MPa)
[33–35]. Theoretically, many studies have attributed the

high yield strength of noble metal MPEAs to the high
shear modulus of Rh and Ir (150 and 210GPa, respec-
tively) [27]. However, this theory cannot explain the
experimental observations that AuCuNiPdPt alloy, with-
out Ir or Rh, still exhibit high yield strength [28]. This
‘puzzle’ can be well explained by our calculations. As
shown in Figure 4(c), alloys containing element Ni are
distributed on the high yield strength area, while alloys
with element Rh and Ir are distributed on both high and
low yield strength area. These findings indicate that it is
the Ni (but not Rh or Ir) have a decisive effect on the yield
strength of the alloys.

To summarize, an active learning guided density
functional theory calculation framework, termed as
AL@MPEA,was proposed for the fast construction of the
elastic property database of 12,698 noble multi-principal
element alloys. Compared with standard machine learn-
ing models trained by 80 DFT calculated MPEA datasets
(ML@MPEA) and 4898 ordered inorganic compounds
datasets (ML@IC), our AL@MPEA framework achieves
high predictive precision and small fluctuation based on
merely 120 DFT calculated data. We further predicted
the yield strength and Pugh′s ratio utilizing the estab-
lished databases of B andG of these alloys. We found that
alloys containingNi have high yield strength, while alloys
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containing Au have high Pugh′s ratio, whichmay provide
theoretical guidance for the design of MPEAs with high
yield strength and toughness.
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