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Pb(Mg1/3Nb2/3)O3–PbTiO3 (PMN-PT) piezoelectric ceramics have excellent piezoelectric properties and are used
in a wide range of applications. Adjusting the solid solution ratios of PMN/PT and different concentrations of elemental
doping are the main methods to modulate their piezoelectric coefficients. The combination of these controllable conditions
leads to an exponential increase of possible compositions in ceramics, which makes it not easy to extend the sample data
by additional experimental or theoretical calculations. In this paper, a physics-embedded machine learning method is
proposed to overcome the difficulties in obtaining piezoelectric coefficients and Curie temperatures of Sm-doped PMN-PT
ceramics with different components. In contrast to all-data-driven model, physics-embedded machine learning is able to
learn nonlinear variation rules based on small datasets through potential correlation between ferroelectric properties. Based
on the model outputs, the positions of morphotropic phase boundary (MPB) with different Sm doping amounts are explored.
We also find the components with the best piezoelectric property and comprehensive performance. Moreover, we set up
a database according to the obtained results, through which we can quickly find the optimal components of Sm-doped
PMN-PT ceramics according to our specific needs.

Keywords: Pb(Mg1/3Nb2/3)O3–PbTiO3 (PMN-PT) ceramic, physics-embedded machine learning, piezoelec-
tric coefficient, Curie temperature
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1. Introduction
Piezoelectric ceramics have long been of interest to both

fundamental research and industrial production due to the
wide range of applications[1–3] and the advantages of short
preparation cycles, low production costs, and greater suitabil-
ity for industrial production compared to single crystals.[4]

Among them, Pb(Mg1/3Nb2/3)O3–PbTiO3 (PMN-PT) piezo-
electric ceramics, which have excellent piezoelectric proper-
ties, are the focus of current research.[5–7] Recently, a large
number of theoretical and experimental investigations have
been carried out mostly on piezoelectric coefficients in or-
der to expand the range of potential applications. To the
best of our knowledge, there are two underlying mechanisms
in theory that play important roles in determining the piezo-
electric coefficient. The first is that the piezoelectric coeffi-
cient increases dramatically as the material components ap-
proach the morphotropic phase boundary (MPB).[8] The other
one is that piezoelectric properties can be further enhanced
by introducing nanoscale structural heterogeneity through rare
earth element doping.[9] Guided by theory, experimentally re-
ported piezoelectric coefficients of PMN-PT-based ceramics
continue to break new heights. For example, the researchers

prepared PMN-PT-based piezoelectric ceramics with d33 up
to 1420 pC/N by doping Eu.[10] At the same time, PMN-PT-
based piezoelectric ceramics with d33 up to 1510 pC/N[9] and
1406 pC/N[11] have also been experimentally obtained by dop-
ing Sm.

Based on the results of existing research, two difficul-
ties encountered so far are summarized here. Firstly, there
is a mutual restriction between piezoelectric coefficient and
Curie temperature. That is to say, when Curie temperature (Tc)
changes, d33 usually changes in the opposite direction, and
vice versa. For example, the Tc of Sm-doped PMN-PT ceramic
with d33 being 1510 pC/N is reported to be only about 89 ◦C,
while the Tc of Sm-doped PMN-PT ceramic with d33 being
about 700 pC/N is as high as 157 ◦C. Secondly, compared with
undoped ceramics, element doped-PMN-PT-based piezoelec-
tric ceramics have more possible components, so the workload
required to experimentally screen materials with suitable com-
positions becomes very large. Therefore, how to find the spe-
cific composition PMN-PT ceramics with high performance
(high d33 and Tc) is a core issue. In general, theoretical calcu-
lations, such as phase field simulations which have achieved
many important results,[12–14] are expected to play important
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roles in the search for targeted high-performance piezoelectric
ceramic materials. Nevertheless, due to the complex structure
of ceramics, simulating ceramic materials through theoretical
modeling is not a simple task. In contrast, theoretical simula-
tions are currently used more on single-crystal materials.[15]

Therefore, it still mostly relies on experimental research to
prepare PMN-PT ceramics with various element doping and
compositions to find conditions for high performance, which
will bring a huge workload.

In recent years, machine learning has been increas-
ingly applied to guide the development and synthesis of new
materials.[16] For example, machine learning was combined
with feature engineering to realize the search for BaTiO3-
based ceramics with large piezoelectric coefficient and large
energy storage capacity at low fields.[17–19] Machine learning
techniques can learn the rules behind a data set by evaluating
a portion of the data and building models to make predictions.
This makes it well suited to the problem of probing material
properties. However, machine learning encounters difficul-
ties in predicting the piezoelectric coefficients of Sm-doped
PMN-PT ceramics with different components. This is due to
the fact that the variation of piezoelectric coefficients is non-
linear, and it is difficult for polynomial regression models to
accurately learn variation rules. Some new models with bet-
ter performance obtain the ability to learn nonlinear variation
rules, but this type of all-data-driven model requires a large
amount of data for training. The data obtained experimentally
is often insufficient. Many researches have been done on the
small data material problem.[20] Here, we introduce physics-
embedded machine learning[21] to solve this problem. Com-
pared to all-data-driven machine learning that takes a purely
data-driven approach, physics-embedded machine learning is
driven by both knowledge and data,[22] significantly reducing
the number of samples required. In this way, we can train a
physics-embedded machine learning model to accurately pre-
dict nonlinearly varying piezoelectric coefficients based on
small datasets.

In this study, we train a physics-embedded machine learn-
ing model instead of all-data-driven model according to pub-
lished experimental results.[9] Our model successfully over-
comes the difficulties of predicting nonlinearly varying piezo-
electric coefficients based on small datasets. Since Sm dop-
ing enhances the piezoelectric properties of PMN-PT ceram-
ics more significantly compared to other elements,[23] we ob-
tain the piezoelectric coefficient and Curie temperature of
Sm-doped PMN-PT piezoelectric ceramics with very detailed
components using our model. Through this result, all the
MPB positions of Sm-doped PMN-PT ceramics with differ-
ent doping amounts are explored. We also find the compo-
nents with the best piezoelectric property and comprehensive
performance. Moreover, we set up a database from the re-

sults obtained, through which we can quickly find the optimal
components of Sm-doped PMN-PT ceramics according to our
specific needs.

2. Method
2.1. Workflow of machine learning

The workflow of machine learning is shown in Fig. 1(a)
and the structure of the physics-embedded model is shown
in Fig. 1(b). Since we wish to establish a correlation from
material components to d33, the inputs to the model are the
solid solution ratios of PMN/PT and the doping amount of Sm.
The physics-embedded machine learning model is divided into
three parts, the first part predicts each of the intermediate vari-
ables based on the model inputs. Intermediate variables need
to be set based on physics knowledge, which is the most cen-
tral part of physics-embedded machine learning. It was men-
tioned that Tc and d33 have strong mutual constraints,[24] so
we choose Tc as one of the intermediate variables. Accord-
ing to the formula d33 = 2εPsQm,[9] the dielectric permittiv-
ity (ε)[25] is added to the intermediate variables. Constrained
by the experimental data, we abandon the electrostrictive co-
efficient (Qm) and use remnant polarization (Pr)[26] and coer-
cive field (Ec)[27] to model the role of spontaneous polariza-
tion (Ps). Microstructures such as the grain boundaries, the
order of grain orientation and domain structures, etc. play
important roles in determining the properties of piezoelectric
ceramic materials,[28] and it is very important to investigate
the effects of the above microstructures in the long term. To
consider such factors in the machine learning model, we need
enough experimental data to summarize the key information
in the microstructure. However, our work is based on pub-
licly available experimental datasets, so we do not have ac-
cess to detailed information about the microstructure. On the
other hand, the minimum energy of the system corresponds to
a random grain orientation[9,29] and most of the doped Sm is
in the lattice of the grains, which does not change the grain
orientation or boundaries. Since the model is to study PMN-
PT ceramics doped with different concentrations of Sm, grain
orientations and boundaries are not considered. The second
part uses the activation function[30] to deal with the intermedi-
ate variables obtained in the first part, which gives the whole
model the ability to learn nonlinear patterns of change. Finally,
the results can be obtained based on the activated intermediate
variables. The models for each step of prediction are trained
on experimental data. Limited by the sample size, all predic-
tions are realized by polynomial regression.

Another problem brought by small datasets is that chance
results may occur when verifying the accuracy of the model,
thus reducing the credibility of the validation results. To solve
this problem, we adopt a K-fold cross validation[31] approach
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to test the model, as shown in Fig. 1(c). Firstly, the samples
are equally divided into several groups, one of which is se-
lected as the test set for validation, and the other data are used
to train the model. Then, each set of data is rotated as a test set
and the above operation is repeated. In this way, we avoid the
limitations and peculiarities of a fixed division of the data sets,
and can reduce the risk of model overfitting.[32] It also greatly
avoids the occurrence of chance result.
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Fig. 1. Schematic of the machine learning approach in this paper.
(a) Workflow of machine learning. (b) Physics-embedded machine learn-
ing model structure. (c) K-fold cross validation.

2.2. Validation of results

In order to be able to quantitatively compare the differ-
ences in the accuracy of the predictions of different models, we
select the three most commonly used evaluation metrics in ma-
chine learning, which are R2

score,[33] root mean square error[34]

(RMSE) and mean absolute error[35] (MAE). The formulas are
as follows:

R2
score = 1− ∑

n
i=1 (yi− ŷi)

2

∑
n
i=1 (yi− ȳ)2 , (1)

MAE =
1
n

n

∑
i=1
|yi− ŷi|, (2)

RMSE =

√
1
n

n

∑
i=1

(yi− ŷi)
2, (3)

where yi is the true value of the sample, ŷi is the predicted
value of the sample, and ȳ is the mean of the true values. Ta-
ble 1 shows the prediction accuracies of different degrees in
each step of the polynomial regression, as measured by R2

score.
It can be seen that choosing the right polynomial regression
degree has a very strong impact on the prediction results. In
general, the degree of polynomial regression should not be ex-
cessive. Otherwise, it is easy to make the model overfitting,
which leads to the accuracy decrease.

Table 2 shows the validation results for the intermedi-
ate variables. As can be seen from the data in the table, for

the Curie temperature, the model has an amazing R2
score of

0.99, and the RMSE and MAE are 2.66 and 2.16, respec-
tively, which proves that the prediction results are very accu-
rate. Meanwhile, according to the evaluation metrics, it can be
seen that the model also predicts the results accurately for the
other three parameters.

In order to verify the reasonableness of the intermediate
variables set up in this paper through prior knowledge, Table 3
gives the changes in model performance after removing any
one of the parameters. From the data, the effect of remov-
ing any of the ferroelectric properties is not as great as the
dielectric constant. This may be due to the fact that there is
still some correlation between the ferroelectric properties, and
the effects of the deleted parameters can be compensated for
by the remaining parameters, while dielectric constants do not
have such a compensation mechanism.

Table 1. The R2
score of polynomial regression with different degrees.

Predicted target Degree = 1 Degree = 2 Degree = 3 Degree = 4

Tc 0.98 0.96 0.99 0.76
ε −0.18 0.77 0.43 0.4
Pr 0.68 0.65 0.82 0.65
Ec 0.88 0.8 0.65 −0.6
d33 0.91 0.8 0.21 0.52

Table 2. Validation of intermediate variables.

Parameters R2
score RMSE MAE

Tc 0.99 2.66 2.16
ε 0.77 1811 1374
Pr 0.82 0.99 0.85
Ec 0.88 0.35 0.27

Table 3. Performance variations of the physics-embedded model.

Model R2
score RMSE MAE

All-inclusive 0.91 98.3 80.8
Ignore Tc 0.90 100.6 83.9
Ignore ε −0.16 295.8 252.1
Ignore Pr 0.90 99.3 76.4
Ignore Ec 0.88 113.2 97.2

Next, we will compare the performance of physics-
embedded model and all-data-driven model. Due to the limi-
tation of the sample size, only a polynomial regression model
directly from material components to piezoelectric coefficients
can be chosen to represent all-data-driven models. Figure 2(a)
shows the evaluation parameters of the physics-embedded ma-
chine learning model and the all-data-driven model. As can be
seen from Fig. 2(a), there is a significant improvement in the
performance of the physics-embedded model compared with
all-data-driven model. R2

score is improved from 0.71 to 0.91,
and RMSE and MAE are reduced by about half. In order
to compare the predictions of the two models for each spe-
cific sample, we plot Fig. 2(b) based on the available data. In
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Fig. 2(b), the height of the columns means how much larger
the all-data-driven model’s error is than the physics-embedded
model. If the columns are downward, it means that the error of
the physics-embedded model is larger. Apparently, almost all
of the columns are upward and much higher than the down-
ward ones. This proves that the model in this paper is more
accurate in predicting the vast majority of the samples.

To visually compare the performance of the two models,
we validate both models with a series of visualizations. Fig-
ures 2(c) and 2(d) show the visualized regression results for
both models. The horizontal axis represents the true value of

the sample and the vertical axis represents the predicted value
of the model for that sample. That means that the closer the
coordinate point corresponding to each sample is to the line
y = x, the more accurate the model’s prediction of that sample
will be. When the coordinate points are on the line y = x, the
prediction is exactly equal to the true value. The line y = x is
labeled for easy observation. Obviously, the predicted results
of the physics-embedded model fit the regression line much
better, while the all-data-driven model even deviates from the
regression line at some points. This proves that the method
proposed in this paper is even better.
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Fig. 2. Validation results of the models. (a) Evaluation parameters of all-data-driven model and the physics-embedded model, including R2
score,

RMSE and MAE. (b) Error reduction of physics-embedded model over all-data-driven model on each sample. Visualization of predicted results
for all-data-driven models (c) and the physics-embedded model (d). Bland–Altman validation of all-data-driven model (e) and the physics-
embedded model (f).

Figures 2(e) and 2(f) show the Bland–Altman plots[36,37]

of the predictions of both models. In machine learning, Bland–

Altman analysis can be used to assess whether there is good

agreement between predicted and true values. The horizon-

tal axis of the graph represents the mean of the true and pre-

dicted values, and the vertical axis represents the difference

between the true and predicted values. The mean of all dif-

ferences is d (the green solid line), and the standard devia-
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tion of all differences from d is Sd . If the distribution of the
differences follows a normal distribution,[38] 95% of the dif-
ferences should lie between d − 1.96Sd and d + 1.96Sd (the
red dotted line). If the difference between the two sets of val-
ues is almost exactly within the range, this indicates that they
are in good agreement and that the machine learning predic-
tions reflect the true values well. All the differences of the
physics-embedded model are within range and more conver-
gent. In addition, the mean difference and standard deviation
of the physics-embedded model are also smaller than those of
the all-data-driven model, which indicates that our model is
better.

Table 4. Experimental validation results of Sm-doped 0.7PMN–0.3PT.

Sm concentration Experimental d33 Predicted d33

(mol%) (pC/N) (pC/N)

1 569 602.13
2 1018 1128.26

2.5 1406 1243.07
3 1287 1203.91

However, validation methods for the prediction results are
limited to the dataset only, which is insufficient. Therefore,
the model is validated again with experimental data from an-
other process. The experimental data used are d33 of 0.7PMN–
0.3PT ceramics with different Sm doping concentrations[11]

and the results of the experimental validation are recorded in
Table 4. Although there are few differences in the preparation
process, the results predicted by the model are still consistent
with the experiments (MAE = 97.4). And the variation rules
of piezoelectric performance for different components are also

matched. The reliability of the model in this paper is further
confirmed by experimental validation.

3. Results and discussion
3.1. MPB positions with different Sm doping amounts

Since Sm doping enhances the piezoelectric properties of
PMN-PT ceramics more significantly compared to other ele-
ments according to available literature,[23] we focus on Sm-
doped PMN-PT ceramics attempting to figure out the rules for
the variation of d33 and Tc with components. Firstly, we pre-
dict the d33 and Tc of Sm-doped PMN-PT ceramics at detailed
components by the model designed in this paper. Then we try
to find the exact location where the MPB piezoelectric peak
appears based on the above data. The predicted results of d33

as a function of PT content at different Sm doping amounts
are shown in Fig. 3. The data in light blue in Fig. 3 represents
that its PT content lies in the interval for which no experi-
mental data are available and is extended by machine learning.
The orange dotted line marks the locations of the MPB peaks.
Through Fig. 3 we can learn that with increasing Sm doping
amount, the position of MPB moves in the direction of de-
creasing content of PT. The reason for this phenomenon may
be that elemental doping changes the electronic structure and
lattice constants of the material, thus affecting the stability and
position of the phase boundaries.[39] In addition, the speed of
MPB position changing slows down with the increase of Sm
doping amount. When the Sm doping amount reaches about
2.5 mol%, the position of MPB no longer moves and stays
around PMN–28.4%PT.
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Fig. 3. Locations of MPB piezoelectric peaks in PMN-PT ceramics at (a)–(f) 1.25 mol%, 1.5 mol%, 1.75 mol%, 2 mol%, 2.5 mol%, 3 mol% Sm doping.
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3.2. Comprehensive performance at MPB

As mentioned earlier, piezoelectric coefficient and Curie
temperature are the two most important properties of piezo-
electric materials. In the following, we discuss the compre-
hensive performance of ceramics at the MPB based on the re-
sults obtained above. Figure 4 shows the d33 and Tc at MPB
for PMN-PT ceramics with different Sm doping amounts. The
darker green color in the graph means that the piezoelectric
coefficient is larger. It is clear that the maximum piezoelectric
coefficient (about 1321 pC/N) is achieved at 2.75 mol% Sm
doping when Curie temperature is not considered. The reason
that this value is smaller than the maximum value of the ex-
periment we consider to be due to the model needs to learn
the rules of variation of the data, and the extreme sample val-
ues must be close to the average value. In the predictions of
the model, the performance of this component is higher than
the component which achieves the maximum value in the ex-
periments. From a comprehensive performance point of view,
the piezoelectric coefficient increases faster and then slower
with increasing Sm doping. At the same time, the Curie tem-
perature is dropping slower and slower. When the Sm dop-
ing amount exceeds 2.75 mol%, the piezoelectric coefficient
turns to decrease, while Tc decreases sharply. In conclusion,
we believe that both 2.5 mol% Sm and 2.75 mol% Sm-doped
ceramics have good comprehensive performance at MPB.
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Fig. 4. The Tc and d33 at MPB of PMN-PT ceramics with different Sm
doping amounts.

3.3. Factors affecting piezoelectric coefficients at MPB

In the following, we attempt to explore the mechanisms
underlying the trends in d33 at MPB. To do so, we plot the vari-
ation of d33 with Pr, Ec, ε at MPB positions in Fig. 5. From
Fig. 5, it can be seen that d33 increases and then decreases
with the increase of Sm doping. Meanwhile, ε keeps increas-
ing while Pr and Ec keep decreasing. It seems that with the

increase of Sm doping, the trend of d33 is firstly determined
by the change of ε . When Sm doping exceeds 2.75 mol%, the
trend of d33 turns to be dominated by the decrease of Pr and Ec.
The variations of ε , Pr and Ec may be attributed to the effect
of Sm doping on the MPB position[10] (as we have shown in
Fig. 3), which further influence the d33. Specifically, the addi-
tion of Sm in PMN-PT creates perturbations in the local order
parameters such as polarization and strain, leading to hetero-
geneous polar regions and additional interfacial energies, this
leads to a more flattened average free-energy profile for the
entire Sm-doped PMN-PT system. Since the reciprocal of the
dielectric constant is equal to the second-order derivative of
the free energy curve with respect to the independent variable,
the flatter the free energy curve is, implying that the smaller
the curvature and the second-order derivative, the larger the
dielectric constant will be. Different MPB positions imply a
different number of possible crystal orientations, thus affect-
ing Pr. This also changes the difficulty of lattice deformation
and domain switching, which affects Ec.
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Fig. 5. The d33 with ε , Ec, Pr at MPB of PMN-PT ceramics with different
Sm doping amounts.

3.4. Database for finding the optimal components quickly

By machine learning, the d33 and Tc of Sm-doped PMN-
PT ceramics with detailed components in the intervals around
MPB positions were obtained. We have organized this huge
amount of data into a database so that we can quickly
find the optimal components of Sm-doped PMN-PT ceram-
ics according to the different requirements for d33 and Tc.
The database is openly available in Science Data Bank at
https://doi.org/10.57760/sciencedb.j00113.00106. In the fol-
lowing, we pick up the optimal components with the largest
d33 for Curie temperature intervals spaced at 10 ◦C from our
database. The results are shown in Fig. 6. It is generally
recognized that a higher Curie temperature leads to a lower
piezoelectric coefficient. However, according to Fig. 6, this
rule is broken in the intervals 55 ◦C to 75 ◦C and 135 ◦C to
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155 ◦C. Components within these two intervals may be con-
sidered to perform poorly. As an application, if we need to
prepare Sm-doped PMN-PT ceramics with a Curie temper-
ature less than 100 ◦C, the optimal component 2.25 mol%
Sm-doped PMN–29.8%PT can be found quickly by Fig. 6.
Meanwhile, the piezoelectric coefficient is expected to be up
to around 1200 pC/N. In addition to this, it is worth noting that
this database also allows us to pick up optimal components ac-
cording to other different needs.
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Fig. 6. Optimal components of Sm-doped PMN-PT ceramics and the corre-
sponding piezoelectric coefficients in different Curie temperature intervals.

4. Conclusion and perspectives
In conclusion, we obtained the piezoelectric coefficient

and Curie temperature of Sm-doped PMN-PT piezoelectric ce-
ramics with very detailed components by physics-embedded
machine learning. It is found that the MPB peak moves in the
direction of decreasing PT content with increasing Sm doping
amount. The component with the best piezoelectric property
is 2.75 mol% Sm-doped PMN–28.4%PT (about 1321 pC/N).
In this case, 2.5 mol% Sm-doped PMN–28.4%PT sacrifices
some of its piezoelectric property for a higher Curie tempera-
ture, and is also considered to have the same excellent compre-
hensive performance. In addition to this, we set up a database
based on model outputs, through which we can quickly find
the optimal components of Sm-doped PMN-PT piezoelectric
ceramics according to our specific needs. The method pro-
posed in this paper provides a new theoretical idea for predict-
ing the properties of ferroelectric materials. We expect this
method will contribute to the development of other ferroelec-
tric materials in the future as well.
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