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Materials Informatics for Process and
Material Co-Optimization

Fumiaki Tanaka , Hiroshi Sato, Naoki Yoshii, and Hidefumi Matsui

Abstract—In semiconductor manufacturing, fabrication
processes and their materials should be properly co-optimized
to achieve required processing results within reasonable devel-
opment duration and acceptable cost. Unfortunately, it is a very
time-consuming procedure, because the number of possible
combinations of process/material candidates is very large. Here,
we develop a methodology for co-optimization of processes and
their materials. We successfully constructed a prediction model
for dry-etching of high-k materials (R2 = 0.65). Also, it was
proven that considering both the materials and processes is
needed for accurate prediction of etching rates. By trying only
<0.00001% of all possible process/material candidates with this
model and Bayesian optimization, we can find new combinations
of gasses and their processes for more than 100 times higher
etching rates than that with a traditional gas/process condition.
Furthermore, we discussed that accurate prediction can be
made by using a combination of the Bayesian optimization
with LASSO and materials knowledge from related scientific
papers. Future work will focus on validating the versatility of
our methodology by applying it to other development items.

Index Terms—Materials informatics, process optimization,
semiconductor materials, artificial intelligence.

I. INTRODUCTION

RECENTLY, a new research field called “Materials
Informatics” has emerged, owing to tremendous

advances in big data analysis, machine learning, materials
database, and simulation techniques. In the field, novel mate-
rials that satisfy given requirements have been designed. For
several years, some inorganic materials such as battery com-
ponents have been successfully discovered [1]–[4]. Mo et al.
used first principles calculation to search for a component
of lithium ion battery [1]. Surprisingly, without any experi-
ment in a lab, they succeeded in finding a new material for
a solid-state electrolyte. Seko et al. also used first principles
calculation to search for materials with low lattice thermal
conductivities [2]. They found some promising materials for
thermoelectric applications in silico. Hinuma et al. designed

Manuscript received August 13, 2019; revised September 1, 2019 and
September 14, 2019; accepted September 18, 2019. Date of publication
September 24, 2019; date of current version October 29, 2019. (Corresponding
author: Fumiaki Tanaka.)

F. Tanaka, H. Sato, and N. Yoshii are with the Development Strategic
Department, Tokyo Electron Limited, Tokyo 107-6325, Japan (e-mail:
fumiaki.tanaka@tel.com; hiroshi.sato@tel.com; naoki.yoshii@tel.com).

H. Matsui is with the Simulation Technology Department, Tokyo
Electron Technology Solutions Limited, Yamanashi 407-0192, Japan (e-mail:
hidefumi.matsui@tel.com).

Color versions of one or more of the figures in this article are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TSM.2019.2943162

Fig. 1. Difference between traditional methodologies and ours. Our method-
ology co-optimizes both of materials and processes at the same time, while
previous works optimized one of them.

a novel crystal structure for a light-emitting material using
first-principles calculations [3]. They actually synthesized the
novel material and proved that it emitted red light as expected.
Nishijima et al. used density functional theory calculations to
design cathodes for lithium ion battery [4]. They proved that
the designed materials showed long cycle-life time as a lithium
ion battery. In these cases, the performances of materials were
decided by only the compositions or structures of materi-
als (this corresponds to the “Materials-Property/performance”
plane in Fig. 1).

In contrast, in the field of semiconductor manufacturing, the
fabrication processes as well as materials should be simul-
taneously optimized (in other words “co-optimized”). For
decades, advances in semiconductor manufacturing processes
have been increasing the number of materials used for device
production [5]. Unfortunately, this results in an exponential
increase of materials and their processes, and poses a dif-
ficult challenge to select the optimal combination from the
enormous number of options. This leads to increase the cost
and development period for device production in semicon-
ductor industry. This hampers the growth of semiconductor
manufacturing due to the reduction in business profits. To
address this, methodologies for process optimization were
well studied [6]–[8]. Chopra et al. developed a software tool
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for creating plasma etch recipes based on physical models
and Bayesian inference [6] and applied it to prediction of
the etching results [7]. They showed that the etching rate of
SiO2 with CF4/Ar gasses could be predicted (R2 = 0.63).
Suzuki et al. adopted machine learning approaches to optimize
the process results such as the uniformity of plasma enhanced
atomic layer deposition [8]. They succeeded in achieving the
target values and even outperforming the knowledgeable engi-
neers. However, these works focused on process optimization
rather than co-optimization of materials and their processes.
In other words, they searched for optimum solutions in the
“Processes-Property/performance” plane in Fig. 1. Although
the co-optimization is needed in semiconductor manufactur-
ing as mentioned above, such a methodology have not yet
been established.

Herein, the purpose of this study is to develop a method-
ology that can reduce cost and time of the process devel-
opment by co-optimizing the materials and their processes.
By achieving this, we can efficiently find the novel optimal
combinations of materials and processes that are difficult to
find through traditional trial-and-error techniques by engi-
neers. Such a methodology can decrease the number of
experiments and eliminate the cost and time of the pro-
cess development because they are approximately proportional
to the number of experiments. Previously, in International
Symposium on Semiconductor Manufacturing (ISSM), we
develop a predictive method to co-optimize the processes
and their materials by combining Bayesian optimization with
data extracted from scientific papers, experimental data, and
material databases [9]. Fig. 1 illustrates the novelty of our
work compared to previous studies. To optimize the property
or performance of materials and processes, we co-optimize
both of them. In contrast to the materials informatics and
process optimization mentioned above, we have focused
on searching for optimal solutions in the entire space in
Fig. 1, which consists of the “Materials”, “Processes”, and
“Property/performance”.

Here, we expanded our work to include latest results
and considerations associated with discussion in the confer-
ence. Although we could find some candidates of gasses
and processes for high-k etching, we were faced with two
issues: (i) the etching rate was below the target value,
and (ii) the candidates were not so non-trivial from an engi-
neers’ perspective, as pointed out by one of the conference’s
audience members. In this paper, we can find another promis-
ing candidate of gasses and processes for high-k etching.
Interestingly, the candidate differed from what human engi-
neers designed and resulted in 100 times higher etching rate
than that with a traditional gas/process condition. In addition,
we enriched “Discussion” section to clarify the effectiveness
of our methodology and updated “Introduction” and “Materials
and methods” to help the readers to understand.

II. MATERIALS AND METHODS

A. Methodology for Co-Optimization

Our methodology is illustrated in Fig. 2 with the example of
maximizing high-k etching rate. In short, the methodology can

Fig. 2. Schematic illustration of the methodology for process and material
co-optimization. Predictive model for etching rate (denoted by y) based on
machine learning, including three types of explanatory variables; those for
high-k materials (k1, k2, . . . , km), etching gas (g1, g2, . . . , gn), and etching
process (p1, p2, . . . , po). The function f is implicitly modeled in the case of
Bayesian optimization.

be divided into four parts; (1) producing a predictive model,
(2) co-optimizing based on the model, (3) performing exper-
iments according to the result of the co-optimization, and (4)
improving the predictive model with the obtained experimen-
tal data. After part (4), the procedure returns to part (2). By
repeating the procedures of parts (2-4), the predictive model
can be improved continuously. Each part of our methodology
is explained below.

In order to validate our methodology, we must choose an
appropriate development item for proof of concept such that
(1) the results depend on both materials and their processes and
(2) we can obtain enough training data to make a predictive
model. With these criteria in mind, we chose a development
item that searches for gas materials and their processes for
dry cleaning of high-k thin films (ZrO2, HfO2, and Al2O3).
In this case, the model predicts the etching rate from three
types of explanatory variables; those for high-k materials, etch-
ing gas, and the etching process. To co-optimize processes
and materials, a predictive model for the etching rate was
formulated using machine learning such as Gaussian process
regression (GPR). GPR is a nonparametric method to provide
a regression model [10]. Although GPR is based on a lin-
ear model, it can be expanded to a nonlinear regression model
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using appropriate kernels. We used a well-known kernel, called
“radial basis function (RBF)” to obtain a nonlinear predictive
model. GPR can consider even the interaction effect between
explanatory variables by using kernels, such as RBF. In fact,
GPR is known to be mathematically equivalent to some type
of deep learning algorithms [11]. Compared to other regres-
sion models, GPR shows some benefits, such as working well
on small datasets and can provide confidence intervals as
well as predicted values. These advantages among others are
well fitted to the problem addressed in this study. In particu-
lar, confidence interval values have proven to possess valuable
information since it describes the uncertainty of predictions.
Using predicted values and their confidence intervals, the most
promising parameters (i.e., combinations of materials and their
process parameters) can be estimated statistically as shown in
the red dashed line in Fig. 2. Using the suggested param-
eters, the next experiment is decided and then the result is
used to update the predictive model. Through a repetition of
this procedure, the predictive model is continuously improved
after each experiment, resulting in improving the suggested
parameters.

The detailed explanatory variables employed in this case
are listed in Table I. The variables of high-k materials and
gasses (e.g., bond strength) were extracted from two mate-
rial databases [12], [13]. However, there was no guarantee
that all explanatory variables in Table I were effective in the
accurate prediction of the etching rate. If invalid variables
were included in the predictive model, it could bring an over-
fitting, which may reduce the prediction accuracy. Thus, before
modeling, effective variables for etching rate prediction were
selected using one well-known sparse modeling method called
“Least Absolute Shrinkage and Selection Operator (LASSO)”.
This modeling method provides a linear regression model
while trying to produce zero coefficients when the correspond-
ing variable respond negatively to the prediction accuracy by
adding a penalty to the coefficient values [14]. Therefore, the
model can be used to exclude invalid variables that insignifi-
cantly contribute to the prediction. Note that we used LASSO
only to exclude invalid explanatory variables. Our predictive
model was constructed using GPR rather than LASSO, due
to the inability of LASSO to construct a nonlinear regres-
sion model. After variable selection by LASSO, we adopted
19 variables by excluding four invalid variables (as denoted
‘*’ in Table I). For the data used for the predictive model, we
used 36 pieces of our own experimental data and 335 pieces of
experimental data extracted from 24 scientific papers. Before
training the predictive model, the output data (i.e., etch-
ing rates) were normalized by the average (μ) and standard
deviation (σ) using the equation of (etching rate − μ)/σ.

With the model mentioned above, co-optimization of
the etching process and materials was done by Bayesian
optimization with Gaussian processes. Bayesian optimization
as described, is an optimization method used to search for
maximum (or minimum) values of black-box functions (i.e.,
functions whose shapes are unknown) [15]. This optimization
method typically uses the predictive values and their con-
fidence intervals obtained from GPR to suggest the most
promising candidate parameters that are expected to obtain

TABLE I
EXPLANATORY VARIABLES FOR PREDICTION OF ETCHING RATE

the maximum (or minimum) value of the black-box func-
tion. How the candidate parameters are promising is evaluated
by an acquisition function. In this study, we used a typical
acquisition function, known as “Upper Confidence Bound”,
with which parameters are considered to be the most promis-
ing such that the summation of the predictive value and its
confidence interval is maximum or minimum. Compared to
other machine learning approaches, the advantage of Bayesian
optimization is the use of confidence intervals to evaluate the
candidate based on an acquisition function. This advantage
is critical to search for extrapolated candidates that deviate
from a range of well-known parameters. As such, Bayesian
optimization suggests the most promising gas combination and
the process based on the predicted value and the confidence
interval (Fig. 2). The model was programmed in Python with
scikit-learn library.
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TABLE II
PROCESS CONDITIONS

As shown in Table I, we considered nine process parame-
ters, combined with two types of etching gasses, additive gas,
and carrier gas (Table I). All the combination of the candi-
date gasses is 359 (= 10 × 3 × 4 × 3 − 1, see the footnote
of Table I). Thus, the number of all possible combinations of
process/material candidates was 701,171,875 (= 59 × 359),
when each process parameter has five levels. Compared to
a traditional design of experiments based on orthogonal arrays,
Bayesian approach has some advantages in designing experi-
ments. First, Bayesian optimization can be used even when the
size of parameters and their levels are huge. In the case of this
study, it was difficult to utilize the traditional design of exper-
iments, since the number of parameters and their levels was
beyond the size of any orthogonal array. In addition, another
advantage of Bayesian optimization is its ability to use the lat-
est experimental result for designing the next experiment. By
updating the regression model after each experiment, the next
experiment is well designed through the complete utilization
of the experimental results. In contrast, with the traditional
approach, all experimental conditions are fixed through the
experiments until every experiments are done based on the
orthogonal array.

B. Validation of our Methodology

The predictive model obtained by GPR was evaluated sta-
tistically using the following typical indicators accompanied
with a scatter plot of observed vs. predicted values:

• Coefficient of Determination (R2):
(

spe
spse

)2
,

• Root Mean Square Error (RMSE):
√∑N

i=1(predi−expeli)2

N ,

• Mean Absolute Error (MAE):
∑N

i=1|predi−expeli|
N ,

where spe denotes the covariance between predictions and
experiments; sp and se denote the standard deviation of
predictions and experiments, respectively; and predi and expeli
denote the i-th prediction and experimental values, respec-
tively. The predictive values were estimated by leave-one-out
cross validation, where one of the data is used as a test data,
while the others are used to train the model.

The suggested gasses and processes were experimentally
tested whether high-k films can be etched with the condi-
tions. Sputtered high-k films (∼1 μm) on a sapphire substrate
were processed with a remote plasma source in an electric
furnace under the suggested condition. The process condi-
tions are listed in Table II. We tried 55 conditions (i.e., gasses
and processes) to maximize the etching rates of high-k films
based on the co-optimization procedure mentioned above. The

Fig. 3. Comparison between predictions by the model and experimental
data from our laboratory and published research.

target value of the etching rate was more than 500 nm/min.
Unfortunately, 335 pieces of data obtained from the 24 sci-
entific papers could not achieve this target. Thus, to achieve
the target, the extrapolated data should be explored in a region
deviated from the known parameters. In summary, the problem
we focused on was to achieve higher etching rate than that
of any training data within a limited number of experiments,
which was only 14.8% (= 55/(335 + 36)) of the total amount
of training data.

To evaluate the found materials and processes through
our co-optimization procedure, we compared with the results
obtained by a traditional gas combination and its process
provided by Nakamura et al. [16]. They etched a thin film
of HfO2 at 75 deg C using gasses of BCl3, Cl2, and O2
(37.5:62.5:5) with a total flow rate of 40 sccm at 5 mTorr
and achieved a relatively high etching rate of ∼150 nm/min.
To fairly compare with this result, we used the same gas
combination and their processes as much as possible.

III. RESULTS

With parameters listed in Table I, the predictive model can
estimate the etching rates of high-k films. Fig. 3 shows the
comparison between experimental values extracted from our
laboratory and published research and predicted ones esti-
mated by the model. The result indicated a high coefficient
of determination (R2 = 0.65), which was calculated with
371 pairs of predicted and experimental values. In general,
the coefficient of determination is considered as high accord-
ing to the interpretation of the R value, denoting that R ≥ 0.7
(i.e., R2 ≥ 0.49) can be regarded as “a strong linear relation-
ship” [17]. In addition, the value was equivalent to that of the
prediction by Chopra et al. [7]. They achieved a similar coef-
ficient of determination (R2 = 0.63) to predict the etching rate
of SiO2 with CF4/Ar gasses. In this case, the materials were
fixed, whereas process parameters were variable. In contrast,
in our case, both materials and process parameters are variable.
Nevertheless, the coefficient of determination achieved by our
model was equivalent to that of the model by Chopra et al.,
indicating that the coefficient of determination by our model
was sufficiently high. Furthermore, when we apply a simple
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Fig. 4. Comparing prediction accuracy when using (1) both etching process
and materials, (2) only materials, and (3) only the etching process.

outlier detection method, the extraordinary data (experimen-
tal value: 475 nm/min in Fig. 3) can be excluded because
the value exceeds the threshold (= average + 3 standard
deviation). When the data was excluded, the coefficient of
determination gets higher (R2 = 0.70). These results sup-
ported our hypothesis that the etching rates can be estimated
by material properties and process parameters. Furthermore,
RMSE and MAE were 29.4 and 15.0, respectively. The ratio
of RMSE to MAE was 1.96, which exceeded the ideal value of
1.25 when the model suffered from only the Gaussian noise.
This implied that more explanatory variables were needed to
predict the etching rates accurately (see Discussion).

In order to validate the effectiveness of considering both
etching process and materials (high-k films and gas), we inves-
tigated the prediction accuracies when using either etching
process or materials (Fig. 4). When considering both of them
together, the coefficient of determination was sufficiently high
between 9 to 19 explanatory variables (R2 > 0.64). In contrast,
when considering only one of them, the coefficient was quite
low (R2 < 0.33). Note that the former prediction accuracy was
better even when the number of explanatory variables was less
than that of the latter. This result demonstrates that consider-
ing both the etching process and materials is very important
in accurately predicting the etching rate. This also indicates
that co-optimization of the etching process and materials is
necessary in the field of semiconductor manufacturing.

Then, using Bayesian optimization, we could find some
new kinds of gas combinations to achieve high etching rate
(>1,200 nm/min). Fig. 5 shows the discovered gas combi-
nation and the resultant etching rates of HfO2. As shown in
the figure, the etching rates achieved by discovered gas com-
binations were 100 times higher than that of the traditional
gas combination obtained from the literature [16]. We empha-
size that only 55 experiments (equivalent to <0.00001% of
all possible process/material candidates) were needed to dis-
cover the new conditions. Furthermore, the achieved etching
rate (>1,200 nm/min) exceeded the target value (500 nm/min)
by performing only 14.8% of the times of experiments in the
total amount of the training data, although our previous work
did not achieve this target value [9].

To quantitatively compare with the conventional methodol-
ogy, we estimated the necessary number of experiments, which

Fig. 5. Discovered gas combination and resultant etching rates of HfO2
using discovered processes at 500 deg C. The condition on the left (BCl3+ Cl2 + O2) is a traditional one obtained from literature [16], although the
process is a little bit different, because high vacuum was not available.

is proportional to the cost and development time. For this
comparison, we hypothesized that an experimenter would try
the same gas combinations we used and optimize the process
parameters by using a traditional design of experiment. In our
case, we tried 15 gas combinations within 55 experiments. For
the process optimization in each gas combination, the exper-
imenter can utilize the L50 orthogonal array, which includes
11 five-level parameters. If the values of nine process parame-
ters in Table I are limited to five-level, the L50 orthogonal array
can cover them. In such a case, 750 (= 15 × 50) experiments
should be carried out in total. Therefore, under the hypothesis
mentioned above, we needed only 7.3% of experiments com-
pared to the conventional methodology. In other words, we
could eliminate 92.7% of cost and development time by the
methodology for efficiently co-optimizing materials and their
process parameters.

IV. DISCUSSION

Experimental values in Fig. 5 were much greater than
the predicted ones (e.g., the experimental value was
1,343.0 nm/min, while the predicted one was 46.6 nm/min
in the case of ClF3 and O2). This is because the found
gasses were obtained as a result of the exploration of extrap-
olated parameters. Because the target value (>500 nm/min)
was higher than any training data (i.e., mainly published
research) as shown in Fig. 3, we should search the extrapolated
parameters far from well-known parameters extracted from the
training data. In general, it is very difficult to accurately predict
the results of such extrapolated parameters with any machine
learning technique. Nevertheless, Bayesian optimization
worked well to find gasses and processes to increase the etch-
ing rate of HfO2. This was because the predictive model could
exclude unpromising parameters whose etching rates were
probably low and suggest the relatively promising ones even
if the prediction accuracy was not good due to their extrapo-
lation. As exemplified in Fig. 5, Bayesian optimization is one
of the appropriate tools for promising but unknown processes
and materials as a result of their co-optimization.

There are two important reasons for our methodology to
find appropriate conditions. One is a good selection of gasses.
We chose gas candidates according to the relevant papers.
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Therefore, promising candidates (halogens in this case) can
be selected in advance. Another reason is usage of LASSO to
decrease the number of explanatory variables in the predictive
model. Because it limited the search space consisting of
processes and materials, it can increase the search efficiency to
find good solutions within a limited time. In today’s semicon-
ductor manufacturing world, more than 61 elements from the
periodic table are used, which have resulted in an increased
cost of research and development [5]. The increased num-
ber of elements lead to an enormous number of materials
and associated processes, which can increase the research
and development duration. Thus, by efficiently optimizing the
combination of materials and their processes with smaller
number of experiments as demonstrated in this paper, the
research and development duration can be shortened, resulting
in a decrease in the costs.

To further improve the predictive model and the search effi-
ciency for appropriate gasses and processes, larger training
data sets are needed. In addition, inclusion of more model
parameters, such as increasing gas parameters, by-products,
and hardware properties are another promising approach to
improve the results.

Our methodology can be applied to totally different develop-
ment items (e.g., high-quality film deposition using CVD/ALD)
by changing the objective and explanatory variables if only we
had sufficient experimental data. If this can be done success-
fully, the research and development duration can be decreased
by the efficient optimization of materials and their processes.
In the future, we plan on validating the versatility of our
methodology by applying it to other development items.
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