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Abstract: Lithography processes have advanced steps that need to be controlled accurately in
order to achieve high production quality. The common approach is to have a setup phase in
which the optimal parameters for each step of the process are explored manually by an operator.
This paper introduces a process parameter selection system that can automate this exploration
phase. Since a semiconductor manufacturing process is too complex to model mathematically
as a whole, a model-based optimization technique is not preferred. Instead, a Gaussian process
(GP) based Bayesian optimization (BO) method is applied to optimize the process parameters
automatically. This method is designed according to the lithography process domain. To validate
the performance of the GP based BO method, optimization experiments are run for eight
different manufacturing processes. The results demonstrate that GP based BO obtains better
process parameters that reduce the overlay error, an important quality metric, by 6.01% or 0.4
nm compared to the one achieved with the manual parameter selection process. Furthermore,
the automated process parameter optimization requires much less expert user knowledge and
can be completed in a shorter time. Considering the fact that the semiconductor manufacturers
compete with each other with nanometric differences in features of their integrated circuit (IC)
designs, this improvement could give a significant advantage in practical applications.

Keywords: Bayesian optimization, Process Tuning, Applications in Semiconductor
Manufacturing

1. INTRODUCTION

Amanufacturing process control system aims at improving
the production process by tuning the process parameter-
s to meet a desired performance. Such control systems
gained more attention and importance since the com-
plexity of manufacturing processes increased (Rao, 2013).
Especially in an industry where production materials are
very expensive or there are very strict requirements on the
production quality, the manufacturing process needs to be
finetuned and controlled with a very sensitive and accu-
rate system. Tuning the process parameters is a difficult
optimization problem due to two reasons:

(1) It is not always easy to physically or mathematically
model a process as there are many variables depend-
ing on the environment and time.

(2) Investigating the effect of parameters on the pro-
duction requires either the physical manufacturing of
the products with the selected process parameters or
simulating the production process. While the latter is
completed in a relatively shorter time than the actual
production, it still takes a lot of time for complex
production tasks. Therefore, the objective function
of this optimization problem is expensive to evaluate.

This type of optimization problem exists in various appli-
cation areas such as pharmaceutical production, machin-
ing processes, and energy production. (Sano et al., 2019;
Maier et al., 2020; Baheri and Vermillion, 2017; Wang
et al., 2018).

Sano et al. (2019) studied to optimize the formulation of
orally disintegrating tablets in order to meet a desired
quality. They aimed at solving this problem without deal-
ing with the complexity of the possible formulations and
parameters. Therefore, they approached this problem as
a black-box optimization problem and applied Bayesian
optimization to solve it. The results demonstrated that
they succeed to eliminate the unnecessary formulation
steps and improved the process efficiency with the help
of the Bayesian optimization method.

Maier et al. (2020) worked on autonomous setup for turn-
ing processes. They aimed at finding the optimum process
parameters such as feed rate and cutting speed automat-
ically that ensure the minimal production cost. Instead
of modeling the turning process for fixed machines and
production environments, they targeted to follow a global
optimization method. Therefore, they used constrained
and unconstrained Gaussian process (GP) based Bayesian
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the automated process parameter optimization requires much less expert user knowledge and
can be completed in a shorter time. Considering the fact that the semiconductor manufacturers
compete with each other with nanometric differences in features of their integrated circuit (IC)
designs, this improvement could give a significant advantage in practical applications.

Keywords: Bayesian optimization, Process Tuning, Applications in Semiconductor
Manufacturing

1. INTRODUCTION

Amanufacturing process control system aims at improving
the production process by tuning the process parameter-
s to meet a desired performance. Such control systems
gained more attention and importance since the com-
plexity of manufacturing processes increased (Rao, 2013).
Especially in an industry where production materials are
very expensive or there are very strict requirements on the
production quality, the manufacturing process needs to be
finetuned and controlled with a very sensitive and accu-
rate system. Tuning the process parameters is a difficult
optimization problem due to two reasons:

(1) It is not always easy to physically or mathematically
model a process as there are many variables depend-
ing on the environment and time.

(2) Investigating the effect of parameters on the pro-
duction requires either the physical manufacturing of
the products with the selected process parameters or
simulating the production process. While the latter is
completed in a relatively shorter time than the actual
production, it still takes a lot of time for complex
production tasks. Therefore, the objective function
of this optimization problem is expensive to evaluate.

This type of optimization problem exists in various appli-
cation areas such as pharmaceutical production, machin-
ing processes, and energy production. (Sano et al., 2019;
Maier et al., 2020; Baheri and Vermillion, 2017; Wang
et al., 2018).

Sano et al. (2019) studied to optimize the formulation of
orally disintegrating tablets in order to meet a desired
quality. They aimed at solving this problem without deal-
ing with the complexity of the possible formulations and
parameters. Therefore, they approached this problem as
a black-box optimization problem and applied Bayesian
optimization to solve it. The results demonstrated that
they succeed to eliminate the unnecessary formulation
steps and improved the process efficiency with the help
of the Bayesian optimization method.

Maier et al. (2020) worked on autonomous setup for turn-
ing processes. They aimed at finding the optimum process
parameters such as feed rate and cutting speed automat-
ically that ensure the minimal production cost. Instead
of modeling the turning process for fixed machines and
production environments, they targeted to follow a global
optimization method. Therefore, they used constrained
and unconstrained Gaussian process (GP) based Bayesian
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optimization in their methodology. Based on the experi-
ments, they concluded constrained Bayesian optimization
succeeded to setup the process parameters that minimizes
the production cost.

Baheri and Vermillion (2017) aimed at maximizing the
net energy production in the Airborne Wind Energy
(AWE) systems. The net energy is dependent on the wind
speed that changes with time and operating altitude of
the system. To find the optimal operating altitude, they
followed Bayesian optimization. As its surrogate model,
they used contextual GP (Krause and Ong, 2011) that
is capable to integrate the time varying nature of the
wind speed profile as a context information. Their results
showed that BO outperformed the conventional methods
used in altitude optimization.

Wang et al. (2018) studied to minimize NOx emission of a
coal boiler by using a data-driven approach. They treated
the relation between the NOx emission characteristic and
boiler operation parameters as a black-box function due to
the difficulty to model this relationship. They used a GP
model to optimize the emission level. The results demon-
strated the ability of GP to reduce the NOx emission by
31%.

As seen in these applications, Bayesian optimization has
become a prominent method to optimize the process qual-
ity by replacing the complexity of the original process with
a simpler model such as a GP. It is especially preferable
when the objective function in the problem is expensive
to evaluate and therefore heuristics and stochastic search
methods cannot be followed.

Photolithography processes (i.e., integrated circuit micro-
fabrication) are even more complex than the process exam-
ples mentioned above. As seen in Figure 1, it is composed
of advanced mechanical, physical or chemical steps, which
are controlled by separate subprocesses. Each of these
subprocesses has parameters to be tuned to increase the
production quality. The current approach is to explore
the process parameters manually and select an optimal
parameter set based on the human expertise. However, in
order to reduce the time spent on the manual investigation
and to discard the biased human judgment, as well as
to mimimize expert intervention, a new methodology is
needed to optimize the lithography process parameters
automatically. Having multiple subprocesses contributing
to the performance of the final product makes it very com-
plex to model the end-to-end lithography process mathe-
matically. This hinders the use of any model-based opti-
mization technique. Instead, as a model-free method, the
Bayesian optimization is selected to optimize the process
parameters.

Fig. 1. Lithography process

This paper describes the application of Bayesian optimiza-
tion to improve the lithography process. In contrast with
the results reported above, to successfully apply Bayesian
optimization in this context important improvements to
the classical Bayesian optimization algorithm that were
reported in the literature needed to be included to han-
dle the increased problem complexity and speed up the
optimization process:

(1) Employing “gp hedge” that determine the optimal
acquisition function per iteration of the Bayesian
optimization to select better candidates (Hoffman
et al., 2011),

(2) Adopting a multi-sampling strategy to decrease the
optimization time and specifically using CLmax to
increase exploration (Ginsbourger et al., 2010),

(3) Using the Matérn kernel since it is capable of model-
ing less smooth real life objective functions combining
real-valued and categorical variables (Rasmussen and
Williams, 2006).

Section 2 describes the lithography process control prob-
lem in detail. Section 3 gives a brief explanation of
Bayesian optimization and Gaussian process and how
these methods are designed for the lithography process
control problem. It is followed by experiments and results
explained in Section 4. Finally, Section 5 concludes the
paper.

2. PROBLEM ANALYSIS

The lithography process is a complex process completed
on different machinery with various physical components
controlled by a complex software. Therefore, it is prone to
errors that cause malfunctioning in the manufactured ICs.

For an integrated circuit manufacturer, the quality of
circuit is as important as the production throughput.
Producing low-quality IC means wasting expensive semi-
conductor materials. Therefore, manufacturers perform a
configuration/setup process before starting to produce ICs
in high volumes. In the setup process, the manufacturer
produces sample ICs on a circular shaped silicon material
named wafer. The quality of these samples is measured
at various steps of the manufacturing process as seen in
Figure 2. From these measurements, the systematic error
(i.e fingerprint) resulting from the machine configuration
is captured. Then, corrections to the manufacturing setup
are calculated and sent to the lithography tool in order to
reduce this fingerprint impact for the ICs to be produced
in the upcoming production cycle.

Fig. 2. Setup Process
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optimization in their methodology. Based on the experi-
ments, they concluded constrained Bayesian optimization
succeeded to setup the process parameters that minimizes
the production cost.

Baheri and Vermillion (2017) aimed at maximizing the
net energy production in the Airborne Wind Energy
(AWE) systems. The net energy is dependent on the wind
speed that changes with time and operating altitude of
the system. To find the optimal operating altitude, they
followed Bayesian optimization. As its surrogate model,
they used contextual GP (Krause and Ong, 2011) that
is capable to integrate the time varying nature of the
wind speed profile as a context information. Their results
showed that BO outperformed the conventional methods
used in altitude optimization.

Wang et al. (2018) studied to minimize NOx emission of a
coal boiler by using a data-driven approach. They treated
the relation between the NOx emission characteristic and
boiler operation parameters as a black-box function due to
the difficulty to model this relationship. They used a GP
model to optimize the emission level. The results demon-
strated the ability of GP to reduce the NOx emission by
31%.

As seen in these applications, Bayesian optimization has
become a prominent method to optimize the process qual-
ity by replacing the complexity of the original process with
a simpler model such as a GP. It is especially preferable
when the objective function in the problem is expensive
to evaluate and therefore heuristics and stochastic search
methods cannot be followed.

Photolithography processes (i.e., integrated circuit micro-
fabrication) are even more complex than the process exam-
ples mentioned above. As seen in Figure 1, it is composed
of advanced mechanical, physical or chemical steps, which
are controlled by separate subprocesses. Each of these
subprocesses has parameters to be tuned to increase the
production quality. The current approach is to explore
the process parameters manually and select an optimal
parameter set based on the human expertise. However, in
order to reduce the time spent on the manual investigation
and to discard the biased human judgment, as well as
to mimimize expert intervention, a new methodology is
needed to optimize the lithography process parameters
automatically. Having multiple subprocesses contributing
to the performance of the final product makes it very com-
plex to model the end-to-end lithography process mathe-
matically. This hinders the use of any model-based opti-
mization technique. Instead, as a model-free method, the
Bayesian optimization is selected to optimize the process
parameters.
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This paper describes the application of Bayesian optimiza-
tion to improve the lithography process. In contrast with
the results reported above, to successfully apply Bayesian
optimization in this context important improvements to
the classical Bayesian optimization algorithm that were
reported in the literature needed to be included to han-
dle the increased problem complexity and speed up the
optimization process:

(1) Employing “gp hedge” that determine the optimal
acquisition function per iteration of the Bayesian
optimization to select better candidates (Hoffman
et al., 2011),

(2) Adopting a multi-sampling strategy to decrease the
optimization time and specifically using CLmax to
increase exploration (Ginsbourger et al., 2010),

(3) Using the Matérn kernel since it is capable of model-
ing less smooth real life objective functions combining
real-valued and categorical variables (Rasmussen and
Williams, 2006).

Section 2 describes the lithography process control prob-
lem in detail. Section 3 gives a brief explanation of
Bayesian optimization and Gaussian process and how
these methods are designed for the lithography process
control problem. It is followed by experiments and results
explained in Section 4. Finally, Section 5 concludes the
paper.

2. PROBLEM ANALYSIS

The lithography process is a complex process completed
on different machinery with various physical components
controlled by a complex software. Therefore, it is prone to
errors that cause malfunctioning in the manufactured ICs.

For an integrated circuit manufacturer, the quality of
circuit is as important as the production throughput.
Producing low-quality IC means wasting expensive semi-
conductor materials. Therefore, manufacturers perform a
configuration/setup process before starting to produce ICs
in high volumes. In the setup process, the manufacturer
produces sample ICs on a circular shaped silicon material
named wafer. The quality of these samples is measured
at various steps of the manufacturing process as seen in
Figure 2. From these measurements, the systematic error
(i.e fingerprint) resulting from the machine configuration
is captured. Then, corrections to the manufacturing setup
are calculated and sent to the lithography tool in order to
reduce this fingerprint impact for the ICs to be produced
in the upcoming production cycle.

Fig. 2. Setup Process

Depending on how well the fingerprint is captured, the cor-
rections and the quality of the newly produced microchips
changes. The performance of the fingerprint capturing is
dependent on the so-called control strategy parameters,
i.e. the underlying data processing and estimation meth-
ods that construct the fingerprint estimate. By improving
the control strategy parameters, the manufacturer can
improve the IC quality. More information regarding the
setup process can be found in Güler (2020).

2.1 Optimum Control Strategy Selection Problem

The IC manufacturing is a very long process; therefore, the
operators use software tools that can simulate the manu-
facturing process for a selected control strategy. However,
there are more than 30.6 million possible control strate-
gies for the considered lithography process. Even with a
simulation tool, it is impossible for a machine operator
to configure each possible strategy, observe the resulting
IC quality, and select the optimum one. Therefore, the
operators often investigate the common control strategies
that were used for the previous processes. However, in
separate setup processes, different circuit patterns can be
exposed. Since exposing different patterns may trigger dif-
ferent errors, the complexity of the underlying systematic
error may change. Hence, the control strategy that should
be used to estimate this systematic error may vary. As
a result, using the most common control strategies for
every setup process does not guarantee the expected IC
quality and operators need to investigate a lot more control
strategies.

Currently, this setup process takes approximately two
weeks even though a very small portion of 30.6 million
strategies is tried out. Additionally, an operator needs
to be highly trained on the semiconductor manufacturing
process in order to experiment on different control strate-
gies and select the best one.

Commonly changed control strategy parameters in the
setup process are:

• e, edge clearance
• n, number of sigma for overlay outliers
• th, max threshold
• nr, number of sigma for residual outliers
• t, time filtering factor [0-1]
• m, estimation model
• ov, overlay error simulated via Shadow Mode

The quality attribute that needs to be minimized is called
the overlay length (ov) error. The overlay error is the
misalignment between different layers of an IC in x and
y dimensions and the overlay length is the length of the
overlay vectors in x and y dimensions.

To summarize, the optimization problem at hand is as
follows:

minimize
(e,n,th,nr,t,m)

ov(e, n, th, nr, t,m) (1)

where ov is an unknown function of the control s-
trategy parameters with a Gaussian noise, i.e. ov =
f(e, n, th, nr, t,m)+ε, ε ∼ N (0, σ2) and σ2 is the variance
of the Gaussian noise.

Since the function between the control strategy tuples and
the overlay error cannot be expressed with a mathematical
formula, it is a black-box optimization problem. In this
problem, the function can only be evaluated with an
expensive-to-evaluate simulation tool. With its current
implementation and environment, one simulation cycle
takes 5 to 10 minutes to simulate the manufacturing
process with the given control strategy tuple. Therefore,
a smart control strategy sampling method needs to be
followed. In addition, all parameters of the control strategy
tuple except the smoothing factor can take discrete values.
Therefore, gradient-based optimization methods cannot
be used. Finally, the need for vectoral representation of
estimation models increases the number of dimensions of
the control strategy search space. Searching for a solution
in a high-dimensional search space makes the optimization
problem more challenging. To solve this problem a system
named Optimal Control Advisor (OCA) is designed and
implemented. The algorithms used in the OCA system are
explained in the next section.

3. BAYESIAN OPTIMIZATION AND GAUSSIAN
PROCESS

The BO algorithm initializes a surrogate function to model
the actual expensive-to-evaluate objective function. Based
on the initial surrogate function, a control strategy tuple
is selected and the objective function value (i.e. overlay
error) is evaluated at this point. This evaluation is used
to update the initial surrogate function. Based on the
updated function, a second control strategy is selected to
evaluate the objective function. This loop continues until
the optimization stopping condition is met. With each
iteration, the surrogate model approximates to the actual
objective function.

A Gaussian process (GP) (Rasmussen and Williams, 2006)
was selected as the surrogate model in the BO algorithm.
The GP uses a Gaussian distribution to model the actual
objective function. The mean of the distribution shows the
most probable value of the approximated function, where-
as the variance of it shows the uncertainty about this ap-
proximation. Figure 3 shows the approximated functions,
f , overlay measurements, ov, and vectoral representations
of the control strategy tuples, s.

Fig. 3. GP for overlay optimization with respect to the
control strategy tuples

The optimization performance of the OCA system depends
on five design aspects:

(1) Vectoral representation of a control strategy
(2) The prior distribution of the GP
(3) Tuning strategy for the hyperparameters of the kernel
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(4) The acquisition function (i.e. the strategy of selecting
the next best control strategy to evaluate the actual
objective function)

(5) Multi-sampling strategy

Each of these aspects are further explained in the following
subsections.

3.1 Vectoral representation of a control strategy:

A control strategy must be represented numerically to be
incorporated in the surrogate model calculations. ’Esti-
mation model’ was the only categorical parameter in the
considered control strategy tuple. An embedding repre-
sentation was selected to transform the properties of an
estimation model into a low dimensional vector.

This method was preferred over other methods such as
One Hot Encoding or Binary Encoding in order to reduce
the prblem dimensionality and to incorporate similarity
between models. However, it caused the GP to propose
phantom models, i.e, model vectors which do not corre-
spond to a valid estimation model. This required a re-
placement algorithm to change the phantom models with
the closest real models.

3.2 The prior distribution of the GP:

The prior distribution of the GP model is selected as
N (0,KM ), where KM is the Matérn kernel. The most
commonly used kernel in a GP model is the Squared
Exponential kernel. However, SE kernel is usually appro-
priate to model continuous objective functions because
it is infinitely differentiable; whereas, the Matérn kernel
can model the objective functions with varying smooth-
ness levels (Rasmussen and Williams, 2006, Chapter 4).
Since the overlay function over the control strategies has
discontinuities; the Matérn kernel is selected to model this
function.

σf , ν and l are the hyperparameters of the Matérn kernel.
σf is the amplitude of the Matérn kernel and ν determines
the smoothness of the kernel function, and, hence, the
surrogate model. l is the length scale parameter specifying
the distance of two points in the input space to have a sig-
nificant change in their function values. l is a vector of the
same dimensionality as the input of the GP. Each element
in the vector decides the length scale, or smoothness, for
a single parameter in the control strategy set.

3.3 Tuning strategy for the hyperparameters of the kernel:

The hyper-parameters were tuned at each optimization
iteration by maximizing the Log Marginal Likelihood
(Rasmussen and Williams, 2006).

3.4 The acquisition function:

The acquisition function of teh Bayesian optimization
algorithm determines the control strategy that will be
sampled in the next iteration of the overlay optimization.
There are three common acquisition functions used: (1)
Probability of Improvement (PI), (2) Expected Improve-
ment (EI), and (3) Lower Confidence Bound (GP LCB).

One outperforms the other depending on the optimization
problem at hand and the actual iteration of the optimiza-
tion process. Therefore, a method finding the optimal ac-
qusition function at each iteration, called “gp hedge” was
selected as the acquisition function (Hoffman et al., 2011).
In this method, the gain concept (gi, where i ∈ 1, 2, 3) is
introduced for the three acquisition functions mentioned
above. First of all, each of the acquisition functions are
asked to offer a sample candidate. The gains for these
candidates are initialized as zero. Based on these gains,
the probability of selecting each function is calculated
with the softmax function, σ(ηgi), where η is the weight
of each acquisition function. The candidate proposed by
the acquisition function with the highest probability is
selected as the next control strategy to evaluate. Then,
the true overlay error is evaluated for this control strategy
and the GP is updated with this data. Next, the gain per
acquisition function gi is updated with the overlay estima-
tion of the control strategy candidates proposed by each
acquisition function. These gains are used to calculate the
probability of selecting each function in the next iteration.
Since it is not feasible to evaluate the acquisition function
at each possible point in the control strategy domain,
an optimization algorithm named L-BFGS is used (Xiao
et al., 2008). This algorithm subsamples the search space
over which the the acquisition functions operates.

The “gp hedge” method increases the optimization quality
in return of the computation cost per iteration. However,
the control strategy sampling cost is negligible compared
to the evaluation cost of the true objective function.
The former takes approximately 13 seconds per iteration
whereas the latter takes 5 minutes or more per iteration
on average. Therefore, the additional overhead cost of “g-
p hedge” is not considered as an important disadvantage.

3.5 Multi-sampling strategy:

The overlay error simulation takes approximately 5 min-
utes for a given control strategy. An algorithm called Con-
stant Liar (CL) is used to sample more than one control
strategy per iteration and overlay errors for these samples
are simulated in parallel. The CL strategy finds a control
strategy that results in the highest gain according to the
selected acquisition function and assigns a fake function
value for this sample. Then, it updates the model with the
selected sample and its fake assignment. Function values
are calculated for the rest of the samples in the control
strategy search space and the strategy maximizing the
acquisition function gain is selected as the second sample.
This process repeats until the specified number of control
strategies are sampled for a single iteration. There are
three common fake function values used to assign to the se-
lected samples: the minimum, the mean, and the maximum
of the function values observed until that moment. Since
the last one (CLmax) assigns the worst function value to
the most promising sample, it triggers the model to explore
the search space in other regions than the initially sampled
strategy. Because of its exploratory nature, CLmax was
selected as a multi-sampling strategy for Optimal Control
Advisor system.

To sum up, the BO algorithm in combination with a GP
are selected for the optimum control strategy selection
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(4) The acquisition function (i.e. the strategy of selecting
the next best control strategy to evaluate the actual
objective function)

(5) Multi-sampling strategy

Each of these aspects are further explained in the following
subsections.

3.1 Vectoral representation of a control strategy:

A control strategy must be represented numerically to be
incorporated in the surrogate model calculations. ’Esti-
mation model’ was the only categorical parameter in the
considered control strategy tuple. An embedding repre-
sentation was selected to transform the properties of an
estimation model into a low dimensional vector.

This method was preferred over other methods such as
One Hot Encoding or Binary Encoding in order to reduce
the prblem dimensionality and to incorporate similarity
between models. However, it caused the GP to propose
phantom models, i.e, model vectors which do not corre-
spond to a valid estimation model. This required a re-
placement algorithm to change the phantom models with
the closest real models.

3.2 The prior distribution of the GP:

The prior distribution of the GP model is selected as
N (0,KM ), where KM is the Matérn kernel. The most
commonly used kernel in a GP model is the Squared
Exponential kernel. However, SE kernel is usually appro-
priate to model continuous objective functions because
it is infinitely differentiable; whereas, the Matérn kernel
can model the objective functions with varying smooth-
ness levels (Rasmussen and Williams, 2006, Chapter 4).
Since the overlay function over the control strategies has
discontinuities; the Matérn kernel is selected to model this
function.

σf , ν and l are the hyperparameters of the Matérn kernel.
σf is the amplitude of the Matérn kernel and ν determines
the smoothness of the kernel function, and, hence, the
surrogate model. l is the length scale parameter specifying
the distance of two points in the input space to have a sig-
nificant change in their function values. l is a vector of the
same dimensionality as the input of the GP. Each element
in the vector decides the length scale, or smoothness, for
a single parameter in the control strategy set.

3.3 Tuning strategy for the hyperparameters of the kernel:

The hyper-parameters were tuned at each optimization
iteration by maximizing the Log Marginal Likelihood
(Rasmussen and Williams, 2006).

3.4 The acquisition function:

The acquisition function of teh Bayesian optimization
algorithm determines the control strategy that will be
sampled in the next iteration of the overlay optimization.
There are three common acquisition functions used: (1)
Probability of Improvement (PI), (2) Expected Improve-
ment (EI), and (3) Lower Confidence Bound (GP LCB).

One outperforms the other depending on the optimization
problem at hand and the actual iteration of the optimiza-
tion process. Therefore, a method finding the optimal ac-
qusition function at each iteration, called “gp hedge” was
selected as the acquisition function (Hoffman et al., 2011).
In this method, the gain concept (gi, where i ∈ 1, 2, 3) is
introduced for the three acquisition functions mentioned
above. First of all, each of the acquisition functions are
asked to offer a sample candidate. The gains for these
candidates are initialized as zero. Based on these gains,
the probability of selecting each function is calculated
with the softmax function, σ(ηgi), where η is the weight
of each acquisition function. The candidate proposed by
the acquisition function with the highest probability is
selected as the next control strategy to evaluate. Then,
the true overlay error is evaluated for this control strategy
and the GP is updated with this data. Next, the gain per
acquisition function gi is updated with the overlay estima-
tion of the control strategy candidates proposed by each
acquisition function. These gains are used to calculate the
probability of selecting each function in the next iteration.
Since it is not feasible to evaluate the acquisition function
at each possible point in the control strategy domain,
an optimization algorithm named L-BFGS is used (Xiao
et al., 2008). This algorithm subsamples the search space
over which the the acquisition functions operates.

The “gp hedge” method increases the optimization quality
in return of the computation cost per iteration. However,
the control strategy sampling cost is negligible compared
to the evaluation cost of the true objective function.
The former takes approximately 13 seconds per iteration
whereas the latter takes 5 minutes or more per iteration
on average. Therefore, the additional overhead cost of “g-
p hedge” is not considered as an important disadvantage.

3.5 Multi-sampling strategy:

The overlay error simulation takes approximately 5 min-
utes for a given control strategy. An algorithm called Con-
stant Liar (CL) is used to sample more than one control
strategy per iteration and overlay errors for these samples
are simulated in parallel. The CL strategy finds a control
strategy that results in the highest gain according to the
selected acquisition function and assigns a fake function
value for this sample. Then, it updates the model with the
selected sample and its fake assignment. Function values
are calculated for the rest of the samples in the control
strategy search space and the strategy maximizing the
acquisition function gain is selected as the second sample.
This process repeats until the specified number of control
strategies are sampled for a single iteration. There are
three common fake function values used to assign to the se-
lected samples: the minimum, the mean, and the maximum
of the function values observed until that moment. Since
the last one (CLmax) assigns the worst function value to
the most promising sample, it triggers the model to explore
the search space in other regions than the initially sampled
strategy. Because of its exploratory nature, CLmax was
selected as a multi-sampling strategy for Optimal Control
Advisor system.

To sum up, the BO algorithm in combination with a GP
are selected for the optimum control strategy selection

and designed in the custom way explained in this section
to increase the overlay optimization performance. The
overlay optimization performance of the selected method
is investigated with a series of experiments, which are
explained in the next section.

4. EXPERIMENTS AND RESULTS

4.1 Experiment Setup

In the experiments, the optimization performance of the
GP-based BO algorithm is compared with the existing
manual selection method and the random search method,
which selects a control strategy randomly at every itera-
tion. Two performance criteria are used in the comparisons
as follows:

(1) the minimum overlay error that can be obtained as a
result of the 4-hour optimal control strategy search,

(2) the optimization time to reach at an expected overlay
error.

Each optimization runs until the stopping criterion is met.
For the first performance criterion mentioned above, the
optimization stops after optimizing for 4 hours; for the
latter, it stops when the user-selected overlay error is
achieved.

As explained in the problem analysis, each manufacturing
process introduces an overlay error on the IC and the over-
lay measurements taken from the produced ICs are used
as input to capture the fingerprints of the machines used
in the process. For the experiments, 8 syntetic datasets
are generated. These datasets represent the overlay mea-
surements resulting from 8 artifically designed manufac-
turing processes. Figure 4 is provided below to illustrate
the overlay measurements corresponding to two imaginary
manufacturing processes. The measurements are shown on
wafers on which the ICs are produced.

Fig. 4. Simplified overlay measurement examples from
imaginary manufacturing processes. Color scale: from
red to blue overlay measurements decrease.

The aim of the experiments is to find the optimum control
strategy set minimizing equation (1). For each of the 8
artificially designed manufacturing processes, 10 Monte
Carlo experiments are performed. The control strategy
that results in the minimum overlay error is reported as
the optimal control strategy for the given artificial process.

At beginning of each optimization run the Matérn kernel of
the GP is initialized with the following hyperparameters:

• σf - coefficient factor is set a default value as 1
• ν - smoothing factor is set a default value as 3/2

• l - length scale vector is initialized as the arithmetic
mean of the maximum and the minimum values that
each parameter can take.

At each iteration of the simulation, these parameters are
tuned with the Log Marginal Likelihood.

4.2 Results

Minimum overlay error: Table 1 shows the comparison
of methods with respect to the first performance crite-
ria, the minimum overlay error achieved within 4 hours.
The last column of the table indicates the improvement
achieved with the OCA system compared to the current
manual selection method.

A first comparison can be made between the manual
selection and the random search. In all cases except for
the Process I, the random search found a better control
strategy resulting in a lower overlay error than the manual
process found. On average, the minimum overlay error can
be reduced by 4.63% with the random search method.

A second comparison is between the random search and
the proposed OCA system and the manual selection and
the proposed OCA system. For all datasets, the BO algo-
rithm found a control strategy resulting in a lower overlay
error than the random search finds. On average, the per-
formance improvement of BO compared to random search
and to manual search is 1.46% and 6.01% respectively.

Table 1. Minimum overlay error comparison

Process
Overlay error (nm)

Improvement
Manual
selection

Random
search

OCA with
BO & GP

I 5.41 5.57 5.41 - %

II 5.15 5.00 4.99 3.11%

III 5.60 5.42 5.42 3.21%

IV 5.07 5.15 4.95 2.37%

V 5.07 5.10 4.94 2.56%

VI 5.12 5.03 4.98 2.73%

VII 5.07 4.93 5.03 0.79%

VIII 7.20 4.93 4.80 33.33%

Optimization time: According to the experiment results,
the average time to select an optimal control strategy
with manual search, random search, and the GP based
BO method are 2.5 weeks, 3.3 hours, and 1.7 hours
respectively. The detailed time comparison between the
random search and the BO is illustrated in Figure 5. In all
cases except for the Process VII, optimization time with
random search is at least 12% longer than BO. In some
cases such as Process IV and I, random takes even 3.2
or 5.2 times longer than BO. The comparison is based
on the 3rd quartile of the optimization time seen in the
figure. In short, BO takes 19.5% shorter time to find
an optimal control strategy than the random search on
average. Considering the work day as 8 hours, the manual
search requires 100 hours and the BO method reduces this
time by 98% down to 1.7 hours. This improvement looks
very promising. Therefore, it is recommended that manual
search results be validated for more production processes.

Discussion: To sum up, the OCA system with BO
algorithm and GP succeed to reduce the overlay error
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Fig. 5. Optimization time comparison

found in the current manual process by 6.01% or 0.4
nm. Note that this is a large overlay improvement in the
semiconductor industry where every nanometer counts.
Even reducing the overlay between the layers of an IC by
0.4 nm can prevent a short circuit on the IC and increase
the manufacturing process quality. The OCA system also
reduced weeks of investigation time to hours. The time
saved can be used by manufacturers to produce more
circuits, which will increase revenue.

5. CONCLUSION

This application paper illustrates how GP-based Bayesian
optimization can be used to automatically optimize the
process parameters (i.e control strategies) in an IC man-

ufacturing process. Optimization performance is deter-
mined by the overlay error. The use of an efficient search
space representation, the combined use of multiple acquisi-
tion functions and a multi-sampling strategy allowed for an
efficient optimization of the challenging problem at hand.
Simulation results showed that GP-based Bayesian opti-
mization results in better control strategies with the lowest
overlay errors compared to the current best practice within
the industry, i.e. random search and manual selection by
an expert operator. As a result, this paper demonstrated
the successful application of Bayesian optimization for
automated lithography process control.
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Güler, S. (2020). Bayesian optimization for lithography
process control strategy selection: optimal control advi-
sor. Ph.D. thesis. PdEng thesis.

Hoffman, M., Brochu, E., and de Freitas, N. (2011). Port-
folio allocation for bayesian optimization. In Proceed-
ings of the Twenty-Seventh Conference on Uncertainty
in Artificial Intelligence, UAI11, 327336. AUAI Press,
Arlington, Virginia, USA.

Krause, A. and Ong, C. (2011). Contextual gaussian pro-
cess bandit optimization. In J. Shawe-Taylor, R. Zemel,
P. Bartlett, F. Pereira, and K.Q. Weinberger (eds.),
Advances in Neural Information Processing Systems,
volume 24, 2447–2455. Curran Associates, Inc.

Maier, M., Rupenyan, A., Akbari, M., Zwicker, R., and
Wegener, K. (2020). Turning: Autonomous process set-
up through bayesian optimization and gaussian process
models. Procedia CIRP, 88, 306 – 311. 13th CIRP
Conference on Intelligent Computation in Manufactur-
ing Engineering, 17-19 July 2019, Gulf of Naples, Italy.

Rao, R.V. (2013). Advanced Modeling and Optimization
of Manufacturing Processes: International Research and
Development. Springer Publishing Company, Incorpo-
rated.

Rasmussen, C. and Williams, C. (2006). Gaussian Process-
es for Machine Learning. Adaptive Computation and
Machine Learning. MIT Press, Cambridge, MA, USA.

Sano, S., Kadowaki, T., Tsuda, K., and Kimura, S. (2019).
Application of bayesian optimization for pharmaceutical
product development. Journal of Pharmaceutical Inno-
vation, 15, 1–11.

Wang, C., Liu, Y., Zheng, S., and Jiang, A. (2018).
Optimizing combustion of coal fired boilers for reducing
nox emission using gaussian process. Energy, 153, 149 –
158.

Xiao, Y., Wei, Z., and Wang, Z. (2008). A limited memo-
ry bfgs-type method for large-scale unconstrained opti-
mization. Computers & Mathematics with Applications,
56(4), 1001 – 1009.


