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Abstract
An exposure tool, which is a key component in the ﬁeld
of optical microlithography for manufacturing semiconductor devices, has to align a silicon wafer to overlay
the previously formed patterns accurately. For that
purpose, the tool measures several marks on the wafer
and then estimates the grid parameters that represent
the arrangement of the patterns. In this paper, from
consideration of circumstance of exposure tools in device factories, we assume that the measurement data
are subject to a hidden Markov model, in which the
grid parameter vector of each wafer corresponds to the
hidden state vector at each time. We call this model
”Extended EGA(Enhanced Global Alignment) model”.
Based on this assumption, we classify the components
of the hidden state vector into several groups and propose an algorithm that treats each group separately.
We roughly estimate the model parameters that specify Extended EGA model using a small amount of real
data. By considering the estimates to be the true model
parameter values, we generate simulation data to compensate lack of real data. They are used for optimization of some algorithm parameters and options, and for
evaluation of dependence of the algorithm on some condition parameters, which include the number of samples and some of the model parameters.
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measures the positions of several marks on the wafer
and then estimates the grid parameters that represent
the arrangement of the previously formed patterns.
In our conventional method called ”EGA(Enhanced
Global Alignment)”, the ﬁrst order polynomial regression is applied for the estimation [1].
Recently, as higher accuracy is required for manufacturing higher density circuit devices, an exposure
tool has to cope with higher order factors. One of the
major factors is an outlier problem. For rejecting outliers, we developed an algorithm that utilizes the normal mixture models [2].
In this paper, we consider about another factor,
which is higher order distortion of pattern arrangement. From consideration of circumstance of exposure
tools in device factories, we assume that the measurement data are subject to a hidden Markov model, in
which the grid parameter vector of each wafer corresponds to the hidden state vector at each time. We
call this model ”Extended EGA model”. Based on this
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1. INTRODUCTION
Semiconductor devices such as memories, processing units and so on are manufactured by the lithography technology. An exposure tool that copies circuit
patterns from a mask to photosensitizer, which coats a
silicon wafer, is a key component for this technology.
Very high alignment accuracy is required so that the
patterns of the previous layer, whose typical line width
is 100nm, are overlaid with the patterns of the new
layer correctly. For that purpose, the exposure tool
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Figure 1: Exposure tool
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assumption, we classify the components of the hidden
state vector into several groups and propose an algorithm that treats each group separately. Every time
measurement of a wafer ﬁnishes, the algorithm calculates an estimate of the hidden state vector both on a
supposition that a transition of each group has occurred
and the opposite supposition that the transition has not
occurred. Then, the algorithm infers which supposition
is true using a penalized likelihood approach [3].
For optimizing some algorithm parameters and options, we can not use enough amount of real data. That
is because experiments interfere with customer’s productivity. Therefore, using a limited amount of real
data, we roughly estimate the model parameters that
specify Extended EGA model. The estimates are considered as the true model parameter values in generating simulation data to compensate lack of real data.
The simulation data are used not only for optimization of the algorithm but also for evaluation of dependence of the algorithm on some condition parameters,
which include the number of samples and some of the
model parameters. As a result of the simulation, we
found that, for our problem, a good penalty coeﬃcient
value of the penalized likelihood approach is twice as
large as the value that makes the approach equivalent
to AIC. It is approximately independent of the number
of samples, the transition probability of a group of components of the hidden state vector and the transition
amplitude of the group.
We explain an exposure tool and the conventional
EGA method in Section 2. In Section 3, We describe
Extended EGA model and estimate the model parameters, which are used for simulation data generation,
from a limited amount of experimental data. An proposed algorithm is described in Section 4. In Section 5,
we show simulation results that show the eﬀectiveness
of the proposed algorithm. Conclusions are in Section 6.
2. BACKGROUND
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Figure 2: Enhanced Global Alignment
alignment microscope, and then estimates the pattern
arrangement. Based on the estimated arrangement, the
wafer stage is positioned accurately when each shot is
exposed.
2.2. Enhanced Global Alignment
Though any wafer is pre-aligned before loading on
the wafer stage, it is not enough accurate for overlay.
Moreover, a wafer can extend or shrink by a little temperature variation. Therefore, at least, the shift, the
scaling and the rotation of a wafer have to be estimated.
Let the input vector, which is the designed position
vector of a mark, be x = (x(1) , x(2) )t , and let the output vector be y = xM − x, where xM is the measured
position vector of the mark (see Figure 2), we assume
that the output vector is subject to a polynomial regression model


2
|y − at φ(x)|
1
exp −
,
(1)
p(y|x) =
2πσ 2
2σ 2
where a is the K × 2 grid parameter matrix and
φ(x) is the K-dimensional polynomial vector
t

2.1. Exposure Tool
The area of an image of a mask is 26 × 33mm2 on
a surface of a wafer, whose radius is 150mm. An exposure tool (Figure 1) exposes dozens of shots covering
the whole on a surface of a wafer by stepping the wafer
stage. Alignment marks, which are to be measured before exposure of the next layer, are included in the mask
patterns and are copied to each shot on the wafer simultaneously with the other circuit patterns. Another
exposure tool, which exposes the next layer, measures
the positions of several marks on the wafer using the

φ(x) = (φ1 (x), φ2 (x), · · · , φK (x))
t

2
2
= 1, x(1) , x(2) , x(1) , x(1) x(2) , x(2) , · · · .
In our conventional method, the ﬁrst order terms
are employed, K = 3. The grid parameter matrix a
is estimated by the maximum likelihood method. Because x can be distributed over the whole of a wafer,
the amplitude of y concerned with any mark is much
smaller than the extent of x due to the pre-alignment.
Therefore, the ﬁrst order terms are enough to represent the shift, the scaling and the rotation of a wafer
approximately [1].

3. EXTENDED EGA MODEL
3.1. A Hidden Markov Model
Higher order distortion of pattern arrangement is
considered to be caused mainly from individual grid
diﬀerence of tools. Usually, each layer is exposed by
a diﬀerent tool because of eﬃciency of manufacturing.
Therefore, matching of pattern arrangement between
tools is important. Straightness of the mirrors, which
a wafer stage has for measurement of its position by
the interferometers, is strictly required(see Figure 1).
Therefore, the error from straightness of the mirrors is
calibrated and compensated in each tool. However, as
required accuracy become higher, residual distortion
becomes non-negligible. We assume from the above
consideration that the measurement data are subject
to the following model.
Because we assumed in (1) that the components
of the output vector, y (1) and y (2) , are independent
each other, we focus on one component of the output
vector for simplicity. Therefore, in this section and
the latter sections, we regard a as a K-dimensional
vector, and let the output scalar be y = y (1) . We use
an orthonormalized polynomial vector e(x) = Qφ(x),
where Q is a K × K lower triangular matrix that is
generated via the Gram-Schmidt procedure, so that
1
ej (xi )ek (xi ) = δjk ,
n i=1
n

where δjk is the Kronecker delta. The set of the input vectors {xi ; i ∈ [1, n]} is assumed to be common for
each wafer. The corresponding grid parameter vector
is

t
b = Q−1 a,
(2)
which satisﬁes at φ(x) = bt e(x) for arbitrary x.
Then, we classify the grid parameter components
into H groups. b and e(x) are represented as
t

and
b = bt1 , bt2 , · · · , btH
t

e(x) = e1 (x)t , e2 (x)t , · · · , eH (x)t
respectively, where bh is a dh -dimensional vector
that consists of the components belonging to the hth group, and eh (x) is a dh -dimensional vector that
consists of the corresponding polynomials.
Because b is not a directly observable, we regard
it as the hidden state vector of a hidden Markov
model. Assuming that the components belonging to
the same group make transition simultaneously, a hidden Markov model, which is called Extended EGA

Table 1: The variables and the parameters of Extended
EGA model and the parameters for simulation.
V

P

S

bh (s)
σ 2 (s)
b̃h
Σh
dh
qh
σh
σ̃ 2

the h-th group hidden state vector at s
observed noise variance at s
transition average vector of bh
transition covariance matrix of bh
dimension of bh
transition probability of bh
transition amplitude of bh , Σ h = σh2 1(dh )
constant true value of σ 2 (s)

model in this paper, is described as follows. The conditional density of the output scalar y given the input
vector x and the hidden state vector b at the time s,
which corresponds to the s-th wafer, is


2
exp − 2σ12 (s) (y − b(s)t e(x))

, (3)
p(y|x, b(s)) =
2πσ 2 (s)
and the conditional density of the h-th group hidden
state vector bh (s) given the one at the previous time
(s − 1) is
p (bh (s)|bh (s − 1)) = (1 − qh ) · δdh (bh (s) − bh (s − 1))

t


bh (s)− b̃h
exp − 12 bh (s)− b̃h Σ −1
h
, (4)
+ qh·
d /2
(2π) h |Σ h |1/2
where δdh (bh ) is the Dirac delta function that satisﬁes

W

δdh (bh )dbh =

0 if 0 ∈
/W
,
1 if 0 ∈ W

where W is a subset of dh -dimensional space. The
variables and the parameters of this model are shown
on Table 1. The upper two are the variables depending
on s and the middle four are the parameters. The lower
two appears in Section 3.2.
3.2. Determination of the Model Parameters
We employ a classiﬁcation as follows. The number
of the groups is H = 2. The ﬁrst group consists of the
three linear terms, d1 = 3,

t
e1 (x) = Q{1,3} 1, x(1) , x(2) ,
and the second group consists of the second and the
third order terms, d2 = 7,

t
u
v
e2 (x) = Q{4,10} · · · , x(1) x(2) , · · ·
(u, v ≥ 0, 2 ≤ u + v ≤ 3),

Table 2: The estimated grid parameter values of one lot that consists of ten wafers.
[u, v]
Ave.
dev.

[0, 0]
0.3630
0.0558

b1
[1, 0]
0.2273
0.0027

[0, 1]
-1.9043
2.5530

[2, 0]
0.0008
0.0005

[1, 1]
-0.0016
0.0006

where Q{j,k} is the extracted submatrix from the
l-th rows of the orthonormalizing matrix Q, which appears in (2), where l ∈ [j, k]. We also assume that a
transition of the ﬁrst group occurs every wafer, q1 = 1,
and a transition of the second group occurs probabilistically. Though the transition probability of the second
group q2 depends on a situation of the factory where
the tool is, we assume that the range of the parameter is q2 ∈ [0.001, 0.1]. We assume b̃h = 0(dh ) for
h ∈ [1, H], where 0(d) is the d × d zero matrix. This
is because valid estimation of b̃h is very diﬃcult. This
information is used only for simulation data generation
but not for algorithm development.
We assume Σ h = σh2 1(dh ) , where 1(d) is the d × d
identity matrix and σh is the transition amplitude of
the h-th group. We make σ1 = 0 in generating simulation data because it does not eﬀect upon evaluation
of the proposed algorithm described in Section 4. We
assume that the true value of σ 2 (s) is independent of
s and is equal to a constant σ̃ 2 . Now, what we have to
determine are σ2 and σ̃ 2 , which are listed on Table 1
as parameters for simulation.
We estimate these values roughly from the limited
amount of real data. We got data of a few lots of wafers.
Each lot consists of ten wafers that are exposed by the
same tool. Sixty-one shots on each wafer were exposed
and the marks of all the shots were measured in experiment. Table 2 shows the averages of the b(s) component estimators over the ten wafers of typical one of the
lots, and the deviations. The square root of the average
of σ 2 (s) and the one of the deviation are also shown. A
pair of numbers [u, v] in the second row indicates the
u
v
component corresponding to the term x(1) x(2) . The
values on the table are calculated after a normalization of the input vector so that the radius of a wafer
is equal to unity, and they are shown in micrometer.
According to Table 2, √
the norm of the average vector
of b2 is equal to 0.002 d2 approximately. Therefore,
we assume
√ σ2 = 0.002. According to the table, we also
assume σ̃ 2 = 0.003.
Table 2 also supports the assumption that b1 makes
transitions even if the wafers are exposed by the same
tool and b2 does not. Now, we can generate simulation
data. Our ﬁnal goal is development of an algorithm
that estimates the hidden state vector b(s), which corresponds to the grid parameter vector of the s-th wafer,

[0, 2]
0.0024
0.0004

b2
[3, 0]
0.0039
0.0003

[2, 1]
0.0015
0.0003

[1, 2]
-0.0010
0.0004

√
σ2

[0, 3]
-0.0008
0.0002

0.0028
0.0010

after the measurement of the s-th wafer.
4. ALGORITHM
4.1. Basic Concept
An algorithm we propose consists of two steps. The
ﬁrst step is estimation of the hidden vector both on a
supposition that a transition of each group has occurred
and the opposite supposition that the transition has
not occurred. The second step is inference of which
supposition is true. We explain them in the following
two subsections.
4.2. Hidden State Estimation
On a supposition that the transition of the h-th
group has occurred at s, the hidden state bh (s) is estimated by the maximum likelihood estimation,
1
yi eh (xi ).
n i=1
n

TR

b̂h (s) =

(5)

On the opposite supposition, according to (4), the
estimator of bh (s) should be
NT

b̂h (s) = bh (s − 1).

(6)

However we do not know the previous true state
bh (s − 1). We consider the following two options.
(A) Replace bh (s − 1) with the hidden state estimator
for the previous wafer b̂h (s − 1),
NT

b̂h (s) = b̂h (s − 1).

(7)


(B) Replace bh (s − 1) with the average of b̂TR
h (s )



where s ∈ [s , s] and s is the inferred time,
when the latest transition did occur, by the second step described in Section 4.3,
s

NT
TR
1
b̂h (s) =
b̂ (s )
s − s + 1   h

=

(s − s



s =s
NT
)b̂h (s − 1) +
s − s + 1

TR

b̂h (s)

. (8)

This is the maximum likelihood estimation under
the condition that all the inferences during s ∈
[s , s] were right.

4.3. Inference of Transition Occurrence

0.004

To infer which supposition is true, we use a penalized likelihood approach [3]. On each supposition, the
hidden state vector has been estimated by the previous step. We can calculate the log likelihood of each
supposition.
A penalized likelihood criterion, which is the sum
of the log likelihood and a penalty factor that is proportional to degree of freedom, is



dh ,
(9)
PL V T R = L − β(n) ·

0.003

h∈V T R

where L is the maximum log likelihood of a supposition, V T R is a set of integers such that
V T R = {h ∈ [1, H]; the h-th group makes transition
on the supposition} ,
and β(n) is a penalty coeﬃcient. The supposition
that has the maximum PL value is adopted. This approach is equivalent to AIC when β(n) = 1, and equivalent to BIC when β(n) = (1/2) log n [4, 5]. The penalty
coeﬃcient is to be determined based on simulation results discussed in Section 5.
5. EVALUATION
5.1. Common Condition for Simulation
We generate simulation data based on the result
in Section 3.2, and evaluate the proposed algorithm.
In each subsection that follows, we show a condition
parameter dependence. The values of condition parameters that are not speciﬁed in each subsection are
the following default values. Each evaluation consists
of a hundred trials, Mt = 100. Each trial consists of
the data of a series of two hundred wafers, Mw = 200.
Each wafer has sixty-one shots, N = 61. The marks of
twenty of the shots are measured, n = 20, except for
Section 5.3. The transition probability of the second
group is q2 = 0.01 except for Section 5.4, however, the
eﬀective value is ∼ q2 + 1/Mw because the transition
of the head of any series must occur. The transition
amplitude of the second group is σ2 = 0.002 except
for Section 5.5. As a hidden state estimation method
(see Section 4.2), option (B) is employed except for
Section 5.2.
The horizontal axis of each ﬁgure is the penalty
coeﬃcient β and the vertical axis is the square root
of the average of the generalization error over the Mt
trials. The generalization error is deﬁned as


Mw
N
2
t
1 
1  
∗
b̂(s) − b (s) e(xi )
G=
,
Mw s=1 N i=1
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Figure 3: State estimation option dependence.
where b̂(s) is the estimated hidden state vector and
b∗ (s) is the true one. The ﬁfth smallest value of the
Mt trials and the ﬁfth largest value are also shown as
an error bar.
5.2. State Estimation Option Dependence
Figure 3 shows dependence on selection from the
hidden state estimation options described in Section 4.2. It shows that in the case of option (A), the
penalty factor does not improve the generalization error. On the other hand, in the case of option (B), the
generalization error is improved if the penalty coeﬃcient is around two.
5.3. Sample Number Dependence
Figure 4 shows n dependence. Though the optimum
value of the penalty coeﬃcient slightly increases as n
decreases, The algorithm still shows good performance
if β = 2.
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Figure 4: Sample number dependence.
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Figure 5: Transition probability dependence.
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5.4. Transition Probability Dependence
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Figure 5 shows q2 dependence. Though the optimum penalty coeﬃcient slightly decreases as q2 increases, The algorithm still shows good performance if
β = 2.

0.001

5.5. Transition Amplitude Dependence
Figure 6 shows σ2 dependence. This shows that the
optimum penalty coeﬃcient depends on σ2 . However,
the algorithm still shows good performance if β = 2.
We did not evaluate dependence on another condition
parameter σ̃ 2 , which is the variance of the observed
noise. That was because
any variation that does not
√
change the ratio σ2 / σ̃ 2 does not eﬀect upon the optimal penalty coeﬃcient.

0
0
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Figure 6: Transition amplitude dependence.
hidden state vector such as the trend also should be
considered. An approach utilizing the Kalman ﬁlter
can be applied. This is another future work.
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6. CONCLUSION
We proposed an algorithm based on the assumption that the data of alignment for an exposure tool
are subject to a hidden Markov model, which is called
Extended EGA Model in this paper. We evaluated the
algorithm with the simulation data that are generated
based on estimation of the model parameters with a
limited number of real data. We conclude from the
evaluation that the algorithm performs well approximately independent of some condition parameters.
In this paper, assuming that the components of
the output vector, y (1) and y (2) , are independent each
other, we analyzed a model whose output vector is onedimensional. As a result of that, the rotation of x axis
and the one of y axis are assumed to be independent
each other. However, according to natural consideration, there must be strong correlation between them
actually. Development of an algorithm that considers
this fact is a future work. Minor transitions of the
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