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Abstract

Inverse lithography technology (ILT) synthesizes photomasks by solving an inverse imaging

problem through optimization of an appropriate functional. Much effort on ILT is dedicated to
deriving superior masks at a nominal process condition. However, the lower k; factor causes the
mask to be more sensitive to process variations. Robustness to major process variations, such as

focus and dose variations, is desired. In this paper, we consider the focus variation as a
stochastic variable, and treat the mask design as a machine learning problem. The stochastic
gradient descent approach, which is a useful tool in machine learning, is adopted to train the
mask design. Compared with previous work, simulation shows that the proposed algorithm is

effective in producing robust masks.

Keywords: inverse imaging, lithography, optical, proximity correction, robustness, stochastic

gradient descent, machine learning

(Some figures in this article are in colour only in the electronic version)

1. Introduction

1.1. Inverse lithography

With the continuous shrinkage of the circuit minimum
feature size, optical proximity correction (OPC) has been
developed as a widely used resolution enhancement technique
(RET) [1]. Instead of the edge-moving correction scheme
adopted by the conventional OPC, the inverse image synthesis
method has been used to calculate optimal masks in certain
process conditions, a method termed inverse lithography
technology (ILT), since the 1990s [2-5]. ILT optimizes masks
unconstrained by the topology of the original design [6],
and has shown great promise in meeting the challenges in
future technology nodes. Many algorithms on ILT have been
proposed in recent years. Granik formulated inverse mask
synthesis variously as linear, quadratic and nonlinear problems,
and classified methods solving these three problems [7].
Erdmann used a genetic algorithm (GA) to solve the inverse
mask and source optimization problem [8]. The level-set
method has also been explored as an effective approach [9],
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and an analysis on its numerical formulation and details of its
implementation have been published recently [10]. Poonawala
and Milanfar formulated the mask synthesis problem as a
steepest descent optimization [11], based on which additional
work has been done to refine its implementation [12—-16].
Zhang et al proposed an innovative iterative method recently,
flipping pixels guided by the first- and second-order derivatives
of the objective function [17]. These algorithms enrich the
tools available for solving ILT problems.

With a lower k; factor, process variations, such as focus
and dose variations, have caused more CD variations and
hotspots. However, most algorithms mentioned above are
designed for a nominal process condition only. Regularization
on process robustness and the mask manufacturability [18] are
still the main concerns before we can push inverse lithography
from ‘virtual virtuality’ to real-world manufacturing [19].

Nevertheless, some efforts have been made to enhance the
robustness to process variations. Multiple process conditions
are incorporated into current OPC recipes [20-23]. A defocus
aerial image model is proposed, but the analytical formulation
is only applicable on conventional edge-based OPC [24]. An

© 2010 IOP Publishing Ltd  Printed in the UK & the USA


http://dx.doi.org/10.1088/2040-8978/12/4/045601
mailto:elam@eee.hku.hk
http://stacks.iop.org/JOpt/12/045601

J. Opt. 12 (2010) 045601

N Jiaand E Y Lam

optimization framework for robust mask design with defocus
has been proposed [25] which optimizes the expectation of cost
functions under different defocus conditions by taking several
defocus samples. This numerical approach can generate masks
with superior performance in a range of defocus conditions
over those optimized at best focus. However, it requires more
computation, and is proportional to the sample size. In this
paper, we treat the mask optimization as a training process,
and adopt the stochastic gradient descent approach to optimize
more efficiently the mask with process robustness.

1.2. Stochastic gradient descent in machine learning

Machine learning is concerned with constructing programs that
automatically improve their behavior with experience [26].
In this work, we model the inverse mask synthesis with
process variations as a general machine learning problem. This
approach has been used in optical lithography, for example,
for hotspot detection [27] and variability prediction [28].
Neutral networks have also been applied to electron-scattering
proximity correction [29] and one-step rule-based OPC [30].
Recently, linear regression was used for a computationally
efficient OPC in the conventional edge-moving recipe [31].
However, in this paper for the first time, as far as we know,
inverse lithography is formulated into a machine learning
model for the purpose of solving the robust mask design
problem.

In machine learning, the objectives to be learned can be
functions, logic programs and rule sets, grammars, or problem
solving systems [32]. In general, we have inputs, outputs and
a system or a function, which maps from input to output, and
we want to approximate it by learning from a training set. If
the output of the training set through the system or the function
is known (provided by a supervisor), the learning process is
called supervised learning [33].

The learning process can be seen as minimizing the
training error by the least mean square (LMS), i.e.

F0) =) [1(B)— 16, BT, ()

l

where f = {B;} is the training set, I (B;) is the target output
for the training sample S;, and (@, ;) is the output from
the hypothesized system with its parameter vector 6 = {6;}.
The learning task is to train the hypothesized system to closely
agree with the true mapping by continuously updating 6. In
this paper, this represents the mask pattern to be optimized.
The possible defocus values compose the training set 8, and
the desired circuit pattern is the target output (the true mapping
of the training sample). In general [ is a function of Bi.
However, for our case, we will show later that [is independent
of B; because it represents the desired mask pattern under all
circumstances.

The training process amounts to minimizing an error
function, which is an average over all training samples,
as described in equation (1). Gradient-based searching is
a preferred algorithm to solve such a problem. Batch
gradient descent (offline training) updates the parameters after
calculating the gradients of all samples. On the other hand,

stochastic gradient descent (online training) is typically used to
fit parameters of a learning model by updating the parameters
with an instant sample each time [34, 35].

For batch gradient descent (BGD), 6 is updated by

pktD — g _ (b Z Vo Fi(0%), @)

where Vj is the gradient taken with respect to @, €® is
the learning rate, and VgE(0(k)) is the gradient when taking
a training sample f;. In our problem, the learning rate
can be replaced by a step size, which controls the amount
of each update. In equation (2), every update computes
gradients of all training samples. The learning process often
requires the size of the training set to be large enough for
precise approximation, which makes the batch gradient descent
method time-consuming.

For stochastic gradient descent (SGD), however, the
parameters are updated by the gradient of a single training
sample each time,

9(k+1) — o(k) _ G(k)VaF,'(a(k)). 3)

Compared to batch gradient descent, the parameters are
updated more frequently, and the convergence is faster.
Fluctuation will occur due to randomness inherent in the
process. We can smooth it out by setting constraints on the
variance of training samples.

In this paper, we model the robust mask synthesis with
focus variation as an online learning problem. By adopting the
stochastic gradient descent method, the mask is continuously
adapted to various focus conditions, and consequently gains
its robustness. The training process involves solving an
optimization problem. Therefore, in what follows, we will
first present the mathematical model of inverse lithography,
and then build the optimization framework to synthesize the
robust optimal masks. We also compare results generated from
the standard gradient descent method (GD), which optimizes
masks for a nominal condition, and a previous study on mask
robustness, with our method. The mask performance and
algorithm efficiency are discussed in detail.

2. Optimization framework for robust mask
synthesis

We use image synthesis to solve the mask design problem, and
the pixel-based representation is adopted. In this paper, all
images are represented by 2D matrices. We denote the original
design, the mask image, and the printed on-wafer pattern by I,
M, and I respectively. For simplicity, we assume a coherent
imaging system and a binary mask.

The optical lithography imaging system is illustrated in
figure 1. The light source illuminates the mask, projecting it
onto the image plane. The nominal image plane is located at
the focal plane. However, the location of the real image plane
fluctuates with respect to the distances from the main lens,
resulting in defocus aberration. The distance between the real
image plane and the focal plane is then the defocus denoted by
B. The projected image, which is also called the aerial image,
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Figure 1. The defocus model in an optical projection lithography system.
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Figure 2. Forward model of the optical lithography system.

is recorded on the wafer coated by the photoresist. The exposed
region of the photoresist then goes through a development
procedure to retain the imaged region on the wafer. According
to the above procedures, the lithography process is divided into
two parts, which are modeled by the mathematical descriptions
below.

The projection procedure is modeled as a mask image
convolved with the point spread function (PSF), as illustrated
in figure 2. For coherent imaging, the PSF is given by

H(x,y) = F{H(f, &)}, @)
where
- 1 hen /f2 + g2 < ¥4
Af.g) = eVl s S )
0 when |/ f2 4+ g% > 5=,

Here f and g are spatial frequency variables, NA the
numerical aperture, A the wavelength, and H is the optical
transfer function (OTF).

A lithography system with defocus is modeled as a phase
shift of the OTF in the frequency domain, i.e.

H(f, g; B) = H(f, g)e 7P, 6)

where j = +/—1. Here we obtain the PSF with defocus
H (x, y; B), which is the Fourier transform of H(f, g; 8). The
aerial image /4 is then calculated by

Ia(x, y; B) = IM(x,y) x H(x, y; B)I%, 7

where the symbol * denotes the convolution operator. The
action involving the photoresist can be modeled by a
continuous sigmoid function. Thus the printed pattern 7 is
represented by the output of a sigmoid function of the aerial
image, i.e.

1(x,y; B) = siga(x, y; B)) = {1+e @aler:P=t =11 ()

where « defines the steepness of the sigmoid function, and ¢,
is the threshold above which the photoresist is developed.

Given the forward system model and the original design,
the photomask design problem can be computed by solving
an inverse imaging problem using optimization. Without
considering process variations, a general approach is to
minimize the mean square error (MSE) of the printed pattern
I(x,y; B = 0) calculated at best focus with respect to the
target design I(x, v). In this paper, we aim to tackle a robust
photomask design problem by introducing the defocus as a
Gaussian distributed random variable. The imaging system
with defocus is no longer deterministic, but stochastic. In this
case, we minimize the expectation of the MSE

minimize & {||1 (x, y; B) — 1 (x, y)|13} o)
subject to M (x, y) € {0, 1}.

In equation (9), &g is the expectation operator with respect
to B, and || - || denotes the £, norm. Note that our work
is not just restricted to chrome-on-glass (CoG) mask. The
same framework can also be applied to attenuated phase-
shifting mask (PSM), where M (x, y) € {—0.2646, 1} [1], or
alternating PSMs, where M (x,y) € {—1, 0, 1}, although the
last case would make the computation more challenging.

The constraint M(x,y) € {0,1} makes the above a
combinatorial optimization problem. One common approach
is to relax this constraint to 0 < M(x,y) < 1.
Trigonometry is used to transform this optimization problem
to an unconstrained one as [11]

_ 1+cosb(x,y)

M(x,y) = 3 (10)

Consequently, the search for an optimal M (x, y) is equivalent
to finding the 6(x, y) which gives the minimum of the cost
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function

F =& :Z[I(x,y; ﬁ)—f(x,y)]z}. (11)

X,y

Due to the nonlinearity of equation (9), the analytical form of
the expectation is difficult to derive. So we approximate it by a
discrete form

F=Yn :Z[I(x, i B) — I (x, y)]z} .32

X,y

where 7n; represents the probability density function of §;.

If we treat F, § = {6(x,y)}, and B = {B;} in
equation (12) (where I (x, y; B;) is defined by 6 (x, y)) as the
error function, the parameters of the learning system, and
the observation samples respectively as in equation (1), the
search for a robust mask M then involves training the system
parameters 6 to adapt to a training set . The desired pattern
I(x, y) is the target output in a machine learning problem, and
the layout 7 (x, y; B;) is the hypothesized system output of a
training sample f;.

Notice that here 6(x,y) is a matrix with the same
dimension as M (x, y). The training is executed by iteratively
modifying the parameters 6(x, y) using the training set. As
mentioned in section 1.2, this is achieved through solving an
optimization problem, typically using gradient-based methods.
Thus the parameters are updated by the gradient of the error
function F, i.e., the derivative of F with respect to 6.

Let us use [, I, M, 6 and H(B;) to stand for I(x, y),
I(x,y; Bi), M(x,y), 0(x,y), and H (x,y; ;) respectively.
Given the discrete cost function in equation (12), the gradient d
to update parameters 6 equals Vg F, where (the full derivation
is given in the appendix)

oFr
VoF = — = —alZm{H(ﬁi)

*[I=DOI100—1)OMxH (B))]
+ H*(B)
*[I=DHOIOU—1)OM=xH(B))]} Osing. (13)

Here ©® denotes the pixel-wise multiplication, and H* is the
conjugate transpose of H. The parameter 6 is adjusted by
the weighted sum of gradients among all the samples in the
training set. In theory, the summation in equation (13) requires
an infinite sample of the defocus values {f;}. In practice, we
are limited to only a set of N such values, and n; for 1 <i < N
represents the normalized weights.

Equation (13) describes an application of batch gradient
descent in which the parameter 6 can only be updated after
calculating all the gradients of the entire set. This offers a
machine learning explanation to our previous study [25]. The
stochastic optimization problem described in equation (11)
is transformed to a deterministic one, which is the so-called
offline training. However, if a large data set is required the
computation for a single step update would be very time-
consuming.

As an alternative, we can use the stochastic gradient
descent to approximate d F'/96 more efficiently. As described

in equation (3), in every iteration step, the gradient is calculated
under a single focus condition. Mathematically, the kth update
is computed under f;, a randomly generated defocus value
following the distribution of the random variable 8, and the
gradient d® is therefore

dF (Bi)

k
dV = 0 —af{H (B)
[(I—DHolod—1)o MY xH*B))]
+ H*(B)
x[(I-DHolod-1)o MY xHEB)] osing®.

(14)

The stochastic gradient quantity o F(S;)/060 does not
equal the deterministic quantity d F/d6 in general [36]. The
gradient in equation (14) includes not only the difference
between the output and the target pattern as well as the
distortion due to diffraction, but also the amount of change
caused by a focus error ;. The mask is distorted continuously
each time by the gradient computed under a different defocus
value. Since f; is randomly chosen according to its zero-mean
Gaussian distribution, the training is dominated by defocus in
arange which is centered at best focus with a large probability.
The training therefore targets the on-wafer performance in the
most possible defocus range, leading to a gain in robustness.
For an extreme case of equation (14), where f; distributes as a
delta function around zero, the iteration reduces to the standard
gradient descent method that optimizes mask patterns at best
focus.

Given the form of the gradient, the parameter 6 is updated
by

0 (x,y) = 00, y) — e dV,y), (15

where € defines the step size, which can be a constant or
adaptive; we adopt the former in this paper. The resulting mask
is then

1 4+ cos 0%HD (x, y)
= 3 .

Following the above procedures described by equations (14)
and (15), 6 is continuously trained to be adapted to a series of
defocus samples.

M(kJrl)(x, y)

(16)

3. Result

We compare the results of our stochastic gradient descent
(SGD) algorithm with masks optimized by two other mask
design methods, one using the standard gradient descent (GD)
at the nominal focus condition [11], and one using several
defocus samples to generate robust masks [25]. The latter,
in machine learning, can be seen as a batch gradient descent
(BGD) application. We use Mg, Ms, Mg to represent the
optimized mask by GD, SGD, and BGD, and Ig, Is, Iz for
their corresponding output patterns respectively.

We choose three representative test patterns, including
contacts, multiple gates, and a complex one. The optimized
masks and their printed patterns at best focus and defocus are
illustrated in figures 3-5. The white background represents
the opaque region on the mask or the unexposed region on
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Figure 3. Results of pattern #1. Each row presents the optimized mask and its on-wafer patterns of one algorithm. From top to bottom, the
three rows show results of the standard gradient descent, stochastic gradient descent, and batch gradient descent, respectively. (a) Mask Mg
optimized by GD; (b) on-wafer pattern /g at best focus, P, = §; (c) on-wafer pattern /g at defocus 290 nm, P, = 129; (d) mask Mg optimized
by SGD; (e) on-wafer pattern /g at best focus, P, = 8; (f) on-wafer pattern 5 at defocus 290 nm, P, = 82; (g) mask My optimized by BGD;
(h) on-wafer pattern Iy at best focus, P, = 8; (i) on-wafer pattern /g at defocus 290 nm, P, = 82 and (j) pattern #1.

the wafer, while the black shapes are the mask pattern or the
printed circuit on the wafer. The robustness of the masks is
assessed by computing the pattern error P,, which evaluates
the closeness between the design and the actual circuit pattern
by counting the number of pixels with different values.

In this paper, we assume the focal error 8 follows a zero-
mean Gaussian distribution with standard deviation 150 nm,
and the step size € = 2.5.

3.1. Comparison with masks optimized at nominal conditions

The gradient descent method has been applied on inverse
lithography under the best focus condition [11]. This approach
can deliver on-wafer patterns close to the original design,
but the performance deteriorates significantly with defocus.
figure 3 illustrates the results of pattern #1, a two-rectangle
mask. The three images in the first row, from left to right,
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Figure 4. Results of pattern #2. The arrangement of subfigures is the same as that of figure 3. (a) Mask Mg optimized by GD; (b) on-wafer
pattern /g at best focus, P, = 55; (c) on-wafer pattern /g at defocus 360 nm, P, = 468; (d) mask Mg optimized by SGD; (e) on-wafer pattern
Is at best focus, P, = 54; (f) on-wafer pattern /g at defocus 360 nm, P, = 223; (g) mask Mg optimized by BGD; (h) on-wafer pattern /g at
best focus, P, = 67; (i) on-wafer pattern /g at defocus 360 nm, P, = 245.

are the optimized mask by GD, its printed on-wafer patterns at
best focus, and at defocus 290 nm, respectively. Following the
same order, the second row shows the optimized mask using
SGD and its on-wafer patterns, and the third row is for BGD.
Looking at the output patterns with no focus error, as
shown in figures 3(b) and (e), we can see that GD and SGD
give a similar performance of pattern fidelity. The rectangular
shapes are both well printed, with the same pattern error P,,
though in general there may be slight pattern fidelity sacrifice
on the mask optimized with our algorithm. When a 290 nm
defocus is introduced, there is visible difference between the
corresponding on-wafer patterns. The defocus bridges the two
separate contacts together in (c), while in (f) the two rectangles
are still distinct. Pattern failure is avoided at this defocus level
by applying our algorithm. In addition, the P, of pattern #1 is
depicted in figure 3(j). The blue curve stands for the pattern
error made by mask Mg in (a), while the red curve delineates
the performance of mask Mg in (d). We can see that the latter
admits a wider range of small pattern error than the former.
Results for the other two patterns are shown in figures 4
and 5. For the four-gate pattern in the former, the output

(c) is printed with line-end rounding and deformation. Those
distortions are less in (f). In figure 5, the mask synthesized
for nominal conditions suffers line width narrowing at defocus,
which is shown in (c). The deviation is less serious in our
output in (f). From these test figures, we see that given similar
performance on the nominal printed patterns, the optimal
masks generated by our algorithm show a better performance
on the robustness.

3.2. Comparison with a batch gradient descent application

As mentioned in section 2, our previous investigation can
be seen as an application of batch gradient descent, where
we transform the stochastic problem to a deterministic one.
A series of defocus values are sampled to approximate the
expectation described in equation (13). Still using the above
test patterns, we compare it with the work in this paper.

Let us consider figure 3 again. From left to right, the
third row gives the results of the mask optimized by BGD, and
its outputs at best focus and defocus. Comparing with their
counterparts in the second row, which are the results generated
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Figure 5. Results of pattern #3. The arrangement of subfigures is the same as that of figure 3. (a) Mask Mg optimized by GD; (b) on-wafer
pattern /g at best focus, P, = 102; (c) on-wafer pattern /g at defocus 350 nm, P, = 607; (d) mask Mg optimized by SGD; (e) on-wafer
pattern g at best focus, P, = 123; (f) on-wafer pattern /s at defocus 350 nm, P, = 456; (g) mask My optimized by BGD; (h) on-wafer
pattern /g at best focus, P, = 104; (i) on-wafer pattern /g at defocus 350 nm, P, = 452.

by SGD, the printed patterns (e) and (h), as well as (f) and
(1), show similar performance both in terms of geometry and
pattern error P,. This similarity is further illustrated by the P,
curves in (j), where the green (BGD) and the red (SGD) ones
almost overlap. Similar conclusions can be drawn from the two
other patterns illustrated in figures 4 and 5.

While SGD and BGD show similar performance in terms
of pattern robustness, the former has a distinct advantage in
run time. Since BGD needs multiple samples to compute the
gradient for one update, it costs much more computation in
comparison. In our implementation, with iterations leading to
similar on-wafer performances, the computation time of mask
My is generally two to four times that of mask M.

4. Conclusion

This paper formulates inverse mask synthesis as a machine
learning problem, and adopts the stochastic gradient descent
approach to train the mask to be robust to focus variation.
Experimental results show that it has comparable performance
to our previous work, but requires less computation.
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Appendix. Derivation of the gradient

To derive the gradient in equation (13), we first give some
useful results on some partial derivatives, i.e.

BSig(x) 0 1+C—¢]Y(r—r,-) 1 < 1 )
= =« 11—
0x ox [4e—ox=) [4e—o&=t)
= asig(x)[1 — sig(x)], (A1)
and
M (x,y)x H(x,y; i)}
IM(p,q)
_ a {Zm’n M@m,n)H(x —m,y — n; ,3[)}
B IM(p,q)
=Hx—-p.y—q:B). (A2)
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We can express the aerial image as

Ia(x,y; B) = IM(x, y) * H(x, y; B
=[M(x,y)* H(x,y; BIIM(x,y) * H(x,y; )]
= [M(x,y)* H(x,y; B)lIM(x, y) x H*(x, y; pi)]

since M (x, y) is real.

Therefore, the partial derivative of the aerial image with

respect to the variable 6 is

la(x, y; Bi)
a0(p. q)
M (x,y)x H(x, y; BOIIM (x, y) * H*(x, y; Bi)]
a IM(p,q)
IM(p,q)
0(p,q)

={[M(x,y)« H*(x,y; B)IH (x — p,y — q; Bi)
+[M(x,y)« H(x,y; B)IH*(x — p,y —q: Bi)}
—siné(p, q)
X 72 s
because M (p,q) = (1 +cosO(p, q))/2.

Since 1(x, y), 1(x,y; Bi), Ia(x, y; B, H(x, y; B;), and
M(x, y) are matrices of many variables, we use their short
forms I, I, 15, H and M for convenience in the following

derivations. Given the cost function

F=Zm:2(1—f)2},
i X,y

and the above derivations (equations (A.1)—(A.4)), the gradient

VF is therefore
oF ~ 0
—_— = i 2(0 — 1)—
i {2 < )ae}

0(p, q)
22(1 _h dsig(la) }
- 20

Zm
i

(A.3)

(A4)

(A.5)

_ ' e . L
= Zn ;201(1 DsigUnl1 = signl g5 = q)}
= > w1 > =20 — DsigUpI1 — sig)I(M * H*)
i X,y
xHx—p,y—q;B)
b (M« HYH (x — p.y — g; ﬂ»]%}

—a Zm{H(ﬂ»

x[I-DOITOU0—1)O M xH ()]
+ H*(B)
*[I=DHOIO—1)0MxH(B))I} Osin,

which is the expression in equation (13).
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