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Abstract—Inverse lithography technology (ILT) is an advanced
resolution enhancement technology (RET) approach that pushes
the limits of current process conditions to achieve smaller feature
sizes. This article presents an efficient ILT framework centered on
the concept of solving mask optimization problem from approxi-
mation to precision. First, low-resolution lithography simulation
is employed to guide ILT, generating a preliminary solution at
a low cost. Subsequently, high-resolution lithography simulation
is utilized for fine-tuning, and output the final correction results.
Additionally, we introduce a continuous correction scheme and
a hyperparameter selection strategy to enhance the adaptability
and robustness of the ILT solver for full-chip scale layouts.
For via layer patterns, we significantly improve the solver’s
performance by adopting a new high-resolution ILT approach
combined with a restricted optimization region. Experimental
results show that our method effectively reduces edge placement
error (EPE) violations and improves efficiency for ILT on full-
chip scale layouts. In the ICCAD 2013 benchmark, our method
outperforms state-of-the-art approaches, reducing L2 loss by at
least 1.3%. For via layer patterns, our method achieves a 98%
reduction in L2 loss and nearly triples the runtime efficiency
compared to its earlier version. Furthermore, it delivers an 8%
reduction in L2 loss and a 45% reduction in PVBand compared
to other existing methods.

Index Terms—Inverse lithography, optical proximity correc-
tion, multi-level lithography simulation.

I. INTRODUCTION

AS TECHNOLOGY nodes continue to shrink
while the wavelength of the light source remains

unchanged, the inconsistency between the printed shapes on
the wafer and the designed patterns becomes increasingly
pronounced, making it increasingly difficult to align them.
Inverse lithography technology (ILT) is a promising approach
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Fig. 1. (a) Shows the mismatch between the ILT loss and the L2 loss in last
10 iterations of ILT. (b) Indicates that skipping result-checking to select the
mask with the minimum L2 loss during low-resolution ILT does not degrade
the final outcome.

of resolution enhancement technology (RET) that has
the potential to extend the capabilities of the current
technology node and achieve smaller feature sizes. ILT
directly manipulates the layout pixels under the guidance
of lithography simulation, giving it greater flexibility in
mask correction compared to traditional model-based OPC.
In [2], [3], and [4], extensive experiments are conducted
to compare the correction capabilities of ILT and model-
based OPC. Experimental results confirm that ILT can reduce
hotspot patterns, greatly improve the process window, and
provide a larger depth of focus (DoF). While the finer
adjustment granularity of ILT offers many advantages, it
also introduces three significant drawbacks that hinder its
widespread adoption: high runtime overhead, poor mask
manufacturability, and unstable correction quality.

For high runtime overhead, recent methods have attempted
to address this issue in two ways: 1) using GPU acceleration
for optical simulations and 2) using deep learning to reduce
the number of iterations. In [5], the computational process
of forward optical simulation is modeled as a layer of a
neural network. By using PyTorch [6] to leverage the powerful
computational capabilities of GPUs, the optical simulation was
greatly accelerated, thereby speeding up ILT. In [7], the level
set-based method achieved more than a threefold acceleration
on GPUs compared to CPUs.

Due to ILT’s larger solution space, it requires more
iterations to achieve a satisfactory result. Recent deep
learning-based ILT approaches can be categorized into two
types: 1) image generation-based methods, which use neu-
ral networks to predict an initial solution and thereby
reduce the number of iterations [8], [9], [10] and 2) neu-
ral ODE-based methods, which employ neural networks
to imitate the ILT process and simplify the computations
involved [11], [12], [13].
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For image generation-based methods, they first utilize
generation models such as U-Net [14] to predict a good initial
solution for ILT, and then use a small number of iterations
to adjust the final output. In [8], a generative adversarial
network (GAN) is introduced to enhance the robustness of
image generation. In [5], a pretrained U-Net model is used as
the backbone model and integrated with a ILT layer for layout
correction. In [9], a deep model is proposed for mask prediction,
and then the predicted mask is further optimized using the GPU-
accelerated level set-based method [7]. These prior works have
demonstrated runtime benefits by employing deep models for
initial mask prediction. However, due to the inherent uncertainty
of neural networks, the quality of the predicted masks cannot
be guaranteed. Although the initial solution will be further
optimized by subsequent rigorous ILT iterations, a poor initial
solution may lead to a final mask quality significantly lower
than that produced by the original ILT.

For neural ODE-based methods, they learn to optimize the
iterative ILT solving process and significantly enhancing the
correction efficiency. In [12], “learn-to-optimize” framework
is proposed to unroll the iterative ILT process into a learnable
neural network. In [11], an implicit learning framework is
proposed to directly generate high-quality optimized masks
using lithography-conditioned inputs. These methods greatly
enhance the optimization efficiency of ILT, but they are heavily
dependent on a good numerical ILT solver to produce a high-
quality training dataset.

To improve the poor mask manufacturability resulting from
ILT, many efforts have been made. In [5], a loss term to
evaluate mask complexity is introduced to eliminate small
shapes around major features. In [9], a curvature penalty
term is introduced in the loss function, aiming to obtain
smoother shape boundaries. In [15], a spatial attention map is
introduced to avoid holes and outliers on the optimized layout.
In [15] and [16], an average pooling operation is applied
on neighboring pixels to eliminate small features. Although
these methods mitigate unwanted features to a certain extent,
unnatural curvatures and overly fine features still inevitably
exist in the final mask.

Additionally, experimental results reveal that the correction
quality of ILT is unstable during the optimization process,
with this issue being more pronounced on via layer patterns.
This instability arises because ILT employs approximations to
map binary mask images and wafer images into continuous
values between 0 and 1 using nonlinear functions. Therefore,
the loss value used during ILT (referred to as ILT loss) does
not fully reflect the difference between the wafer image and
the target image (referred to as L2 loss). And L2 loss serves as
a metric for assessing the printability of the mask. Fig. 1(a)
shows an example of the discrepancy between the ILT loss
and the L2 loss in the last 10 iterations of ILT. Although the
ILT loss continuously decreases, the L2 loss is smallest at
the second iteration. Therefore, like [8], [15], when a fixed
number of iterations is specified for ILT and the final corrected
result is used as the output, it may fail to satisfy the desired
correction requirements. In [5], after updating the mask image
in each ILT iteration, an optical simulation is conducted to
check the quality of the mask. While this ensures the quality
of the outputs, it significantly increases the runtime. In [11],

each step is designed to improve upon the previous one, but
this approach often becomes trapped in local optima.

In summary, achieving mask generation with high efficiency,
high quality, and good manufacturability remains the central
goal of ILT despite years of effort. To this end, we propose a
multilevel correction strategy for ILT to tackle the aforemen-
tioned challenges.

Runtime Efficiency: We conduct multiresolution lithography
simulations to guide ILT and optimizing the mask at different
granularities, aiming to improve the runtime efficiency. The
process begins with low-resolution ILT, guided by less precise
lithography simulations, and then transitions to high-resolution
ILT, which is directed by accurate simulations. Experimental
results show that with a scale factor of 4, low-resolution ILT
is about 18× faster than high-resolution ILT. This coarse-to-
fine correction scheme can accelerate ILT in various situations
without model pretraining. This multilevel ILT framework was
introduced in [1] as the preliminary work. Additionally, we
adopt the Adam optimizer to further enhance the efficiency of
mask optimization for via layer patterns. For the full-chip scale
experiment, we reduce the total runtime by selecting appro-
priate hyperparameter configurations. Although selecting the
hyperparameters requires some time, the improved efficiency
of the ILT solver with the optimal settings leads to an overall
reduction in runtime.

Manufacturability: To enhance the manufacturability of the
resulting masks, we employ an average pooling operation to
merge neighboring pixels. Additionally, we employ a restricted
optimization region to avoid generating too complex mask
patterns in this article. And it is shown that the obtained masks
is more regular and symmetrical than previous version.

Printability: In this article, we further advance the
performance of multilevel ILT for via layer patterns to achieve
higher printability. Given that via layer shapes are smaller
and more sensitive to adjustments compared to metal layer
patterns, even minor variations can cause significant discrep-
ancies in the wafer image. To address this issue, we introduce
a new high-resolution ILT, a continual correction scheme and
a hyperparameter selection strategy. First, we design a new
high-resolution ILT that incorporates result-checking in each
iteration. Although the final output mask has minimal ILT loss,
it may still fail to produce a satisfactory wafer image. This is
because the discrepancy between the ILT loss and the actual
L2 loss is larger in via layer patterns, as shown in Fig. 1(a). In
addition, the PVBand variation in the high-resolution ILT is
also small due to the smaller shapes of via patterns. Therefore,
we omit the PVBand calculation in the high-resolution ILT,
saving two optical simulations per iteration. As a result,
despite the new added result-checking step, the runtime of
high-resolution ILT is reduced by 20% while maintaining
the same number of iterations. Experimental results show
that omitting result-checking during low-resolution ILT has
minimal effect on the final outcome, as shown in Fig. 1(b).

Second, we introduce a continual correction scheme and a
hyperparameter selection strategy to enhance the adaptability
and robustness of the proposed ILT framework for large-
scale datasets. A large-scale dataset consists of hundreds of
tiles. While a fixed number of ILT iterations works well for
some tiles, it may not be sufficient for others to meet the
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desired specifications To address this, we introduce a continual
correction phase, which performs additional ILT iterations for
tiles that do not meet the correction requirements after the
main correction phase, as shown in Fig. 2.

For hyperparameter selection, we design features to identify
representative mask patterns from a large dataset and utilize
Bayesian optimization (BO) to determine optimal hyperparam-
eters based on these patterns. For smaller datasets, such as the
ICCAD 2013 benchmarks with only ten test cases, we directly
apply hyperparameter selection to achieve the best correction
results for each individual test case using the proposed ILT
solver.

In summary, the proposed ILT framework delivers high
computational efficiency while producing masks with excel-
lent manufacturability and printability. Unlike other machine
learning-based ILT methods [11], [12], it does not require
training data collection or model pretraining. Instead, it serves
as a numerical ILT solver that can be utilized to generate
training data for ML-based methods.

We apply ILT to a full-chip via layer layout, effectively
reducing edge placement error (EPE) violations and L2 loss.
We also conduct an ablation study on a large-scale dataset of
tiles cut from the same layout to demonstrate the effectiveness
of our approach. In the ICCAD 2013 benchmark, our
approach outperforms state-of-the-art methods, reducing the
L2 loss by at least 1.3%. For via layer patterns, the new method
achieves a 98% reduction in L2 loss and decreases the runtime
by nearly threefold compared to the preliminary version of the
proposed approach. Additionally, compared to other method,
our approach reduces the L2 loss by over 8% and the PVBand
by 45%. This article primarily improves the adaptability and
robustness of the original Multi-ILT method for large-scale
datasets, with a focus on via layer patterns.

The remainder of this article is organized as follows. In
Section II, we will present the background and evaluation
metrics used in ILT. In Section III, we propose the multilevel
ILT approach. In Section IV, we empirically study the
multilevel ILT behaviors. In Section V, experimental results
are presented. In Section VI, we conclude this article.

II. BACKGROUND

A. Forward Lithography Model

In this section, we introduce the forward optical simulation
process and the approximations made by ILT. The forward
lithography model maps the designed mask image M to the
wafer image Z, incorporating both the lithography model and
the photoresist model. The lithography model computes the
aerial image I representing the distribution of lithography
intensities. The photoresist model take the aerial image I as
input, and output the final wafer image Z. For simplicity, we
use a compact photoresist model with a constant threshold Ith,
as shown in the first line of (1). Because direct truncation
prevents gradient backpropagation, in ILT we approximate it
using the sigmoid function, as shown in the second line of (1).
Following the settings in [17], we set Ith = 0.225

Z(x, y) =
{

1, I ≥ Ith
0, I < Ith

≈ 1

1+ exp[−α × (I − Ith)]
. (1)

Another approximation introduced by ILT involves mapping
the binary mask to continuous values between 0 and 1,
allowing for the calculation of gradients, as shown in (2).
The approximations introduced in (1) and (2) are the primary
reasons for the discrepancy between the ILT loss and the
actual L2 loss. As a result, the mask obtained by ILT with the
minimum loss may not be the optimal solution for the layout
correction

M ∈ {0, 1}N×N ≈ 1

1+ exp
(−β × (

M′ − TR
)) . (2)

Lastly, we introduce the lithography model, which can be
approximated by the Hopkin’s model [18] as shown in (3),
mapping the mask image M to the aerial image I

I(x, y) ≈
Nk∑

k=1

wk‖hk(x, y)⊗M(x, y)‖2

=
Nk∑

k=1

wk

∥∥∥F−1(Hk � F(M))

∥∥∥2
(3)

where hk ∈ R
P×P represents the kth optical kernel, and wk

is the corresponding weight. Nk denotes the total number of
kernels used for the simulation. ⊗ denotes the convolution
operation, and � denotes element-wise multiplication.

The first line of (3) computes the lithography intensity by
convolving the optical kernel with the mask image in the
spatial domain, with complexity O(Nk · P2 · N2). It is well-
known that convolution in the spatial domain is equivalent to
multiplication in the frequency domain. Thus, computational
efficiency can be enhanced by using fast Fourier transforma-
tion (FFT), as indicated in the second line of (3).

F and F−1 represent FFT and inverse FFT, respectively.
Hk ∈ C

P×P is the frequency domain representation of hk,
and � denotes element-wise multiplication. We exclude the
high-frequency components of F(M) to enable multiplication
with Hk. The complexity of Hk � F(M) is O(P2). To restore
the original dimensions, the inverse FFT has a complexity
of O(N2 log N2). Thus, the overall complexity of lithography
calculation in the frequency domain is O((Nk+1)·N2 log N2+
Nk · P2). In our implementation, we use P = 35, N = 2048,
and Nk = 24. Given that P	 N, the bulk of the computation
is dominated by the Nk inverse FFTs.

B. Evaluation Metrics and Problem Formation

Definition 1 (Squared L2 Loss): Given the target image Zt

and the wafer image Znorm, the squared L2 loss is calculated
as ‖Znorm − Zt‖22. The wafer image Znorm is obtained under
nominal dose and focus conditions and will also be referred
to as “L2”.

Definition 2 (PVBand): The process variation band (PVB)
represents the XOR area between two aerial images, Zin and
Zout, generated under different conditions.

We adopt the same settings as [17]: Zin is generated under
the defocus and −2% dose condition. Zout is generated under
nominal focus and +2% dose condition.

Definition 3 (EPE): EPE is a metric used to evaluate the
distortion of the wafer image relative to the target image.
Measurement points are evenly distributed along the horizontal
and vertical contours of the shape on the target image. If theAuthorized licensed use limited to: Chinese University of Hong Kong. Downloaded on October 22,2025 at 15:15:49 UTC from IEEE Xplore.  Restrictions apply. 
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Fig. 2. Complete framework of our method.

vertical distance D(x, y) from the printed contour to the target
contour exceeds a threshold distance thr, it is considered an
EPE violation. This metric will also be referred to as ‘EPE’.

Equation (4) shows an example of EPE violation. We set the
threshold distance thr to 15 nm, following the setting of [17]

EPE(x, y) =
{

1, D(x, y) ≥ thr
0, D(x, y) < thr.

(4)

Definition 4 Mask Fracturing Shot Count: The mask
fracturing shot count represents the number of rectan-
gles used to replicate the optimized curvilinear mask
shapes [5]. This metric evaluates the complexity of mask
patterns.

Problem 1 (Mask Optimization): Given a target layout Zt,
our goal is to obtain an optimized mask M within an
acceptable runtime, aiming to improve both the printability
and manufacturability of the masks.

III. ALGORITHMS

A. Enhanced Multi-ILT Framework

The overall framework of our method is illustrated in
this section and shown in Fig. 2 and Algorithm 1. We first
perform low-resolution ILT with different scale factors si

from large to small to achieve computational efficiency.
Then, high-resolution ILT is employed to fine-tune the layout
and reduce mask complexity. The resulting output is then
checked to determine if it meets the required standards.
If it does not, the process enters a continual correction
phase (lines 3 in Algorithm 1). We detail the low- and
high-resolution ILT in Section III-B. Different loss func-
tions are adopted according to their different accuracy
requirements.

B. Multilevel ILT

First, we define two loss functions L used in ILT, as shown
in (5) and (6). The loss function (5) consists of two parts: the
first term calculates the L2 loss, and the second term calculates
the PVBand. Znorm is replaced by Zout in the calculation of
the L2 loss to save computation time and GPU memory during
the optimization process. For mental layer patterns, we use (5)
for both low- and high-resolution ILT. Because the shapes in

Algorithm 1 Two-Level Adaptive ILT
Input: iteration numbers in main correction {n1, n2};
iteration number of low-resolution ILT in continual cor-
rection n3; maximum number of epochs in the continual
correction phase N1.

1: low-resolution ILT(iters = n1, . . .); 
 Main correction
2: high-resolution ILT(iters = n2, . . .);
3: if result_check() == False then 
 Continual correction
4: repeat
5: low-resolution ILT(iters = n3, . . .);
6: high-resolution ILT(iters = n2, . . .);
7: if result_check() == True then
8: break;
9: else

10: compare_and_save_solution();
11: end if
12: i = i+ 1;
13: until i ≥ N1;
14: end if

(a) (b)

Fig. 3. Illustration of (a) high-resolution ILT and (b) low-resolution ILT.

the metal layer are relatively large, PVBand still needs to be
considered even in high-resolution ILT

La = ‖Zout − Zt‖22 + ‖Zin − Zout‖22 (5)

Lb = ‖Znorm − Zt‖22. (6)

In (6), we omit the calculation of PVBand. This equation
is used as the loss function in the high-resolution ILT when
correcting via patterns. Because via layer patterns are smaller,
PVBand does not change much, and SRAFs have already been
generated by the low-resolution ILT. Additionally, corrections
on via patterns are more sensitive to changes compared to
metal layer shapes, where even slight variations can cause
significant differences in the wafer image. Therefore, when
correcting via patterns, the high-resolution ILT focuses on fine-
tuning the main features to minimize the L2 loss as much as
possible. Experimental results show it will not significantly
increase PVBand on via patterns. The ILT algorithm for metal
layer patterns is the same as in [1]. In Algorithm 2, we
show the ILT algorithm specifically designed for via layer
patterns.

We then integrate low-resolution and high-resolution ILT in
the proposed framework to achieve computational efficiency
and improve mask manufacturability. High-resolution ILT
maintains the same computational complexity as conventional
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Algorithm 2 Multi-ILT on via Patterns

1: Input: Target image Zt ∈ R
N×N ; scale factor s; learn-

ing rate lr; Optimizer Optim(·); The maximum number
of consecutive iterations allowed in high-resolution ILT
without achieving a better solution Nt;

2: Zt,s ← AvgPool(Zt, kernel_size = s, stride = s);
3: M′

s ← Zt,s;
4: tol = 0;
5: repeat
6: Ms = fbinary

(
M′

s
)
;

7: if flag == 1 then 
 high-resolution ILT
8: M(x, y) = Upsample(Ms);
9: Znorm(x, y) = Litho(M);

10: Znorm,s = AvgPool(Z, kernel_size = s, stride = s);
11: Loss = ∥∥Znorm,s − Zt,s

∥∥2
2;

12: result_check
(
M′

s, Zt
)
;

13: compare_and_save_solution();
14: else 
 low-resolution ILT
15: Ms = AvgPool(Ms, kernel_size = 3, stride = 1);
16: Zout,s(x, y) = Litho(Ms);
17: Zin,s(x, y) = Litho(Ms);
18: Loss = ∥∥Zout,s − Zt,s

∥∥2
2 +

∥∥Zin,s − Zout,s
∥∥2

2;
19: end if
20: Gs = Optim

(
∂Loss
∂M′

s

)
;

21: M′
s = M′

s − lr · Gs;
22: until exit conditions are met.

ILT but generates simpler mask patterns. It performs average
pooling to merge pixels and simplify the mask patterns. The
downscaled mask and wafer images are then fed into the
loss function (lines 10 in Algorithm 2), and gradients are
computed to update the mask image. M′

s and Zs represent
the reduced mask and wafer images, respectively, with a scale
factor s. Afterward, the mask Ms is restored to its original
size to perform an accurate lithography simulation (line 7 in
Algorithm 2). The computation flow of high-resolution ILT is
illustrated in Fig. 3(a).

Since ILT employs nonlinear functions to map binary values
to floating-point values for gradient calculation, the loss value
does not directly indicate mask quality, as demonstrated
in Fig. 1(a). This discrepancy is especially significant for
via layer patterns. To address this issue, we incorporate
an additional result verification step in the high-resolution
ILT specifically for via patterns, despite adding one more
lithography simulation (line 11–12 in Algorithm 2). This step
is crucial since the output of high-resolution ILT serves as the
final correction result.

For the low-resolution ILT, lithography simulations are
performed every s pixel in both X and Y directions. It reduces
the dimensionality of the simulation, significantly saving time
while accepting a small loss in accuracy. Both the simulation
and optimization processes are performed at this reduced size
(lines 15, 16 and 20 in Algorithm 2), eliminating the need
for upsampling and downsampling steps in low-resolution
ILT. Litho(·) denotes the lithography simulation functions.
The low-resolution simulation is outlined in (7), where FN

Fig. 4. Binarized masks M using different TR. The L2 loss and PVBand of
the mask obtained from (a) are 50626 and 51465. The L2 loss and PVBand
of the mask obtained from (b) are 43452 and 46361.

represents the FFT with a transform dimension of N

I(sx, sy) =
Nk∑

k=1

wk · Ik

=
Nk∑

k=1

wk

∥∥∥F−1
N (Hk � FN(M))(sx, sy)

∥∥∥2
. (7)

In (7), much of the computation is wasted in the scaled-
down aerial image. According to the mathematical theorem,
reducing the spatial domain is equivalent to expanding the
frequency domain. Therefore, to avoid redundant calculation,
Ik in (7) can be computed using (8).

It is important to note that the transform dimension for the
inverse FFT in (8) is s× smaller than in (7). Using (8) to
obtain the aerial images significantly enhances computational
efficiency, as the majority of the computation time is spent on
the Nk inverse FFT operations

Ik(sx, sy) = F−1
N

(
1

s2 (Hk � FN(M))
(x

s
,

y

s

))

= F−1
N/s

(
1

s2 (Hk � FN(M))

)
. (8)

In our implementation, we use (9) to approximate (8), and
experimental results confirm the validity of this approxima-
tion. The runtime for 200 forward lithography simulations
using (3), (8), and (9) are 8.173, 0.767, and 0.466 s,
respectively. The high- and low-resolution ILT processes are
illustrated in Fig. 3. In Algorithm 2, the binary function fbinary
(line 5) and the smoothing pooling (line 14) will be detailed
in Sections III-C and III-D respectively

Ik ≈ F−1
N/s

(
Hk � FN/s(Ms)

)
. (9)

C. Binary Function

As discussed in Section II-A, it is essential to constrain
the pixel values of the mask between 0 and 1. Various binary
functions fbinary(·) have been studied. For example, [19] uses
the cosine transformation as its binary function, as shown in

M = 1+ cos M′

2
(10)

where M′ represents the mask to be optimized and M denotes
the incomplete binarized mask.

Due to the periodicity of (10), the initial learning rate
for ILT using (10) should be chosen carefully, otherwise the
optimization will have difficulty converging. Therefore, [20]
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Fig. 5. In (a), the blue and orange dots represent the values in M in the first
ILT iteration. They both use the sigmoid transformation but with TR = 0 and
TR = 0.5, respectively. b) Is their corresponding gradients.

Fig. 6. Visualization of mask fracturing results for the obtained masks in
case2 and case4 of the ICCAD 2013 benchmarks. The shapes within the red
boxes are replaced by rectangular bounding boxes during the post-processing
step to enhance manufacturability. (a) CASE 2. (b) CASE 4.

propose a monotonic sigmoid transformation as the binary
function, as shown in

M = 1

1+ exp
(−β × (

M′ − TR
)) (11)

where β and TR are hyberparameters. Most pixel-based ILTs
use the sigmoid transformation as its binary function and take
β = 4 and TR = 0.

In the initial iteration of ILT, the values in the binarized
mask M are {0.5,≈ 1}, while the values in the original mask
are {0, 1}. Due to this discrepancy, ILT assigns a large negative
value to the opaque areas of the optimized mask M′ after the
first iteration. This makes the generation of SRAFs on the
opaque areas challenging because the sigmoid function tends
to fall into local optima. As shown in Fig. 4(a), the binarized
mask M with TR = 0 after 40 ILT iterations results in areas
outside the main features being almost completely opaque with
no SRAFs. Although SRAFs may eventually appear after more
iterations, the process is very slow.

Therefore, we set TR = 0.5, making the initial binarized
mask M values {≈ 0.1,≈ 0.9}, which reduces the difference
from the original mask and facilitates the generation of
SRAFs. In Fig. 5, we plot the sigmoid transformation and
its gradient. In Fig. 5(a), the initial values of the binarized
mask M using TR = 0 and TR = 0.5 are represented in
blue and orange, respectively. In the first iteration, for the
sigmoid transformation using TR = 0, M(x, y) corresponding
to M′(x, y) = 0 not only deviates significantly from the initial
mask but also has the largest gradient value.

Fig. 4(b) illustrates the binarized mask using TR = 0.5
with the same settings as Fig. 4(a). The results indicate that
this improved binary function facilitates the generation of
SRAFs more effectively. Due to downsampling and pooling

Fig. 7. L2 loss and PVBand of mask (a) is 70308 and 69069. The L2 loss
and PVBand of mask (b) is 69043 and 70762.

operations, the SRAFs we generate are simpler in shape, as
demonstrated in Fig. 6. These simpler SRAFs enhance mask
printability without compromising manufacturability.

Since the values in the intermediate mask M ∈ (0, 1) are
continuous, a final binarization step is required to produce the
binary mask Mout. Equation (12) defines this final binarization
process, which is commonly used in many ILT methods [5],
[8], [9], [21]

Mout =
{

1, M ≥ tm
0, M < tm

(12)

where tm is the threshold value and set to 0.5.
The binary function (11) is applied during ILT iterations,

generating a mask with continuous pixel values in the range
(0, 1). While the binarization step (12) is performed after the
ILT iterations to convert the intermediate mask into discrete
binary values (0 or 1), producing the final mask.

In Fig. 4(b), the pixels corresponding to the main fea-
tures are very close to 1, which means they remain largely
unchanged in subsequent iterations. Our observations indicate
that adjustments to SRAFs dominate the later iterations of ILT.
However, due to the small gradients at each step, the number
of SRAFs appearing in the final mask Mout is limited.

To generate more SRAFs, we use a smaller TR for the final
output. Specifically, we use TR = 0.5 during optimization
and TR = 0.4 for the final binarization. The L2 loss
and PVBand results presented in Fig. 4 are based on these
settings.

D. Simplify Shapes via Average Pooling

Numerous studies have shown that there are many benefits
to adopting curvilinear mask shapes, which are superior to
rectilinear mask shapes in many measures of mask quality,
especially in terms of process variation band (PVBand) and
DoF. Reference [22] shows that smoothly changing the shapes
of contours can improve the PVBand of the optimized mask,
which also applies to ILT.

In this section, we introduce an additional pooling operation
designed to smooth shape contours in the low-resolution ILT.
This average pooling is performed on n × n adjacent pixels,
but with a stride size that is not equal to n. For instance, with
n = 3 and a stride size of 1, the input and output sizes remain
the same. This differs from the average pooling used in high-
resolution ILT described in Section III-B, which is specifically
intended for downsampling.
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TABLE I
EFFECT OF LEARNING RATE ON L2 LOSS FOR LOW-RESOLUTION ILT

By incorporating this operation, each mask pixel receives
averaged attention from its neighboring pixels, allowing
for more coherent adjustments based on their values. This
approach ensures that changes to each pixel are more gradual
and continuous, enhancing the overall smoothness of the mask.
In our method, where we introduce additional SRAFs into the
optimized mask, this smoothing operation becomes crucial for
simplifying the mask’s graphics.

In the low-resolution ILT process, we apply this pooling
operation (line 15 of Algorithm 2) after the binarization
step (line 6 of Algorithm 2), as illustrated in Fig. 3(b).
Experimental results demonstrate that this pooling effectively
prevents holes and fractures in the resulting masks.

Fig. 7(a) shows the mask image with pooling, while
Fig. 7(b) depicts the mask without pooling. Although the
mask without pooling exhibits a smaller squared L2 loss, it
also presents greater shape complexity. For optional post-
processing, we refine the final mask images by handling
excessively small and medium-sized shapes. For both metal
and via layers, shapes with a pixel area smaller than 1000
are removed. Additionally, for metal layers, medium-sized
irregular SRAFs with a pixel area between 1000 and 5000
are simplified by replacing them with their corresponding
rectangular bounding boxes. The post-processing step further
reduce the shot count, as shown in Fig. 6.

Additionally, the post-processing step does not significantly
degrade the quality of the correction results. For Fig. 6(a),
before post-processing, the L2 loss and PVBand are 27 231
and 37 388, respectively. After post-processing, they are 27 191
and 37 414. For Fig. 6(b), before post-processing, the L2 loss
and PVBand are 9130 and 22 383, respectively. After post-
processing, they are 9208 and 22 386.

IV. EXTENDED ALGORITHMS

The selection of hyperparameters plays a crucial role
in determining ILT’s performance. In the previous version,
hyperparameters were chosen manually. In this article, we
implement BO to automatically determine these values,
thereby enhancing the method’s robustness and adaptability.
We also find that replacing the SGD optimizer with the Adam
optimizer as the ILT engine significantly boosts correction
efficiency, particularly for via layers. In the previous work,
contour smoothing on via layer patterns sometimes causes the
disappearance of design features. To counter this, we introduce
a “positive region” to preserve these features. Furthermore,
when using the Adam optimizer, we restrict the optimization
region to improve the manufacturability of the resulting mask.

A. Hyperparameter Selection

The choice of hyperparameters plays a crucial role in
determining the correction effectiveness of ILT. In Table I, we

demonstrate how learning rates impact ILT performance, as
measured by the L2 loss. Suitable learning rates vary across
different layout types, and an inappropriate learning rate can
significantly degrade performance by increasing the L2 loss. In
the table, red boxes highlight poor learning rates, while green
boxes indicate acceptable ones. The first row, labeled “Metal,”
corresponds to case2 from the ICCAD 2013 benchmark [17],
while the second row, labeled “Via,” represents an example
from the via dataset.

To optimize hyperparameters effectively, we employ
BO [23]. For smaller layouts, BO can be used to find the
optimal solution achievable by ILT. For larger layouts, which
are divided into multiple overlapping tiles, a subset of repre-
sentative tiles is selected for BO. This approach ensures that
the hyperparameters are well-suited for consistent correction
across all tiles, balancing efficiency and accuracy.

Below, we explain our method for selecting representative
patterns to avoid homogeneity. First, we use domain knowl-
edge to manually design the following features to represent
mask patterns.

1) mean_area: average area of the shapes in the pattern;
2) min_area: minimum area of the shapes in the pattern;
3) thin_area: area of the shapes with small width;
4) num_shapes: number of shapes in the pattern;
5) pixel_density: pixel density of the pattern.

After obtaining the feature vectors, we apply KMeans clus-
tering. The pattern corresponding to the feature vector closest
to each cluster center is selected as a representative pattern.
For the selected tiles, BO generates 3 hyperparameter points
per iteration and runs for a total of 5 iterations. In each
iteration, the scores of all selected tiles are aggregated, and
the hyperparameters that yield the best score are applied to
the remaining tiles.

This hyperparameter selection strategy allowing our ILT
algorithm to adapt to various datasets and enhance its robust-
ness. Experimental results demonstrate that an appropriate
learning rate not only reduces the number of correction failures
but also improves correction efficiency. By decreasing the
number of patterns entering the continual correction phase, it
ultimately reduces the total runtime of ILT on the dataset.

B. Continual Correction

For large layouts, the chosen iteration counts are well-suited
for most tiles and are used during the main correction phase
(lines 1 and 2 in Algorithm 1). However, some tiles may still
fail to meet the correction requirements after this phase. To
address this, we introduce a continual correction phase (lines
3–13 in Algorithm 1) to further refine these tiles.

In the continual correction phase, the low-resolution ILT
is applied with a single scale factor and significantly fewer
iterations than in the main correction stage. The primary
purpose of the low-resolution ILT in this phase is to provide a
new starting point for high-resolution ILT, allowing it to escape
local optima. Additionally, we set a maximum number of
attempt epochs N1. If none of the attempts produce satisfactory
correction results, we retain the best result obtained (line 10

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on October 22,2025 at 15:15:49 UTC from IEEE Xplore.  Restrictions apply. 



4348 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 44, NO. 11, NOVEMBER 2025

Fig. 8. L2 loss and PVBand of mask (a) is 37335 and 48581. The L2 loss
and PVBand of mask (b) is 34351 and 50785.

Fig. 9. L2 loss and PVBand of mask (a) is 1921 and 11169. The L2 loss
and PVBand of mask (b) is 2044 and 7631.

TABLE II
COMPARISON OF SGD AND ADAM OPTIMIZER

in Algorithm 1). This adaptive approach ensures that all tiles
achieve the required correction quality.

C. Optimizers

The ILT process is similar to training a neural network,
where the pixel values on the layout can be seen as the weights
in a neural network. Therefore, we can use optimizers from
machine learning to calculate the update values in ILT. In
Table II, we compare the performance of SGD and Adam [24]
optimizer on ICCAD 2013 benchmark and a Via dataset. Both
datasets contain ten masks, and the numbers in the table are
the average metrics on these masks. The “Score” is the sum
of L2 and PVB, and L2, PVB and EPE are introduced in
Section II. For comparing the performance of ILT using SGD
and Adam optimizers, we employed the method outlined in
Section IV-A to select the suitable hyperparameters for each
optimizer to achieve optimal performance.

Based on the results presented in Table II, Adam out-
performs the SGD optimizer in both datasets. However, a
major drawback of ILT using the Adam optimizer is that the
output masks tend to be more complex, posing challenges to
mask manufacturability. The correction results of ILT on the
metal layer using Adam and SGD optimizers are compared
in Fig. 8. Therefore, it is necessary to define correction
regions to avoid generating too many SRAFs. The via patterns
exhibit relatively regular shapes, making it easier to specify
the correction regions, and thus more suitable for using the
Adam optimizer. Besides, ILT with the SGD optimizer exhibits
inferior performance on via patterns, as shown in Fig. 9. In

Fig. 10. Red boxed areas represent the “optimization region,” and the blue
boxed areas represent the positive region. Restricting the optimization region
when using the Adam optimizer can significantly simplify the mask image,
while defining the positive region with the SGD optimizer can prevent the
disappearance of target shapes. (a) With opt. region. (b) W/o opt. region.

TABLE III
COMPARISON OF ILT RESULTS WITH DIFFERENT CORRECTION RADII

TABLE IV
EFFECT OF OPTIMIZATION REGION

Fig. 11. Results for the same layout with different optimization region radii
r. (a)–(d) Correspond to the following values: L2 losses of 530, 522, 781, and
779, and PVBand values of 1870, 1696, 1577, and 1575, respectively. While
r = 300 yields a slightly lower combined L2 and PVBand value, r = 200
leads to a much simpler correction outcome.

some cases, it fails to generate sufficient SRAFs to enhance the
PVBand, resulting in a significantly larger PVBand compared
to the results obtained with the Adam optimizer. Although
ILT with the SGD optimizer can eventually achieve good
correction results with more iterations [1], it comes at the cost
of longer runtime.

D. Optimization Region

As discussed in Section IV-C, assigning an optimization
region to ILT is crucial for managing the complexity of
mask patterns, and helps to improve the manufacturability of
the masks, as shown in Fig. 10. Additionally, specifying the
optimization region can further enhance the correction ability
of ILT [15], particularly for via patterns.

For via patterns, we define the optimization region as
extending 200 nm outward from the edges of the shapes.
We conduct comparative experiments on the same layout by
applying ILT with optimization region radii r of 200, 300,
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Fig. 12. Performing just 10 smoothing operations on the original pattern can
still result in the loss of target features on via patterns. This explains why
using the SGD optimizer may cause the disappearance of the target shapes.

400, and 500 nm. For a single via pattern, their ILT results
are shown in Fig. 11. For patterns with multiple interacting
shapes, we test the method on 10 cases, and the results are
presented in Table III. The experimental results shown that
as the optimization region expands, PVBand decreases, the
complexity of masks (#shots) increases, and L2 does not
necessarily decrease. Considering L2, PVBand, and #shots
together, we choose r = 200 as the correction radius for via
patterns.

In the first and third rows of Table IV, we compare the
optimization results on the via dataset with and without
specifying the optimization region. We tested ILT with the
Adam optimizer on ten via patterns, and the data in Table IV
is the average result. It shows that assigning an optimization
region can greatly improve the printability of the output masks.

On the via dataset, when using the SGD optimizer along
with the smoothing operation described in Section III-D, it is
crucial to keep the original target pixels unchanged. This area
of unchanged pixels is called the positive region, which is the
area within the blue line in Fig. 10.

Since the gradient values updated by SGD are relatively
small on via patterns, applying the SGD optimizer along with
smoothing operations can lead to the disappearance of target
features, as illustrated in Fig. 12. Without assigning positive
regions, ILT using SGD fails to deliver good correction results
on all ten testing via patterns. However, when using the Adam
optimizer, specifying the positive region is not essential. It
sometimes yields better results, but not always.

In conclusion, if SGD is used as the ILT optimizer, it is
recommended to assign positive regions. However, if Adam
is used as the ILT optimizer, specifying positive regions
is unnecessary. When it comes to the optimization region,
using it consistently enhances ILT capability and improves
the manufacturability of the resulting masks, regardless of the
optimizer employed.

V. EXPERIMENTAL RESULTS

The adaptive ILT is developed on Pytorch. All experiments
are performed on a Linux workstation with a 2.6GHz Intel
Xeon CPU and a single Nvidia GeForce RTX 3090 GPU.
The litho-simulation tool is obtained from ICCAD 2013
competition [17] and we reimplemented it using torch.fft
to take advantage of GPU. For simplicity, we use “L2,”
“PVB,” “EPE,” “TAT,” and “#shots” to denote squared L2 loss,
PVB, EPE, turnaround time and mask fracturing shots count,
respectively. Experimental results demonstrate the efficiency

Fig. 13. We extract unique patterns from the layout by treating each via as
a node in a graph, connecting vias within a distance of hB with an edge. We
then identify and extract the unique connected components. The blue boxes
highlight these components, many of which appear in multiple locations on
the layout. Snippets (a)–(e) shows the corresponding ILT results for these
connected components.

Fig. 14. Large layout is divided into smaller overlapped tiles.

and effectiveness of our method. The proposed method is
validated on designs that cropped from M1 layer and via layer.

A. Results on Full Chip

In this experiment, we evaluate the proposed method on a
full-chip via layer layout with a size of 146 μm × 148 μm,
corresponding to layer 40 of ispd19_test1 [25]. Since
the via shapes are all 50 nm × 50 nm squares with varying
placement, we can model the layout as a graph and extract
the unique placement relationships. This approach significantly
reduces stitching issues when correcting the via layer layout.
However, this method cannot be applied to the full-chip metal
layer layout, and we plan to explore this in future research.

We model the full-chip via layout as a graph, where each
via is represented as a node. An edge is added between two
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vias if their distance is within hB. Given that the light source
wavelength is 193 nm, we set hB = 500. Next, we identify all
connected components in the graph and extract 1895 unique
ones. The blue boxes in Fig. 13 highlight these connected
components. Each connected component is expanded with a
margin to form a sublayout for ILT. Among these sublayouts,
1495 have dimensions within 2 μm × 2 μm, and can be
processed directly by ILT. These tiles exhibit varying shape
densities, with some containing only one or two vias, while
others contain up to 13 vias. We compile these 1495 sublayouts
into a large-scale dataset to validate the effectiveness of our
method.

First, we establish a correction criterion to determine
whether a tile has been successfully corrected. Since the L2
loss varies with the total area of the designed shapes, it is
not practical to set a fixed threshold for the L2 loss to assess
correction quality.

Definition 5 (L2 Ratio): We define the L2 ratio as the L2
loss normalized by the total area of the target image, expressed
as (L2/‖Zt‖22).

L2 Ratio provides a more effective metric for evaluating the
quality of layout optimization. In this experiment, we set L2
Ratio ≤ 0.22 as the correction criterion.

The default ILT setting consists of 80 iterations of low-
resolution ILT with a scale factor of 4, followed by 10
iterations of high-resolution ILT with a scale factor of 8.
The performance of ILT with the default setting is shown in
the “default” row of Table V. The results show that, while
some tiles are successfully corrected, 641 tiles still have EPE
violations, and 1469 tiles fail to meet the correction criterion
after the ILT process. In Table V, the “Average L2” and
“Average PVB” represent the average values of “L2” and
“PVB” across all 1495 tiles, while “TAT” refers to the total
turnaround time.

By incorporating only the continual correction phase into
the default setting, the number of tiles with EPE violations
is significantly reduced from 641 to 3, as shown in Table V.
Additionally, the average L2 loss decreases by more than 1.69
times. However, this improvement comes with tradeoffs: the
total turnaround time (TAT) increases by 3.4 times compared
to the default setting, and 1350 tiles still fail to meet the
correction criterion.

With hyperparameter selection alone, the number of
tiles with EPE violations is reduced to 54, with only a
slight increase in runtime compared to the default setting.
Additionally, when both continual correction and hyperparam-
eter selection are applied, L2 and EPE are further reduced.

Finally, by incorporating all proposed techniques, we suc-
cessfully eliminated all EPE violations across the tiles, as
shown in the last row of Table V. The total runtime includes
7982.844 s for ILT and 187.29 s for hyperparameter selection.
Compared to the default setting, this approach increases the
runtime by 0.55 times while using only 46% of the runtime
required when combining the default setting with the continual
correction phase. Furthermore, it achieves the smallest average
L2 loss, indicating superior correction performance.

For the selected tiles, BO generates 3 hyperparameter points
per iteration and runs for a total of 5 iterations. In each

TABLE VI
ESTIMATE AND ACCURATE FULL-CHIP ILT RESULTS

iteration, the scores of all selected tiles are aggregated, and
the hyperparameters that yield the best score are applied to
the remaining tiles.

For via shapes, due to their small size, they may fail to
develop adequately on the wafer, resulting in the smallest
PVB. The default setting achieves the smallest PVB, which is
attributed to its poor correction performance. Upon examining
the wafer images, it is evident that via shapes on many tiles
are poorly developed or fail to appear altogether.

After processing the 1495 connected components, there
remain 400 that cannot be handled directly by ILT, as their
dimensions exceed 2 μm × 2 μm. The ILT results for these
sublayouts may experience stitching issues. In this article, we
apply several engineering tricks to mitigate these problems,
though they are not fully eliminated.

After performing ILT on each connected component, we
place the corrected mask patterns back into the original full-
chip layout. Note that many connected components appear in
multiple locations on the full chip. Once all connected compo-
nents have been processed, the entire chip layout is effectively
corrected. We then divide the layout into multiple 2048 ×
2048 nm2 tiles, as shown in Fig. 14, run optical simulations,
and measure the correction results. This partitioning yields
20 023 tiles in total, of which 11 092 contain shapes in the tile
core region.

We performed optical simulations on these 11 092 tiles,
considering only the measurement results from each tile’s core
region. This approach provides accurate full-chip measure-
ments, as shown in the second row of Table VI. The first row,
labeled “Estimate,” is derived by summing the measurement
result of each connected component, multiplied by its number
of occurrences in the layout. Note that the 13 EPEs in the
first row appear in the 400 larger connected components.
Experimental results show that the accurate measurements are
slightly worse than the estimates and introduce one additional
EPE. Considering that there are 11 092 tiles, this demonstrates
that our method for extracting unique patterns from the
via layer and correcting them is effective. This not only
significantly reduces the correction time but also mitigates
stitching issues.

B. Results on M1 Designs

In Tables VII and VIII, we compare our approach with
state-of-the-art methods on ten M1 designs of 32 nm tech-
nology nodes provided by ICCAD 2013 benchmarks [17].
The columns labeled “A2-ILT [15],” “L2O-ILT [12],” and
“DevelSet [9]” show the results of selected baseline ILT
methods. Column “Multi-ILT” is the previous version of
our proposed method [1]. The “Ours” column represents the
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TABLE V
COMPARISON ON ICCAD 2013 BENCHMARKS (PART I)

TABLE VII
COMPARISON ON ICCAD 2013 BENCHMARKS (PART II)

TABLE VIII
COMPARISON ON ICCAD 2013 BENCHMARKS

Fig. 15. (a) Two options for optimizing regions. (b) Mask obtained using
option 1. (c) Mask obtained using option 2.

updated version of our method, which incorporates hyperpa-
rameter tuning tailored to each test case. Since the ICCAD
2013 benchmarks consist of only 10 test cases, our primary
focus is on achieving the highest quality correction results
for each individual case. To optimize performance, we use
BO, generating 5 hyperparameter candidates per iteration and
running for a total of 10 iterations. It takes approximately
200 s per case, which is longer than other methods. However, it

produces the best correction results. In practice, when working
with a small number of test layouts, ILT engineers typically
manually fine-tune parameters to achieve optimal results. Our
method automates this process, streamlining the workflow.

Both A2-ILT and DevelSet constrain mask optimization to
a predefined region, but they each define this region differ-
ently. As shown in Fig. 15(a), A2-ILT uses option 1 while
DevelSet uses option 2 as the optimizing region. For a fair
comparison, we follow their respective settings in Tables VII
and VIII.

In Table VII, our approach surpasses A2-ILT with a reduc-
tion of 37.8% in squared L2 loss and a 25.9% reduction in
PVBand. Despite having a higher “#shots,” our mask shapes
exhibit greater regularity compared to A2-ILT, thanks to the
pixel merging in high-resolution ILT, the smoothing operation
and the post-processing step. Compared to DevelSet, our
method achieves a reduction of 39.5% in squared L2 loss and
a 18.0% reduction in PVBand, along with a 99.1% reduction
in “#shots.”
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TABLE IX
COMPARISON OF RANDOM SEARCH AND BO

TABLE X
COMPARISON OF RESULTS WITH AND WITHOUT

CONTINUAL CORRECTION

Compared to L2O-ILT, our method results in a 0.5%
increase in PVBand, but achieves a 5.9% reduction in squared
L2 loss, as shown in Table VII. In Table VIII, our method
demonstrates a 10.9% reduction in squared L2 loss and a 5.8%
reduction in PVBand relative to L2O-ILT.

Compared to Multi-ILT [1], our method achieves reductions
of 1.3% and 6.8% in L2 loss, and 0.3% and 7% in PVBand,
as shown in Tables VII and VIII, respectively. Furthermore, in
both tables, our method achieves the fewest EPE violations,
demonstrating its superior correction quality.

In Table IX, we compare the performance of BO and
random search, both use the same ILT solver. The results are
averaged over three independent experiments. We used the
same dataset as in Table VII. For each case, both random
search and BO sampled 50 points. The objective function for
BO is as follows:

Score = L2+ PVB+ EPE× 100000. (13)

Based on the experimental results, BO achieves better L2 and
EPE performance compared to random search. Both random
search and BO outperform the original ILT solver with the
default settings, albeit at the cost of increased runtime. This
demonstrates that optimizing hyperparameter selection for the
ILT solver can further enhance its correction quality.

In Table X, we compare the experimental results of the
original Multi-ILT with its version incorporating continual cor-
rection. Continual correction is applied only when the output
lithographic image contains EPE. As shown in Table VII, only
case 1 and case 3 exhibit EPE in the Multi-ILT correction
results. Therefore, Table X presents results for case 1 and
case 3 only. When selecting the final correction result, we
prioritize solutions with lower EPE. If EPE remains the same,
we then consider L2 and PVBand. For case 3, continual
correction effectively reduces EPE, while for case 1, although
EPE remains unchanged, both L2 and PVBand are improved.

C. Results on via Designs

The first dataset, referred to as “dataset-1” in Table XII,
consists of ten via patterns, each of size 2048 × 2048, ran-
domly selected and cropped from the ISPD 2019 large layout.

Fig. 16. Optimized mask output. (a) GLS-ILT [7]. (b) Adaptive-ILT.

Fig. 17. Here are the output mask images corresponding to the ILT results
from rows 1–3 in the ablation study shown in Table XI. The outputs from
rows 4–5 are similar to row 3 and are not shown here. (a) Corresponds to
row 1, (b) to row 2, and (c) to row 3 in Table XI. As seen in (b), without
constraining the optimization region, directly using the Adam optimizer can
lead to overly complex mask patterns, making manufacturing difficult.

The second via dataset, referred to as “dataset-2” in Table XII,
is the same as the one used in [1] and contains fifteen via
patterns from the dataset provided by [26]. Experiments reveal
that dataset-1 is more challenging for Multi-ILT compared to
dataset-2. Using the original Multi-ILT settings, the patterns
in dataset-2 can be successfully transferred onto the wafer, but
the majority of patterns in dataset-1 fail to be printed.

On these two datasets, we compare our approach with
GLS-ILT [7], which is one of the state-of-art numerical ILT
solvers. Our method incorporates the proposed improvements
to Multi-ILT, including using the Adam optimizer, constraining
the optimization region, and applying high-resolution ILT
designed for via patterns. We perform 200 iterations of low-
resolution ILT with a scale factor of 4 and 5 iterations of
high-resolution ILT with a scale factor of 8. We adopt the
hyperparameter selection from Section V-A. The results in
Table XII confirm that these hyperparameters are also effective
for this dataset. Since via shapes are relatively simple and
small, the optimization space is limited. Therefore, unlike in
the M1 experiment, we do not conduct separate hyperparam-
eter tuning for each case.

In Table XII, our method outperforms GLS-ILT with an 8%
reduction in squared L2 loss and a 45% reduction in PVBand.
This significant reduction in PVBand is primarily due to our
method generating more SRAFs, as shown in Fig. 16. The
smoothing operation mentioned in Section III-D also con-
tributes to further reducing PVBand and regularizing the mask
shapes. Additionally, our method achieves a 25% reduction
in mask fracturing shot count (#shots) compared to GLS-ILT.
This improvement is mainly due to the downsampling oper-
ation in the high-resolution ILT, which removes overly fine
features from the resulting mask images. Furthermore, our
method reduces runtime by 29% compared to GLS-ILT.
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TABLE XI
ABLATION STUDY ON VIA PATTERNS

TABLE XII
COMPARISON ON VIA PATTERNS

In Table XI, we conduct ablation experiments on the four
newly proposed measures on dataset-1. The four measures
are: using the Adam optimizer, specifying the optimization
region, implementing the high-resolution ILT designed for via
patterns, and including a continual correction phase. In the
table, they are denoted as “Adam” “opt. region,” “new-high,”
and “continual correction,” respectively. If none of these four
measures are applied, it corresponds to the original Multi-ILT,
which is represented in the first row of the table.

The original Multi-ILT uses the SGD optimizer and con-
verges slower than the Adam optimizer, as mentioned in
Section IV-C. It first performs 100 iterations of low-resolution
ILTs with a scale factor of 4 using learning rates of 2 and 1,
respectively. Then, it performs 150 iterations of low-resolution
ILTs with a scale factor of 2 and a learning rate of 2. Finally,
it performs 10 high-resolution ILTs with a scale factor of 8 to
produce the final result. Consequently, the original Multi-ILT
requires a much longer runtime to deliver a satisfactory result.

The next four rows in Table XI all use the Adam opti-
mizer, performing 200 iterations of low-resolution ILT and
5 iterations of high-resolution ILT. Using the Adam opti-
mizer significantly reduces runtime and improves the quality
of the optimized masks, as shown in Table XI. However,
without constraining the optimization region, using the Adam
optimizer for ILT directly generates an excessive number of
SRAFs, resulting in overly complex layout patterns, as shown
in Fig. 17(b). In Table XI, constraining the optimization region
reduced the number of shots by 3.6× and also decreased the
L2 loss.

Furthermore, using the new high-resolution ILT reduces
the L2 loss by an additional 38.2%, as shown in row 4 of
Table XI. If we set stricter correction requirements, we enter
the continual correction phase to further optimize the results,
albeit at the cost of longer runtime, as shown in the last row
of Table XI.

D. Effect of Downsampling

To validate the effectiveness of the downsampling operation,
we perform 100 iterations of low-resolution ILT, high-resolution

TABLE XIII
RESULTS OF USING DIFFERENT DOWNSAMPLING METHODS ON CASE1

OF ICCAD 2013 BENCHMARKS

ILT, and ILT without downsampling, respectively. Their com-
parison results on case1 of the ICCAD 2013 benchmarks [17]
are listed in Table XIII. We set the scale factor for both
low-resolution and high-resolution downsampling to 4, with a
learning rate of 1, without constraining the optimization region.

Although the mask produced by ILT without downsampling
has the smallest L2 loss, its complexity is unacceptable. The
high-resolution ILT consumes about the same time as the
ILT without downsampling, but its produced mask has much
smaller “#shots.” The low-resolution ILT achieves more than
18× speedup over high-resolution ILT, which proves its good
computational efficiency.

VI. CONCLUSION

In this article, we propose an ILT method based on
multilevel lithography simulation, enhancing its adaptability
and robustness by incorporating hyperparameter optimization
and a continual correction phase. For via layer patterns, we
design a new high-resolution ILT and employ a optimization
region, greatly improving the correction capabilities of ILT
compared to the previous version. Experimental results show
that the proposed method outperforms SOTA methods in
mask printability and runtime performance for both via layer
patterns and metal layer patterns. Furthermore, we conduct
comparative experiments on the choice of optimizer and find
that the Adam optimizer is more effective for via layer
patterns. We also perform a full-chip experiment on via layer
layout to showcase the scalability of the proposed method.
This experiment also stimulate us to solve the stitching issues
for metal layer layouts in future work.
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