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ABSTRACT
Mask optimization in lithography is becoming increasingly impor-
tant as the technology node size shrinks down. Inverse Lithography
Technology (ILT) is one of the most performant and robust solutions
widely used in the industry, yet it still suffers from heavy time con-
sumption and complexity. As the number of transistors scales up,
the industry currently focuses more on efficiency improvement and
workload distribution. Meanwhile, most recent publications are still
tangled in local pattern restoration regardless of real manufacturing
conditions. We are trying to extend academia to some real industrial
bottlenecks with FuILT, a practical full-chip ILT-based mask opti-
mization flow. Firstly, we build a multi-level partitioning strategy
with the divide-and-conquer mindset to tackle the full-chip ILT prob-
lem. Secondly, we implement a workload distribution framework to
maintain hardware efficiency with scalable multi-GPU parallelism.
Thirdly, we propose a gradient-fusion technique and a multi-level
healing strategy to fix the boundary error at different levels. Our
experimental results on different layers from real designs show that
FuILT is both effective and generalizable.
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1 INTRODUCTION
With the fast development of the semiconductor manufacturing
process, the VLSI technology node has been shrinking rapidly. In
lithography, it is inevitable to apply some resolution enhancement
technologies (RET) to correct the optical proximity and process
bias/effects. Many methods were proposed to enhance the lithog-
raphy resilience to manufacturing variation, from the earliest rule-
based OPC [1–5] to the latest machine learning (ML)-based [6–9]
solutions. Unfortunately, these approaches either suffer from explod-
ing solution space in advanced technology nodes or lack robustness
to complicated critical patterns. Over the past three decades, inverse
lithography technology (ILT) has become the dominating OPC solu-
tion with rigorous performance in real industry scenarios.

It is commonly accepted by academia and industry that ILT tech-
nologies still have the potential to be further explored. However,
the focus of some recent research works might deviate from real
manufacturing needs. Some research, such as [10–15] have put for-
ward new ILT algorithms mainly focalizing on further optimizing
masks of some small tiles. Nevertheless, how to extend the progress
to full-chip scale for real design is often ignored. In such a scenario,
these works can only tackle the whole design by slicing it into a
stack of fix-size tiles and stitching back after optimizing each tile
individually. However, This can be erroneous as the lithography ef-
fect on the slicing boundary was partially ignored when optimizing
these tiles one by one. In fact, the full-chip design ILT is much more
complex as the design size increase to a gigantic scale.

Recently, some academic works started to propose solutions for
full-chip level mask optimization. For example, [16] and [17] both
proposed to increase the efficiency of full-chip mask optimization
via layers with a new partitioning method and adaptive solver se-
lection. [8] added overlapping area in lithography to cover more
neighboring information. However, the stitching error problem on
the boundary still remains unresolved. Therefore, these approaches
will face obstacles to extending to other layers with complicated
patterns, such as metal layers.
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On the other hand, the industry tackled the problem from dif-
ferent perspectives. Identical to previously mentioned academic
works, Intel’s ILT solution [18] splits the full-chip design into small
tiles and distributes each tile to different CPUs for a separate ILT
process. After finishing the optimization of each tile, it uses a “stitch
and heal” technique to reoptimize the region close to the stitching
boundary. TrueMask [19] is the first commercial tool that can opti-
mize full-chip designs within a day while enabling GPU acceleration.
In order to support super large full-chip data at once, D2S built an
ILT-specific emulated giant CPU/GPU pair to bear the processing
pressure of full-chip mask optimization all at once.

In this paper, we present FuILT, a new open-source full-chip
ILT-based mask optimization system that we implemented from
scratch as a complete solution to tackle hardcore obstacles such as
complexity explosion and stitching errors in conventional mask op-
timization processes. Note that ILT-based mask optimization treats
patterns as pixelated images; the main obstacle we try to conquer is
the large size of the real design. As the pixelated mask scale to the
trillion level, the memory and computation bound of hardware rule
out the possibility of deploying full-chip optimization all at once on
a single machine.

We design a hierarchical mask partitioning strategy to recur-
sively break full-chip patterns into areas of a certain size suitable
for specific hardware devices. With a divide-and-conquer fashion to
handle sliced tiles, we manage to optimize various areas in parallel.
Although previous works have also applied partitioning strategies
to handle large patterns, our hierarchical partitioning approach aims
to address both memory and computation constraints separately.
We have employed the Server-Worker strategy for distributed opti-
mization. We can increase parallelism by plugging more GPUs on
a single system or allocate the workload to a distributed system to
ease memory pressure and maintain hardware efficiency.

Our framework also comprises of two boundary healing mech-
anisms at each partitioning level to tackle the stitching error or
defects on the boundary. We propose a new gradient-fusion technol-
ogy to smooth the boundary, rendering the ILT area from small tiles
to a large pattern, regardless of hardware limitations. Our proposed
full-chip ILT system is not dependent on any specific ILT algorithm.
We can easily integrate any state-of-the-art ILT algorithm into our
system by designing a new API. Moreover, we integrate a deep-
learning toolkit in our framework for auto-gradient derivation with
Multi-GPU/System parallelism. We can realize significant CPU-GPU
acceleration with the pipelining of multi-thread and multi-process.
The key contributions are summarized as follows:

• We are the first in academia to discuss how to solve the bound-
ary stitching error in full-chip ILT, addressing the existing
gap between academia and real industrial needs.
• We build up a practical full-chip ILT mask optimization sys-
tem with efficiency enhancement and multi-level parallelism
for real design.
• We propose a gradient-fusion technology along with a multi-
level boundary healing strategy to solve the stitching error
of large patterns in the real scenario.
• We verify our framework on different layers from real design
to show the effectivity and generalizability.

Slicing
Boundary

Stitching
Error

Design Pattern On-Wafer Image

Lithography

Figure 1: Visualization of lithography defects after mask
stitching. The printed image on the right shows disconnec-
tion occurring on the slicing boundary.

The remainder of this paper is organized as follows. In Section 2,
we introduce lithography defects and limitations, as well as the
problem formulation. Section 3 presents our multi-level partition
and stitching strategy, along with the allocation of workload in a
Multi-GPU system. In Section 4, we present the experimental results
at the full chip scale and compare them to the state-of-the-art. Finally,
we conclude our paper in Section 5.

2 PRELIMINARIES
2.1 Lithography Defects and Limitations
In lithography, the optical projection system determines the min-
imum optically resolvable linewidth and depth of focus, which is
restricted by the light wavelength and numerical aperture of the op-
tical system. Despite the technological improvement of the optical
system, such limits result in optical proximity and unavoidable bias.
In addition to the diffraction effect during projection, the printed
image is inevitably distorted from the original geometrical shape.
Lithography defects such as unexpected pattern disconnections or
collisions will jeopardize the chip functionality.

Apart from the mentioned errors from the physical process, other
defects come from the engineering process. Normally, slicing a large
design into a grid of small tiles is the very first step. It is not hard
to notice that slicing will lose information on the boundary and
incur more defects after stitching back, as visualized in Figure 1.
Previous work such as [8] considered overlapping buffer regions
to handle neighboring tiles for lithography, which partially eases
the problem. On the other hand, the mask stitching process remains
unresolved. Boundary errors such as mismatches or breakpoints
need to be healed.

2.2 Inverse Lithography Technology
Inverse Lithography Technology (ILT) aims to acquire the optimal
mask shape prior to lithography to etch the desired image on the
wafer. By mathematically inversing the lithography process, ILT
manipulates the adjustment and distortion of mask shape to com-
pensate for the optical diffraction or process effects.

ILT comprises two major components: forward lithography sim-
ulation and inverse-lithography mask optimization. The forward
lithography 𝑓 (·) covers the complete mask-to-wafer process, includ-
ing the optical projection and the photoresist process. It takes 𝑴
as input and directly render the on-wafer image 𝒁 , which can be
formulated as:

𝒁 = 𝑓 (𝑴). (1)
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Both mask 𝑴 and image 𝒁 are binary 2-D matrices. The objective
of the ILT process is to find the optimal mask 𝑴∗ given the target
image 𝒁𝑡𝑎𝑟𝑔𝑒𝑡 such that:

𝑴∗ = 𝑓 −1 (𝒁𝑡𝑎𝑟𝑔𝑒𝑡 ) . (2)

The lithography process 𝑓 (·) is ill-posed. For each target pat-
tern 𝒁𝑡𝑎𝑟𝑔𝑒𝑡 , there may exist zero or many matched masks 𝑴∗.
It is impossible to find a white-box well-defined inverse function
𝑓 −1 (·). Therefore, many approaches get away with this problem
by switching to directly optimizing the mask in a gradient-descent
style, where the gradient on the mask is iteratively updated by gra-
dient ∇𝑴 with the objective of minimizing the difference between
etched pattern 𝒁 and target pattern 𝒁𝑡𝑎𝑟𝑔𝑒𝑡 . By convention, the
objective function is formulated as follows:

min{𝐿(𝑓 (𝑴),𝒁𝑡𝑎𝑟𝑔𝑒𝑡 ) + 𝛼𝑝𝑣𝑏𝐿𝑝𝑣𝑏 (𝑓𝑝𝑣𝑏 (𝑴))}, (3)

where the loss 𝐿 measures how much the etched image distorts
from the desired pattern. For example, the Frobenius norm | · |2

𝐹
is a

commonly used loss function in many SOTA ILT algorithms [11–
13, 16]. 𝑓𝑝𝑣𝑏 denotes Process Variation Band (PVB) simulation while
𝐿𝑝𝑣𝑏 represents PVB loss, which is a common metric to evaluate
the mask robustness to various incident light conditions, and 𝛼𝑝𝑣𝑏
is the weight for 𝐿𝑝𝑣𝑏 .

3 ALGORITHMS
In this section, we describe each stage of FuILT following the left-to-
right order in Figure 2. First, we will introduce the multi-level layout
partition strategy, including macro-level partition and micro-level
partition, respectively. Then, we will discuss and describe our mask
tile gradient calculation distributed strategy. Later, we verify and
illustrate our macro-level stitching and boundary healing to get a
full mask at the end.

3.1 Multi-level Partition
As VLSI design grows into an incredibly large scale, mask optimiza-
tion of the whole design on one machine is nearly impossible. In fact,
our experiment record shows that even the tiniest design layer with
merely 1830 standard cells will cost more than 90 gigabytes of mem-
ory consumption during the ILT process. Both the memory bound
and computation bound of the machine will hinder the ILT process
efficiency during optimization. In Section 2.1, we introduced the
need to consider the mutual influence between neighboring tiles
during the lithography process when partitioning the layout into
tiles. According to the above elaboration, we build our framework
to ease the heavy burden of resource consumption and memory con-
gestion from the macro-level to the micro-level while considering
the boundary effect in the lithography process.

Macro-level Partition. On top of parallelism, our hierarchical par-
titioning strategy will handle memory bound first by cutting the
whole design layer into grids of large patches. Note that such par-
titioning is different from conventional trials in terms of granular-
ity. Macro-level partitioning determines the number of patches
based on the maximum storage memory of the system rather than
the maximum computational memory. This approach generates a
coarser-grained partition. Apparently, we do not have unlimited
CPU/GPU resources on a single machine as commercial company

D2S claimed. Budget and flexibility are our concerns as well because
we are determined to reach a cost-effective design. As visualized
in the left part of Figure 2, we aggressively slice the full-chip into
partitions as large as possible so that boundary length and potential
stitching area are minimized, which is formulated in Equation (4):

𝑚∗, 𝑛∗ = argmin
𝑚,𝑛

𝑚×𝑛∑
𝑖

(𝐻𝑷𝑖 +𝑊𝑷𝑖 ),

s.t.
𝑚∑
𝑖

𝐻𝑷𝑖 < 𝐻𝑷 + 𝐻 ′𝑚𝑎𝑥 ,

𝑛∑
𝑖

𝑊𝑷𝑖 <𝑊𝑷 +𝑊 ′𝑚𝑎𝑥 ,

𝑆𝑖𝑧𝑒 (𝑷𝑖 ) + 𝑆𝑖𝑧𝑒 (𝑮𝑖 ) ≤ 𝑀𝑒𝑚𝑆𝑖𝑧𝑒,

(4)

where 𝑷 is the full design pattern which is partitioned into𝑚∗ × 𝑛∗
patches, 𝑷𝑖 represents the 𝑖-th patch and 𝑮𝑖 denotes the gradient
of 𝑖-th patch, which we will discuss detailed in section 3.2. 𝐻𝑷 /𝑊𝑷
and 𝐻𝑷𝑖 /𝑊𝑷𝑖 denote height/width of the pattern and 𝑖-th patch.
𝐻 ′𝑚𝑎𝑥/𝑊 ′𝑚𝑎𝑥 represent the max overlapping length in height and
max overlapping length in width, respectively. In our implementa-
tion, the size of each partition in the grid is delicately chosen just
so the storage usage of mask and corresponding gradient matrices
will not crash the main memory capacity𝑀𝑒𝑚𝑆𝑖𝑧𝑒 . After first parti-
tioning, all patches are stacked into a task queue to be sequentially
handled.

Mask optimization of each patch is handled independently so far,
and our framework supports a multi-devices system to assign each
CPU-GPU pair to different patches to process in parallel. Namely,
more devices indicate more parallel processes in the solver pool. We
denote such full-chip slicing as macro-level partitioning.

Micro-level Partition. At the micro-level, we start handling each
patch while considering the computational capability of GPUs. Each
GPU is composed of many Streaming multiprocessors (SM), while
each Streamingmultiprocessor can execute at most a certain number
of thread blocks in parallel. Therefore, we need to limit the size
to avoid threads competition which brings excessive time delay.
Besides, due to the limited on-chip cache size of each SM, we also
need to shrink the size further to avoid frequent cache-memory
data movement. We slice each large patch into four tiles and repeat
recursively until each tile satisfies the mentioned GPU computation
limits. The reason we partition each patch in a recursive way is that
we can deep fusion tiles gradient through each level to illuminate
the boundary error. We will discuss it in Section 3.3. At each level,
a tile is further sliced into a “⊞” grid of four smaller tiles with
overlapping as shown in Figure 2. Each derived tile is around 1/4
of the size of the tile before slicing. After 𝑘 levels of recursion,
we obtain a set of 4𝑘 tiles defined as 𝝉𝒌 , and the final level 𝑘∗ is
determined by the GPU capacity with minimized time overhead
in the experiment. The height and width of tiles are then slightly
large than 1/4 before slicing with an overlapping stripe of length
𝑚𝑎𝑥 (𝐻,𝑊 )

𝑅
. The complete recursive micro-level partitioning flow is

illustrated in Algorithm 1. We also keep the overlapping rate 𝑅 on
the tile boundary for stitching error healing in the next section.
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<latexit sha1_base64="YwexLLhXycrUOrpo8PN7GECsorM=">AAACDHicbVDLSsNAFL3xWVsfUZdugkUUKSGRoi4DblxWaNpCm5bJdNIOnTyYmQgl9APcuPYv3LhQxK0f4M6fEaepC209MNwz59xh7j1+wqiQlvWpLS2vrK6tFzaKpc2t7R19d68h4pRj4uKYxbzlI0EYjYgrqWSklXCCQp+Rpj+6mvrNW8IFjaO6HCfEC9EgogHFSCqpp5c7IZJDP8jySmVWn0x6mV0xTbNS7Waj7qm662XLtHIYi8T+IWXHgYcvelyq9fSPTj/GaUgiiRkSom1bifQyxCXFjEyKnVSQBOERGpC2ohEKifCyfJmJcaSUvhHEXJ1IGrn6+0WGQiHGoa86pyOLeW8q/ue1UxlcehmNklSSCM8+ClJmyNiYJmP0KSdYsrEiCHOqZjXwEHGEpcqvqEKw51deJI0z0z43qzd22XEdyFGAAziEE7DhAhy4hhq4gOEOHuEZXrR77Ul71d5mrUvarMI+/IH2/g20rp3v</latexit>

T1,...,4k⇤

<latexit sha1_base64="7Fg52EBcFY/VDyH9KUO9Ec0iIrM=">AAAB8XicbVDLSsNAFL2pr1pfVZeCDBZBXJRERF0W3LisYNpiG8tkMmmHTiZhZiLU0E9w58aFIm79GzfiZ/gHTlMX2nrgcg/n3Mt9+AlnStv2p1WYm19YXCoul1ZW19Y3yptbDRWnklCXxDyWLR8rypmgrmaa01YiKY58Tpv+4HzsN2+pVCwWV3qYUC/CPcFCRrA20nVHs4gqNLg57JYrdtXOgWaJ80Mqtd3i3X3w8VXvlt87QUzSiApNOFaq7diJ9jIsNSOcjkqdVNEEkwHu0bahAptBXpZvPEL7RglQGEsTQqNc/d2R4UipYeSbygjrvpr2xuJ/XjvV4ZmXMZGkmgoyGRSmHOkYjc9HAZOUaD40BBPJzK6I9LHERJsnlcwTnOmTZ0njqOqcVI8vnUrNrUGOIuzAHhyAA6dQgwuogwsEBDzAEzxbynq0XqzXSWnBmmTYhj+w3r4B4/yUYQ==</latexit>⇥k⇤<latexit sha1_base64="7Fg52EBcFY/VDyH9KUO9Ec0iIrM=">AAAB8XicbVDLSsNAFL2pr1pfVZeCDBZBXJRERF0W3LisYNpiG8tkMmmHTiZhZiLU0E9w58aFIm79GzfiZ/gHTlMX2nrgcg/n3Mt9+AlnStv2p1WYm19YXCoul1ZW19Y3yptbDRWnklCXxDyWLR8rypmgrmaa01YiKY58Tpv+4HzsN2+pVCwWV3qYUC/CPcFCRrA20nVHs4gqNLg57JYrdtXOgWaJ80Mqtd3i3X3w8VXvlt87QUzSiApNOFaq7diJ9jIsNSOcjkqdVNEEkwHu0bahAptBXpZvPEL7RglQGEsTQqNc/d2R4UipYeSbygjrvpr2xuJ/XjvV4ZmXMZGkmgoyGRSmHOkYjc9HAZOUaD40BBPJzK6I9LHERJsnlcwTnOmTZ0njqOqcVI8vnUrNrUGOIuzAHhyAA6dQgwuogwsEBDzAEzxbynq0XqzXSWnBmmTYhj+w3r4B4/yUYQ==</latexit>⇥k⇤

<latexit sha1_base64="rrZZnILc1Jd/iq106TMm/KjMiVc="></latexit>g1,. . . ,4k⇤<latexit sha1_base64="rrZZnILc1Jd/iq106TMm/KjMiVc="></latexit>g1,. . . ,4k⇤

Gradient 
of  

<latexit sha1_base64="Cy9w5+ql8ctZkgNhlU/ihb6wVXc=">AAACAHicbVDLSsNAFL3xWesr6sKFm2ARxEVJRNSdATcuK5i20oYwmU7aoZMHMxOhhGzc+CFuXCji1p2/oCt/xZWT1IW2Hhju4Zx7mXuPnzAqpGl+ajOzc/MLi5Wl6vLK6tq6vrHZFHHKMXFwzGLe9pEgjEbEkVQy0k44QaHPSMsfnhd+64ZwQePoSo4S4oaoH9GAYiSV5Onb3RDJgR9kZaUya+ReRvPc02tm3SxhTBPrh9Tsg+u7s6+3j4anv3d7MU5DEknMkBAdy0ykmyEuKWYkr3ZTQRKEh6hPOopGKCTCzcoDcmNPKT0jiLl6kTRK9fdEhkIhRqGvOos1xaRXiP95nVQGp25GoySVJMLjj4KUGTI2ijSMHuUESzZSBGFO1a4GHiCOsFSZVVUI1uTJ06R5WLeO60eXVs12bChRgR3YhX2w4ARsuIAGOIAhh3t4hCftVnvQnrWXceuMNq6wBX+gvX4Dh0ubsg==</latexit>

Pi
<latexit sha1_base64="Cy9w5+ql8ctZkgNhlU/ihb6wVXc=">AAACAHicbVDLSsNAFL3xWesr6sKFm2ARxEVJRNSdATcuK5i20oYwmU7aoZMHMxOhhGzc+CFuXCji1p2/oCt/xZWT1IW2Hhju4Zx7mXuPnzAqpGl+ajOzc/MLi5Wl6vLK6tq6vrHZFHHKMXFwzGLe9pEgjEbEkVQy0k44QaHPSMsfnhd+64ZwQePoSo4S4oaoH9GAYiSV5Onb3RDJgR9kZaUya+ReRvPc02tm3SxhTBPrh9Tsg+u7s6+3j4anv3d7MU5DEknMkBAdy0ykmyEuKWYkr3ZTQRKEh6hPOopGKCTCzcoDcmNPKT0jiLl6kTRK9fdEhkIhRqGvOos1xaRXiP95nVQGp25GoySVJMLjj4KUGTI2ijSMHuUESzZSBGFO1a4GHiCOsFSZVVUI1uTJ06R5WLeO60eXVs12bChRgR3YhX2w4ARsuIAGOIAhh3t4hCftVnvQnrWXceuMNq6wBX+gvX4Dh0ubsg==</latexit>

Pi

Tiles of 
<latexit sha1_base64="N+yofXqynMn04Q22VDwB9dU1ZXc=">AAACAHicbVDLSsNAFL2pr1pfURcu3ASr4KokItplwI3LCqYttCFMppN27OTBzEQoIRtx61e4caGIWxd+hDv/xknqQlsPDPdwzr3MvcdPGBXSNL+0ysLi0vJKdbW2tr6xuaVv77RFnHJMHByzmHd9JAijEXEklYx0E05Q6DPS8ccXhd+5JVzQOLqWk4S4IRpGNKAYSSV5+l4/RHLkB1lZqcxauZfd5Lmn182GWcKYJ9YPqdvNj/vsED+0PP2zP4hxGpJIYoaE6FlmIt0McUkxI3mtnwqSIDxGQ9JTNEIhEW5WHpAbR0oZGEHM1YukUaq/JzIUCjEJfdVZrClmvUL8z+ulMmi6GY2SVJIITz8KUmbI2CjSMAaUEyzZRBGEOVW7GniEOMJSZVZTIVizJ8+T9knDOmucXll127GhRBX24QCOwYJzsOESWuAAhhwe4RletDvtSXvV3qatFW1aYRf+QHv/BndHmuU=</latexit>

Pj
<latexit sha1_base64="N+yofXqynMn04Q22VDwB9dU1ZXc=">AAACAHicbVDLSsNAFL2pr1pfURcu3ASr4KokItplwI3LCqYttCFMppN27OTBzEQoIRtx61e4caGIWxd+hDv/xknqQlsPDPdwzr3MvcdPGBXSNL+0ysLi0vJKdbW2tr6xuaVv77RFnHJMHByzmHd9JAijEXEklYx0E05Q6DPS8ccXhd+5JVzQOLqWk4S4IRpGNKAYSSV5+l4/RHLkB1lZqcxauZfd5Lmn182GWcKYJ9YPqdvNj/vsED+0PP2zP4hxGpJIYoaE6FlmIt0McUkxI3mtnwqSIDxGQ9JTNEIhEW5WHpAbR0oZGEHM1YukUaq/JzIUCjEJfdVZrClmvUL8z+ulMmi6GY2SVJIITz8KUmbI2CjSMAaUEyzZRBGEOVW7GniEOMJSZVZTIVizJ8+T9knDOmucXll127GhRBX24QCOwYJzsOESWuAAhhwe4RletDvtSXvV3qatFW1aYRf+QHv/BndHmuU=</latexit>

Pj<latexit sha1_base64="gkM6g6smHlSXzvCL8KejJmU46Hk=">AAAB+XicbVC7TsMwFL3hWcorwMgSUZCYqgQh6BiJhbFIpK3UVpHjOq2p85DtVKqsbKz8AQsDCLGy8xFs/A1OygAtR7J8dM698vEJUkaFtO0vY2l5ZXVtvbJR3dza3tk19/ZbIsk4Jh5OWMI7ARKE0Zh4kkpGOiknKAoYaQfjq8JvTwgXNIlv5TQl/QgNYxpSjKSWfNNUvQjJEZWqmfvqLs99s2bX7RLWInF+SM1tfNyrY/zQ9M3P3iDBWURiiRkSouvYqewrxCXFjOTVXiZIivAYDUlX0xhFRPRVmTy3TrQysMKE6xNLq1R/bygUCTGNAj1ZxBTzXiH+53UzGTb6isZpJkmMZw+FGbNkYhU1WAPKCZZsqgnCnOqsFh4hjrDUZVV1Cc78lxdJ66zuXNTPb5ya67lQogKHcASn4MAluHANTfAAwwQe4RleDGU8Ga/G22x0yZjdcAB/YLx/A/1pl9E=</latexit>

Pj
<latexit sha1_base64="gkM6g6smHlSXzvCL8KejJmU46Hk=">AAAB+XicbVC7TsMwFL3hWcorwMgSUZCYqgQh6BiJhbFIpK3UVpHjOq2p85DtVKqsbKz8AQsDCLGy8xFs/A1OygAtR7J8dM698vEJUkaFtO0vY2l5ZXVtvbJR3dza3tk19/ZbIsk4Jh5OWMI7ARKE0Zh4kkpGOiknKAoYaQfjq8JvTwgXNIlv5TQl/QgNYxpSjKSWfNNUvQjJEZWqmfvqLs99s2bX7RLWInF+SM1tfNyrY/zQ9M3P3iDBWURiiRkSouvYqewrxCXFjOTVXiZIivAYDUlX0xhFRPRVmTy3TrQysMKE6xNLq1R/bygUCTGNAj1ZxBTzXiH+53UzGTb6isZpJkmMZw+FGbNkYhU1WAPKCZZsqgnCnOqsFh4hjrDUZVV1Cc78lxdJ66zuXNTPb5ya67lQogKHcASn4MAluHANTfAAwwQe4RleDGU8Ga/G22x0yZjdcAB/YLx/A/1pl9E=</latexit>

Pj

<latexit sha1_base64="EAHo7CrUYWOjOgEVFJRy9dkFpjU=">AAAB+XicbVC7TsMwFL0pr1JeAUaWiILEVCUIQcdIDDAWiT6ktqoc12lNHSeynUqVlY2VP2BhACFWdj6Cjb/BTRmg5UiWj865Vz4+QcKoVK77ZRWWlldW14rrpY3Nre0de3evIeNUYFLHMYtFK0CSMMpJXVHFSCsRBEUBI81gdDn1m2MiJI35rZokpBuhAachxUgZqWfbuhMhNaRKX2U9fZdlPbvsVtwcziLxfkjZr37c6yP8UOvZn51+jNOIcIUZkrLtuYnqaiQUxYxkpU4qSYLwCA1I21COIiK7Ok+eOcdG6TthLMzhysnV3xsaRVJOosBMTmPKeW8q/ue1UxVWu5ryJFWE49lDYcocFTvTGpw+FQQrNjEEYUFNVgcPkUBYmbJKpgRv/suLpHFa8c4rZzde2a/7kKMIB3AIJ+DBBfhwDTWoA4YxPMIzvFjaerJerbfZaMGa3bAPf2C9fwPvj5fI</latexit>

Gj
<latexit sha1_base64="EAHo7CrUYWOjOgEVFJRy9dkFpjU=">AAAB+XicbVC7TsMwFL0pr1JeAUaWiILEVCUIQcdIDDAWiT6ktqoc12lNHSeynUqVlY2VP2BhACFWdj6Cjb/BTRmg5UiWj865Vz4+QcKoVK77ZRWWlldW14rrpY3Nre0de3evIeNUYFLHMYtFK0CSMMpJXVHFSCsRBEUBI81gdDn1m2MiJI35rZokpBuhAachxUgZqWfbuhMhNaRKX2U9fZdlPbvsVtwcziLxfkjZr37c6yP8UOvZn51+jNOIcIUZkrLtuYnqaiQUxYxkpU4qSYLwCA1I21COIiK7Ok+eOcdG6TthLMzhysnV3xsaRVJOosBMTmPKeW8q/ue1UxVWu5ryJFWE49lDYcocFTvTGpw+FQQrNjEEYUFNVgcPkUBYmbJKpgRv/suLpHFa8c4rZzde2a/7kKMIB3AIJ+DBBfhwDTWoA4YxPMIzvFjaerJerbfZaMGa3bAPf2C9fwPvj5fI</latexit>

Gj

…

<latexit sha1_base64="E48tpL23vFkNskVBxkaEN/mmhTM=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRkVdWfBjcsKTlvoDCWTpm1o5kFyRyjD/IYbF4q49WfciT9jZupCWw+EHM65l5ycIJFCo21/WkvLK6tr65WN6ubW9s5ubW+/reNUMe6yWMaqG1DNpYi4iwIl7yaK0zCQvBNMbgq/88CVFnF0j9OE+yEdRWIoGEUjeZkXUhwLzFp53q/V7YZdgiwS54fUr7/OSrT6tQ9vELM05BEySbXuOXaCfkYVCiZ5XvVSzRPKJnTEe4ZGNOTaz8rMOTk2yoAMY2VOhKRUf29kNNR6GgZmsoio571C/M/rpTi88jMRJSnyiM0eGqaSYEyKAshAKM5QTg2hTAmTlbAxVZShqalqSnDmv7xI2qcN56JxfufUm24TSlTgEI7gBBy4hCbcQgtcYJDAIzzDi5VaT9ar9TYbXbJmNxzAH1jv39/hlLo=</latexit>

P
<latexit sha1_base64="E48tpL23vFkNskVBxkaEN/mmhTM=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRkVdWfBjcsKTlvoDCWTpm1o5kFyRyjD/IYbF4q49WfciT9jZupCWw+EHM65l5ycIJFCo21/WkvLK6tr65WN6ubW9s5ubW+/reNUMe6yWMaqG1DNpYi4iwIl7yaK0zCQvBNMbgq/88CVFnF0j9OE+yEdRWIoGEUjeZkXUhwLzFp53q/V7YZdgiwS54fUr7/OSrT6tQ9vELM05BEySbXuOXaCfkYVCiZ5XvVSzRPKJnTEe4ZGNOTaz8rMOTk2yoAMY2VOhKRUf29kNNR6GgZmsoio571C/M/rpTi88jMRJSnyiM0eGqaSYEyKAshAKM5QTg2hTAmTlbAxVZShqalqSnDmv7xI2qcN56JxfufUm24TSlTgEI7gBBy4hCbcQgtcYJDAIzzDi5VaT9ar9TYbXbJmNxzAH1jv39/hlLo=</latexit>

P
<latexit sha1_base64="QYa7Tx7W72RPtEA/HmNJaAly288=">AAACAHicbVDLSsNAFL2pr1pfURcu3ASLIC5KIqLuDLjQZQX7kDaEyXTSDp08mJkIJWTjxg9x40IRt+78BV35K66cpC609cBwD+fcy9x7vJhRIU3zUyvNzM7NL5QXK0vLK6tr+vpGU0QJx6SBIxbxtocEYTQkDUklI+2YExR4jLS84Vnut24IFzQKr+QoJk6A+iH1KUZSSa6+1Q2QHHh+WlQq03M3pVmWuXrVrJkFjGli/ZCqvX99d/r19lF39fduL8JJQEKJGRKiY5mxdFLEJcWMZJVuIkiM8BD1SUfREAVEOGlxQGbsKqVn+BFXL5RGof6eSFEgxCjwVGe+ppj0cvE/r5NI/8RJaRgnkoR4/JGfMENGRp6G0aOcYMlGiiDMqdrVwAPEEZYqs4oKwZo8eZo0D2rWUe3w0qraDRsKlGEbdmAPLDgGGy6gDg3AkME9PMKTdqs9aM/ay7i1pI0rbMIfaK/feT2bqQ==</latexit>

Gi
<latexit sha1_base64="QYa7Tx7W72RPtEA/HmNJaAly288=">AAACAHicbVDLSsNAFL2pr1pfURcu3ASLIC5KIqLuDLjQZQX7kDaEyXTSDp08mJkIJWTjxg9x40IRt+78BV35K66cpC609cBwD+fcy9x7vJhRIU3zUyvNzM7NL5QXK0vLK6tr+vpGU0QJx6SBIxbxtocEYTQkDUklI+2YExR4jLS84Vnut24IFzQKr+QoJk6A+iH1KUZSSa6+1Q2QHHh+WlQq03M3pVmWuXrVrJkFjGli/ZCqvX99d/r19lF39fduL8JJQEKJGRKiY5mxdFLEJcWMZJVuIkiM8BD1SUfREAVEOGlxQGbsKqVn+BFXL5RGof6eSFEgxCjwVGe+ppj0cvE/r5NI/8RJaRgnkoR4/JGfMENGRp6G0aOcYMlGiiDMqdrVwAPEEZYqs4oKwZo8eZo0D2rWUe3w0qraDRsKlGEbdmAPLDgGGy6gDg3AkME9PMKTdqs9aM/ay7i1pI0rbMIfaK/feT2bqQ==</latexit>

Gi

Figure 2: The overall workflow of FuILT.

Algorithm 1 Micro-level Partition Partition(𝑷, 𝑘, 𝑅)

Input: Patch 𝑷 , Recursion level 𝑘 , Overlapping rate 𝑅.
Output: All tiles sliced at 𝑘-th level 𝝉𝑘 , 𝑘 ∈ [1, ..., 𝑘∗ ].
1: Initial: 𝑘 ← 1, 𝝉0 = 𝑷
2: if 𝑘 > 𝑘∗ then
3: return
4: end if
5: 𝐻,𝑊 ← height and width of 𝑷
6: 𝑠ℎ ← ⌈𝑚𝑎𝑥 (𝐻,𝑊 )

𝑅
+𝐻/2⌉, 𝑠𝑤 ← ⌈𝑚𝑎𝑥 (𝐻,𝑊 )

𝑅
+𝑊 /2⌉ ⊲ Compute

slicing tile size at k-th level

7: 𝑻1,...,𝑻4 ← Slicing 𝑷 as
[
𝑻1 [𝑠ℎ×𝑠𝑤 ] 𝑻3 [𝑠ℎ×𝑠𝑤 ]
𝑻2 [𝑠ℎ×𝑠𝑤 ] 𝑻4 [𝑠ℎ×𝑠𝑤 ]

]
8: for 𝑖 ∈ [1, ..., 4] do
9: 𝝉𝑘 ← 𝝉𝑘 ∪ 𝑻𝑖
10: Partition(𝑻𝒊, 𝑘 + 1, 𝑅) ⊲ Recurse next level
11: end for

Worker 1

<latexit sha1_base64="7QHT++7z1blO6rBK8C84Yzo1Abs="></latexit>

T k
4k

<latexit sha1_base64="7QHT++7z1blO6rBK8C84Yzo1Abs="></latexit>

T k
4k

Partition
<latexit sha1_base64="kxoKbovjEJcKkOMJqNlj5h2I6Xo=">AAAB73icbVDJSgNBEK1xjXGLevTSGBRPYUbE5Rbw4jGCWSAZQk+nJ2nS0zN21whhyE948aAEr/o53vwGf8LOctDEBwWP96p4VRUkUhh03S9naXlldW09t5Hf3Nre2S3s7ddMnGrGqyyWsW4E1HApFK+iQMkbieY0CiSvB/2bsV9/5NqIWN3jIOF+RLtKhIJRtFKjhSLihvTbhaJbcicgi8SbkWLZ+Rip7+Sk0i58tjoxSyOukElqTNNzE/QzqlEwyYf5Vmp4QlmfdnnTUkVtjJ9N9h2SY6t0SBhrWwrJRP09kdHImEEU2M6IYs/Me2PxP6+ZYnjlZ0IlKXLFpkFhKgnGZHw86QjNGcqBJZRpYXclrEc1ZWhflLdP8OZPXiS1s5J3UTq/84rla5giB4dwBKfgwSWU4RYqUAUGEp7gBV6dB+fZGTlv09YlZzZzAH/gvP8AgWyTSA==</latexit>⇥k
<latexit sha1_base64="kxoKbovjEJcKkOMJqNlj5h2I6Xo=">AAAB73icbVDJSgNBEK1xjXGLevTSGBRPYUbE5Rbw4jGCWSAZQk+nJ2nS0zN21whhyE948aAEr/o53vwGf8LOctDEBwWP96p4VRUkUhh03S9naXlldW09t5Hf3Nre2S3s7ddMnGrGqyyWsW4E1HApFK+iQMkbieY0CiSvB/2bsV9/5NqIWN3jIOF+RLtKhIJRtFKjhSLihvTbhaJbcicgi8SbkWLZ+Rip7+Sk0i58tjoxSyOukElqTNNzE/QzqlEwyYf5Vmp4QlmfdnnTUkVtjJ9N9h2SY6t0SBhrWwrJRP09kdHImEEU2M6IYs/Me2PxP6+ZYnjlZ0IlKXLFpkFhKgnGZHw86QjNGcqBJZRpYXclrEc1ZWhflLdP8OZPXiS1s5J3UTq/84rla5giB4dwBKfgwSWU4RYqUAUGEp7gBV6dB+fZGTlv09YlZzZzAH/gvP8AgWyTSA==</latexit>⇥k

<latexit sha1_base64="7fv07devzvzB55kxpKxxAKUf2xc="></latexit>

T 1
1

<latexit sha1_base64="7fv07devzvzB55kxpKxxAKUf2xc="></latexit>

T 1
1

<latexit sha1_base64="FXVOWphxfIjvDaP5OPjApDuJ9w4="></latexit>

T 1
2

<latexit sha1_base64="FXVOWphxfIjvDaP5OPjApDuJ9w4="></latexit>

T 1
2

<latexit sha1_base64="+qE3rxoALqNeZtwVzKqHDHvUuoE="></latexit>

T 1
4

<latexit sha1_base64="+qE3rxoALqNeZtwVzKqHDHvUuoE="></latexit>

T 1
4

<latexit sha1_base64="KStOp/8GtVVIcDKTuPcxZcDaUkM="></latexit>

T k
1

<latexit sha1_base64="KStOp/8GtVVIcDKTuPcxZcDaUkM="></latexit>

T k
1

Worker 
<latexit sha1_base64="em0BOQBkYDFRurrVeoc/KkD7IvU=">AAACBnicdVBLSwMxGMzWV62vqkcvwSJ4KEu23T5OWvDisQXbCtulZNNsG5p9kGSFsvQueNW/4U28Cv4K/4U/wXSroKIDIcM3k0wyXsyZVAi9GbmV1bX1jfxmYWt7Z3evuH/Qk1EiCO2SiEfi2sOSchbSrmKK0+tYUBx4nPa96cVC799QIVkUXqlZTN0Aj0PmM4KVHnXYsFhCJrKQbVcgMq1aFaGaJtVm3W7Y0DJRhtL5azVDe1h8H4wikgQ0VIRjKR0LxcpNsVCMcDovDBJJY0ymeEwdTUMcUOmm2UPng2xzxNhz0yy1nEWWs7w5PNH+EfQjoVeoYGb+fl+KAylngaedAVYT+VtbDP/SnET5TTdlYZwoGpJlkJ9wqCK46ASOmKBE8ZkmmAimfwLJBAtMlG6uoCv66gH+T3oV06qbdscqtc7AEnlwBI7BKbBAA7TAJWiDLiCAgjtwDx6MW+PReDKel9ac8XnmEPyA8fIBZLWYsw==</latexit>
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Figure 3: Illustration of micro-level partition tree and the
Server-Worker strategy of multi-GPU system.

3.2 Multi-GPU Gradient Calculation
After finishing the micro-level partitioning, we calculate the gradi-
ent 𝒈𝒊 ∈ 𝒈 [1, ..., 4𝑘

∗ ] of each small tile 𝑻𝒊 ∈ 𝝉𝒌∗ , 𝑖 ∈ [1, ..., 4𝑘∗ ].

Multi-GPU Pipeline. To adapt the overall tiles workload 𝝉𝒌∗ to a
Multi-GPU system, we utilize the Server-Worker strategy as shown
in Figure 3. We will designate the first GPU as the server since
we plan to use it for stitching the tiles gradients in Section 3.3, while
the remaining GPUs will serve as workers. The role of server is
to distribute the workload T𝒅 ⊂ 𝝉𝒌∗ to worker 𝑑 and gather all tile
gradients from them. On the other hand, workers are responsible
for computing the tile gradient. We compute the tile gradient with
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Figure 4: Workload pipeline within each worker GPU.

the help of deep learning toolkit PyTorch since it provides well-
defined APIs for forward/backward calls with an automatic gradient
engine and easy Multi-GPU extension.

From Figure 4, we can see that the workflow consists of four
stages: each worker loads a tile from the server, performs ILT loss
computing (forward) and gradient derivation (backward) operations,
and finally gathers the gradient back to server. Given that the ILT
process is individual for each tile 𝑻𝒊 , we can organize the workflow
into a two-stage pipeline to reduce communication costs between
the server and workers. For the first stage of the pipeline, we
adopt the ILT backward process and load the next tile 𝑻𝒏𝒆𝒙𝒕 and
its corresponding target image 𝒁𝒏𝒆𝒙𝒕 in the same time from the
server and global system memory, respectively. In the second
stage of the pipeline, we begin by performing the ILT forward
process on the current tile 𝑻 while simultaneously gathering the
gradient 𝒈 of the previous tile 𝑻𝒑𝒓𝒆 . The Algorithm 2 shows the
detailed pseudocode of the Multi-GPU pipeline algorithm.

3.3 Multi-level Stitching & Boundary Healing
In correspondence to multi-level partitioning, we also apply multi-
level boundary error healing to tackle defects mentioned in Sec-
tion 2.1 during stitching.

Micro-level Stitching & Boundary Healing. Once we have the
gradients 𝒈1,...,4𝒌∗ of all small tiles 𝑻1,...4𝒌∗ partitioned from large
patch 𝑷𝒊 , we will fuse the gradient matrices back to a large gradient
map 𝑮 (𝑡 )

𝑖
in the iteration 𝑡 . The gradient of each tile is fused back to

its relative location within 𝑷𝑖 , as shown in the right part of Figure 2.
As for the overlapping area, the printed image is affected by all
surrounding tiles. We conjecture that the neighboring effect 𝜓 (·)
of in lithography process is a linear combination of influence from
every single object 𝑝 ∈ 𝑷𝒊 in the neighboring area. Hypothetically,
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Algorithm 2 Multi-GPU Pipeline Pipeline(T𝒅, ILT)

Input: Workload T𝒅 for worker 𝑑 , certain ILT algorithm.
Output: Gradients of Workload T𝒅 .
1: Initial: 𝑻𝒑𝒓𝒆 , 𝒁𝒑𝒓𝒆 , 𝑻𝒏𝒆𝒙𝒕 , 𝒁𝒏𝒆𝒙𝒕

2: 𝑻𝒑𝒓𝒆,𝒁𝒑𝒓𝒆←𝑙𝑜𝑎𝑑 (T𝑑 [1]) ⊲ load tile 𝑻 and target
image 𝒁 from server and global memory

3: for 𝑖 ∈ [2, ..., |T𝑑 | ] do
4: 𝑙𝑜𝑠𝑠 ← ILT(𝑻𝒑𝒓𝒆,𝒁𝒑𝒓𝒆 )
5: 𝑻𝒏𝒆𝒙𝒕 ,𝒁𝒏𝒆𝒙𝒕←𝑙𝑜𝑎𝑑 (T𝑑 [𝑖 ])
6: 𝒈←backward(𝑙𝑜𝑠𝑠) ⊲ one time ILT backward,
which can run concurrently with load

7: gather(𝒈) ⊲ send the tile gradient to server
device, which can run concurrently with ILT

8: 𝑻𝒑𝒓𝒆,𝒁𝒑𝒓𝒆←𝑻𝒏𝒆𝒙𝒕 ,𝒁𝒏𝒆𝒙𝒕 ⊲ change buffer state
9: end for
10: 𝑙𝑜𝑠𝑠 ← ILT(𝑻𝒑𝒓𝒆,𝒁𝒑𝒓𝒆 )
11: 𝒈← backward(𝑙𝑜𝑠𝑠) ⊲ get final tile gradient
12: gather(𝒈)
13: return
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Figure 5: Gradient fusion on the overlapping area.

we can infer based on the conjecture that the influence resulting in
the final lithography loss 𝐿 is linear as well if the conjecture holds,
and the gradient 𝜕𝐿

𝜕𝑷𝒊
as well:

𝜓 (𝑝1, 𝑝2, ...) ≈
∑
𝑖

𝛼𝑖𝜓 (𝑝𝑖 ),

⇐⇒ 𝐿(𝜓 (𝑝1, 𝑝2, ...)) ≈
∑
𝑖

𝐿(𝛼𝑖𝜓 (𝑝𝑖 )),

⇐⇒ 𝜕

𝜕𝑡
𝐿(𝜓 (𝑝1, 𝑝2, ...)) ≈

𝜕

𝜕𝑡

∑
𝑖

𝛼𝑖𝐿(𝜓 (𝑝𝑖 )),

(5)

where 𝛼𝑖 is the weight for the influnce of each neighboring object
𝜓 (𝑝𝑖 ). As shown in Figure 5 we fuse the gradient of each pixel (𝑥,𝑦)
of the overlapping area by linearly adding the gradient of each
neighboring tile. We apply gradient fusion recursively, following
the pattern stitching at each level. We get 𝑮 (𝑡 )

𝑖
with the same size of

𝑷𝑖 at the end. The complete gradient fusion of our implementation
is illustrated in Algorithm 3. Therefore, we can directly update large
patch 𝑷 with a fused large gradient map instead of a stack of small
tiles. The advantage of gradient fusion is that: We ensure that
the optimization process for the entire patch 𝑷 is synchronized at
each iteration and that the boundary region is updated in the same
direction. So, the ILT process can be regarded with no partition at
all. Defects such as mismatch or discontinuity on the boundary are
cured in this process.

Algorithm 3 Gradient Fusion Fusion(𝒈 [1, ..., 𝑛], 𝑘)
Input: Recursive Level 𝑘∗, All tiles sliced at 𝑘-th level 𝝉𝑘 , 𝑘 ∈ [1, ..., 𝑘∗ ],

𝑘∗ level tiles gradient 𝒈 [1, ..., 4𝑘∗ ]
Output: The gradient 𝑮 of mask 𝑃𝑖
1: Initial: 𝑘 ← 𝑘∗, 𝑛 ← 4𝑘∗

2: 𝑪 ← {}
3: for 𝑖 ∈ [1, ..., 4𝑘 ] do
4: for 𝑖𝑑 ∈ [1, ..., 4𝑘−1 ] do ⊲ Cluster 𝑔𝑖 into groups
5: 𝑡𝑖𝑙𝑒 ← 𝝉𝑘−1 [𝑖𝑑 ]
6: if 𝝉𝑘 [𝑖 ] ⊂ 𝑡𝑖𝑙𝑒 then
7: break
8: end if
9: end for
10: 𝑪 [𝑖𝑑 ] ← 𝑪 [𝑖𝑑 ] ∪ 𝑔 [𝑖 ]
11: end for
12: 𝒈′ ← []
13: for 𝑖 ∈ [1, ..., 𝑛4 ] do
14: 𝒈′ [𝑖 ] ← Stitch(𝑪 [𝑖 ] [1],𝑪 [𝑖 ] [2],𝑪 [𝑖 ] [3],𝑪 [𝑖 ] [4]) ⊲ Figure 5
15: end for
16: if 𝑘 == 1 then
17: 𝑮 ← 𝒈′ [1]

return 𝑮
18: else

return Fusion(𝒈′ [1, ..., 𝑛4 ], 𝑘 − 1) ⊲ Recursive
19: end if

Macro-level Stitching & BoundaryHealing. After obtaining the
masks of large patches with inner boundaries fixed, we also need to
tackle the stitching boundary of these large patches. Considering
the huge patch size, we only apply a small healing box 𝑀 on the
boundary area to heal stitching errors. The healing box slides along
the boundary while running ILT steps on the overlapping area. For
lithography forward, each restoration takes in the whole healing box
as a forward area. Meanwhile, the backward step will only update
the slim boundary.

All three conditions of macro-level healing are demonstrated
in Figure 6. We only keep the gradient matrix on the boundary
during each ILT optimization step to make the healing only occur
on the boundary. We stitch all optimized patches with such macro-
level healing techniques to achieve an original-size full-chip mask.
Figure 7 is a visualization of the healing effect on a real metal-layer
design. We can notice that the healing box and gradient masking
will only fix the collision/misconnection area near the boundary but
leave the outside area unchanged. This can significantly reduce the
negative impact of new stitching boundary error generated by the
healing box. For the macro-level healing box, We heuristically pick
the overlapping width of the macro-level partition as the healing
box size.

The complete flow follows a divide-and-conquer style. As shown
in Figure 2, both micro-level and macro-level boundary healing
are essentially the reverse process of macro-level and micro-level
partitioning. Since FuILT is not sensitive to specific ILT algorithms,
it can easily be extended to any state-of-the-art ILT algorithms.

4 EXPERIMENTAL RESULTS
4.1 Experimental Setup
FuILT is mainly developed in Python and PyTorch. All perfor-
mance and speed evaluations are conducted on Ubuntu 20.04 with
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Figure 6:Macro-level boundary healing strategy. The healing
box is the ILT lithography area. We add a mask on the gra-
dient 𝜕𝐿

𝜕𝑴 during backward propagation. The dark blue area
is 1 where the gradient is kept, and the light blue area is 0
where the gradient is neglected.

Boundary 

Healing area

(a)

Healing effect
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Figure 7: Visualization of healing effect. The left figure is the
overlapping area without macro-level healing. The right fig-
ure is the same area after macro-level healing. This crop is
from our Metal-1 layer result in section 4.

Table 1: Benchmark Details

Bench #Polygons
Bounding Box
(𝑛𝑚 × 𝑛𝑚)

Total Area
(𝑛𝑚2)

Average
Degree

Metal-1 5043 80528 × 80192 1675692925 5.8
Via 5411 73696 × 68992 22861474 4.0
Poly 1126 73696 × 68992 88904249 5.1

Pimplant 1830 80528 × 80192 3892569599 4.0

Intel(R) Xeon(R) Silver 4210R CPU @ 2.40GHz CPU (128G RAM)
and two NVIDIA GeForce RTX 3090 GPU (24G). The photoresist
intensity threshold is set at 0.225, and sigmoid steepness is 50. Our
lithography process uses a real industry-level CPU-based simulator.
The lithography wavelength is 193𝑛𝑚 with defocus range of ±30𝑛𝑚
and dose range of ±3%. The resolution is 28𝑛𝑚/pixel for the mask
and 1𝑛𝑚/pixel for the target pattern/on-wafer image. The micro-
level partition overlapping rate 𝑅 is set to 1/10. The ILT algorithm
we use is Levelset-GPU[12] and𝑤 (0)

𝑖
is set to be 1.

For authenticity, the benchmark used in our experiments is from
a real design which we extracted from a GDSII file generated by the
open-source layout generation tool OpenROAD [20] and FreePDK45
[21] process design kit. We extracted four entire layers Metal-1, Via,
Poly, and Pimplant with significantly different geometric shapes to
show the generalizability. The details of the benchmark are provided
in Table 1. In this table, #Polygons refers to the total number of
polygons, and Average Degree denotes the average degree of all
polygons.

In our implementation, each design is sliced into 4 patches at the
macro level, given the main memory size limit. At the micro-level

ILT

Tile Layout Optimized Tile

Figure 8: The partition strategy of DAC’22 [9].

partitioning step, each patch is recursively sliced into 64 (43) small
tiles to fit in the computation resources of each GPU.

All mask quality is simulated and evaluated at the full-chip scale.
The measurements include Edge Placement Error (EPE) loss, Pro-
cess Variability Band loss, 𝐿2 loss, and total runtime. EPE violation
threshold 𝑡ℎ𝐸𝑃𝐸 is set to 10𝑛𝑚. Our lithography simulator takes the
stitched large mask as input and generates the full-layer pattern in
one lithography step. This is consistent with the real scenario, so
the results are more convincing.

4.2 Performance Analysis
We conduct our experiments in ablative order to verify the effec-
tiveness of each module in our proposed framework. The baseline
method follows the full-chip slicing strategy lately proposed in [9].
This slicing strategy has been widely adopted in previous full-chip
OPC research [8, 9, 16, 17]. As shown in Figure 8, such a slicing
strategy directly slices the layout into several small tiles with over-
lapping regions at once. After sequentially handling each small tile,
it simply stitches the mask back directly without further modifi-
cation. We compare this strategy as our baseline stitching method
because this is the only full-chip OPC strategy proposed in academia.
Therefore, we can demonstrate the significant improvements of our
full-chip ILT system. For a fair comparison, we implement the exact
same level-set method [12] as the baseline with the same parameters
described in Section 4.1 for the gradient-descent update for both
the baseline and FuILT. We extended the baseline to multi-GPU
parallelism by simply scattering the mask to GPUs and gathering
the optimized result.

Firstly and most importantly, we show the significant perfor-
mance enhancement of our micro-level partition and gradient fu-
sion technique. Both the baseline approach and our multi-level
partitioning strategy slice the design into 16 × 16 partitions. Since
the baseline strategy does not include boundary healing, we have
excluded macro-level boundary healing for a fair comparison. The
comparison results are presented in the first two chunks of Table 2.
Our technique alone significantly reduces EPE violations by an
average of 9 times across all four layers and improves L2 loss by
34% while also achieving a 31% PVBand improvement. The parti-
tioning details are consistent with Section 4.1, which is our default
framework setting for this design. Moreover, if we look at the most
complicated Metal-1 layer, our technique achieves EPE reduction of
up to 20 times and L2 loss reduction of 41%. Note that the more criti-
cal the pattern is, the more polygon breakdowns and stitching errors
may occur. Such a big leap in error reduction sufficiently shows
the effectiveness of our seamless boundary healing. Although our
method requires more time than the baseline methodology due to
the need to handle communication between GPU pairs during each
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Table 2: Comparisons of EPE, PVBand, 𝐿2 Loss and Runtime

Bench
DAC’22[9]

w/o. Macro Boundary Healing
FuILT

w/o. Macro Boundary Healing
FuILT

w. Macro Boundary Healing
#EPE PVB (𝑛𝑚2) 𝐿2 (𝑛𝑚2) RT (s) S(×107) #EPE PVB (𝑛𝑚2) 𝐿2 (𝑛𝑚2) RT (s) S(×107) #EPE PVB (𝑛𝑚2) 𝐿2 (𝑛𝑚2) RT (s) S(×107)

Metal-1 24668 120961048 224397927 2956 83.16 1243 66938717 158733917 3179 43.27 1221 66810974 154685729 4563 42.80
Via 127 6520380 9851354 1827 3.66 10 6445143 7931745 1902 3.38 10 6432513 7815421 2741 3.36
Poly 164 40238769 43742084 1831 20.55 59 32249748 31708247 1936 16.10 53 32055284 30297295 2836 15.88

Pimplant 4885 76507491 58102567 2837 38.86 1674 76389450 56955213 3174 37.09 1668 76310462 56664328 4475 37.03
Total 29844 244227688 336093932 9451 146.23 2986 182023058 255329122 10191 99.84 2952 181609233 249462773 14615 99.07
Ratio 9.99 1.34 1.31 1.00 1.46 1.00 1.00 1.00 1.08 1.00 0.98 0.99 0.97 1.54 0.99

optimization iteration, we believe that the sacrifice of an 8% increase
in runtime is worth the significant improvements achieved.

Secondly, we validate that the macro-level boundary healing
can further improves mask quality. In comparison, our experiment
adds macro-level boundary healing to the optimized mask along
the stitching boundaries, and the performance is shown in the third
chunk of Table 2. Four benchmark layers show that macro-level
boundary healing will reduce EPE errors by 2% on average and
a slight reduction in PVBand and L2 loss. Although macro-level
boundary healing may introduce new stitching boundary errors
due to the healing box, its ability to slightly reduce errors provides
evidence that boundary errors have been significantly mitigated
and helps to compensate for the new stitching boundary errors
introduced by the healing box.

We also collect the overall score comparison in the fifth chunk
of Table 2, where the score is the mask quality score measurement
proposed by ICCAD Contest 2013[22] and "w. Healing" denotes
approaches with macro-level boundary healing. So far, we do not
have mask-checking tools to count violations on a full-chip pattern.
Therefore, we replace the shape violations with 𝐿2 loss and make
it the weighted combination of the EPE, PVBand, Runtime, and 𝐿2
loss. The modified score calculation is formulated as (6):

Score = Runtime + 𝐿2 + 4 × PVBand + 5000 × EPE. (6)

The score also shows that our approach achieves the optimal overall
benchmarks.

4.3 Runtime Analysis
Apart from performance analysis, we also evaluate FuILT design
in terms of time efficiency. As shown on the left of Figure 9, we
demonstrate the acceleration ratio on all four benchmarks with our
multi-GPU system. FuILT realizes ×7.6 speed-up on average for
all four benchmarks above. We also visualize the time breakdown
of all three parts of the complete flow: Lithography Simulation,
CPU-GPU/GPU-GPU communication, and ILT Computation on
the right figure of Figure 9. It is obvious that lithography itself
occupies the majority of time consumption (around 67% of total
time), given that our simulator is only licensed for CPU at this
point. In other words, FuILT has already pushed to the limit of
loss/gradient calculation and mask update (14.9% of total time) in
the ILT process. The acceleration rate on ILT calculation itself is
more than ×50, surprisingly.
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Figure 9: Time consumption analysis of FuILT.

4.4 Visualization Result
In addition to evaluation metrics, the visualization of the final
printed images is equally important to demonstrate that FuILT ef-
fectively heals errors on the boundary.

As shown in Figure 10, we visualize printed images of both large-
scale patterns and small local crops on the stitching boundary of
Metal-1 layer. There are three types of errors that FuILT fixed. Crop-
1, crop-3, and crop-5 are the unexpected disconnections of patterns
on the printed image. On the other hand, crop-2, crop-4, and crop-6
show collisions and the emergence of objects where the original
design is disjoint in these areas. These two types of errors are typical
shape violations, which will seriously affect the functionality of
the wafer image. Crop-7 and crop-8 are the typical distorted area
when the original design is flat and straight where stitching incurs
expected bulges. In comparison, our seamless boundary-healing
strategy will solve all these stitching errors.

Furthermore, as shown in Figure 11, FuILT generates a result that
is nearly identical to the target image, while the baseline method
has numerous violations, with some via patterns even disappearing.
These results demonstrate that even for the Via layer, the diffraction
influence of neighboring tiles cannot be ignored.

5 CONCLUSION
In this paper, we proposed a brand new full-chip ILT system—FuILT
with a multi-level boundary healing strategy and generalizability
to all types of pattern layers with different geometric complexity.
Our framework is capable of distributing the workload to multiple
machines and multiple GPUs to realize multi-level parallelism. With
a newly-proposed micro-level gradient fusion technique and macro-
level stitching error healing, our framework can perform seamless
boundary healing for any full-chip scale. Ablative experiments and
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(a) DAC’22 [9] (b) FuILT

Figure 10: Visualization of the Metal-1 layer printed image, showing both large-scale patterns and local boundary error areas.
The figure displayed here is a small piece of the whole Metal-1 layer printed on-wafer image.

(a) DAC’22 [9] (b) FuILT (c) Target Image

Figure 11: Visualization of the Via layer printed image. The figure compares via optimization result with the target image.

visualization show we can significantly eliminate pattern violations
on the slicing boundary.
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