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Abstract

Lithography orchestrates a symphony of light, mask and photochemicals to
transfer the integrated circuit patterns onto the wafer. Lithography simulation
serves as the critical nexus between circuit design and manufacturing, where
its speed and accuracy fundamentally govern the optimization quality of down-
stream resolution enhancement techniques (RETs). While machine learning
promises to circumvent computational limitations of lithography process through
data-driven or physics-informed approximations of computational lithography,
existing simulators suffer from inadequate lithographic awareness due to in-
sufficient training data capturing essential process variations and mask correc-
tion rules. We present LithoSim, the most comprehensive lithography simula-
tion benchmark to date, featuring over 4 million high-resolution input-output
pairs with rigorous physical correspondence. The dataset systematically incor-
porates alterable optical source distributions, metal and via mask topologies
with optical proximity correction (OPC) variants, and process windows reflect-
ing fab-realistic variations. By integrating domain-specific metrics spanning
AI performance and lithographic fidelity, LithoSim establishes a unified evalu-
ation framework for data-driven and physics-informed computational lithography.
The data (https://huggingface.co/datasets/grandiflorum/LithoSim),
code (https://dw-hongquan.github.io/LithoSim), and pre-trained models
(https://huggingface.co/grandiflorum/LithoSim) are released openly to
support the development of hybrid ML-based and high-fidelity lithography simula-
tion for the benefit of semiconductor manufacturing.

1 Introduction

Simulation stands as a cornerstone of modern artificial intelligence (AI), enabling data-driven emula-
tion of complex physical system, from protein folding dynamics [1] to climate modeling [2, 3, 4].
These AI-powered simulation not only accelerate computational cost [5, 6] but also unlock closed-
loop optimization paradigms by bridging synthetic data simulation with differentiable physical
models [7, 8]. A critical application of this paradigm is in semiconductor manufacturing, specifically
lithography simulation [9, 10]. Lithography is a optical and chemical system of transferring intricate
circuit patterns M onto silicon wafers using light J with a fixed projector H depicted in Figure
1(b). However, at nanometer scales, fundamental physics of optical diffraction and unavoidable
manufacturing variations (a.k.a. process variations) distort the intended patterns. Techniques called
resolution enhancement technologies (RETs) [11, 12, 13], such as optical proximity correction (OPC)
and source mask optimization (SMO) shown in Figure 2, are used to pre-distort the design masks to
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Figure 1: (a). Lithography simulation tools by combining source and defocus on a �xed projector to
create an optical model (TCC in Appendix A.1), then using mask and dose inputs to generate resist.
(b). Physical lithography setup comprises5 primary elements:¬ An adjustable illumination systemJ.
­ The mask setupM with a basic binary design made of see-through and non-see-through sections.
® An aligned and �xed projection moduleH . ¯ An exposure mechanism with 2 critical process
variation(�; �) . ° A resist station to yield the end producted resistR . (c). Previous benchmark
[14] at 45nm node considering source and process variations as constants, using DNNs for limited
surrogate modelsM ! R . (d). Our benchmark at sub-28nm node considers simulation across larger
mask ranges with source and process variations, using data-driven or physics-informed generative
models for holistic simulation M � (J; �; �) ! R with all the elements ¬ to °.

Table 1: Comparison of Lithography Simulation Benchmarks.
Items CAD13 [15] ISPD19 [16] N14 [17] LithoBench [14] LithoSim

# of Var.
source � � � � 620
dose 3 � � � 13
defocus 2 � � � 5

Mask Con�g.
Type M V V M/V M/OPC-M/V/OPC-V
Num. 5k 21k 1:6k 16k/115k 1210 for each
Size 4 4 4 4=1 16 for all

Tech. Node Metal 32 – – 32 14 � 28
Via – 40 14 45 14 � 40

# of Output resist 30k 21k 1:6k 131k > 4M

Mask size and Tech. node measurements in �m2 and nm, respectively. k = 1; 000, M = 1; 000; 000.
In mask type, M: Metal, V: Via, OPC: mask optimization for compensating optical diffraction.

compensate for these effects, aiming to print the desired pattern accurately. RET work�ows heavily
rely on simulating the lithography process.

Traditional lithography simulators use complex physical models like Figure 1(a) that are computa-
tionally extremely expensive with> 103 CPU-hours per square millimeter. This bottleneck makes
simulation and RET optimization slow and impractical. Machine Learning (ML) offers a promising
path by learning differentiable image-to-image translation between the input mask designM and
the �nal printed resist patternR in Figure 1(c), bypassing the costly physics solvers to create fast
surrogate models [18].

However, current public datasets for ML-based lithography such as CAD13 [15], ISPD19 [16],
N14 [17], and LithoBench [14] listed in Table 1 are inadequate for developing models that meet
RET requirements, suffering from3 key limitations. First, datasets are outdated scaling, primarily
covering older32 � 45nm technology nodes, not the cutting-edge sub-28nmnodes used in advanced
lithography. Second, mask scales, typically� 4�m 2, are too small to capture crucial optical proximity
effects. Third, They lack4 essential variations that RET must handle: different types of maskM with
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Figure 2: Overview of RETs (OPC and SMO).

or without OPC [19], variations in the light source shape and intensityJ, �uctuations in exposure dose
� . deviations in defocus� of �xed projectorH shown in Figure 1(b). This lack of realism severely
limits the practical lithography of models trained on current datasets for differentiable optimization
applications [11, 12, 13, 19, 20, 21, 22, 23, 24, 25, 26, 27] in Figure 2, where accurately simulating
the interaction of all these physical variables is essential.

For real semiconductor manufacturing, Lithography simulation forms the computational backbone
of modern RETs. As illustrated in Figure 2, RET relies on iterative, physics-aware feedback from
the simulator to optimize maskM and illumination sourceJ listed in Appendix A.2. The goal is
to minimize a composite loss function that includes the contour �delity under nominal conditions
and robustness across process variations. This necessitates a simulator that is not only fast but also
accurately models the interaction of all physical variables, a capability absent in existing benchmarks.

To address those critical gaps, we introduce LithoSim illustrated in Figure 1(d), a comprehensive
benchmark designed to enable the development and evaluation of ML models for practical lithography
simulation and differentiable RET optimization. LithoSim provides:

• Masks at sub-28nmnodes, both with and without OPC, covering larger scales with16�m 2

to capture proximity effects.
• Extensive parametric combinations listed in Table 1 covering over600 distinct source

con�gurations withannular , quadrupole , anddipole illuminations,13 dose variation
levels spanning from�12% to +12% of the nominal value, and5 defocus offsets over a
range of �80nm, mirroring the key variables in RET �ow.

• The �rst uni�ed benchmark and evaluation framework to assess modern deep learning
architectures (CNNs [28], Vision Transformers [29], physics-informed models like FNO-
based �ows [21, 17], and SOCS [30, 10]) on their ability to simulate lithography patterns
with metrics both in ML and lithography domain.

• A unique out-of-distribution (OOD) evaluation for model generalization under varying mask
conditions, a core requirement for RET. Speci�cally, it allows testing models trained on
OPC'ed masks on completely non-OPC'ed masks, as well as the reverse. This directly
mimics the �ow where maskM is iteratively modi�ed during differentiable optimization
like OPC and SMO, while a robust simulator must remain accurate even as the input mask
changes signi�cantly between iterations.

2 Related Work

The advancement of ML-based lithography simulators is hampered by the limited scope of exist-
ing metal [15] and via [16, 17] datasets. Current metal layer data, such as CAD13 [15], relies
predominantly on only10 base patterns at the32nm node, arti�cially augmented via rotation and
re�ection to generate 4; 875 synthetic variants under identical design rules [11]. Similarly, via layer
datasets comprise fragmented sub-regions of full-chip layouts [16, 17], simulated under idealized
and �xed process conditions. While these resources have facilitated initial research into data-driven
architectures [28, 31, 32] and physics-informed models [17, 30], they fundamentally lack critical
manufacturing parameters, especially notably, realistic source illuminator pro�les and process varia-
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Figure 3: LithoSim Dataset Collection Pipeline. (a). Source& Optical Model Generation: (a.1)
generates sourcesJ with normalized intensity distributions, (a.2) applies defocus levels per source,
(a.3) output >1,800 optical models via simulation tool. (b). Mask Preparation: (b.1) extracts layout
clips from full-chip M1 design. (b.2) synthesizes via layouts with foundry design rules. (b.3)
processes original designs with OPC to generate OPC'ed masks. (c). Resist Synthesis: simulates
resistsR via simulation tool. (d).Out-of-Distribution (OOD) Benchmark: generates for testing model
generalization to unseen conditions.

tions used in rigorous simulation [9, 10, 33]. This omission ultimately renders the resulting models
unsuitable for RET-oriented optimization.

Recent advances in fabrication-aware neural lithography, such as bilevel optimization [26, 13] and
end-to-end differentiable neural pipeline [24, 34], highlight the critical role of manufacturing-digital
twins in closing design-to-fabrication gaps. While these approaches [26, 24] excel at modeling post-
lithography 3D topography, LithoSim addresses a complementary challenge: it focus on predicting
resist contours under optical and process variations directly supports emerging differentiable ILT
like [20, 23, 22]. By providing standardized evaluation of PV-band generalization critical for mask
optimization in [25, 35, 27], LithoSim bridges the gap between high-�delity physical emulation and
optimizers requiring differentiable surrogates.

3 LithoSim Dataset Construction

3.1 Experiment Outline

The experimental framework formulates lithography simulation as a high-dimensional regression
problem with four complementary input modalities: source, mask, dose, and defocus. Mask inputs
M 2 f0; 1g W �H represent binary patterns at sub-28nm resolutions, with dimensions scaling as
16�m 2 (W = H = 4096 ) to capture proximity effects. Source con�gurationsJ 2 R N�3 describe
particular light source distribution throughN discrete source pointsj i (i 2 [0; N) ), each de�ned
by normalized intensityvi 2 [0; 1] and Cartesian coordinates(x i ; yi ) 2 [�1; 1] 2. Dose and defocus
parameters(�; �) introduce controlled process variations, where dose modulates exposure energy
� 2 [�0:12; 0:12] while defocus emulates lens aberrations� 2 [�80; 80] , conforming commonly
used variations in real simulations.

All the experiments is trained and tested with 4 H100 Graphics cards with Intel Core Xeon Platinum
8462Y+ processors with Adam optimizer and a10�4 learning rate of10�5 weight decay. Either a
linear combination of BCE and Dice loss, or only MSE is used as loss fuction.

3.2 Dataset Collection

The dataset is generated through a scalable lithography simulation pipeline executed on100par-
allelized CPUs, following the simulation �ow illustrated in Figure 1 (a). To ensure diversity and
physical �delity, the source and mask integrates manufacturing-speci�c design rules and rigorous
computational lithography principles. Following advanced lithography, we set NA is1:35and wave-
length is193nm, incorporating Zernike lens aberrations up to37 terms. Optical model needs to
be built before the simulation and each requires approximately 40 minutes to complete the process.
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