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Abstract—Lithography simulation is a critical technology in
modern semiconductor manufacturing, yet existing deep learning
models often fail to accurately model the complex, long-range
optical physics due to the inherent locality of convolution. This
limitation results in insufficient simulation fidelity and poses signif-
icant challenges for optimization tasks. To overcome this challenge,
we introduce LithoMamba, the first generative framework to
leverage Mamba for high-fidelity lithography simulation. Our
architecture uses a Mamba Generator to model global and long-
range optical interactions, while a local, MLP-free Discriminator
provides precise, spatial feedback to ensure fine-grained pattern
fidelity. This global-local design enables our model to achieve
both physical realism and exceptional detail. Our experiments
show that LithoMamba outperforms existing methods, both in
quantitative and qualitative results. These findings demonstrate
the promise of State Space Models for improving lithography
simulation and suggest new possibilities for combining physics
with generative AI in chip manufacturing.

Index Terms—Lithography Simulation, Mamba, GAN, Image
Generation

I. INTRODUCTION

Lithography simulation is a key technology in modern semi-
conductor manufacturing. It plays a critical role in improving
yield and IC performance through applications such as optical
proximity correction and source-mask optimization [1], [2]. In
recent years, deep generative models, particularly convolution-
based Generative Adversarial Networks (GANSs), have emerged
as a promising approach for this task, translating IC lay-
out designs into corresponding Scanning Electron Microscope
(SEM) images [3]-[8]. However, the efficacy of these meth-
ods is fundamentally constrained by the local receptive fields
of convolution. This inherent locality struggles to accurately
model the long-range interactions of optical physics like diffrac-
tion [9], [10], yielding abnormal and blurry results. While
recent approaches incorporate Fourier transforms to capture
global information, they often sacrifice high-frequency spatial
details, which are crucial for pattern fidelity [11], [12].

Recent advancements in State Space Models (SSMs), par-
ticularly Mamba, have demonstrated remarkable capabilities
in modeling long-range dependencies with computational ef-
ficiency [13]-[15]. In this work, we introduce LithoMamba,
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a novel generative framework specifically designed for high-
fidelity lithography simulation. Our framework uniquely com-
bines the strengths of SSMs for global modeling and localized
adversarial feedback for fine detail synthesis.

The proposed Mamba Generator is built upon the Mamba
architecture [13]. By processing the input IC layout as a
sequential scan, the generator leverages mamba to inherent its
global modeling capability. This design enables it to explicitly
model the complex, long-range optical effects fundamental to
the lithography process [9], progressively encoding the layout
and reconstructing the SEM image. To complement this global
generator, we propose a Local Discriminator. Inspired by the
translational invariance of IC patterns, our discriminator, based
upon convolution, is designed to produce a localized adversarial
score map by forgoing the final global aggregation layer. Each
element in this map provides a spatially-aware feedback signal,
guiding the generator to focus on intricate, local patterns. This
joint global-local architecture creates a powerful synergy: the
generator models the overarching physics, while the localized
feedback from the discriminator refines the details. Our main
contributions are summarized as follows:

o We propose LithoMamba, the first framework to leverage
a State Space Model (Mamba) for the task of lithography
simulation, demonstrating its suitability for modeling com-
plex physical processes in semiconductor manufacturing.

o We introduce a novel global-local generative architecture.
The Mamba Generator effectively captures long-range
optical effects, while our Local Discriminator, exploiting
the translational invariance of ICs, provides fine-grained,
spatially-aware feedback to enhance pattern accuracy.

o Extensive experiments demonstrate that LithoMamba sig-
nificantly outperforms prior lithography simulation tech-
niques as well as general-purpose generative models, in
both quantitative metrics and qualitative fidelity.

II. METHOD

Our proposed LithoMamba framework uses a Mamba Gen-
erator with a global receptive field to synthesize the lithography
process, which is adversarially trained against a fully convolu-
tional Local Discriminator that provides fine-grained, spatially-
aware feedback to preserve pattern fidelity.
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Fig. 1: The proposed LithoMamba lithography simulation network.

A. Mamba Generator

1) Generator Architecture: Our generator, depicted in
Fig. 1(b), is designed as a hierarchical encoder-decoder network
to transform an input IC layout into a photorealistic SEM
image. The process begins with a Patch Embedding layer that
converts the input layout image into patch-based features. The
encoder then progressively downsamples the spatial resolution
while increasing the feature dimensionality. Symmetrically, the
decoder progressively restores the spatial resolution, ultimately
reconstructing the final SEM image via Patch Merging. Cru-
cially, the generator possesses a global receptive field at every
level of the feature hierarchy. This is critical for modeling
long-range physical phenomena in lithography, such as optical
diffraction and proximity effects, which cannot be adequately
captured by local operators like convolutions [16].

2) Visual Selective Scan Block (VSS Block): The VSS block,
shown in Fig. 1(c), is the fundamental component of our gener-
ator. It has three parallel paths: a residual path, a gate path and
a content path. By further adding a DownSample or UpSample
module, it forms the encoder-decoder architecture. The final
output is obtained by element-wise multiplication of the content
path with gate path, followed by a linear projection and residual
path. This structure allows the VSS block to dynamically select
and fuse information based on global context dependencies.

3) Topology-Aligned Selective 2D-Scan (SS2D): To adapted
the sequential Mamba model for 2D spatial data, we use
topology-aligned scanning path to flattens the 2D feature map
into four 1D sequences. The scanning strategy, as shown in
Fig. 1(d) and Fig. 2, is specifically motivated by the topol-
ogy priors of IC layouts, which predominantly composed of
horizontal and vertical patterns. Aligning the scan directions
with circuit structures enables Mamba to more effectively

model dependencies along these critical paths. Each of the four
sequences is processed by an independent Mamba model, and
their outputs are subsequently averaged to produce the final
output. The calculation of the state-space is written as

hy = A(z) hy—1 + B(x) x,
y=Chs+ Dz,

ey
@

where h; denotes the hidden state at time ¢, = is the input,
ye is the output, and A(x), B(z), C, and D are learnable
parameter matrices. This process enriches the feature repre-
sentation with contextual information from all four cardinal
directions, enabling a comprehensive understanding of the 2D
spatial relationships.

B. Local Discriminator

The Local Discriminator is designed to distinguish between
real SEM images and those synthesized by our generator, condi-
tioned on the input IC layout. To provide a stable and detailed
training signal, we designed a fully convolutional, MLP-free
discriminator. Our discriminator’s architecture consists of a
standard stack of convolutional layers for feature extraction
followed by a sigmoid activation function. Critically, we re-
move the flattening and MLP layers that aggregate features
into a single scalar output. Instead, the network outputs a
2D adversarial score map, where each element in the map
corresponds to the realism of a specific receptive field in the
SEM image.

This design is motivated by the strong translational invari-
ance of IC patterns. By providing localized feedback, the
discriminator forces the generator to focus on the fine-grained
fidelity of local textures across the entire image. Compar-
ing PatchGAN, our design allows overlays between receptive
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Fig. 2: Comparison of calculation between different model architecture.

fields and provides richer and more stable training signal.
Furthermore, it guides our global Mamba Generator to render
dexterous and physically accurate local patterns, ensuring both
global consistency and local precision in the final synthesized
image.

C. Loss Function

Our training objective is a composite loss function, combin-
ing an adversarial loss with an reconstruction loss to ensure
both perceptual realism and structural fidelity, as in

Ltotal = Ladv + >\L1- (3)

The adversarial loss Lg4,, derived from the 2D adversarial
score map, provides spatially-aware training signals that guide
the generator to refine local patterns across the synthesized
image, while the complementary L; loss enforces pixel-level
accuracy by minimizing absolute differences from the ground-
truth SEM images. A is a hyperparameter that balances two
losses. Together, the localized adversarial feedback and direct
structural guidance ensure both global physical consistency and
local precision in the final results.

III. EXPERIMENTS
A. Dataset

Due to the scarcity of public lithography simulation datasets,
we constructed a new dataset from 14nm manufacturing nodes.
It contains 3200 paired layout masks and their corresponding
SEM images, captured at a 1024 x 1024 resolution and featuring
diverse, complex IC patterns. We randomly split the data into
training and testing sets using a 3:1 ratio.

B. Implementation Details

Our framework is implemented in PyTorch and was trained
on the NVIDIA RTX 4090 GPU. We use the Adam opti-
mizer [17] with hyper-parameters of §; = 0.5, 82 = 0.999,
and a learning rate of 2 x 107%. X in the loss function is set
to 0.1. All models are trained and evaluated at the original
1024 x 1024 resolution.

C. Baselines

We conduct a comprehensive comparison against a wide-
range of methods, in three key categories: fully convolutional
GANSs such as PE-GAN [6] and SEM-GAN [7], recent methods
that use the Fourier transform for global context modeling, like
DAMO [11] and DOINN [12], and general synthesis models

TABLE I: Quantitative comparison of competing models for
SEM image-level lithography simulation. Our LithoMamba
achieves superior performance across all categories.

I0U+ PAT FIt FID| PSNRT SSIM?
SEM-GAN [7]  0.61  0.64 074 27542 1642  0.19
PE-GAN [6] 086 090 092 26653 1654 022
DAMO [11] 091 093 095 17323 169 021
DOINN [12] 090 093 095 8971 1693 025
ViT* [19] 092 094 095 27482 1624 027
Palette 18] 086 088 091 9787 1673 030
Ours 094 096 096 3354 1721 032

from the natural image domain, including a diffusion model,
Palette [18], and ViT*, an adapted transformer-based GAN
implementation that uses the ViT-UNet [19] as its generator.

D. Evaluation Metrics

We evaluate all methods from two perspectives: image fi-
delity and simulation accuracy. For image fidelity, we as-
sess perceptual and structural quality using Fréchet Inception
Distance (FID) [20], Peak Signal-to-Noise Ratio (PSNR), and
Structural Similarity Index (SSIM) metrics. We evaluate sim-
ulation accuracy by comparing the simulated groove mask
against the ground truth using Intersection over Union (IoU),
Pixel Accuracy (PA), and the F1-Score. We employ UISS [21]
on both simulated and real SEM images to obtain the groove
masks. These scores quantify the structural similarity and indi-
cate the potential performance in downstream applications [22].

E. Quantitative Comparison

As shown in Table I, our model, LithoMamba, demonstrates
superior performance across all evaluation metrics. Those re-
sults also validate our central hypothesis: methods with a global
receptive field (e.g., DAMO, DOINN, Transformer, and ours)
consistently outperform localized, purely convolutional models
(SEM-GAN, PE-GAN) in both simulation accuracy (IoU, PA,
F1) and image fidelity.

Notably, our method achieves an FID score of 33.54, dras-
tically surpassing the next best model, DOINN (89.71). Our
model surpass all competing methods in generating high-
fidelity and structurally accurate simulations. These comprehen-
sive results validate the effectiveness of the LithoMamba archi-
tecture for modeling complex, long-range lithography physics.



The visual results in Fig. 3 underscore the superiority of
our approach. The odd-numbered rows show magnified de-
tails, while the even-numbered rows display the full simulated
results. Convolutional baselines (SEM-GAN, PE-GAN) fail
to model the overall structure, producing distorted groove
structures due to their limited receptive fields. While Fourier-
based methods (DAMO, DOINN) capture global context better,
they introduce distinct artifacts related to frequency, such as
the loss of high-frequency details in DAMO and the structural
fluctuation in DOINN.

Similarly, ViT* struggle to render the fine-grained, intricate
groove geometries. Palette produces images with more detail
but suffers from weak contrast and unnatural textures. This is
because its diffusion process struggles to model the background
SEM noise, which compromises simulation fidelity [23]. In
contrast, our method faithfully reproduces realistic patterns that
are visually almost indistinguishable from the ground truth,
demonstrating superior simulation capability in both global and
local visual fidelity.

G. Efficiency Analysis

To assess the computational efficiency of the proposed
method, we analyze the throughput speed of all competing
methods in Fig. 4. Our framework offers a compelling bal-
ance between performance and speed, crucial for practical
deployment. While Fourier-based methods like DAMO are
faster, they suffer from significant quality degradation due to
the loss of high-frequency details. Conversely, LithoMamba is
substantially more efficient than the computationally intensive
Transformer and Diffusion models, demonstrating its suitability
for high-throughput manufacturing environments.
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Fig. 4: Computation time per one image. Lower values means
less computation resource needed and higher throughput.
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Fig. 5: Internal feature representations of LithoMamba. Unlike
other methods that merely replicate the input layouts, our
proposed LithoMamba generates feature maps that resemble
the actual diffraction patterns in lithography physics.
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Fig. 6: Training stability of five different GAN configurations. The green line represents the mean output of the discriminator
(D) for real images (TD), while the red line shows the output for generated images (FD). LithoMamba configuration (e) exhibits

the most stable training dynamics.

TABLE II: Quantitative comparison of SEM image simulation
across 32nm and 90nm technology nodes on the REFICS
dataset.

Model Node IOUT FID] PSNRT SSIM T
DOINN [12] 0.81 208.55 16.71 0.36
ViT* [19] 32nm 0.82 49.95 17.18 0.37
Ours 0.84 41.60 18.62 0.37
DOINN [12] 0.74 134.25 16.22 0.32
ViT* [19] 90nm 0.77 49.46 16.83 0.33
Ours 0.78 47.37 17.04 0.34

H. Analysis of Internal Feature Representation

To investigate the architectural advantages of our model, we
visualized the penultimate feature maps of competing methods
in Fig. 5. The feature maps from purely convolution method
(PE-GAN) shows limited generative capability with only rect-
angular motifs. DOINN and ViT* show improved details but
the overall patterns lack explicit representations of the physical
optic interaction in lithography.

In contrast, the feature maps generated by our LithoMamba
are more detailed and resemble the coherent patterns of optical
diffraction after light passes through the layout mask. This
interesting finding suggests our model learns a more physically
meaningful representation of the lithography process, providing
a possible explanation for its state-of-the-art simulation accu-
racy.

1. Evaluation on Public 32nm and 90nm Datasets

To validate the effectiveness and generalization of our model,
we conduct a quantitative comparison on the 32nm and 90nm
technology nodes from the REFICS [24] dataset. All models
were trained from scratch with the same hyper-parameter
settings. As shown in Table II, LithoMamba consistently out-
performs competing methods in both nodes, with a notable
advantage in FID scores. These results validate the effectiveness
and robustness of our proposed approach for high-fidelity SEM
image simulation across different technology nodes.

J. Ablation Study

1) Validation of the Architecture: We validate our key ar-
chitectural choices in Table III. The results clearly demonstrate
that both the Mamba Generator and the Local Discriminator are
critical components. Replacing either with a vanilla counterpart
causes a significant drop in performance, representing that the

TABLE III: Ablation study on the generator architecture. -
means vanilla implementation.

G D IOUt PAT FIt FID|] PSNRT SSIMT
- 0.74 079 081 213.71 1571 0.16
- Local 0.84 082  0.87 166.53 16.08 0.18
Mamba - 0.90 093 095 84.18 16.36 0.21
Mamba-Inward ~ Local 0.83 088 091 12491 15.45 0.17
Mamba-diagonal ~ Local 0.88 0.91 0.93 53.31 15.98 0.19
Transformer Local 0.92 0.94 095 27482 16.24 0.27
Ours 0.94 096  0.96 33.54 17.21 0.32

full design is optimal to achieve stable and high-fidelity SEM
image simulation.

Furthermore, we confirm the effectiveness of our topology-
aligned 2D scanning mechanism. It markedly outperforms
alternative scanning paths (spin-inward and 45 degree diagonal
scan) and a standard Transformer block, validating our design
choice to align the scanning process with the inherent structural
priors of IC layouts.

2) Ablation on the Convergence of Architectural Composi-
tions: To analyze training stability, we visualize the discrimi-
nator outputs in Fig. 6. Our proposed framework (e) achieves
a stable training equilibrium, where the discriminator outputs
for real and fake samples remain balanced around the ideal
0.5 threshold. In contrast, other generator-discriminator pairings
exhibit unstable dynamics, such as rapid discriminator con-
vergence (c), which leads to vanishing gradients and prevents
the generator from learning effectively. This confirms that our
global-local architecture not only improves final performance
but also fosters a more stable and effective adversarial training
process.

IV. CONCLUSION

In this paper, we introduced LithoMamba, the first network
to successfully leverage a State Space Model (Mamba) for
high-fidelity lithography simulation. Our novel architecture
combines a global Mamba Generator, which excels at modeling
long-range optical physics, with a local convolutional discrim-
inator that enforces fine-grained pattern accuracy. Extensive
experiments show that our method sets a new state-of-the-
art, significantly outperforming previous techniques in both
quantitative metrics and visual quality. This work highlights
the immense potential of SSMs for computational lithography
and opens new avenues for physics-aware generative modeling
in semiconductor manufacturing.
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