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Abstract

In recent years, the increasing demand for smaller and more powerful semicon-
ductors highlighted the critical role of lithography—a key stage in semiconductor
manufacturing responsible for precise mask design and wafer patterning. To meet
these demands, the semiconductor industry has increasingly adopted computa-
tional lithography, employing machine learning and deep learning techniques to
accelerate advancements in lithographic technology. Despite the various research
efforts and successes in computational lithography, there remains a lack of explicit
incorporation of physical principles. This gap limits the ability of existing methods
to fully capture the complex physical phenomena inherent in lithography behaviors.
To bridge this gap, we propose OptiCo, a novel convolutional neural network
that seamlessly integrates optical diffraction principles into its architecture. At its
core, OptiCo employs an optical phase kernel to model phase variations resulting
from light propagation, effectively capturing the physical interactions among light,
masks, and wafers. We evaluate OptiCo on semiconductor lithography bench-
marks, demonstrating its superior performance in mask optimization tasks, with its
remarkable generalization capabilities in OOD datasets.

1 Introduction

Semiconductors are now indispensable to almost every facet of modern life, enabling technologies
from smartphones and computers to artificial intelligence systems. Their critical role has brought
semiconductor manufacturing to the forefront of technological innovation and industrial focus. Within
this manufacturing ecosystem, lithography stands out as one of the most important stages [1, 12} 3]]. In
particular, the lithography process uses light passing through a mask to precisely project the patterns
of transistors and circuits onto silicon wafers. Due to its technical demands and the precision required,
the lithography stage alone accounts for approximately 30% of the overall manufacturing cost [4].

Over the years, the increasing demand for smaller and more powerful semiconductors has pushed
lithography technology to its physical limits. As manufacturers strive to further reduce circuit sizes,
they face substantial challenges from the complex interactions between light, wafer, and mask patterns
[S,16,[7]. As shown in Figure|l} the image projected from the mask onto the wafer typically deviates
from the intended design due to the effects of light diffraction, which are particularly pronounced
with short-wavelength light (e.g., EUV light) used for fabricating smaller circuit feature sizes [8]].

To achieve the precision in lithography, traditional approaches have relied on trial-and-error exper-
imentation or mathematical modeling to optimize lithographic parameters [9} [10, [I1]. However,
repeatedly executing the real lithography process is prohibitively expensive, and the complexity of
light diffraction makes mathematical modeling both challenging [4}[12]. To address these constraints,
the semiconductor industry has adopted simulation-based computational lithography, particularly
those leveraging deep learning (DL) methods [13| [14} [15].
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Figure 1: Deviations in mask-to-wafer projection by optical effects.

Among the various DL-based approaches, GAN-OPC [16] emerged as one of the earliest DL frame-
works that utilize a generative adversarial network (GAN) to establish a direct mapping between
input target wafer patterns and output mask designs. Building upon this foundation, DAMO [17]
enhanced performance by achieving higher-resolution mask predictions by incorporating a UNet++
[L8] backbone and residual blocks. TEMPO [19] further leveraged multi-domain image-to-image
translation techniques to address the complexities associated with 3D mask designs.

Despite these achievements, some studies [20, [21]] have highlighted limitations in their reliance on
standard neural network architectures, which may struggle to capture the global information essential
for accurate lithography modeling [22]]. To overcome this limitation, researchers have explored
the potential of Fourier Neural Operators (FNOs) [23]]. Specifically, DOINN [20] introduced an
FNO-based framework that employs Fourier transforms to effectively capture both low-frequency
global information and high-frequency local details. Building on this approach, CFNO [21] further
improved the framework by incorporating inductive lithography bias into the model architecture.
While these FNO-based frameworks have demonstrated superior performance by implicitly modeling
lithography in Fourier space, they did not explicitly account for the physical principles of optical
diffraction theory [24} 25| that fundamentally govern lithography behavior.

To address these limitations, we propose an optical physics-inspired neural network that incorporates
fundamental optical principles through the optical diffraction [26|27]]. In the context of semiconductor
lithography, diffraction is particularly crucial as it determines how light propagates through the mask
and ultimately forms patterns on silicon wafers [1]. A key aspect of light diffraction is the phase
factor, which quantifies changes in the wavefront of light when it encounters different material
interfaces [28]. For instance, as light interacts with the transparent and opaque regions of a mask, the
phase factor predicts how the phase and amplitude of light waves are altered during these interactions,
which influence the pattern of light projected onto wafers [29].

To model this phase factor within our neural network, we introduce a Optical Phase (OP) kernel
that functions as a transformation layer to encode the spatial phase variations induced by light
propagation. Our framework was designed to be kernel-agnostic, allowing the use of either the
Rayleigh—Sommerfeld-based diffraction kernels or the Hopkins diffraction kernel, as well as any other
physically motivated kernels as needed. Unlike traditional convolution filters that focus on spatial
features, our kernel is designed to capture the curvature and dynamic evolution of the light wavefront,
thereby simulating the behavior of light as it propagates through space. By incorporating this
physics-inspired operation into our neural network architecture, we enhance its ability to generalize
to out-of-distribution (OOD) mask designs. This capability is crucial for real-world semiconductor
manufacturing, where mask patterns often deviate from the training data due to practical constraints.

The main contributions of our work can be summarized as follows:

* We propose a Optical diffraction-based Convolutional neural network (OptiCo) designed to
effectively simulate the behavior of light for computational lithography.

¢ To the best of our knowledge, OptiCo is the first convolutional neural network framework to explic-
itly integrate the physical principles of optical diffraction into its core operations, thereby ensuring
that the model inherently respects the underlying physics that govern lithography behavior.

* We introduce a optical phase (OP) kernel that encodes spatial phase variations caused by light
propagation. This physics-inspired OP kernel significantly improves the generalization perfor-
mance for OOD mask designs.



Figure 2: Overview of the OptiCo framework and the design of its block integrating OP kernel.

2 Method

Convolution from Optical Diffraction. In wave optics, the propagation of an optical wave
from the mask planéx;y) to a wafer plangx® y9 at distance can be described by the Rayleigh-
Sommerfeld (RS) diffraction integral [27].

The RS integral has several formulations, including the Helmholtz—Kirchhoff, the Green's function,
as well as the Fresnel approximation. For clarity of presentation, we illustrate the Fresnel form here,
while our framework accommodates all formulations.
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This diffraction integral reveals that the diffraction can be modeled as a convolution with an optical
propagation kernel. Recall that the convolution of a funcfiomith a kernelh is de ned, the Fresnel
diffraction integral in Eq. 1 can be rewritten by isolating the quadratic dependene® orx) and
(y° ). This transforms the integral using convolution as follows:
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The kerneh acts as an Optical Phase (OP) kernel, characterizing diffraction by phase modulation.
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OP kernel construction. For a kernel size ofN; N ), we de ne the coordinatel; y) relative to

the center of the kernel and compute the complex exponential to construct the ORegnel =

exp Jsz x?+ y? :Each element o®(x;y) corresponds to the phase term of diffraction. While

we illustrate the OP kernel using the Fresnel form above, our framework is kernel-agnostic and can
equally incorporate more general RS formulations or the Hopkins TCC kernel.

OP complex convolution. Given the diffraction-inspired OP kern® and learnable scalar weight
Wegt = Q, where the resulting complex effective keriél; encodes optical diffraction, so that
each convolution step inherently re ects the physical propagation of light. Since optical elds are
inherently complex, we decompose the inpuand weighMW.¢ into real ¢) and imaginaryi( as:
th:Ur"'jUi; Wet = W + W i 3
OPonfU)= (Ur W, U Wp)+j U W+U W (4)
OptiCo block. The OptiCo block integrates a MetaNeXt-based backb8apyith the OP complex
convolution in a uni ed layer. Since the OP convolution is inherently complex, we rst embed
YhackboneiNt0 the complex domain using a per-pixel Complex ConvlD, yielding a complex feature.
This embedding is then combined wiP., via @ Hadamard product, performing phase modulation.
The modulated output is multiplied by the constants and nally added back to the backbone feature,
thereby injecting physically grounded diffraction effects into the representation.
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Table 1: Main experiments comparing MSE, PVB, and EPE across competing methods.

. StdMetal StdContact
Method MetalSet ViaSet (MetalSet OOD) (ViaSet OOD) Average

| MSE PVB EPEMSE PVB EPE MSE PVB EPE MSE PVB EPE MSE PVB EPE

DAMO [3257941173 5.4 5081 9962 0.0 1612023796 0.2 |50445 35673 26.26056 27651 8.1
DOINN | 36409 41929 7.44382 7836 0.0 25913 25749 4.372058 17968 55.834691 23370 16.9
CFNO |47814 46131 12.88949 9890 0.126809 26814 4.2707401795055.1/38578 25196 18.0
ILILT |30353 45353 3.24666 100650.0 {14596 24969 0.138957 43869 7.122143 31064 2.6
OptiCo |2403345327 1.6 |4339 7802 0.01129325183 0.0 1890939309 0.2 |1453529373 0.4

Figure 3: Visualization of optimized mask patterns. OptiCo produces clearer diffraction-inspired
rings, especially on StdContact, highlighting the bene ts of explicit diffraction modeling. In contrast,
the Fourier-based DOINN shows complex rings on ViaSet but fails to preserve them on StdContact.

3 Experiments

Dataset. To evaluate the performance of OptiCo, we used LithoBefBgh fvhich is one of the most
recent and widely known computational lithography benchmarks, including synthetic and real-world
designs. Additional explanations about baselines and evaluation metrics are provided in Appendix D.

Main results. Table 1 shows that our OptiCo framework consistently achieves superior performance
across most evaluation metrics and subtasks, highlighting the effectiveness of integrating optical
diffraction principles into the neural network architecture. Notably, OptiCo demonstrates exceptional
performance on the OOD subtasks, which are inherently more challenging. Speci cally, in ViaSet,
most methods reach zero EPE, showing strong adaptation to the training set. However, on the OOD
test set (StdContact), their EPE rises sharply, while OptiCo maintains robust performance. Additional
comparative ablation studies on the OP kernel are provided in Appendix A.1. A.4 shows that the OP
kernel works with different diffraction formulations (Helmholtz—Kirchhoff, Green's function, and
Hopkins). Ablations with different backbone networks are in A.2, and the train dataset ratio is in A.3.

Visualization. We compared the mask patterns optimized by OptiCo with those from other competing
methods in Figure 3. Notably, OptiCo produces mask patterns featuring more distinct outer ring
structures than its competitors. These diffraction-inspired ring structures arise from integrating light
diffraction principles through the OP kernel. Additional visualizations for all methods and other
subtasks are provided in Appendix C.1. To further examine how the OP kernel in uences internal
representations, we provide additional intermediate feature visualizations comparing models with
and without OptiCo in Appendix C.2.

4 Conclusion

In this paper, we propose OptiCo, a hovel physics-inspired convolutional neural network that integrates
optical diffraction principles directly into its architecture to enhance computational lithography.
Unlike conventional approaches that rely solely on data-driven methods or Fourier-based frameworks,
OptiCo introduces a physics-inspired OP kernel to explicitly model the diffraction behavior of light.
Empirical evaluations on well-established lithography benchmarks demonstrate that our OptiCo
consistently outperforms existing state-of-the-art methods in mask optimization tasks.
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A Additional Experiments and Results

Figure 4. Comparative performance of the backbone network with the addition of the Fourier module
and our OptiCo module that contains the OP kernel. The results highlight the superior performance
of our OptiCo module with the OP kernel in reducing EPE and PVB.

A.1 Additional Comparative Experiments for Various Evaluation Metrics

In the main manuscript, we conducted comparative experiments across three con gurations: 1) a
vanilla backbone network, 2) a backbone network with a Fourier module, and 3) a backbone network
integrated with our OptiCo module, which incorporates the OP kernel, evaluated using the MSE

metric. In this section, we extend the comparative experiments to other evaluation metrics, such as
Edge Placement Error (EPE) and Process Variation Band (PVB).

As illustrated in Figure 4 (a), our OptiCo framework demonstrated exceptional performance in the EPE
metric as well. This was particularly evident on OOD datasets such as StdMetal and StdContact, where
OptiCo exhibited remarkable improvements. These results highlight the effectiveness of integrating
physics-inspired Fresnel diffraction principles into the neural network architecture, allowing OptiCo
to accurately model light propagation and diffraction effects.

Similarly, Figure 4 (b) presents the results for the PVB metric, where OptiCo consistently delivered
superior performance, particularly on OOD datasets. While the Fourier-based module outperformed
the vanilla backbone network—highlighting the advantages of operating within the Fourier space
to implicitly model global light propagation patterns—our OptiCo module explicitly modeled these
patterns through the OP kernel. This explicit modeling approach enabled OptiCo to achieve supe-
rior performance, clearly demonstrating the advantages of explicitly capturing the parabolic phase
variations inherent in Fresnel diffraction over implicit modeling approaches.

These additional results for comparative performance collectively validate the robustness and general-
ization capabilities of our OptiCo framework across diverse evaluation metrics and challenging OOD
datasets.



Table 2: Performance comparison of OptiCo framework integrated with various backbone networks
such as DOINN and CFNO.

Subtask \ Method \ MSE(#) PVB(#) EPE(#)
DOINN 36409 41929 7.4
+ OptiCo (ours), 28322 44846 3.1
MetalSet
CFNO 47814 46131 125
+ OptiCo (ours), 38586 45743 7.5
DOINN 4382 7836 0.0
) + OptiCo (ours)| 4362 7819 0.0
ViaSet
CFNO 8949 9890 0.1
+ OptiCo (ours)| 4406 8505 0.0
DOINN 25913 25749 45
StdMetal + OptiCo (ours)| 15589 25408 0.8
(Metalset ooD)| CFNO 26809 26814 4.2
+ OptiCo (ours)| 22542 25328 25
DOINN 72058 17968 55.8
StdContact + OptiCo (ours)| 23213 40113 2.2
(viasetoop) | CFNO 70740 17950 55.1
+ OptiCo (ours)| 23150 42731 1.7
DOINN 34691 23370 16.9
+ OptiCo (ours)| 17871 29546 15
Average
CENO 38578 25196  18.0
+ OptiCo (ours)| 22171 30577 29

A.2 OptiCo with Different Backbone Networks

In our main experiments, we employed a MetaNeXt-based backbone neural network within the
OptiCo framework to demonstrate its ef cacy in lithography simulation and mask optimization
tasks. To further validate the versatility and compatibility of OptiCo, we extended its integration to a
range of other FNO-based backbone networks, speci cally DOINN and CFNO, which also serve as
competing methods in our study.

As detailed in Table 2, our OptiCo framework was systematically integrated with both DOINN and
CFNO backbones. The results demonstrate that OptiCo seamlessly integrates with diverse backbone
architectures and consistently enhances performance across most evaluation metrics. Notably, its
incorporation with the DOINN and CFNO backbones yielded signi cantimprovements on challenging
OOD datasets such as StdMetal and StdContact.

These experiments highlight that OptiCo is not limited to a single backbone architecture but can
be seamlessly applied to various backbone networks. The consistent performance enhancements
observed across different backbones indicate that the bene ts of incorporating the Optical Phase
(OP) kernel are universally applicable, regardless of the underlying neural network architecture. This
adaptability is particularly valuable in computational lithography, where different backbone networks
may be preferred based on speci ¢ task requirements or computational constraints.

A.3 Dataset Ablation

Physics-based inductive biases are known to substantially improve data ef ci&jcy¢ quantify

this effect, we conducted a dataset ablation study varying the training dataset size (10%, 25%,
50%, and 100%). Speci cally, we compared two physics-aware models—ILILT and our OptiCo
model—uwith their purely data-driven counterparts—DAMO and a variant of OptiCo without the OP
kernel. As shown in Table 3 and Figure 5, models incorporating physics priors achieve signi cantly
lower EPE scores at all data regimes, demonstrating their superior ef ciency under limited data.
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Table 3: Average EPE comparisons from dataset ablation study (lower is better). Models with
physics-based priors (ILILT and OptiCo) show signi cantly better data ef ciency under limited data.

| Without physics prior | With physics prior

Training ratio
| DAMO Oursw/o OP| ILILT Ours

10% 73.2 45.8 7.3 6.4
25% 35.0 17.3 5.5 11
50% 12.9 11.9 4.5 0.8
100% 8.1 8.1 2.6 0.4

Figure 5: Ablation studies of training dataset ratio. We compare the performance of models with and
without physics priors across varying ratios of training data.

A.4 Ablation on Alternative Diffraction Kernels

In the main text, we illustrated the OP kernel using the Fresnel approximation for clarity. However,
our framework ikernel-agnosti@and can readily incorporate other diffraction formulations. To verify
this property, we conducted ablation experiments by replacing the Fresnel kernel with alternative
diffraction kernels.

Helmholtz—Kirchhoff. The RS kernel derived from the scalar Helmholtz equation with Kirchhoff
boundary conditions, including the obliquity factor:

!
B expjkp X2+ y2 + 72

h(x;y;z) = 1+ -—p )

X2+ y2 + 72 K x2+y2+ 22

Green-function. An equivalent spatiatiomain expression omitting the obliquity factor, often used
as a simpli ed RS kernel:

L expjkpx2+y2+ rZ
h(xvyx Z) - X2 + y2 + 22

Fresnel. The paraxial approximation of the RS/Angu@pectrum propagation that yields the
Quadratic Phase Factor (QPF) kernel, which is used in the main text:

jk
hiyiZ)=exp b (<% +y?)
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Hopkins method and TCC kernel. Aerial-image intensity written with the transmission cross
coef cient (TCC): 77

L(x;y) = F(Mi,)F (Mg, )TCC(f1; f2)d 15,
X
FfTCC(f1:f2)g = ~ hh

The quantitative results are reported in Table 4. We observe that all variants can be integrated into
OptiCo without modi cation, and each kernel demonstrates competitive performance. Notably, the
Green's function kernel shows strong results on the Metal task, while the Fresnel kernel achieves the
lowest error on StdMetal. These results con rm that OptiCo is not restricted to a particular diffraction
formulation and robustly adapts to different physics-based kernels.

Table 4: Ablation study using different diffraction kernels. Results are reported on the Metal and
StdMetal subtasks.

Kernel | Metal () StdMetal ()
Helmholtz—Kirchhoff 2.1 0.12546
Hopkins (TCC) 1.7 0.07011
Green's function 1.2 0.06273
Fresnel 1.6 0.04428

B Pytorch-like Algorithm for QPF Kernel Construction

For clarity, we provide a PyTorch-style algorithm for constructing the QPF kernel used in our OP
kernel construction in the Method section. This code snippet directly re ects the QPF formulation
described in Eq. 2, where the kernel encodes the parabolic phase term derived from the Fresnel
diffraction. Each element of the constructed QPF kernel corresponds to the complex exponential,

Qxy)=exp K(x2+y?) .

def create_Q_kernel(k, z, kernel_size):
N = kernel_size
center = (N - 1)/2
x = torch.arange(N) - center
y = torch.arange(N) - center
X, Y = torch.meshgrid(x, y, index= "ij ")

exponent = 1j*k*(X**2 + Y**2)/(2*z)
Q = torch.exp(exponent)
return Q

Algorithm 1: PyTorch implementation of the QPF kernel
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