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Abstract—Recent advancements in layout pattern generation
have been dominated by deep generative models. However,
relying solely on neural networks for legality guarantees raises
concerns in many practical applications. In this paper, we
present DiffPattern-Flex, a novel approach designed to generate
reliable layout patterns efficiently. DiffPattern-Flex incorporates
a new method for generating diverse topologies using a discrete
diffusion model while maintaining a lossless and compute-efficient
layout representation. To ensure legal pattern generation, we
employ an optimization-based, white-box pattern assessment
process based on specific design rules. Furthermore, fast sampling
and efficient legalization technologies are employed to acceler-
ate the generation process. Experimental results across various
benchmarks demonstrate that DiffPattern-Flex significantly out-
performs existing methods and excels at producing reliable layout
patterns.

Index Terms—Pattern Generation, Design For Manufactura-
bility, Diffusion Models, Legalization

I. INTRODUCTION

RELIABLE very-large-scale integration (VLSI) layout
pattern libraries form the backbone of various Design

for Manufacturability (DFM) research, such as refining de-
sign rules [1]–[3], optimizing Optical Proximity Correction
(OPC) techniques [4]–[6], performing lithography simulations
[7]–[9], and detecting layout hotspots [10]–[12]. With the
increasing demand for layout patterns in machine-learning-
based lithography design, building a comprehensive and prac-
tical large-scale pattern library has become highly resource-
intensive due to the extended logic-to-chip design cycle.

To address this challenge, a variety of rule-based and
learning-based layout pattern generation methods have been
introduced. Early rule-based methods [13], [14] augmented
predefined sets of basic units through simple techniques
like flipping and rotation. These units were then randomly
selected and combined. However, this approach results in
limited diversity and quantity of generated patterns. More
recently, learning-based generative methods [15]–[19] have
demonstrated the ability to produce diverse layout patterns at
a larger scale. Among these, pixel-based methods [15], [16]
treat pattern generation as a binary image synthesis task. While
layout patterns can be expansive, the distribution of critical
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information within them is often sparse. To mitigate compu-
tational inefficiency, a lossless pattern representation called
Squish Pattern was introduced by [20], which compresses
large layout patterns into smaller binary topology matrices and
geometric vectors.

In pixel-based methods, a topology matrix with continuous
values is synthesized and later thresholded to produce a binary
matrix. This approach introduces inefficiencies and hampers
model performance. Alternatively, sequential-based methods
[17] model layout patterns as polygon sequences, which are
decomposed into vertices and directed edges. These methods
generate new layout patterns by creating polygon sequences
that are then transformed into layouts. Both pixel-based and
sequential approaches rely on the generative model to learn
latent regularizations from the training data to prevent gener-
ating illegal patterns that violate design rules. However, we
argue that these implicit constraints learned from the data are
neither flexible nor reliable. When design rules change, these
models often require retraining on large-scale datasets, and
even then, a significant proportion of the generated patterns
may violate the rules.

In this paper, we introduce DiffPattern-Flex, a practical
and efficient pixel-based layout pattern generation framework
composed of three key components:

Topology Generation: Inspired by the success of diffusion
models [21], [22], we frame the topology generation task as
a denoising problem. Using a discrete diffusion model, we
predict the noise that should be removed at each step. Unlike
prior work that applies thresholds on continuous outputs, our
method uses discrete states (e.g., {0, 1}) to represent the image
tensor, naturally aligning with the discrete nature of layout
patterns. This discrete output reduces overfitting and avoids
the need for manual thresholding.

Efficient Representation: Building on the Squish Pattern
concept, we propose a more advanced lossless representation
called Deep Squish Pattern. This method compresses the topol-
ogy matrix into a topology tensor, significantly reducing input
size while expanding the channel dimension. Since diffusion
models are more sensitive to input size than to the number of
input channels [23], this technique offers a computationally
efficient solution applicable to other pixel-based generation
methods.

Legalization Process: After generating topology matrices, we
assign geometric vectors to them and restore legal layout
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Fig. 1 Illustration of denoising diffusion process.

patterns. To achieve this, we designed a nonlinear system
that provides a legal solution for each topology matrix and is
adaptable to various design rules. Our white-box legalization
strategy ensures a 100% legality rate for the generated patterns.

To further enhance diversity while maintaining pattern va-
lidity, we apply robust pattern augmentation techniques, with
legality ensured via the white-box legalization process. Given
the high demand for large-scale pattern libraries in downstream
applications, we emphasize efficiency. To accelerate our frame-
work, we introduce fast sampling techniques to speed up the
discrete diffusion model’s sampling process and employ data-
guided initialization for optimal legalization.

Our main contributions are as follows:
1) We present a novel layout pattern generation method

based on discrete denoising, capable of synthesizing
layout topologies.

2) We propose a lossless layout pattern representation, Deep
Squish Pattern, which improves the efficiency of pixel-
based layout generation schemes.

3) We develop a white-box legalization system that ensures
all generated patterns comply with design rules.

4) We integrate several optimization techniques that signif-
icantly speed up the generation process, achieving an
8.37× improvement in sampling and a 2.48× improve-
ment in legalization.

5) We validate our approach through extensive experiments,
demonstrating state-of-the-art (SOTA) performance on
benchmark datasets.

The remainder of this paper is organized as follows.
Section II introduces the prior knowledge and background.
Section III provides detailed explanations of our framework.
Section IV gives the details on how to enhance the diversity
of generated patterns and how to accelerate both the sampling
phase and the legalization phase. Section V presents the
experimental results, followed by a conclusion in Section VI.

II. PRELIMINARIES

A. Diffusion Models

Diffusion models, also known as denoising diffusion proba-
bilistic models (DDPM) [21], [22], have shown great promise
in generating high-quality images. These models employ a
Markov chain [24] to describe both the forward and reverse
diffusion processes, as depicted in Fig. 1. In the forward
process, a sequence of noisy samples T1, ...,TK is generated
by progressively adding Gaussian noise to an original sample

T0 over K steps. The noise level is governed by a variance
schedule {βk ∈ (0, 1)}Kk=1:

q (Tk|Tk−1) := N
(
Tk;
√

1− βkTk−1, βkI
)
. (1)

When K becomes large, the final noisy sample TK approx-
imates a Gaussian distribution, leading to the reverse diffusion
process, which aims to generate new data samples from ran-
domly drawn Gaussian noise. The reverse process aims to learn
the inversion of the forward diffusion process, allowing the
generation of fresh data. Since inverting this process requires
an expressive model, we utilize a deep neural network with
learnable parameters θ to approximate the reverse distribution:

pθ (Tk−1|Tk) := N (Tk−1;µθ (Tk, k) ,Σθ (Tk, k)) , (2)

where, µθ and Σθ represent the mean vector and covariance
matrix of the distribution, respectively. The subscript θ indi-
cates that these quantities are obtained using a neural network
with trainable parameters θ.

Similar to variational autoencoders (VAEs) [25], the training
objective of diffusion models is to maximize the log-likelihood
function by optimizing the variational lower bound (VLB):

LVLB = DKL (q (TK |T0) ∥ pθ (TK))+

K∑

k=2

Lk−log pθ (T0|T1) ,

(3)
where Lk = DKL (q (Tk−1|Tk,T0) ∥ pθ (Tk−1|Tk)) and DKL

denotes the KL divergence. The term q (Tk−1|Tk,T0) can be
computed as a Gaussian distribution derived from Equation (1)
using Bayes’ theorem.

Once the diffusion model has been trained, new samples
can be generated by sampling from a standard Gaussian
distribution and iteratively removing noise using the reverse
process, as described by Equation (2).

B. Squish Pattern Representation

A typical layout pattern consists of a collection of polygons,
which often results in information sparsity, leading to unnec-
essary computational complexity and potential overfitting in
neural network methods. The Squish Pattern representation
[20] is an efficient, lossless encoding that compresses a layout
into a topology matrix and two geometric vectors, ∆x and
∆y , as illustrated in Fig. 2. The layout is divided into grids
based on scan lines that follow the polygon edges. The interval
between adjacent scan lines is recorded in the ∆ vectors. Each
entry of the topology matrix is binary, where one indicates
the presence of a shape, and zero denotes empty space. To
maintain a consistent format, the squish pattern is padded into
a square shape as outlined in [26].

C. Problem Formulation

A crucial metric for evaluating layout pattern generation is
the diversity of the generated patterns. As defined in [15], the
complexity of a layout pattern is represented as (cx, cy), where
cx and cy are the numbers of scan lines minus one along the

2



Topology: 

Geometry: 




1 0 1 0
1 1 1 0
1 0 0 0
0 0 1 1




<latexit sha1_base64="7Fd4xSaeN8myZnhViFnVBL/qwYI=">AAACSHicbVA9T8MwEHXKVylfBUYWiwrEVCWoCMZKLLAViX5ITVQ57rW16jiR7SCqqD+PhZGN38DCAEJsOGmpSstJT3737s4+Pz/iTGnbfrVyK6tr6xv5zcLW9s7uXnH/oKHCWFKo05CHsuUTBZwJqGumObQiCSTwOTT94XVabz6AVCwU93oUgReQvmA9Rok2UqfYcX3oM5H4AdGSPY4LDj7FtsHkdN1MyDCX2zMY4Tdx0j6TuyC6s/s6xZJdtrPAy8SZkhKaRq1TfHG7IY0DEJpyolTbsSPtJURqRjmMC26sICJ0SPrQNlSQAJSXZEaM8YlRurgXSgOhcabOTyQkUGoU+KbT7DdQi7VU/K/WjnXvykuYiGINgk4e6sUc6xCnruIuk0A1HxlCqGRmV0wHRBKqjfcFY4Kz+OVl0jgvO5XyxV2lVL2d2pFHR+gYnSEHXaIqukE1VEcUPaE39IE+rWfr3fqyvietOWs6c4j+RC73A2hPpmU=</latexit>

δy1
<latexit sha1_base64="qjDStuP8EE9D2CY1lPenUpIQHWY=">AAAB8nicbVDLSsNAFJ3UV62vqks3g0VwVRKp6LLgxmUL9gFpKJPJpB06mQkzN0IIBX/CjQtF3Po17vwbp4+Fth64cDjnXu69J0wFN+C6305pY3Nre6e8W9nbPzg8qh6fdI3KNGUdqoTS/ZAYJrhkHeAgWD/VjCShYL1wcjfze49MG67kA+QpCxIykjzmlICV/EHEBJBhkXvTYbXm1t058DrxlqSGlmgNq1+DSNEsYRKoIMb4nptCUBANnAo2rQwyw1JCJ2TEfEslSZgJivnJU3xhlQjHStuSgOfq74mCJMbkSWg7EwJjs+rNxP88P4P4Nii4TDNgki4WxZnAoPDsfxxxzSiI3BJCNbe3YjommlCwKVVsCN7qy+uke1X3GvXrdqPWbD8t4iijM3SOLpGHblAT3aMW6iCKFHpGr+jNAefFeXc+Fq0lZxnhKfoD5/MHkS+R5g==</latexit>

δy2
<latexit sha1_base64="3JU58DMVqvNATEVF09cQrYQba+U=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0lKRY8FLx5bsK2QhrLZbNqlm92wOxFCKPgnvHhQxKu/xpv/xu3HQVsfDDzem2FmXpgKbsB1v53SxubW9k55t7K3f3B4VD0+6RmVacq6VAmlH0JimOCSdYGDYA+pZiQJBeuHk9uZ339k2nAl7yFPWZCQkeQxpwSs5A8iJoAMi7wxHVZrbt2dA68Tb0lqaIn2sPo1iBTNEiaBCmKM77kpBAXRwKlg08ogMywldEJGzLdUkoSZoJifPMUXVolwrLQtCXiu/p4oSGJMnoS2MyEwNqveTPzP8zOIb4KCyzQDJuliUZwJDArP/scR14yCyC0hVHN7K6ZjogkFm1LFhuCtvrxOeo2616xfdZq1VudpEUcZnaFzdIk8dI1a6A61URdRpNAzekVvDjgvzrvzsWgtOcsIT9EfOJ8/krSR5w==</latexit>

δy3
<latexit sha1_base64="lRuhKDZMrvxJs27OBKAlX9mHO/0=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0m0oseCF48t2FpIQ9lsNu3SzW7YnQghFPwTXjwo4tVf481/4/bjoK0PBh7vzTAzL0wFN+C6305pbX1jc6u8XdnZ3ds/qB4edY3KNGUdqoTSvZAYJrhkHeAgWC/VjCShYA/h+HbqPzwybbiS95CnLEjIUPKYUwJW8vsRE0AGRX45GVRrbt2dAa8Sb0FqaIHWoPrVjxTNEiaBCmKM77kpBAXRwKlgk0o/MywldEyGzLdUkoSZoJidPMFnVolwrLQtCXim/p4oSGJMnoS2MyEwMsveVPzP8zOIb4KCyzQDJul8UZwJDApP/8cR14yCyC0hVHN7K6YjogkFm1LFhuAtv7xKuhd1r1G/ajdqzfbTPI4yOkGn6Bx56Bo10R1qoQ6iSKFn9IreHHBenHfnY95achYRHqM/cD5/AJQ5keg=</latexit>

δx4<latexit sha1_base64="3Sr4j3hcRejsJorDJmGOrUuOoXc=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBA8hV2J6DHgxWMC5gHJEmZnZ5Mhs7PLTK8YloA/4cWDIl79Gm/+jZPHQRMLGoqqbrq7glQKg6777aytb2xubRd2irt7+weHpaPjlkkyzXiTJTLRnYAaLoXiTRQoeSfVnMaB5O1gdDv12w9cG5Goexyn3I/pQIlIMIpW6vZCLpH288fqpF8quxV3BrJKvAUpwwL1fumrFyYsi7lCJqkxXc9N0c+pRsEknxR7meEpZSM64F1LFY258fPZyRNybpWQRIm2pZDM1N8TOY2NGceB7YwpDs2yNxX/87oZRjd+LlSaIVdsvijKJMGETP8nodCcoRxbQpkW9lbChlRThjalog3BW355lbQuK161ctWolmuNp3kcBTiFM7gAD66hBndQhyYwSOAZXuHNQefFeXc+5q1rziLCE/gD5/MHlDiR6A==</latexit>

δy4
<latexit sha1_base64="+PYUcfjd/kQnEsXa58GlabMUXQc=">AAAB8nicbVDLSsNAFJ3UV62vqks3g0VwVRKp6LLgxmUL9gFpKJPJpB06mQkzN0IIBX/CjQtF3Po17vwbp4+Fth64cDjnXu69J0wFN+C6305pY3Nre6e8W9nbPzg8qh6fdI3KNGUdqoTS/ZAYJrhkHeAgWD/VjCShYL1wcjfze49MG67kA+QpCxIykjzmlICV/EHEBJBhkTemw2rNrbtz4HXiLUkNLdEaVr8GkaJZwiRQQYzxPTeFoCAaOBVsWhlkhqWETsiI+ZZKkjATFPOTp/jCKhGOlbYlAc/V3xMFSYzJk9B2JgTGZtWbif95fgbxbVBwmWbAJF0sijOBQeHZ/zjimlEQuSWEam5vxXRMNKFgU6rYELzVl9dJ96ruNerX7Uat2X5axFFGZ+gcXSIP3aAmukct1EEUKfSMXtGbA86L8+58LFpLzjLCU/QHzucPlb6R6Q==</latexit>

δx1<latexit sha1_base64="v6MR/MbFk1cDA/KvJyU+g9tZfME=">AAAB8nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoseAF48JmAckS5idnU2GzM4sM71iWAL+hBcPinj1a7z5N04eB00saCiquunuClPBDXret1NYW9/Y3Cpul3Z29/YPyodHLaMyTVmTKqF0JySGCS5ZEzkK1kk1I0koWDsc3U799gPThit5j+OUBQkZSB5zStBK3V7EBJJ+/uhP+uWKV/VmcFeJvyAVWKDeL3/1IkWzhEmkghjT9b0Ug5xo5FSwSamXGZYSOiID1rVUkoSZIJ+dPHHPrBK5sdK2JLoz9fdEThJjxkloOxOCQ7PsTcX/vG6G8U2Qc5lmyCSdL4oz4aJyp/+7EdeMohhbQqjm9laXDokmFG1KJRuCv/zyKmldVP3L6lXjslJrPM3jKMIJnMI5+HANNbiDOjSBgoJneIU3B50X5935mLcWnEWEx/AHzucPj6mR5Q==</latexit>

δx2<latexit sha1_base64="9Kg59L5OsChPMH8OnfLSRtLtKIQ=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyGiB4DXjwmYB6wWcLs7GwyZHZmmekVwxLwJ7x4UMSrX+PNv3HyOGhiQUNR1U13V5gKbsB1v53CxubW9k5xt7S3f3B4VD4+6RiVacraVAmleyExTHDJ2sBBsF6qGUlCwbrh+Hbmdx+YNlzJe5ikLEjIUPKYUwJW8vsRE0AG+WNtOihX3Ko7B14n3pJU0BLNQfmrHymaJUwCFcQY33NTCHKigVPBpqV+ZlhK6JgMmW+pJAkzQT4/eYovrBLhWGlbEvBc/T2Rk8SYSRLazoTAyKx6M/E/z88gvglyLtMMmKSLRXEmMCg8+x9HXDMKYmIJoZrbWzEdEU0o2JRKNgRv9eV10qlVvXr1qlWvNFpPiziK6Aydo0vkoWvUQHeoidqIIoWe0St6c8B5cd6dj0VrwVlGeIr+wPn8AZEukeY=</latexit>

δx3
<latexit sha1_base64="pIm4+6/Qell1FYCQsERNlMnEygM=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKexqRI8BLx4TMA/YLGF2djYZMjuzzPSKYQn4E148KOLVr/Hm3zh5HDSxoKGo6qa7K0wFN+C6305hbX1jc6u4XdrZ3ds/KB8etY3KNGUtqoTS3ZAYJrhkLeAgWDfVjCShYJ1wdDv1Ow9MG67kPYxTFiRkIHnMKQEr+b2ICSD9/PFy0i9X3Ko7A14l3oJU0AKNfvmrFymaJUwCFcQY33NTCHKigVPBJqVeZlhK6IgMmG+pJAkzQT47eYLPrBLhWGlbEvBM/T2Rk8SYcRLazoTA0Cx7U/E/z88gvglyLtMMmKTzRXEmMCg8/R9HXDMKYmwJoZrbWzEdEk0o2JRKNgRv+eVV0r6oerXqVbNWqTef5nEU0Qk6RefIQ9eoju5QA7UQRQo9o1f05oDz4rw7H/PWgrOI8Bj9gfP5A5Kzkec=</latexit>

∆x = [δx1, δx2, δx3, δx4]
<latexit sha1_base64="IHZaH012Qsn/KDhBU5SHOZfNvDY=">AAACJnicbZDLSsNAFIYnXmu9RV26GSyCCylJreimUNCF7irYCyShTKaTdujkwsxEWkKexo2v4sZFRcSdj+I0DVJbfxj45j/nMHN+N2JUSMP40lZW19Y3Ngtbxe2d3b19/eCwJcKYY9LEIQt5x0WCMBqQpqSSkU7ECfJdRtru8GZabz8RLmgYPMpxRBwf9QPqUYyksrp6zb4lTKLuCNYgtOxedklGZnr+y5U5vpjjaup09ZJRNjLBZTBzKIFcja4+sXshjn0SSMyQEJZpRNJJEJcUM5IW7ViQCOEh6hNLYYB8IpwkWzOFp8rpQS/k6gQSZu78RIJ8Ica+qzp9JAdisTY1/6tZsfSunYQGUSxJgGcPeTGDMoTTzGCPcoIlGytAmFP1V4gHiCMsVbJFFYK5uPIytCpls1q+fKiW6vd5HAVwDE7AGTDBFaiDO9AATYDBM3gFE/CuvWhv2of2OWtd0fKZI/BH2vcPMmOlsA==</latexit>

∆y = [δy1, δy2, δy3, δy4]
<latexit sha1_base64="YZ8n6gj85S8wiAJmXF9mtlKJjs4=">AAACJ3icbVDLSsNAFJ34rPUVdelmsAguSklqRTdKwS5cVrAPaEOYTKbt0MkkzEyEEPI3bvwVN4KK6NI/cfqg1NYDA+eecy937vEiRqWyrG9jZXVtfWMzt5Xf3tnd2zcPDpsyjAUmDRyyULQ9JAmjnDQUVYy0I0FQ4DHS8oa3I7/1SISkIX9QSUScAPU57VGMlJZc86ZbI0whN4HXEHa6/rhIEzsrzng5K8JZcT5nVDLHNQtWyRoDLhN7SgpgirprvnX9EMcB4QozJGXHtiLlpEgoihnJ8t1YkgjhIeqTjqYcBUQ66fjODJ5qxYe9UOjHFRyr8xMpCqRMAk93BkgN5KI3Ev/zOrHqXTkp5VGsCMeTRb2YQRXCUWjQp4JgxRJNEBZU/xXiARIIKx1tXodgL568TJrlkl0pXdxXCtXaNI4cOAYn4AzY4BJUwR2ogwbA4Am8gHfwYTwbr8an8TVpXTGmM0fgD4yfX583pdo=</latexit>

Fig. 2 Squish Pattern Representation.
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Fig. 3 Illustration of design rules.

x-axis and y-axis, respectively. Using this definition, we can
express pattern diversity as follows:

Definition 1. The diversity of a pattern library, denoted as
H , is defined by the Shannon Entropy of the distribution of
pattern complexities:

H = −
∑

i

∑

j

P (cxi, cyj) logP (cxi, cyj), (4)

where P (cxi, cyj) represents the probability of a pattern with
complexity (cxi, cyj) being sampled from the library.

Higher values of H indicate greater diversity within the
pattern library, signifying a broader distribution of patterns.

In addition to diversity, layout patterns must adhere to
certain design rules, as outlined in [16], [17]. As shown
in Fig. 3, these design rules include ‘Space’ (the distance
between adjacent polygons), ‘Width’ (the size of a shape in
one direction), and ‘Area’ (the area of a polygon). Based on
these metrics, we define:

Definition 2 (Pattern Legality). A layout pattern is considered
legal if it is design rule check (DRC)-clean according to the
specified design rules.

With these evaluation metrics in mind, the pattern generation
problem can be formally defined as:

Problem 1 (Pattern Generation). Given a set of design rules
and a collection of existing patterns, the objective of pattern
generation is to synthesize a legal pattern library such that the
diversity of the layout patterns in the library is maximized.

III. RELIABLE DISCRETE PATTERN GENERATION

A. Overview of DiffPattern-Flex

As illustrated in Fig. 4, our framework consists of three
phases:

Deep Squish Pattern Encoding: For a given collection of
layout patterns, we begin by deriving their deep squish pattern
encoding. Each layout pattern is broken down into a topology
tensor T along with two geometric vectors, ∆x and ∆y .

Generation of Topology Tensors: The topology tensors T0

obtained from the extraction process are subsequently pro-
cessed by a discrete diffusion model. In this model, noise
is incrementally added to T with predetermined probabilities
q(Tk|Tk−1), allowing the model to learn the inverse of this
K-step noise application. To generate a new topology tensor
T̂ , a noise-infused tensor TK is sampled, after which each
component of T transitions among a set of finite states
according to a predicted probability pθ(Tk−1|Tk), eventually
resulting in a plausible topology tensor T̂0.

2D Legal Pattern Evaluation: For the generated topology
tensors T̂ , we employ an interpretable nonlinear system to
allocate geometric vectors to each tensor, ensuring that the
resulting layout complies with the specified Design Rules.

B. Deep Squish Pattern Representation

As discussed in Section II-B, the squish pattern provides a
lossless representation of layout patterns, where the topology
matrix is treated as a single-channel 2D binary mask, as
depicted in Fig. 5 (left). However, the per-pixel information
density remains suboptimal, given that the efficiency of diffu-
sion models is more sensitive to image size than the number
of pixel states. To address this issue, we propose a new
representation method, the Deep Squish Pattern, which aims
to provide a more compact encoding.

Consider the example shown in Fig. 5, where a topology
matrix contains four adjacent pixels (2×2), each assigned a
value of either zero or one, indicating shape or space. A
straightforward way to increase information density would be
to encode multiple pixel bits into one. However, concatenating
bits from different pixels into a single state, such as assigning
values from 0 to 15 to represent all possible states for a
(2×2) pixel block, introduces unbalanced power to each bit.
This imbalance can lead to numerical instability as the bit
count increases. For instance, in a 4×4 pixel case, the first
bit carries a power of 215, while the last bit holds a power of
1. Furthermore, the state space grows exponentially with the
number of bits.

To resolve this, we observe that a state space of 16 (24)
discrete states can be decomposed into permutations of four
subspaces with two states each. Rather than assigning unequal
powers to different bit positions, we assign equal weight to
each bit by folding the squish topology matrix into a topology
tensor T with multiple channels. In this process, a

√
C×

√
C

patch from the topology matrix is transformed into a single
point with C channels in the tensor T . The hyper-parameter
C is chosen to balance local information density and input
size. This Deep Squish Pattern representation expands the
model’s effective receptive field and integrates naturally with
pixel-based machine learning approaches. After the generation
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Discrete Diffusion Model
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Fig. 4 An illustration of the Diffpattern-Flex framework for reliable layout pattern generation.
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Fig. 5 An illustration of the Deep Squish Pattern Encoding.
The Topology Tensor provides a compact and lossless rep-
resentation of the topology matrix. Simple bit concatenation
leads to unequal power distribution across bits and causes
exponential growth in the state space.

process is completed, the original topology matrix can be
restored by unfolding the topology tensor back into its matrix
form. We should note that the folded topology tensor is still
treated as a single sample rather than multiple separate samples
during the generation process. Therefore, the deep squish
pattern representation will not affect the logical resolution
of the original topology matrix, preserving all information.
When the topology generation is completed, the generated
deep squish pattern will be flattened into a 2D topology matrix
and further legalized in the subsequent steps.

C. Topology Tensor Generation

Once we have efficiently encoded the existing layout pat-
tern using the Deep Squish Pattern representation, the next
step is to learn the distribution of existing topology tensors
and generate new ones with valid topology attributes. Let
T0 ∈ {0, 1}C×M×M represent a topology tensor extracted
from existing patterns. A naive approach would treat the
binary tensor as a grayscale image, learn the distribution
through a diffusion model (as introduced in Section II-A), and
convert the generated topology to a binary one by setting a
threshold, as done in previous pixel-based pattern generation
methods [15], [16]. However, forcing the network to learn
discrete outputs (zero and one in our case) in a continuous

state space from the training set is an inefficient use of the
model’s representational capacity. A more elegant approach is
to generate discrete outputs naturally.

Discrete Diffusion Model. Unlike traditional diffusion models
used in computer vision, we aim to synthesize the topology of
layout patterns, where each entry in the topology belongs to a
discrete state. We make several key modifications to enhance
the diffusion model and directly synthesize discrete topology
patterns. To achieve this, we first reformulate the problem.

At the k-th of K diffusion steps, xk ∈ {0, 1} is an entry
in the topology tensor T . In the discrete diffusion model, a
transition probability matrix [Qk]ij = q(xk = j|xk−1 = i)
describes the state transition probability for each x at the k-th
diffusion step:

q (xk | xk−1) := Cat (xk;p = xk−1Qk) , (5)

where xk is the one-hot encoded version of the entry xk,
Cat(x|p) represents a categorical distribution over the row
vector x with probabilities given by the row vector p, and
xk−1Qk is the row vector-matrix product. The matrix Qk is
applied independently to each entry in the topology tensor, and
q factorizes over higher dimensions as well. The Deep Squish
Pattern representation is well-suited for this discrete diffusion
process, as the size of the transition matrix Q increases with
the number of states for each pixel. Since every entry x in
the topology tensor has only two states, we can efficiently
model the transitions. During the reverse diffusion process, the
neural network predicts the categorical distribution probability
pθ(xk−1|xk) for each entry to recover the original tensor.

The choice of transition probability matrix Qk is critical, as
it should ensure that the forward process q(xk|x0) converges
to a known stationary distribution as k becomes large. A
uniform stationary distribution is a natural choice for topology
tensor generation, meaning that given any x0, the distribution
of each entry xk should follow:

q(xk|x0) → [0.5, 0.5] , as k → K. (6)

Thus, we design a doubly stochastic matrix Qk with strictly
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positive entries for the topology denoising diffusion process:

Qk =

[
1− βk βk

βk 1− βk

]
, (7)

where βk ∈ (0, 1) is a hyperparameter controlling the noise
level. To ensure that the model can accurately learn the original
sample distribution and reach a stable distribution quickly, we
adopt the classical setting from previous works [21], [27],
using smaller noise in the early diffusion steps and larger noise
in the later steps. Specifically, we use a linearly increasing
schedule for βk:

βk =
(k − 1) (βK − β1)

K − 1
+ β1, k = 1, ...,K, (8)

where β1 and βK are hyperparameters.

Training the Diffusion Model. To train the discrete diffusion
model for topology tensor generation, the objective at each
step k is to minimize the following loss function:

L = DKL (q (xk−1|xk,x0) ∥ pθ (xk−1|xk))−λ log pθ (x0|xk) ,
(9)

where λ is a hyperparameter balancing the loss terms.
Given a topology tensor T0, we randomly sample a target

step k from 1 to K and generate a noisy sample Tk. Fortu-
nately, we can explicitly derive that xk follows the categorical
distribution:

q (xk|x0) = Cat
(
xk;p = x0Qk

)
, (10)

where Qk = Q1Q2 . . .Qk. Instead of adding noise at every
step, we directly sample from this distribution to obtain Tk.

After sampling Tk, we feed it into the neural network along
with the time step embedding k. The network predicts the log-
its of the posterior distribution pθ (x0|xk), and pθ (xk−1|xk)
can be computed as follows:

pθ (xk−1|xk) =
∑

x̃0

q (xk−1|xk, x̃0)pθ (x̃0|xk) , (11)

where x̃0 iterates over all possible states of x0. Using Bayes’
theorem and Equation (5), we derive the closed form for
q (xk−1|xk,x0) as:

q (xk−1|xk,x0) = Cat

(
xk−1;p =

xkQ
⊤
k ⊙ x0Qk−1

x0Qkx
⊤
k

)
,

(12)
where ⊙ is the element-wise (Hadamard) product.

At this point, all components of the loss function have been
determined, allowing the diffusion model to be trained using
gradient descent.

Generating Deep Squish Patterns. Once the training process
is complete, we can synthesize new topology patterns by
sampling a noise topology TK from a uniform stationary
distribution and iteratively removing the predicted noise using
the reverse procedure. The sampling process is expressed as:

pθ(T̂0|TK) = pθ(T̂0|T1)

K∏

k=2

pθ(Tk−1|Tk), (13)

TK
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Fig. 6 An illustration of the (flattened) samples from our
Discrete Diffusion Model.

where Tk represents the estimated pattern topology at step k,
and T̂0 is the newly generated topology tensor. The denoising
procedure is illustrated in Fig. 6. The generated topology
tensor T̂0 is inherently binary, with each entry being either
zero or one. After sampling is complete, we flatten T̂0 for
legal pattern assessment.

Topology Pre-filter. We apply a rule-based pre-filtering pro-
cess to eliminate invalid topologies, such as Bow-tie shapes,
based on domain knowledge. Thanks to the high quality of
the topologies generated by our discrete diffusion model, less
than 0.1% of the generated topologies are filtered out in our
settings.

D. 2D Legal Pattern Assessment

Once the squish pattern generation is completed, the next
step is to determine the legal ∆x and ∆y values for the
generated topologies to create DRC-clean layout patterns.
This decomposition of topology generation and legal pattern
assessment gives DiffPattern-Flex the flexibility to adapt to
changing design rules, as discussed in Section V-C. Instead
of relying on black-box deep-learning methods as in previous
works [16], [17], we employ a white-box approach to solve
the problem. First, we list all constraints for each generated
topology based on the design rules shown in Fig. 3, and then
we formulate a nonlinear system that incorporates all these
constraints, as represented in Equation (14):




δxi, δyj > 0, ∀δxi, δyj ;∑
δxi =

√
CM,

∑
δyj =

√
CM ;∑b

i=a δi ≥ Spacemin, ∀(a, b) ∈ SetS ;∑b
i=a δi ≥ Widthmin, ∀(a, b) ∈ SetW ;∑
δxiδyj ∈ [Areamin,Areamax], ∀Polygon;

(14)
where Spacemin and Widthmin are the lower bounds for ‘Space’
and ‘Width’.

√
CM ×

√
CM defines the dimensions of the

topology matrix, and Areamin and Areamax define the permis-
sible area range for each polygon in the pattern. All constants
are pattern-independent and are provided by the design rules.
Both SetS and SetW are pattern-dependent and indicate which
pairs of scan lines are constrained by design rules on ‘Space’
and ‘Width’, respectively.

The nonlinear system in Equation (14) can be efficiently
solved using nonlinear programming algorithms or numerical
methods, and typically, there are multiple possible solutions.
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(a) source (b) random flip (c) random rotate

(d) symmetric mirror (e) concatenate (f) crop

Fig. 7 Illustration of reliable pattern enhancement. In practice,
multiple augmentation methods will be applied to the same
pattern to enhance the data diversity. (f) denotes the random
patch within the red box and is cropped from (e).

Each solution for ∆x and ∆y , together with the corresponding
topology, constitutes a complete squish pattern representation.
As discussed in Section V-C, DiffPattern-Flex can easily
generate a large number of legal layout patterns from a single
topology under given design rules. In rare cases, it may
not be possible to find a legal solution in a limited time.
Although this never occurred in our experiments (more than
1.0 × 108 attempts), we can simply discard these unsolvable
cases from the generated topology set to avoid producing
illegal patterns. In most cases, the choice of initial values for
the nonlinear programming algorithms has minimal impact on
pattern diversity and legality.

IV. DIVERSITY AND ACCELERATION

A. Reliable Topology Enhancement

Modern generative models are renowned for their scalability
and the necessity of high-quality data. The proposed learning-
based algorithm is expected to exhibit improved performance
in pattern generation tasks when provided with more high-
quality and diverse data. While extensive data augmentation
techniques [28], [29] have been introduced in recent literature,
directly applying methods from general image domains to
the pattern domain is not advisable. Inappropriate pattern
augmentation can compromise the validity of the augmented
data and potentially degrade model performance.

To ensure the reliability of enhanced topology matrices,
we propose a pre-checking process using the legalization
method introduced in Section III-D. The reliable topology
enhancement procedure is formulated as follows:

T̃ =
{
T̃ = Γ(T )

∣∣∣ Ξ(T̃ ) = Success
}
, (15)

where T and T̃ represent the topology matrices before and
after enhancement, respectively. The enhanced dataset T̃ is
the collection of T̃ . Here, Γ(·) denotes a data augmentation

Original Topology 
Constraints (Hard)

ΔxΔx

ΔyΔy

Sub-Topology 
Constraints (Easy)

Δy3Δy3

Δx4Δx4Δx3Δx3Δx2Δx2Δx1Δx1

Δy4Δy4

Δy2Δy2

Δy1Δy1

Decompose

Initialize

Fig. 8 Illustration of legalization acceleration. Each diago-
nal block denotes an independent sub-problem, and all sub-
problems can be solved in parallel.

function, which consists of various existing enhancement tech-
niques, and Ξ(·) refers to the legalization method proposed in
Section III-D. Although various augmentation methods may
be employed, only topologies successfully legalized by the
function Ξ(·) are used during the training of diffusion models.

In our implementation, the data augmentation function
Γ(·) consists of (1) Random Flip, (2) Random Rotation, (3)
Symmetric Mirror, and (4) Concatenate and Crop. Several
examples of these augmentation techniques are provided in
Fig. 7. These methods were chosen because they do not
introduce excessive perturbations, such as meaningless random
noise, into the topology matrices. Overly noisy data is rare
in practical scenarios and can negatively impact downstream
tasks [30], [31].

Pre-checking with the legalization function Ξ(·) is crucial
due to the inevitable noise introduced by augmentation meth-
ods. A potential concern is the increased time required for
optimizing Equation (14), which scales with the size of the
topology matrix T . This issue will be further discussed in the
next subsection.

B. Acceleration

Given the large demands of pattern libraries, the efficiency
of the pattern generation framework is crucial. In DiffPattern-
Flex, both the topology-generation phase and the legalization
phase can be further accelerated as detailed below.

Fast-Sampling. When generating new topologies from well-
trained models, a straightforward approach is to gradually
reduce the noise in the topology Tk and reduce the step k
by one during inference, as explained in Equation (11) and
Equation (13). However, considering the large step number
used in practice (K = 1000 in our implementation), the
generation process can be time-consuming. To accelerate the
inference procedure, we observe that it is possible to perform
inference with m steps at a time by modifying Equation (11)
into

pθ (xk−m|xk) =
∑

x̃0

q (xk−m|xk, x̃0)pθ (x̃0|xk) , (16)
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where q (xk−m|xk, x̃0) has a closed form by extending Equa-
tion (12) into

q (xk−m|xk,x0) = Cat

(
xk−m;p =

xkQ
⊤
k ⊙ x0Qk−m

x0Qkx
⊤
k

)
.

(17)
By performing inference with m steps at a time, the topol-

ogy generation can be roughly accelerated by a factor of m.
However, the choice of m is a trade-off between the quality
of topologies and speed. A higher m accelerates inference at
the cost of reduced quality, while a lower m provides better
quality at the expense of slower inference.

Efficient Implementation of Legalization. The time required
for the legalization phase increases significantly with the size
of the topology matrix [32]. Several works [2], [33], [34] have
explored acceleration methods for this process in optimization
literature. Considering the special form of constraints in our
case, some customized techniques can be applied to accelerate
the optimization process.

Empirically, we found that a good initialization improves the
convergence of the optimization process. In practice, when the
generated patterns follow the same design rules as the source
patterns, we randomly select a pair of existing geometric
vectors from the dataset as the starting point. This empirically
accelerates the convergence of the nonlinear programming
algorithm. A potential explanation is that existing geometric
vectors are more likely to partially satisfy the constraints of
the optimization problem. However, when design rules change
or suitable geometric vector pairs are unavailable, a general
initialization method becomes critical.

To address this issue, we extend the idea of ‘partially
satisfying constraints’ and initialize the optimization problem
using solutions from several independent sub-problems, as
illustrated in Fig. 8. Specifically, we solve several independent
sub-problems, each constrained by one diagonal block in
the original topology matrix. The solving processes of sub-
problems are independent and can be efficiently optimized in a
parallel fashion. The solution of each sub-problem satisfies the
constraints within its block and is concatenated with others to
initialize the original optimization problem, thus accelerating
the process.

V. EXPERIMENTAL RESULTS

A. Experimental Setup

Datasets. In line with prior research [16], [17], we utilize a
dataset comprising small layout pattern images sized 2048 ×
2048 nm2, derived by segmenting a 400 × 160 µm2 layout
map from the ICCAD 2014 contest. The extracted topology
tensor is maintained at a fixed size of 16×32×32 with C = 16,
as used in the Deep Squish Pattern Representation framework.

Diffusion Model Configuration. In line with previous re-
search [21], [27], we adopt a U-Net architecture [35] as the
foundation of our discrete diffusion model to approximate
the posterior distribution during the reverse diffusion process.

The model operates at four different feature map resolutions:
[32× 32, 16× 16, 8× 8, 4× 4]. Each resolution stage consists
of two convolutional residual blocks, with the number of
convolutional channels set to [128, 256, 256, 256], respectively.
At the 16×16 resolution stage, a self-attention block is inserted
between the two convolutional blocks. Moreover, the time step
k is embedded into each residual block using sinusoidal posi-
tional encodings [36]. To guarantee convergence of the forward
diffusion process to a uniform stationary distribution, we set
the number of diffusion steps K to 1000. The noise schedule
βk increases linearly from 0.01 to 0.5. During inference, we
found that reversing the process in m = 10 steps offers an
effective trade-off between pattern quality and computational
efficiency, as discussed in Section IV-B.

Training Details. The diffusion model is trained for 0.5M
iterations with a batch size of 128, using a learning rate
of 2e-4 and the Adam optimizer. The following hyperpa-
rameters are used: a dropout rate of 0.1, gradient clipping
set to 1, and a loss coefficient λ of 0.001. As described in
Section IV-A, data augmentation is applied randomly during
training using reliable augmentation techniques. The probabil-
ities for the augmentation methods—Random Flip, Random
Rotation, Symmetric Mirror, and Concatenate and Crop—are
[0.5, 1.0, 0.5, 0.5]. The training process spans approximately
20 hours on 8 NVIDIA RTX 3090 GPUs.

B. Pattern Diversity and Legality

To evaluate the models [37], [38], we calculate the diversity
of the generated patterns using Equation (4), while the legality
of the patterns is verified with the tool Klayout, which checks
compliance with the design rules as outlined in Section II-C.

For a fair comparison with previous methods, we randomly
synthesize 100,000 topologies, assigning each generated topol-
ogy a pair of geometric vectors during the legality assess-
ment phase. In this evaluation, we refer to our method as
DiffPattern-Flex. It is worth noting that DiffPattern-Flex can
generate a large number of legal patterns for each topology,
as the solution to the optimization problem in Equation (14)
is not unique.

We compare DiffPattern-Flex with several learning-based
layout pattern generation approaches. Specifically, CAE [15]
represents a standard convolutional autoencoder model, while
VCAE [16] utilizes a variational convolutional autoencoder.
Both of these methods are pixel-based. LegalGAN [16] is a
post-processing approach that legalizes generated topologies
by making necessary modifications. In contrast, LayouTrans-
former [17] employs a sequence-based transformer model to
synthesize new sequential representations of layout patterns,
bypassing direct topology generation. Lastly, DiffPattern [18],
our primary competitor, uses a discrete diffusion model to
generate topology matrices. We also implemented the rule-
based pattern generation method in [14]. An original pattern
is split into four sub-patterns. The sub-patterns are further
randomly flipped and rotated and form an enhanced sub-
pattern library. A new pattern consists of four randomly
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TABLE I Numerical results on pattern diversity and legality. ‘Real Patterns’ are from the ICCAD 2014 contest. ‘-’ denotes an
inapplicable result. Results of learning-based baseline are from previous works [18].

Set/Method Generated Topology Generated Patterns Legal Patterns
Patterns Diversity (↑) Legality (↑) Diversity (↑)

Real Patterns - - - 13869 10.777
CAE [15] 100000 100000 4.5875 19 3.7871

VCAE [16] 100000 100000 10.9311 2126 9.9775
CAE+LegalGAN [16] 100000 100000 5.8465 3740 5.8142

Rule-based [14] - 100000 10.256 24474 10.066
VCAE+LegalGAN [16] 100000 100000 9.8692 84510 9.8669
LayouTransformer [17] - 100000 10.532 89726 10.527

DiffPattern [18] 100000 100000 10.815 100000 10.815
Ours 100000 100000 11.713 100000 11.713

Fig. 9 Some randomly selected examples generated by our method.

picked sub-patterns from the library. We also generate 100,000
patterns in this way and test the diversity and legality of the
generated patterns.

As presented in TABLE I, DiffPattern-Flex outperforms
other methods in terms of legality, achieving a perfect per-
formance (i.e., 100%) under standard conditions. This is due
to the topology pre-filtering and rule-based 2D legal pat-
tern assessment. Furthermore, DiffPattern-Flex demonstrates a
marked improvement in diversity (from 10.815 to 11.713) over
DiffPattern, thanks to its pattern augmentation techniques. The
robustness of the generation and assessment methods ensures
the reasonableness of the augmented patterns.

Illustrative examples generated by DiffPattern-Flex are
shown in Fig. 9, highlighting the diversity of the patterns
produced. These examples underscore the capability of our
method to generate detailed, reasonable patterns that maintain
a high degree of diversity across the dataset.

Moreover, the legality of patterns produced by DiffPattern-

Flex is consistently ensured through its rule-based legal pattern
assessment and topology pre-filtering process. When design
rules are modified, our method allows users to quickly generate
a new batch of diverse, compliant patterns without retraining
the topology generation model. This flexibility is explored
further in the next subsection.

C. Flexibility

A key advantage of DiffPattern-Flex is the flexibility pro-
vided by its white-box 2D legal pattern assessment phase. Be-
low, we illustrate two applications that leverage this flexibility.

Generating Multiple Patterns from a Single Topology.
Given a set of design rules and a specific topology, the
non-linear system in Equation (14) often admits numerous
legal solutions, i.e., different geometric vector pairs. Each
legal solution corresponds to a valid layout pattern, and
these patterns, while differing in geometric vectors, share the
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(a) (b) (c)

(d) (e) (f)

Fig. 10 Different layout patterns that are generated from a
single topology with the same design rule.

(a) Normal rule (b) Larger Spacemin (c) Smaller Areamax

(d) Normal rule (e) Larger Widthmin (f) Smaller Areamax

Fig. 11 Layout patterns that are generated from the same
topology with different design rules.

same underlying topology. Such variations can be valuable
for certain downstream tasks. Fig. 10 demonstrates examples
where multiple layout patterns are generated from a single
topology by using different geometric vectors.

Generating Legal Patterns under Varying Design Rules
The decoupling of legalization and topology generation in
DiffPattern-Flex enables the flexibility of design rule modi-
fication. Since changes in design rules do not affect the distri-
bution of topology matrices, the trained topology generation
model remains applicable across varying design rules. Fig. 11
presents examples where multiple layout patterns are generated
from a single topology, each adhering to a distinct set of design
rules.

In this paper, most cases can be resolved within a reasonable
time budget using the design rules defined in Section II-C. The
experimental results demonstrate that the proposed legalization
method can handle changes in the constants of the design rules.
However, it is important to note that in scenarios where the

design rules are extremely strict and complex, the generated
topology matrices may fail to find a legal solution within a
limited time using the proposed legalization methods. In such
cases, advanced legalization techniques should be developed
to reduce computational costs, which we leave for future work.

D. Distribution of Complexity

Diversity is a vital metric for assessing the quality of the
generated pattern library. As outlined in Section II-C, diversity
is quantified using the Shannon entropy of the distribution of
pattern complexity, i.e., the number of scan lines that intersect
a pattern along both the x-axis and y-axis. The distribution of
complexity is visualized in Fig. 12.

The patterns generated by DiffPattern exhibit a complex-
ity distribution comparable to that of real-world patterns.
However, due to the robust pattern augmentation techniques,
the patterns generated by DiffPattern-Flex show increased
diversity. The heatmap generated by DiffPattern-Flex covers
regions that are missing from the heatmap of real patterns,
suggesting that DiffPattern-Flex is capable of discovering
novel combinations of existing patterns.

This visualization underscores our capability to produce
high-quality, diverse layout patterns.

E. Model Efficiency

Efficiency is a critical measure when evaluating methods
for layout generation. In our approach, since the processes of
topology generation and layout pattern validation are decou-
pled, we separately record the average time taken to sample a
new topology and to solve for a legal solution of Equation (14).
The corresponding results are provided in Tables II and III.

As outlined in Section IV-B, the sampling procedure can
be accelerated by approximately a factor of m, where m
represents the number of backward steps executed during each
model inference. In our implementation, we set m = 10, and
the findings show that the sampling process can be sped up
by 8.37× with only a slight reduction in the diversity of the
generated patterns.

In scenarios where both the target and source patterns adhere
to the same design rules, as mentioned in Section III-D, an
existing pair of geometric vectors can be randomly chosen to
initialize the nonlinear system, which significantly speeds up
the process. This method is referred to as Solving-E. When
compared to the version using random initialization, termed
Solving-R, Solving-E offers an average acceleration of 2.30×.
Several examples illustrating the outcomes of Solving-E are
shown in Fig. 13.

In scenarios where the target pattern and source pattern
follow different design rules or when suitable geometric vec-
tors are unavailable, we can accelerate the solving process
by providing a better initialization using the divide method
described in Section IV-B. This version is denoted as Solving-
D. Our experimental results show that Solving-D achieves an
average acceleration of 2.48× in our cases. The total time
for Solving-D includes both the solution of sub-problems and
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Fig. 12 An illustration of complexity distribution. Reliable pattern augmentation enriches the pattern distribution while maintaining
the reasonability of the enhanced patterns.

TABLE II Model efficiency of DiffPattern-Flex under different accelerator factor m. Nvidia RTX 3090 GPU is used for topology
sampling in this table.

Method m Cost Time (s) Acceleration Diversity

Sampling 1 0.544 1.00× 11.724
Fast-Sampling 5 0.118 4.61× 11.715
Fast-Sampling 10 0.065 8.37× 11.713
Fast-Sampling 20 0.039 13.95× 10.573

TABLE III Model efficiency of DiffPattern-Flex. Intel(R) Xeon(R) Gold 6326 CPU @ 2.90GHz is used to figure out the non-
linear system in this table.

Method Extra Information Cost Time (s) Acceleration

Solving-R Not required 0.269 1.00×
Solving-E Required 0.117 2.30×
Solving-D Not required 0.108 2.48×

the main problem. The divide size in our implementation is
fixed as 4, which means we divide the hard main problem into
four sub-problems for each tensor matrix. We also show some
cases in Fig. 13. In the major cases, the final solution has
a mirror difference compared with the initialization obtained
from sub-problems.

F. Ablation Study

In this subsection, we conduct some ablation studies on how
each part in DiffPattern-Flex affects the results.

Comparison with Continual Diffusion Model. In the main
part of this paper, we utilize a discrete diffusion model to
directly generate a discrete topology matrix, fully leverag-
ing the capacity of the neural network. Here, we compare
our method with a continuous diffusion baseline [21] to
demonstrate the effectiveness of discrete modeling. For a
fair comparison, we adopted the same training protocols as
in our paper, including the dataset, augmentation methods,
batch size, learning rate, optimization methods, and other
hyperparameters. We also employed a U-Net [35] with a
similar architecture to ensure comparable model capacity to
our method. The primary difference is that the continuous
diffusion model predicts a continuous tensor at each iteration,
and the output of the final iteration is binarized using a fixed

TABLE IV Comparison between discrete modeling and con-
tinual modeling in topology tensor generation.

Modeling Generated Topology Diversity

Continual 100000 11.294
Discrete 100000 11.713

threshold of 0.5. After training, we evaluated the performance.
Since the legality of the generated patterns is guaranteed by
the proposed deep squish tensor and legalization method, we
focused on comparing the diversity of the generated patterns.
As shown in TABLE IV, discrete modeling improves diversity
by a reasonable margin (11.294 → 11.713). The results support
our claim in the main text and indicate that discrete modeling
of the topology tensor benefits the layout pattern generation
task.

Probability of Concatenate and Crop Augmentation We
conduct an ablation study to investigate the impact of the
probability of concatenate and crop augmentation on the final
results. By gradually increasing the augmentation probability
from 0.0 to 1.0 during training, we retrain the model on the
augmented data and evaluate the diversity of the generated
samples. The results, presented in Fig. 14, indicate that the
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(a) Topology 1 (b) Topology 2 (c) Topology 3

(d) Initial w/ Solving-E (e) Initial w/ Solving-E (f) Initial w/ Solving-E

(g) Initial w/ Solving-D (h) Initial w/ Solving-D (i) Initial w/ Solving-D

(j) Final Result 1 (k) Final Result 2 (l) Final Result 3

Fig. 13 Illustration of initialization and final solution in the
legalization phase.

optimal probability range lies within [0.5, 0.9]. Based on these
findings, we set the probability to 0.5 in our implementation.

Fast-Sampling Factor m. In our method, the fast-sampling
factor m can be adjusted to balance efficiency and model
performance. We extend the discussion in the main text by
testing various values of m. The results are presented in
TABLE II. We observe that m = 10 provides a good trade-
off between efficiency and model performance. For cases
where m > 10, the diversity of generated samples decreases
significantly.

G. Discussion on Validity

A metric referred to as pattern validity was introduced in
previous work [16]. This metric is evaluated using an encoder-
decoder model pre-trained on the training data. The underlying
assumption is that generated patterns that resemble those in the
training set will achieve higher scores in this validity metric.
However, we contend that this interpretation of validity is
somewhat narrow. One of the key objectives in layout pattern
generation is to produce a diverse array of legal patterns
for various downstream tasks, such as hotspot detection or
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Probability
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12.0
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Fig. 14 The effect of different probabilities of concatenate and
crop augmentation.

lithography simulation. In these cases, legal patterns that
diverge from the training set are often more desirable, yet they
tend to receive lower scores under the current validity metric.

What further undermines the usefulness of this metric is
that it promotes overfitting to the training set. For example,
as noted in [16], [17], the generated patterns can obtain
significantly higher validity scores (from 65% to 84%) com-
pared to patterns in the test set, which should share the same
distribution as the training data. It is unrealistic to assume that
a higher validity score necessarily correlates with better-quality
patterns.

For these reasons, we have opted not to assess DiffPattern-
Flex using this metric.

VI. CONCLUSION

In this paper, we proposed DiffPattern-Flex, a novel frame-
work for efficient and legal layout pattern generation. By
decoupling topology generation and pattern legalization, our
method provides flexibility in handling changing design rules
without retraining the model, making it highly adaptable for
various downstream tasks in design automation. Our approach
demonstrates significant improvements in both the diversity
and legality of generated patterns, achieving state-of-the-art
performance. The ability to generate diverse legal patterns
enhances the robustness of machine-learning workflows and
supports a wide range of applications, such as lithography
simulation and hotspot detection. Future work will focus on
expanding DiffPattern-Flex to more complex tasks, such as
multi-source pattern generation and integration of additional
design constraints.
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