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Abstract

Design rule checking (DRC) in integrated circuit layout verification has
become increasingly complex and time-consuming with the advancement of
semiconductor technology nodes. This paper presents a novel deep
reinforcement learning (DRL) based approach for optimizing DRC verification
processes. The proposed method incorporates a distributed reachability
certificate (DRC) and uncertainty-aware safety critic to address model
uncertainties in verification workflows. By leveraging synthetic training data
and transfer learning techniques, our framework achieves robust performance
across different technology nodes while significantly reducing training-time
violations. The system architecture integrates multiple functional modules,
including a layout processing engine, DRL inference module, and verification
orchestrator, achieving a 9.6x speedup in runtime performance compared to
traditional methods. Experimental results on production-scale designs
demonstrate 99.8% verification accuracy while reducing memory consumption
by 50% and power usage by 47%. The framework exhibits superior scaling
properties, maintaining near-linear performance up to extremely large designs.
Comprehensive evaluations across three distinct datasets validate the
effectiveness of our approach in handling complex design rules and edge cases.
The method demonstrates particular strength in adapting to new technology
nodes through efficient transfer learning mechanisms, addressing a critical
challenge in modern semiconductor design verification.

1. Introduction

processes requiring thousands of checks to verify layout
compliance. These rules encompass various geometric
constraints including width, spacing, area, enclosure,

1.1 Research Background and Significance

The rapid advancement of integrated circuit (IC)
technology has led to increasingly complex design rules
and verification requirements in modern semiconductor
manufacturing processes. Design rule checking (DRC)
verification ensures that IC layouts meet manufacturing
constraints and specifications, pla?/ing a crucial role in
achieving high fabrication yields!l. The conventional
DRC process requires significant manual effort and
computational resources, becoming a major bottleneck
in the IC design flow as technology nodes continue to
scale down.

In advanced technology nodes below 10nm, the number
of design rules has grown exponentially, with some

and overlap specifications that must be satisfied to
guarantee manufacturability®l. The complexity of these
rules, combined with the increasing density of modern
IC designs, has made traditional rule-based verification
approaches increasingl time-consuming  and
computationally intensivel!,

The emergence of artificial intelligence (Al) and
machine learning (ML) techniques presents promising
opportunities to address these challenges in IC layout
verification™. Deep learning models have demonstrated
remarkable capabilities in pattern recognition and
complex feature extraction, making them particularly
suitable for analyzing geometric constraints in IC
layouts®.. The integration of reinforcement learning
(RL) with deep neural networks introduces an additional
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dimension of optimization, enabling the development of
intelligent verification seystems that can learn and
improve from experiencel®,

1.2 Key Challenges in IC Layout Verification

Layout verification in modern IC design faces several
fundamental challenges that impact both efficiency and
accuracy. The primary challenge lies in the dramatic
increase of design rule complexity in advanced
technology nodes. Traditional DRC tools must verify
millions of geometric constraints across multiple layers,
leading to extensive runtime and computational
requirements. The verification process becomes
particularly challenging when dealing with context-
dependent rules that require analyzing interactions
between multiple design elements and layerstl.

The accuracy of DRC verification presents another
significant challenge. The correlation between pre-fill
stage auto place and route (APR) tool results and sign-
off static timing analysis often shows discrepancies,
leading to potential reliability issues!®. These
mismatches  necessitate  multiple iterations of
verification and correction, significantly impacting the
overall design timeline. The challenge is further
compounded by the need to maintain high accuracy
while processing increasingly complex rule sets and
larger design areas.

Design for manufacturability (DFM) requirements
introduce additional verification challenges. Modern IC
manufacturing processes require consideration of
various physical effects that can impact yield, including
lithography limitations, etch variations, and chemical
mechanical  polishing (CMP) impacts®l. These
manufacturing constraints must be verified early in the
design process, adding another layer of complexity to
the verification workflow.

1.3 Deep Reinforcement Learning Applications in
EDA Domain

Deep reinforcement learning has emerged as a powerful
approach for solving complex optimization problems in
electronic design automation (EDA). The application of
DRL in layout verification represents a paradigm shift
from traditional rule-based methods to learning-based
approaches. DRL models can learn optimal verification
strategies through interaction with the design
environment, potentially reducing the number of
iterations required for complete verification™?,

The integration of DRL in EDA workflows has shown
promising results in various aspects of IC design. Recent
research has demonstrated the effectiveness of DRL in
floorplanning, placement optimization, and routing
decisions. These applications leverage the ability of
DRL agents to learn complex decision-making policies
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through experience, while considerin? multiple
objectives and constraints simultaneously™!,

In the context of DRC verification, DRL models can be
trained to identify potential rule violations more
efficiently than traditional methods. The models learn to
recognize patterns and relationships in layout data that
may indicate potential violations, enabling more
targeted verification approaches. Transfer learning
techniques allow these models to generalize across
different design styles and technology nodes, potentially
reducing the need for extensive retraining!*?.

The implementation of DRL in layout verification
systems has demonstrated several advantages. Neural
network architectures can efficiently process large
amounts of geometric data, while reinforcement
learning algorithms enable continuous improvement of
verification strategies™l. These systems can adapt to
new design rules and patterns, potentially reducing the
manual effort required for verification tool development
and maintenance.

Recent advances in DRL algorithms and hardware
acceleration have made it feasible to apply these
techniques to production-scale IC designs. The
development of  specialized neural network
architectures for processing layout data, combined with
efficient training methodologies, has addressed many of
the initial challenges in applying DRL to layout
verification. These developments suggest a promising
future for Al-driven verification tools in the
semiconductor industry.

2. Literature Review

2.1 Traditional Layout Design Rule Checking
Methods

Traditional design rule checking (DRC) methodologies
have evolved over several decades to address the
growing complexity of integrated circuit designs. The
conventional DRC process involves systematic
verification of geometric constraints through rule-based
algorithms. These methods typically operate by
decomposing complex design rules into a series of basic
geometric operations, including width checks, spacing
measurements, overlap calculations, and enclosure
verificationst*4,

The fundamental approach in traditional DRC tools
relies on Boolean operations and geometric
manipulations. Design rules are translated into a series
of mathematical expressions that define allowed and
prohibited geometric configurations. The verification
engine processes these expressions against the actual
layout data, identifying violations through systematic
comparison operations. This process requires extensive
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computational resources, particularly for advanced
technology nodes with thousands of rulest*,

Modern DRC tools have incorporated hierarchical
checking strategies to improve efficiency. By analyzing
repeated structures at different levels of hierarchy, these
tools can reduce redundant computations and improve
overall runtime performance!*®l. Advanced optimization
techniques, such as parallel processing and intelligent
rule scheduling, have been implemented to handle the
increasing complexity of design rules.

2.2 Machine Learning Applications in DRC

The integration of machine learning techniques into
DRC workflows represents a significant advancement in
layout verification methodology. Early applications of
ML in DRC focused on prediction of violation counts
and hotspot detection. These approaches utilize various
ML algorithms, including random forests, gradient
boosting, and neural networks, to estimate the likelihood
of DRC violations before detailed verification*"],

Recent research has demonstrated the effectiveness of
ML-based approaches in reducing DRC runtime and
improving accuracy. ML models trained on historical
design data can identify potential violation patterns and
guide the verification process toward problematic areas.
The incorporation of probabilistic models enables more
efficient resource allocation during verification,
focusing computational effort on regions with higher
violation probability!®l,

Multiple ML architectures have been explored for DRC
applications. Ensemble methods combining random
forest and gradient boost algorithms have shown
promising results in early-stage violation prediction.
Neural network-based approaches have demonstrated
capabilities in analyzing complex geometric patterns
and identifying potential manufacturing issues before
detailed physical verification*],

2.3 Deep Learning Methods in Layout Verification
Research Progress

Deep learning methods have introduced new
capabilities in layout verification through their ability to
learn complex geometric patterns and relationships.
Convolutional Neural Networks (CNNs) have proven
particularly effective in analyzing layout data,
leveraging their inherent ability to process spatial
information and recognize geometric patterns. These
networks can be trained to identify potential DRC
violations directly from layout representations,
potentially reducing the need for explicit rule checking.

Advanced architectures incorporating transfer learning
and domain adaptation have enhanced the
generalization capabilities of deep learning models in
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DRC applications. By leveraging knowledge learned
from previous designs, these models can adapt to new
technology nodes and design styles with minimal
retraining. The development of specialized neural
network architectures optimized for layout data
processing has further improved the efficiency and
accuracy of deep learning-based verification.

Recent research has explored the application of attention
mechanisms and graph neural networks in layout
verification. These advanced architectures enable better
understanding of complex spatial relationships and
dependencies between different layout elements. The
incorporation of multi-scale analysis techniques allows
deep learning models to handle varying levels of design
hierarchy effectively.

2.4 Current Method Limitations Analysis

Despite significant advances, current approaches to
layout verification face several limitations. The
accuracy of ML and deep learning models heavily
depends on the quality and quantity of training data. The
limited availability of real-world layout data,
particularly for new technology nodes, poses challenges
in developing robust verification modelsi?®!, The need
for extensive data preprocessing and feature engineering
can impact the practical deployment of these solutions.

The computational requirements of deep learning
models present another significant limitation. While
these models can potentially reduce overall verification
time, their training and inference processes require
substantial computational resources. The balance
between model complexity and inference speed remains
a critical consideration for practical implementation.

The interpretability of ML and deep learning models
poses challenges in verification tool qualification.
Traditional DRC methods provide clear traceability
between rules and violations, while learning-based
approaches may not offer the same level of
transparency™. The semiconductor industry's stringent
requirements for verification tool accuracy and
reliability necessitate extensive validation of learning-
based approaches before widespread adoption.

Model generalization across different design styles and
technology nodes remains challenging. The high
variability in layout patterns and design rules between
different applications and process nodes can limit the
effectiveness of trained models. The development of
robust adaptation strategies and efficient retraining
methodologies continues to be an active area of research
in layout verification.
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3. DRC Optimization Based on Deep Reinforcement
Learning

3.1 Problem Modeling and Formalization

The DRC optimization problem can be formulated as a
Markov Decision Process (MDP), defined by the tuple
(S, A, P, R, v), where S represents the state space
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containing layout configurations, A denotes the action
space of possible DRC operations, P defines the
transition probabilities, R specifies the reward function,
and y is the discount factor??. The state space S
encompasses both geometric and electrical parameters
of the layout, including wire widths, spacings, and metal
layer assignments. Table 1 presents the complete state
space formalization for the DRC optimization problem.

Table 1: State Space Components in DRC Optimization

Component Dimension Value Range Description

Geometric Parameters 256 [0,1] Normalized layout dimensions
Layer Assignment 8 {0,1} Binary encoding of metal layers
DRC Rules Status 64 [-1,1] Violation severity scores
Routing Density 32 [0,1] Local congestion metrics
Historical Actions 16 [-1,1] Previous optimization steps

The action space A consists of discrete operations that
modify the layout to resolve DRC violations. These
operations include wire width adjustment, spacing
modification, and layer reassignment. The formalization

includes a probability distribution over possible next
states P(s'|s,a), which models the uncertainty in layout
modifications. Table 2 defines the structured action
space for the DRC agent.

Table 2: Action Space Definition for DRC Optimization

Action Type Parameters Range Impact Factor
Wire Width Adjustment Aw [-0.5, 0.5] 1.0
Spacing Modification As [-0.3,0.3] 0.8
Layer Reassignment 1 {1,2,3,4} 1.2
Via Insertion (xy) [0,1]x[0,1] 0.9

The proposed framework employs a deep Q-network
(DQN) architecture augmented with a prioritized
experience replay mechanism. Figure 1 illustrates the
overall architecture of the DRL framework for DRC
optimization.

3.2 Deep Reinforcement Learning Framework
Design

Figure 1: DRL Framework Architecture for DRC Optimization
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The framework architecture consists of three primary
components: a convolutional feature extractor for
processing layout geometries, a fully connected policy

= DRC Results

network for action selection, and a value network for
state evaluation. The convolutional layers employ 3x3
kernels with stride 2, followed by batch normalization
and ReLU activation. The network depths and filter
configurations are detailed in Table 3.

Table 3: Neural Network Architecture Configuration

Layer Type Output Dimension Parameters
Convl Convolutional 64x64%32 288

Conv2 Convolutional 32x32x64 18,432
Conv3 Convolutional 16x16x128 73,728

FC1 Fully Connected 1024 2,097,152
FC2 Fully Connected 512 524,288
Output Fully Connected |Action_dim| 262,144

3.3 Reward Function and Constraint Design

The reward function incorporates multiple objectives
including DRC violation reduction, wirelength
minimization, and timing optimization. The
mathematical formulation of the reward function is
given by:

R(s,a) = w1-RDRC + w2-Rwire + w3-Rtime

where RDRC represents the DRC violation score, Rwire
denotes the wirelength penalty, and Rtime accounts for
timing impacts. Figure 2 shows the multi-objective
reward distribution across different optimization
scenarios.

Figure 2: Multi-objective Reward Distribution Analysis
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Timing Impacts

Reward Magnitude

3.4 Synthetic Data Training Strategy

The x-axis represents DRC violations, the y-axis shows The training process utilizes a combination of real and
wirelength penalties, and the z-axis indicates timing synthetic layout data generated through a parametric
impacts. The surface plot is color-coded based on the data generation pipeline. Table 4 outlines the synthetic
combined reward magnitude, with darker regions data generation parameters and their distributions.

indicating higher rewards.

Table 4: Synthetic Data Generation Parameters

Parameter Distribution Range Scale Factor
Layout Size Log-normal [100, 1000] 1.0
Feature Density Beta [0.3,0.8] 0.5
Violation Types Categorical {L,...K} -
Pattern Complexity Gaussian [1, 10] 2.0

Figure 3 demonstrates the effectiveness of the synthetic
data training strategy through a comparison of learning
curves.

Figure 3: Learning Curves Comparison with Synthetic Data

0% Synthetic Data
25% Synthetic Data

50% Synthetic Data

75% Synthetic Data

100% Synthetic Data

0% Synthetic Data (Validation)
25% Synthetic Data (validation)
50% Synthetic Data (validation)
75% Synthetic Data (validation)
100% Synthetic Data (Validation)

Performance Metric

o 20 40 60 80 100
Training Iterations
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The solid lines represent different training scenarios
with varying proportions of synthetic data (0%, 25%,
50%, 75%, 100%), while dotted lines indicate the
corresponding validation performance. The curves show
convergence rates and final accuracy metrics.

3.5 Transfer Learning Application in DRC
Optimization

The transfer learning strategy adapts pre-trained models
to new technology nodes through layer-wise fine-
tuning. The progressive adaptation process maintains
critical geometric pattern recognition capabilities while
adjusting to specific design rule requirements. The fine-
tuning protocol follows a systematic approach that
prioritizes the preservation of fundamental layout
understanding while allowing flexibility in rule-specific
optimizations!?l,

Experimental  results  demonstrate  significant
improvements in convergence speed and optimization
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quality when applying transfer learning techniques. The
adaptation process reduces the required training
iterations by 65% while maintaining comparable or
superior optimization performance. The effectiveness of
transfer learning varies across different types of design
rules and layout patterns, with geometric rules showing
higher transferability compared to process-specific
constraints(?4,

4. Verification System Implementation and
Optimization

4.1 System Architecture Design

The verification system architecture integrates multiple
functional modules into a cohesive framework for DRC
optimization. The core components include a layout
processing engine, deep learning inference module, and
verification orchestrator. Table 5 presents the system
components and their specifications.

Table 5: System Architecture Components Specification

Component Processing Capacity Memory Usage Latency
Layout Engine 10M gates/s 16GB 50ms
DL Inference 1K instances/s 32GB 100ms
Rule Processor 5K rules/s 8GB 30ms
Result Analyzer 2M reports/s 4GB 20ms

Figure 4: System Architecture and Data Flow Diagram
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The architecture diagram displays a multi-layered
system structure with bidirectional data flows between
components. Color-coded modules represent different
functional units: blue for data preprocessing, green for
deep learning inference, yellow for optimization
engines, and red for verification modules. Arrow
thickness indicates data bandwidth, while node size
represents computational complexity.

ISSN: 3066-3962

4.2 Deep Neural Network Model Construction

The neural network architecture employs a hybrid
design combining convolutional layers for spatial
feature extraction and transformer blocks for long-range
dependency modeling. Table 6 details the network
architecture specifications.

Table 6: Neural Network Layer Configuration

Layer ID Layer Type Parameters Output Shape FLOPS
1 Conv2D 9,216 (256,256,32) 603M
2 Transformer 147,456 (64,512) 1.2G
3 GateBlock 73,728 (64,256) 524M
4 Attention 262,144 (64,128) 893M
5 Output 32,768 (1,64) 67M

Figure 5: Model Performance Analysis Across Architectures
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The visualization comprises multiple subplots showing
accuracy, latency, and resource utilization metrics. The
left plot displays training and validation curves for
different architectures, the center plot shows inference
time distributions, and the right plot presents memory
usage patterns. Each metric is color-coded and includes
error bands representing statistical variance.

90

Memory Usage (GB)
3

Arch & Arch Archc

4.3 DRC Rule Expression and Processing

The DRC rule processing system implements a
hierarchical rule representation scheme optimized for
deep learning integration. Table 7 outlines the rule
encoding strategy and processing metrics.

Table 7: DRC Rule Processing Specifications
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Rule Type Encoding Dimension Processing Time Accuracy
Spacing 64 0.5ms 99.8%
Width 32 0.3ms 99.9%
Overlap 128 0.8ms 99.5%
Enclosure 96 0.6ms 99.7%

The rule processing engine utilizes a novel graph-based
representation for capturing complex geometric

relationships. Figure 6 demonstrates the rule processing
pipeline and optimization flow.

Figure 6: DRC Rule Processing Pipeline Visualization

The visualization presents a directed acyclic graph
(DAG) representation of rule processing steps. Nodes
represent processing stages, edges show dependencies,
and node colors indicate processing status. The graph
layout emphasizes the parallel processing capabilities
and critical paths in rule verification.

4.4 Model Training and Optimization Strategies

The training process incorporates multiple optimization
techniques including gradient accumulation, mixed-
precision training, and dynamic batch sizing. The model
optimization strategy addresses both computational
efficiency and verification accuracy through adaptive
training schedules.

Table 8: Training Optimization Parameters

Phase Batch Size Learning Rate Precision Memory
Initial 64 le-3 FP32 24GB
Intermediate 128 5e-4 Mixed 16GB
Final 256 le-4 FP16 12GB

Vol. 4(3), pp. 16-30, March 2024
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4.5 Verification Process and Efficiency
Optimization

The verification workflow implements a multi-stage
pipeline with parallel processing capabilities and
dynamic resource allocation. Performance optimization
techniques include workload balancing, memory
management, and compute orchestration. The system
achieves significant speedup through intelligent
scheduling and resource utilization?!,

The verification engine employs a distributed
processing architecture with load balancing capabilities.
Multiple verification instances operate in parallel,
coordinated by a central scheduler that optimizes
resource allocation based on workload characteristics
and system availability. The optimization process
continuously monitors system performance metrics and
adjusts processing parameters to maintain optimal
throughput.

ISSN: 3066-3962

Through comprehensive system optimizations, the
verification process achieves a 10x speedup compared
to traditional methods while maintaining equivalent or
superior accuracy. The system demonstrates robust
scaling capabilities across different design sizes and
complexity levels, with IinearEerformance scaling up to
32 parallel processing nodes?127]

5. Experimental Results and Analysis

5.1 Experimental Environment and Datasets

The experimental evaluation was conducted on a high-
performance computing platform equipped with
NVIDIA A100 GPUs and Intel Xeon processors. Table
9 details the hardware and software configurations used
in the experiments.

Table 9: Experimental Platform Configuration

Component Specification Performance Metrics Power Usage
CPU Intel Xeon 8380H 40 cores, 2.9GHz 250W

GPU NVIDIA A100 80GB VRAM 400W
Memory DDR4 512GB, 3200MHz 180W
Storage NVMe SSD 8TB, 7GB/s 15w

The evaluation utilized three distinct datasets: a
production dataset from industrial designs, a synthetic
dataset for training, and a benchmark suite for

comparative analysis. Table 10 provides detailed
characteristics of the datasets.

Table 10: Dataset Characteristics

Dataset Type Size Complexity DRC Rules Technology Node
Production 2.5TB High 3,500 5nm
Synthetic 1.8TB Medium 2,800 7-3nm
Benchmark 800GB Mixed 2,000 10-5nm
resource utilization. Figure 7 presents the

5.2 Performance Evaluation Metrics

The performance evaluation framework incorporates
multiple metrics covering accuracy, efficiency, and

comprehensive performance analysis across different
evaluation dimensions.
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Figure 7: Multi-dimensional Performance Analysis

Power Efficiehey.

5.3 Comparative Analysis with Traditional Methods

The visualization consists of a radar chart with six axes
representing key performance metrics: accuracy,
throughput, latency, memory usage, power efficiency,
and scalability. Each method is represented by a colored
polygon, with larger areas indicating better overall
performance. The chart includes error bars to represent
measurement uncertainty.

A detailed comparison with traditional DRC methods
reveals significant improvements in both performance
and accuracy. Table 11 summarizes the comparative
analysis results across key metrics.

Table 11: Performance Comparison with Traditional Methods

Method Runtime(h) Accuracy(%) Memory(GB) Power(W)
Proposed DRL 2.5 99.8 64 450
Traditional 24.0 98.5 128 850
Hybrid 8.0 99.2 96 650
ML-based 4.0 99.0 80 550

Figure 8: Performance Scaling Analysis
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The plot displays logarithmic scaling curves for
different methods, with the x-axis representing design
size in millions of gates and the y-axis showing runtime
in hours. Multiple curves represent different
approaches, with error bands indicating performance
variability. The proposed method demonstrates superior

ISSN: 3066-3962

scaling properties, maintaining near-linear performance
up to extremely large designs.

5.4 Experimental Results Discussion

The experimental results demonstrate substantial
improvements in efficiency and accuracy. Figure 9
presents a detailed analysis of optimization convergence
characteristics.

Figure 9: Optimization Convergence Analysis

Performance Metric

The visualization shows convergence trajectories for
different optimization scenarios, with the x-axis
representing optimization iterations and the y-axis

100 125
Optimization Iterations

showing various performance metrics. Multiple curves
represent different initialization conditions and
optimization parameters, with highlighted regions
indicating optimal operating zones.

Table 12: Detailed Performance Metrics

Metric Mean Std Dev Min Max
Accuracy 99.8% 0.15% 99.2% 99.9%
Runtime 2.5h 0.3h 1.8h 3.2h
Memory 64GB 8GB 48GB 80GB
Throughput 1M gates/s 0.2M 0.8M 1.2M

5.5 Method Limitations and Improvement
Directions

The current implementation exhibits several limitations
that provide opportunities for future improvements. The
analysis identifies key areas for enhancement in both
algorithmic and system-level aspects. Table 13 outlines
the identified limitations and proposed improvements.

Table 13: Limitations and Improvement Strategies

Limitation Impact

Improvement Strategy

Priority

Vol. 4(3), pp. 16-30, March 2024
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Memory Usage High Model Compression Critical
Training Time Medium Transfer Learning High
Scalability Low Distributed Training Medium
Robustness Medium Ensemble Methods High

The experimental evaluation reveals that the proposed
method achieves a 9.6x speedup in runtime performance
while maintaining higher accuracy compared to
traditional approaches. The system demonstrates robust
performance across different technology nodes and
design styles, with particularly strong results in handling
complex design rules and edge cases!?®l,

The memory utilization patterns show optimization
opportunities through model compression and efficient
data management strategies. The training process could
benefit from advanced transfer learning techniques to
reduce the initial training overhead for new technology
nodes?IB%, Integration with existing design flows
presents opportunities for workflow optimization and
improved user interaction models.
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