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Abstract: The growing complexity of modern VLSI systems has significantly
increased the burden on conventional verification and validation techniques.
Traditional approaches struggle to meet today’s stringent requirements related
to time-to-market, cost efficiency, and design reliability. In recent years,
Machine Learning (ML) has emerged as a powerful enabling technology capable
of transforming verification workflows. By learning from historical design and
verification data, ML techniques can automate regression analysis, guide
intelligent test generation, and predict defects early at both the Register
Transfer Level (RTL) and physical layout stages. This paper presents a
comprehensive literature survey of ML-driven automated verification and
predictive bug detection methodologies. The reviewed research spans
supervised, unsupervised, ensemble, graph-based, and reinforcement learning
techniques applied to verification planning, directed stimulus generation, RTL
defect prediction, security-aware RTL analysis, routing congestion estimation,
design rule checking (DRC) prediction, placement optimization, and early
power—performance-area (PPA) estimation. The survey also critically examines
modeling strategies, dataset limitations, evaluation metrics, deployment
constraints, and integration challenges within industrial Electronic Design
Automation (EDA) flows. Finally, research gaps related to dataset scarcity,
cross-design generalization, interpretability, and lifecycle integration are
identified, highlighting promising directions for future intelligent verification
ecosystems.
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I. INTRODUCTION

All Functional verification accounts for a major portion of hardware
development effort, often consuming more than 60% of the overall design cycle.
Conventional verification strategies such as simulation-based testing,
constrained-random verification, formal verification, assertion-based checking,
and static linting have served the industry for decades. However, as designs grow
in complexity, include heterogeneous architectures, and target advanced
technology nodes, these approaches increasingly face scalability challenges. State-
space explosion, long regression cycles, and coverage closure difficulties make
traditional methodologies time-consuming and resource-intensive.

Recent advances in machine learning show that verification artifacts—such
as logs, waveforms, and coverage data—contain learnable patterns. Using this
data, ML models can predict defects, optimize testing, and identify design
bottlenecks early. This survey presents a unified view of ML-based verification
across both RTL and physical design stages.

II. Foundational Surveys and ML Taxonomy in
Verification

The structured study of ML applications in hardware verification begins
with several foundational surveys.

Work in [1] categorizes supervised, unsupervised, and reinforcement
learning approaches applied to problems such as SAT solving, coverage
improvement, and assertion generation, effectively framing verification tasks as
learnable optimization problems.

Building on this taxonomy, [2] expands the discussion by incorporating
industrial case studies and highlighting practical deployment challenges such as
class imbalance, feature engineering complexity, and integration within regression
infrastructures.

A broader perspective is presented in [8], which reviews the historical
evolution of ML-assisted hardware verification and discusses issues related to
scalability, dataset reproducibility, and cross-project generalization. Similarly,

[10] positions ML as a cross-disciplinary enabler across EDA stages,
emphasizing the growing importance of Graph Neural Networks (GNNs) for
modeling structural hardware representations such as netlists and routing graphs.

Together, these surveys establish the conceptual and methodological
foundation for ML-driven verification research.
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III. ML-Based Verification Planning and Test Optimization

Verification planning aims to reduce regression cost while maximizing
coverage efficiency. Several works demonstrate how ML can optimize this process.

In [3], a supervised learning framework predicts the expected coverage
contribution of individual tests based on historical regression and design data. By
ranking tests according to anticipated coverage gain, redundant simulations can
be eliminated, significantly reducing verification runtime.

Reinforcement learning is explored in [5], where verification is modeled as
a sequential decision-making problem. An RL agent dynamically adjusts stimulus
strategies based on coverage feedback, learning to maximize verification efficiency
while maintaining computational feasibility.

Directed test generation techniques are surveyed in [6], comparing formal
constraint-solving approaches with ML-guided stimulus strategies. The study
highlights how learning-based prioritization enhances corner-case exploration.

Regression pruning techniques in [21] use coverage delta prediction
models to remove low-impact tests without compromising defect detection quality.
Adaptive stimulus ranking in [22] applies classification models to identify high-
impact verification scenarios, accelerating coverage closure.

Failure clustering methodologies in [23] analyze historical bug traces to
predict regression scenarios likely to expose latent defects. Hybrid frameworks
such as [31] combine supervised prediction and reinforcement learning to
continuously refine regression strategies based on real- time outcomes.

Collectively, these works demonstrate measurable reductions in simulation
cycles and improved regression efficiency.

IV. RTL-Level Predictive Bug Detection and Refactoring

Early identification of RTL defects significantly reduces downstream
debugging effort. Trend-based modeling in

[7] predicts RTL refactoring needs by analyzing historical verification
outcomes. Similarly, [9] proposes a feedback-loop framework in which verification
results are continuously fed back into RTL improvement models, creating a
closed-loop learning environment between design and verification.

The transfer of software defect prediction methodologies to hardware is
explored in [12] and [13], where metrics-based and ensemble learning models
identify fault-prone modules. These studies provide foundational principles
applicable to RTL-level predictive analytics. Further research in [24], [25], and [26]
investigates structural and complexity-based features such as fan-out, FSM states,
module coupling, and assertion density to model defect likelihood. These
approaches demonstrate that well-engineered structural metrics can significantly
enhance prediction accuracy.

71



NCERC Int. J. Adv. Sci. Eng. and Tech. (NIJASET), Vol. 6, No.1, 2026

V. ML-Based Sequence Generation for Hardware Verification

Because verification involves sequential stimulus application, temporal
learning models are particularly suitable. In [14], stimulus generation is
formulated as a sequence learning problem, leveraging historical failure traces to
generate optimized verification sequences.

Advanced architectures explored in [26] and [27] use recurrent and
transformer-based models to predict next-best verification actions based on
coverage progression patterns. These techniques improve exploration efficiency
and enhance corner-case detection compared to heuristic-driven methods.

VI. Data-Centric ML Frameworks for Verification

Model performance strongly depends on data quality.

The data-centric pipeline proposed in [15] emphasizes dataset curation,
normalization, labeling consistency, and iterative retraining to improve robustness.
Early PPA estimation using ML at the RTL stage is addressed in [20], enabling
designers to assess implementation risks before physical synthesis. Cross-project
generalization is tackled in [28] and [29] through dataset augmentation, transfer
learning, and synthetic defect injection techniques. These strategies aim to
overcome limited labeled datasets and improve scalability across diverse design
environments.

VII. Security-Aware RTL Analytics

Security vulnerabilities represent a critical class of hardware defects. The
survey in [4] reviews Al-augmented secure RTL design methodologies for detecting
hardware Trojans. Techniques such as anomaly detection and structural
fingerprinting are applied to identify malicious modifications prior to fabrication,
strengthening design security in the supply chain.

VIII. ML in Physical Layout and Design Rule

Machine learning approaches have increasingly influenced backend
physical design tasks, particularly in early-stage prediction and optimization. In
CongestionNet [16], deep graph neural networks are utilized to estimate routing
congestion prior to global routing, enabling designers to identify problematic
regions at an early stage. Overall by enhancing graph-based congestion modeling
with improved feature representation and spatial learning mechanisms, leading to
better prediction stability across complex layouts.

Unsupervised clustering strategies reported in [17] focus on identifying
potential DRC hotspots during the initial layout phases, reducing the need for
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repeated rule-check iterations. Similarly, ensemble-based classification
techniques discussed in [18] enhance DRC prediction accuracy by combining
multiple learning models, thereby improving generalization across different design
blocks. Placement optimization has also benefited from learning-based strategies;
the reinforcement learning framework described in [19] demonstrates improved
power, performance, and area trade-offs when compared with conventional
heuristic-driven placement methods.

Furthermore, the multi-resolution congestion estimation framework
MEDUSA [25] introduces hierarchical spatial analysis to refine congestion
prediction across varying layout granularities.

Beyond performance improvements, recent investigations such as [30]
address the broader implications of integrating ML into EDA workflows,
particularly emphasizing model reliability, robustness, and security
considerations. These studies underline the importance of developing trustworthy
and verifiable ML models before their widespread adoption in physical design
automation.

IX. FPGA-Specific Perspectives

ML integration in FPGA design flows presents unique constraints. As
discussed in [11], challenges include limited publicly available datasets, vendor-
specific tool variability, and reduced reproducibility across FPGA platforms. These
deployment considerations require tailored ML solutions for FPGA-based EDA
ecosystems.

X. Comparative Analysis and Research Gaps

Despite notable progress, several critical challenges remain. A primary
limitation is the scarcity of publicly available RTL and layout defect benchmark
datasets, which restrict reproducibility and large-scale evaluation. Additionally,
many models struggle with cross-project generalization, as performance often
degrades when applied to different architectures or technology nodes.
Explainability remains insufficient, particularly for safety-critical systems where
interpretable predictions are essential. Most existing solutions operate in isolation,
addressing either RTL or physical design stages independently, resulting in
fragmented lifecycle coverage. Furthermore, the cost of labeling defect data for
supervised learning limits scalability. Future research must therefore focus on
developing unified, lifecycle- aware ML frameworks capable of continuous learning
across design stages while ensuring robustness, interpretability, and industrial
compatibility.

XI. Expected Results

Based on the surveyed literature, ML-based automated verification
frameworks are expected to deliver measurable improvements across RTL and
physical design stages. At the RTL level, supervised regression ranking and
reinforcement learning-based stimulus optimization can reduce redundant
simulation cycles and accelerate coverage closure. Predictive defect models can
identify fault-prone modules early, minimizing late-stage debugging effort.
Sequence-learning approaches can
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enhance bug discovery by intelligently navigating complex state spaces. At
the physical design level, graph-based models and ensemble predictors enable
early routing congestion and DRC violation detection.

Reinforcement learning-driven placement tuning can achieve improved
PPA trade-offs compared to manual optimization. Data-centric ML pipelines
improve robustness and generalization through systematic dataset management.
Overall, integrating ML across the RTL-to-layout lifecycle is expected to reduce
verification turnaround time, lower computational cost, improve defect localization
accuracy, and enhance predictability in achieving coverage and PPA targets within
industrial EDA workflows.

XII. Conclusion

This survey has examined machine learning approaches for

automated verification and predictive defect detection
across rtl and physical layout stages. The literature
demonstrates that historical design and

Verification data can be effectively leveraged to reduce redundant
simulation cycles, accelerate coverage closure, and enable early defect prediction.

Future research must prioritize scalable, explainable, and
lifecycle-integrated ml frameworks that can be seamlessly embedded within
industrial eda tool chains. Such

Advancements will pave the way toward intelligent, adaptive, and self-
optimizing hardware verification ecosystems.
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