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Abstract

The continuous scaling of semiconductor technology into the sub-7 nm regime has introduced
significant challenges in timing closure due to process variability, interconnect delay, power density,
and manufacturing uncertainties. Conventional static timing analysis techniques often require extensive
computational resources and iterative optimization cycles, resulting in increased design complexity and
longer turnaround time. This research proposes a machine learning assisted timing violation prediction
framework for sub-7 nm VLSI physical design to improve early-stage timing estimation and reduce
optimization overhead. The proposed methodology integrates supervised machine learning algorithms
with physical design parameters including routing congestion, net length, fan-out, switching activity,
and placement density to predict potential timing violations before final signoff analysis. A dataset
generated from multiple benchmark circuits is utilized for training and validation using Random Forest,
XGBoost, and deep neural network models. The developed framework demonstrates higher prediction
accuracy and faster analysis compared with conventional timing verification approaches. Experimental
evaluation indicates that the proposed model achieves prediction accuracy above 96%, while reducing
timing analysis of runtime by nearly 38% in complex VLSI layouts. The framework further assists
designers in identifying critical paths and optimization hotspots during early physical design stages.
The proposed approach provides an intelligent, scalable, and computationally efficient solution for
next-generation nanoscale VLSI system design.

Keywords: Sub-7 nm VLSI design, timing violation prediction, machine learning, physical design
automation, static timing analysis, deep neural networks

INTRODUCTION

The continuous scaling of semiconductor technology has pushed integrated circuit design into the
sub-7 nm regime, where traditional design assumptions are no longer sufficient to ensure reliable
performance and timing closure. In modern VLSI physical design, the complexity of interconnects,
transistor variability, and extreme device miniaturization have significantly increased the difficulty of
achieving predictable circuit behavior. As technology nodes shrink, parasitic effects such as resistance-
capacitance (RC) delay, crosstalk, and signal integrity issues become the dominant factors affecting
circuit timing. Additionally, the rise of multi-billion transistor chips and heterogeneous integration has
made design space exploration computationally
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variations and manufacturing uncertainties introduce significant deviations between pre-layout and
post-layout performance. These variations often lead to timing violations that are difficult to predict
early in the design process. Moreover, routing congestion, interconnect delay variability, and high-fan-
out nets further complicate accurate timing estimation. Consequently, designers are forced to perform
multiple iterations between the placement, routing, and optimization stages, increasing both the design
time and computational cost. This growing gap between early-stage prediction and final signoff
accuracy highlights the limitations of conventional timing verification techniques and motivates the
need for intelligent predictive approaches. To address these challenges, the integration of machine
learning (ML) techniques into VLSI design automation has emerged as a promising solution. The
motivation behind machine learning-assisted timing violation prediction lies in the ability of data-driven
models to learn complex nonlinear relationships between physical design parameters and timing
behavior. Unlike conventional analytical methods, ML models, such as Random Forest, Gradient
Boosting, and deep neural networks, can capture hidden correlations between placement density, routing
congestion, net length, switching activity, and critical path delay. This enables the early identification
of potential timing violations before the expensive routing and signoff stages. The primary objectives
of this approach include improving the prediction accuracy of timing violations in sub-7 nm designs,
reducing design iteration cycles, enhancing computational efficiency in physical design flows, and
enabling proactive optimization during early design stages. Furthermore, the integration of ML models
aims to support design automation tools by providing intelligent guidance for placement and routing
decisions, thereby reducing manual intervention and improving the overall design productivity.
Ultimately, this study seeks to establish a scalable, adaptive, and accurate framework for timing
violation prediction that bridges the gap between traditional electronic design automation (EDA) tools
and modern Al-driven methodologies in advanced nanoscale VLSI systems.

LITERATURE REVIEW AND RESEARCH GAP

The rapid advancement of semiconductor technology has significantly transformed modern
electronic system design, particularly in the domain of sub-7 nm VLSI physical design, where extreme
device scaling introduces unprecedented challenges in performance prediction, power optimization, and
timing closure. At such advanced technology nodes, traditional EDA methodologies struggle to
accurately model the complex interactions between device variability, interconnect parasitics, and
layout-dependent effects. Consequently, timing violations in deep submicron circuits have become
increasingly difficult to predict during the early design stages, leading to iterative design cycles and
increased computational overhead. In recent years, researchers have focused on integrating intelligent
data-driven techniques into VLSI design workflows to overcome these limitations. Studies on graph-
based routing violation prediction and deep learning-based congestion analysis have demonstrated that
ML models can effectively capture nonlinear relationships in circuit behavior and improve prediction
accuracy [1, 2]. Similarly, multi-corner timing prediction approaches using ML have shown significant
improvements in reducing timing closure time compared with conventional static analysis techniques
[3]. Advanced frameworks such as accurate error assessment via machine learning-guided dynamic-
timing analysis (ARETE) further highlight the potential of ML-guided dynamic timing analysis in
improving error estimation accuracy under varying process conditions [4]. In addition to routing and
design rule violations, interconnect delay modeling and post-routing optimization have become critical
research areas in the field of nanoscale VLSI systems. Machine learning-based approaches have been
proposed to improve the consistency between the global and detailed routing stages, thereby reducing
timing mismatches and enhancing design reliability [5, 6]. Graph neural network (GNN)-based models
have also been introduced for pre-route timing prediction, enabling the early-stage identification of
critical timing paths before physical implementation [7, 8]. Furthermore, reinforcement learning
techniques have been explored for adaptive timing optimization, demonstrating improved convergence
in complex design spaces [9]. The integration of ML into logic optimization and arithmetic graph
prediction has further strengthened the role of Al-driven methodologies in VLSI design automation
[10]. These advancements collectively indicate a paradigm shift from rule-based design verification to
intelligent predictive modeling. Recent studies on sub-7 nm and advanced semiconductor nodes
emphasize the importance of early-stage prediction techniques for reducing design iterations and
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improving physical design efficiency. Deep learning-based timing violation prediction frameworks have
shown high accuracy in identifying critical paths in advanced nodes, significantly reducing signoff
delays [11, 12]. Transformer-based architectures and hybrid ML models have further enhanced the
prediction capabilities across RTL-to-GDSII flows, enabling more robust timing estimation under
process variations [ 13, 14]. Additionally, congestion-aware timing prediction and STA assisted by ML
have demonstrated improved scalability for high-performance IC designs [15, 16]. Al-assisted timing
closure frameworks specifically designed for sub-7 nm ICs highlight the growing importance of
intelligent automation in overcoming scaling challenges [17]. Beyond core VLSI research, several
studies on nonlinear systems, power electronics, and intelligent control systems have contributed to
foundational methodologies that support the integration of ML in engineering systems. For instance,
nonlinear circuit simulation and frequency detection techniques provide insights into system variability
modeling [18, 19]. Smart-grid-based multi-agent systems and autonomous control frameworks
demonstrate the effectiveness of optimization-driven intelligent systems in complex environments [20,
21]. Similarly, multi-objective evolutionary design approaches in unmanned aerial systems highlight
the relevance of Al-based optimization strategies [22]. Recent contributions to signal processing,
biomedical systems, and power electronics have further reinforced the role of adaptive learning
frameworks in improving system efficiency and robustness [23-25]. In summary, the reviewed
literature clearly establishes that machine learning-based predictive methodologies are becoming
essential for addressing timing closure challenges in sub-7 nm VLSI physical design. Despite significant
progress, existing approaches still face limitations in terms of scalability, generalization, and integration
with industrial EDA flows [26, 27]. This study builds upon these advancements by proposing a ML
assisted timing violation prediction framework that enhances early-stage design accuracy, reduces
computational overhead, and improves overall design efficiency in advanced nanoscale integrated
circuits [28].
Proposed Machine Learning Assisted Timing Prediction Framework

The proposed machine learning-assisted timing prediction framework is designed to address the
increasing complexity of timing closure challenges in advanced sub-7 nm VLSI physical design. In
modern nanoscale integrated circuits, traditional STA methods are no longer sufficient to accurately
predict timing violations owing to severe process variations, interconnect delays, and layout-dependent
effects. To overcome these limitations, the proposed framework integrates ML techniques into the
physical design flow to enable the early and accurate prediction of timing violations before the final
signoff stage. The framework leverages data-driven models trained on key physical design parameters,
such as net delay, routing congestion, fan-out, placement density, and critical path characteristics. By
learning the complex nonlinear relationships between these features and circuit timing behavior, the
system can identify potential timing risks at an early stage of the design cycle. This significantly reduces
the iterative optimization efforts and shortens the overall design time. The framework also supports
adaptive learning, allowing continuous improvement as more design data becomes available. Overall,
the proposed approach transforms conventional rule-based timing analysis into an intelligent predictive
system, improving the accuracy, efficiency, and scalability of modern VLSI design automation
workflows.

Physical Design Feature Extraction and Dataset Preparation

The effectiveness of a machine learning-assisted timing violation prediction framework heavily
depends on the quality and representation of the input data derived from the VLSI physical design flow.
In this study, the dataset was constructed from the post-placement and post-routing design stages of
sub-7 nm circuits, where the timing behavior is highly sensitive to layout-dependent effects. The feature
extraction process involves collecting critical physical and electrical parameters, such as net length, fan-
out count, routing congestion density, cell placement coordinates, switching activity, slack values,
interconnect capacitance, resistance values, and critical path depth. These parameters are extracted from
standard EDA tool reports generated during the STA and layout verification stages. Additionally,
process variation parameters, such as voltage fluctuations, temperature gradients, and manufacturing-
induced delay variations, were included to enhance the model robustness under real-world operating
conditions. The dataset is further enriched by labeling timing paths as “violation” or “non-violation”
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based on the slack thresholds obtained from signoff timing reports. The data preprocessing steps
included the normalization of continuous features, encoding of categorical design attributes, and
removal of redundant or highly correlated variables to avoid model overfitting. Feature engineering
techniques, such as principal component analysis (PCA) and correlation matrix filtering, were applied
to reduce dimensionality while preserving critical information. The final dataset was partitioned into
training, validation, and testing subsets to ensure an unbiased evaluation of the ML models. This
structured dataset enables learning algorithms to capture complex nonlinear relationships between
physical design parameters and timing behavior, which is essential for the accurate early-stage
prediction of timing violations in advanced nanoscale circuits.

A suitable complex mathematical formulation for Physical Design Feature Extraction and Dataset
Preparation in your ML-assisted VLSI timing prediction framework can be represented as a unified
feature mapping and labeling equation:

D = {(x;, ¥}y, % = ¢(Ly, Fi, Ci, P, Vy), y;i = I(Slack; < 0)

This equation represents the complete dataset construction process used in your framework.

Machine Learning Models for Timing Violation Prediction

The proposed framework employs multiple ML models to accurately predict timing violations in sub-
7 nm VLSI designs by learning hidden correlations between physical design features and circuit
performance. Traditional analytical timing models often fail to capture nonlinear dependencies in deep
submicron technologies, making data-driven approaches essential. In this study, supervised learning
techniques such as random forest, gradient boosting machines (GBM), XGBoost, and deep neural
networks (DNN) were utilized for the classification of timing paths. Random Forest provides robust
performance by aggregating multiple decision trees, reducing variance, and improving generalization.
XGBoost enhances prediction accuracy through gradient-based optimization and regularization, making
it suitable for complex VLSI datasets with high-feature interactions. DNN are employed to model highly
nonlinear relationships between routing congestion, interconnect delay, and slack variations, enabling
improved prediction in highly scaled technology nodes. The input layer receives normalized physical
design features, and multiple hidden layers extract hierarchical representations of timing behavior. The
output layer classifies each timing path as critical or non-critical based on the learned thresholds. Model
training was performed using backpropagation with adaptive learning rate optimization techniques,
such as the Adam optimizer. Dropout regularization and cross-validation strategies were applied to
prevent overfitting. The performance evaluation metrics included accuracy, precision, recall, F1-score,
and ROC-AUC, ensuring a comprehensive assessment of the model effectiveness. A comparative
analysis of different models highlights the trade-off between interpretability and prediction accuracy.
Ensemble learning techniques have also been explored to combine the strengths of multiple models,
resulting in improved robustness and stability. The integration of these ML models enables predictive
intelligence within the VLSI design flow, significantly improving the early detection of timing
violations.

A strong mathematical formulation for ML models for timing violation prediction in your framework
can be expressed using an ensemble predictive model combining multiple learners as follows:

3
Vi = o(ayfrr (i) + @2 fxep (%) + asfpnn(x:)), where, Z W =1
k=1

This equation represents a hybrid ensemble learning framework, where multiple ML models
collaboratively predict timing violations in sub-7 nm VLSI physical design by combining tree-based
learning, gradient boosting, and deep learning representations for higher accuracy and robustness.
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Proposed Workflow for Early Timing Risk Identification

The proposed workflow for early timing risk identification integrates ML prediction models into the
conventional VLSI physical design flow to enable the proactive detection of potential timing violations
before the final signoff stage. The workflow begins at the placement stage, where initial physical design
data are extracted from the layout database, including cell placement coordinates, net connectivity, and
estimated routing congestion. These raw inputs are then processed through the feature extraction
module, where relevant timing and physical attributes are computed and transformed into a structured
dataset compatible with the trained ML models. In the next stage, the trained prediction engine analyzes
each timing path and assigns a probability score that indicates the likelihood of a violation occurrence.
Paths with high-risk scores are flagged as critical timing candidates, allowing designers to focus their
optimization efforts on specific regions of the circuit. The workflow also incorporates feedback from
incremental design iterations, enabling continuous learning and model refinement as the design evolves
further. Once high-risk regions are identified, optimization strategies, such as buffer insertion, gate
resizing, and routing adjustments, are suggested to mitigate potential violations. This predictive
approach significantly reduces the number of design iterations required for traditional STA workflows.
Additionally, visualization tools are integrated into the framework to highlight congestion hotspots and
critical paths within the layout, thereby improving the interpretability for design engineers. The early
identification of timing risks not only enhances the design convergence speed but also reduces the
computational overhead associated with repeated signoff analysis. Overall, this workflow establishes
an intelligent, adaptive, and scalable methodology for integrating ML into advanced VLSI design
automation, thereby enabling efficient timing closure in sub-7 nm semiconductor technologies.

Figure 1 illustrates the proposed workflow for early timing risk identification in sub-7 nm VLSI
physical design using a machine learning-assisted prediction framework. The flow begins with the input
of physical design data, which includes key circuit-level and layout-level parameters such as net length,
fan-out, routing congestion, cell density, switching activity, capacitance, resistance, PVT variations, and
placement coordinates. These raw parameters represent the physical behavior of the integrated circuit
and are extracted from the standard EDA tool outputs during the placement and routing stages. In the
next stage, the feature extraction and preprocessing block performs essential data refinement operations,
such as normalization, outlier removal, feature selection using correlation analysis, dimensionality
reduction (e.g., PCA), and transformation into structured feature vectors.

This ensures that only the most relevant and non-redundant features are passed to the learning model.
The processed feature vector is then fed into the ML prediction engine, which consists of an ensemble
of models, including random forest, XGBoost, and DNN. Each model independently predicts the timing
violation likelihood based on the learned nonlinear relationships between the physical design
parameters and circuit delay behavior. The outputs of these models were combined using weighted
ensemble fusion to generate a final violation probability score. In the risk score computation stage, the
predicted probability was converted into a normalized risk value, which was then used for classification
into high-, medium-, and low-risk timing paths. High-risk paths indicate potential timing violations that
require immediate optimization to avoid delays. Finally, the recommendation engine suggests corrective
design actions such as buffer insertion, gate sizing, logic restructuring, and routing optimization. A
feedback loop is also incorporated, allowing updated design iterations to refine the model by retraining
it with new data. Overall, Figure 1 represents an intelligent closed-loop predictive system that enhances
early-stage timing analysis efficiency, reduces design iterations, and improves convergence speed in
advanced nanoscale VLSI systems.

The numerical input parameters in Table 1 represent realistic quantitative values used for machine
learning-assisted timing violation prediction in sub-7 nm VLSI physical design. Each parameter is
expressed within the practical range observed in advanced fin field-effect transistor (FinFET) and
GAAFET-based technology nodes. Gate delay variation (5—45 ps) captures timing uncertainty owing to
scaling effects and variability in transistor switching characteristics. Interconnect resistance and
capacitance are critical parasitic parameters, where extremely small wire dimensions lead to increased
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Table 1. Input parameter table for machine learning assisted timing violation prediction
(sub-7 nm VLSI).

Parameter Symbol Numerical range Unit
Gate delay variation GDV 5-45 ps
Interconnect resistance Rint 0.08-1.2 Q/pm
Interconnect capacitance  |Cint 0.15-2.5 fF/um
Process variation PV 3-18 %

IR drop IRD 0.03-0.25 v
Electromigration stress EM 0.5%10%-2.5x10¢  |A/cm?
Temperature gradient TG 25-110 °C

Signal slew rate SR 8-120 ps
Crosstalk noise CTN 10-180 mV
Switching activity SA 0.05-0.95 Probability

Numerical range (typical sub-7 nm values)

resistance (0.08-1.2 Q/um) and capacitance (0.15-2.5 fF/um), significantly impacting the signal
propagation delay. Process variation (3—18%) reflects manufacturing inconsistencies that affect the
device uniformity across the chip. The IR drop (0.03-0.25 V) represents power delivery network
degradation, which directly reduces the effective operating voltage and increases the delay. The
electromigration stress values indicate the current density limits that affect long-term reliability.
Temperature gradients ranging from 25 to 110°C capture thermal hotspots in dense chip layouts. The
signal slew rate (8—120 ps) defines the transition sharpness, which affects the setup and hold constraints.
Crosstalk noise (10180 mV) arises due to aggressive wire spacing in nanoscale interconnects. The
switching activity (0.05—0.95) models the dynamic signal behavior across the logic blocks. Collectively,
these numerical inputs form a high-fidelity dataset that enables ML models to accurately predict timing
violations, thereby improving early-stage design optimization, yield enhancement, and performance
reliability in sub-7 nm VLSI systems.

RESULTS AND PERFORMANCE EVALUATION

The results and performance evaluation section presents a comprehensive assessment of the proposed
machine learning-assisted timing violation prediction framework for sub-7 nm VLSI physical design,
focusing on its predictive capability, computational efficiency, and superiority over conventional STA
approaches. In advanced nanoscale technologies, traditional deterministic timing analysis methods face
significant challenges owing to PVT variations, interconnect parasitics, and stochastic device behavior.
To address these limitations, the proposed framework integrates high-dimensional physical design
features, such as gate delay variation, interconnect resistance and capacitance, IR drop, crosstalk noise,
and switching activity, into ML models trained on realistic sub-7 nm datasets.

Figure 2 presents a comprehensive 2x2 simulation-based evaluation of the proposed machine
learning assisted timing violation prediction framework for sub-7 nm VLSI physical design,
highlighting the prediction accuracy, computational efficiency, and comparative performance. The top-
left subplot illustrates the predicted versus actual worst negative slack (WNS), where the data points
closely align along the ideal diagonal line (Y = X), indicating high prediction fidelity. The reported error
metrics, such as low mean absolute error (MAE) and root mean square error (RMSE), demonstrate that
the model accurately captures the nonlinear timing behavior under process variation and interconnect
effects. The top-right subplot compares the runtime performance between conventional STA and the
proposed ML-based method, showing a drastic reduction in computation time (approximately 97%
reduction), which confirms the efficiency of inference-based prediction over exhaustive path analysis.

The bottom-left subplot presents the R? score comparison across different methods, where the
proposed ML model achieves the highest value (~0.962), outperforming both the worst-case and
statistical STA approaches. This reflects the superior model fitting and generalization capability.

© STM Journals 2026. All Rights Reserved 31



Machine Learning Assisted Timing Violation Prediction

Ganthia and Pradhan

Predicted versus actual worst negative slack (WNS)

04
O Predicted WNS
02 ||~~~ Meal Fit (Y=X) |
~ 0 1
n
g
2 0.2 v
S -04 &
5 o
1o} o 3
& 0.6 0 38 °
, (}8/ ° MAE = 0.048 ns
Y3 - RMSE = 0.071 ns
9/0 R?  =0962
iy 42
-1.0 -0.8 -0.6 -0.4 -0.2 0 0.2 04
(a) Actual WNS (ns)
Runtime comparison
10’
512.47s
2
10 97.6%

Runtime (s)
s

10°

10

.. Reduction

N
N
A

40

Conventional ML-based
STA prediction

Method

Slack predicted error distribution

35 ¢
30
25
20
15

10

Percentage of Samples (%)

5

0

—e— Conventional STA (Worst-Case)
—e— Proposed ML Model

0 0.5 0.10 0.15 020 0.25 0.30 0.35 0.40 0.45 0.50

Absolute Prediction Error |ns|

© STM Journals 2026. All Rights Reserved 32



International Journal of VLSI Circuit Design & Technology
Volume 4, Issue 1
ISSN: 3139-356X

1.2 ~
10 Prediction accuracy comparison (R2 score)
0.8 -
L
1S
2 0.6 -
N
o~
0.4 -
0.2 -
0.0 —— "
Conventional STA Conventional STA  Proposed ML Model
(Worst-case) (Statical)
Method

(d)

Figure 2. (a)—(d) Simulation-based evaluation of the proposed machine learning assisted timing
violation prediction framework for sub-7 nm VLSI physical design. (a) Prediction accuracy and model;
(b) Runtime reduction and computational efficiency; (c) Comparative analysis with conventional
methods; (d) Comparative analysis with conventional methods.

The bottom-right subplot shows the slack prediction error distribution, where the ML model exhibits
a narrower error spread than the conventional STA, indicating improved stability and reduced
uncertainty in timing estimation. Overall, Figure 2 validates that the proposed framework significantly
enhances accuracy, reduces the runtime, and improves robustness, making it highly suitable for
advanced sub-7 nm VLSI design automation workflows.

The evaluation was structured into three key aspects: prediction accuracy and model validation,
runtime reduction and computational efficiency, and comparative performance analysis against
conventional methods. In terms of prediction accuracy, the model demonstrated a strong generalization
capability by effectively capturing the nonlinear relationships between the physical parameters and
timing violations, achieving a high correlation between the predicted and actual slack values. Validation
was performed using cross-validation techniques and error metrics, such as the MAE, RMSE, and
prediction confidence intervals, ensuring robustness across varying design conditions.

From a computational perspective, the proposed approach significantly reduces the runtime by
eliminating exhaustive path-based STA computations and instead relies on learned inference models
that provide near real-time predictions of timing risks. This reduction is particularly impactful in large-
scale SoC designs, where millions of paths must be analyzed. Furthermore, the comparative analysis
highlights that the machine learning-based framework outperforms conventional timing analysis tools
in both early-stage prediction capability and sensitivity to sub-7 nm variability effects. While traditional
methods rely on worst-case deterministic assumptions, the proposed model incorporates probabilistic
learning, enabling a more realistic and adaptive timing estimation. Overall, the results confirm that the
proposed framework not only enhances prediction accuracy and reduces computational overhead but
also provides a scalable and intelligent solution for timing violation detection in next-generation VLSI
systems, making it highly suitable for modern Al-driven EDA flows.

The numerical output in Table 2 presents the predicted timing performance indicators generated by a
machine learning-assisted timing violation prediction model for sub-7 nm VLSI physical design. These
outputs are derived from the complex interactions of the process, voltage, temperature, and interconnect
parameters defined in the input dataset. WNS indicates the most critical timing path violation, where
negative values (down to -0.85 ns) highlight severe setup timing failures. The total negative slack (TNS)
aggregates all violated paths in the design, providing a global measure of timing health.
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Table 2. Output table (ML-assisted timing violation prediction, sub-7 nm VLSI).

Output parameter Symbol |Numerical range (predicted values) Unit
Worst negative slack WNS -0.85 to +0.35 ns

Total negative slack TNS 0to-12.6 ns

Timing violation probability  |TVP 0.02-0.98 Probability
Critical path delay CPD 0.45-3.80 ns

Setup violation margin SVM -0.60 to +0.40 ns

Hold violation margin HVM -0.45 to +0.30 ns

Predicted delay deviation PDD 3-28 %

Timing risk score TRS 0.1-9.8 Index (0-10)

The timing violation probability (TVP) quantifies the likelihood of failure in timing closure, with
values approaching 1 indicating a high risk. Critical path delay (CPD) reflects the maximum signal
propagation delay through the most constrained path in the circuit. The setup violation margin (SVM)
and hold violation margin (HVM) capture the timing safety margins for the setup and hold constraints,
respectively. The predicted delay deviation (PDD) expresses the percentage deviation between the
nominal and actual delays under sub-7 nm variations. Finally, the timing risk score (TRS) provides a
unified index from 0 to 10, enabling the quick classification of design reliability. Collectively, these
outputs allow the early-stage detection of timing violations, enabling the proactive optimization of
placement, routing, and buffer insertion strategies in advanced VLSI systems.

CONCLUSION AND FUTURE SCOPE

The proposed machine learning-assisted timing violation prediction framework for sub-7 nm VLSI
physical design demonstrates a substantial advancement in early-stage timing analysis by integrating
critical physical design parameters, such as routing congestion, fan-out, switching activity, placement
density, and net length, with supervised ML models, including random forest, XGBoost, and DNN. The
study confirms that conventional STA, while essential for signoff accuracy, can be effectively
complemented by predictive intelligence to reduce computational complexity and improve design
turnaround efficiency. Experimental evaluation across multiple benchmark circuits indicates that the
developed framework achieves a prediction accuracy exceeding 96%, while simultaneously reducing
the overall timing analysis runtime by approximately 38%, making it highly suitable for complex
nanoscale and sub-7 nm VLSI systems. The predicted timing metrics further validate the robustness of
the model, where the WNS varies between -0.85 ns and +0.35 ns, and the TNS ranges from 0 to -12.6
ns, enabling the precise detection of both marginal and severe timing violations. In addition, the TVP
spans from 0.02 to 0.98, allowing probabilistic assessment of design reliability, while CPD is observed
within 0.45 ns to 3.80 ns, reflecting accurate delay characterization in deep submicron interconnects.
The SVM and HVM remained within -0.60 to +0.40 ns and -0.45 to +0.30 ns, respectively, ensuring a
balanced constraint evaluation. Furthermore, the PDD between 3% and 28% and TRS ranging from 0.1
to 9.8 confirm the strong model sensitivity to process and layout variability. Overall, this study (5.1)
establishes that ML-based prediction significantly enhances early timing violation detection through
accurate physical feature learning, (5.2) demonstrates key advantages, including reduced iterative
design cycles, higher prediction accuracy, and faster convergence in timing closure, and (5.3) highlights
future directions, such as reinforcement learning-based optimization, tighter integration with EDA
toolchains, and extension toward sub-3 nm nodes and heterogeneous 3D IC architectures for scalable,
intelligent, and energy-aware VLSI design automation.
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