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ABSTRACT

VLSI circuits play a vital role in the functionality of electronic devices; however, the characteristics of
circuits need to be analyzed and optimized using developed methods to ensure their performance and
reliability. This work outlines an integrated framework that can autonomously recognize and model the
dominant parameters influencing VLSI circuits across chips, design, and logic level. By utilizing supervised
and unsupervised learning methods, this framework enables analyzing large-scale datasets to extract
fundamental features and assess their relevance to circuit behavior. First, it collects a diverse dataset
comprising of simulation, experimental, and design data with varying factors of process, voltage,
temperature, and design parameters. Supervised learning models are used to infer predictions of circuit
performance based on design parameters while unsupervised learning methods identify latent significance
patterns and irregularities that impact circuit reliability. They also apply feature selection and
dimensionality reduction techniques to improve model accuracy and interpretability. Using large-scale case
studies from practical VLSI designs, we show that the framework can identify key parameters that, in turn,
impact delay, power, signal integrity, and fault rate. The results show that the developed ML framework
predicts accurately which design parameters greatly influence the circuit performance, so that circuit
designers can target these as design parameters to be optimized. The work also investigates the integration
of ML models into design automation workflows, with the goal of informing predictive analysis and
decision-making throughout the design process. The results highlight the ability of machine learning to
transform VLSI designs, providing data-driven approaches to improve circuit performance and reliability.
This can then be extended in the future work to emerging technologies, like post-silicon validation and
advanced packaging solutions, to make sure the framework adopts future generations of electronic systems.
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Automation
1. INTRODUCTION heuristic approaches in the design and verification
steps. Although effective to a degree, these

Everything you wanted to know and many more
about VLSI design and its career prospects. VLSI
circuits, consisting of millions or even billions of
transistors on a single chip, are one of the most
complex engineering projects in human history. But
as these circuits become more complex, the
challenges in ensuring performance, reliability, and
manufacturability grow at an exponential pace.
Historically, they have been dealt with via first-
principles simulation, real-world testing, and

approaches are labor-intensive and time-consuming,
and do not fully capture the vast number of
parameters controlling circuit behavior. Machine
learning (ML) technologies offer new possibilities
to tackle these problems, which include automated
discovery of important variables that increasingly
influence VLSI performance and reliability.

VLSI circuits in modern designs are affected by a
multitude of factors including process, voltage and
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temperature (PVT) variations along with design and
logic-level parameters. This kind of variability can
introduce a lot of uncertainty into the design
process that can manifest itself in performance
degradation, and in worst case scenarios complete
failure. Different manufacturing processes may
introduce deviations from specified transistor
sizes/thresholds that can result in disparity in circuit
speed or power consumption. Likewise, thermal
issues can compound reliability challenges like
electromigration or thermal runaway, and design-
level factors — like interconnect complexity or
layout topology — can greatly impact signal
integrity. To optimize VLSI circuits, it is important
to determine the critical parameters from so many
factors. Though this category is extremely
informative, manually analyzing high-dimensional
data is challenging. This highlights the need for
automated methods that can distill actionable
insights from large volumes of data for which ML
is well placed to do.

Here, we introduce a revolutionary approach to
the challenges of VLSI design through the power of
machine learning. Models of supervised learning,
such as regression and classification algorithms, can
learn to predict performance metrics from design
parameters. For example, a regression model could
predict power consumption as a function of gate
dimensions and a classification algorithm could
predict designs that may fail under -certain
conditions. Clustering and dimensionality reduction
are unsupervised learning techniques that
complement the former by revealing hidden
structures in the data that might not be visible at
first glance. These methods are especially useful for
detecting hidden correlations or anomalies that can
compromised circuit reliability. So, this is how we
can use these ML techniques to effectively and
automatically find out the parameters to focus on
and optimize in VLSI design for any given set of
constraints to design a more robust circuit.

In this paper, we propose a systematic ML
framework capable of precisely profiling VSI
circuit structures through the extraction of critical
parameters. The proposed framework is embedded
with a combination of supervised and unsupervised
learning strategies to tackle the complex problems
during VLSI design. On a fundamental level, the
framework advances in the analysis of large-scale
datasets obtained from simulations, experimental
measurements, and design repositories. These
datasets include a wide range of characteristics both
inputs, including PVT wvariations42 and design
aspects, as well as outputs, encompassing

performance measures like delay, power, and fault
tolerance. This allows the framework to identify
those parameters that are major drivers of these
metrics, allowing for targeted optimization and
potentially reducing the number of design iteration
cycles.

The wvalidation of the proposed framework
through real world case studies comprises a major
aspect of this research. The framework’s accuracy
and utility are demonstrated by analyzing VLSI
designs of high-performance processors, memory
units, and custom integrated circuits. Driven largely
by empirical designs done previously, these case
studies highlight both the important parameters that
impact the circuit performance, as well as the ways
in which they influence the outcome. For example,
while an analysis of high-performance processor
designs might emphasize interconnect lengths and
buffer placements for delay minimization, an
exploration of memory units might emphasize
transistor sizing for power-speed tradeoff. The
information harvested from the survey can have a
huge impact on designing the web based on the
feedback received from the target audience, which
will help optimize the design to suit the majority.

This research has broader implications beyond
VLSI design context. The proposed framework
enables a new generation of intelligent design tools
that will strive to integrate ML models into
electronic design automation (EDA) flows.
Designers now have access to predictive insights
and actionable recommendations, which could
transform the design process. At the starting phases
of design, for example, ML-based tools were able to
predict the probability of achieving performance
goals within specific constraints, facilitating the
ability of designers to manage trade-offs. Likewise,
in the verification stage, ML models can find
potential zones of risk in the design that may
require more attention, creating a system that is
much more efficient and reliable.

This importance is only strengthened given the
growing proliferation of various advanced
semiconductor technologies such as Finest, gate-all-
around transistors, and 3D integration. "These
technologies bring with them new design
challenges, such as increased variability and
thermal management issues, that traditional
practices simply cannot address," Our proposed ML
framework is versatile and amenable to these new
technologies. Furthermore, the scalability of the
framework enables it to be applicable to a range of
convenient circuit types, ranging from analog and
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mixed-signal designs to digital logic and memory
arrays.

Beyond its technical contributions, this work
tackles a few practical aspects that are key for wider
adoption of ML in VLSI design. Predictive
methodologies like ML models are such
considerations. Black-box approaches, such as deep
neural networks, may yield highly predictive
models, but their lack of transparency can be a
barrier to designer adoption. To alleviate this
problem, the framework encourages the use of
interpretable ML techniques, like decision trees and
feature important metrics, which give clear
explanation of the models’ predictions. Not that
only makes the framework more reliable; It also
helps integrate the framework into several existing
workflows.

The datasets used for training and validation also
raise another important point. For example,
commonly used VLSI design datasets may show an
imbalanced distribution where certain types of
designs or features of the performance metrics may
be overrepresented. The framework thus leverages
sophisticated pre-processing methods for the data in
the form of synthetic data generation and
resampling to ensure the balance and overall
representation of the datasets. Moreover, the
framework is developed to be robust against noise
and missing data, prevalent in real-world situations.

The same ML framework that the authors
propose accommodates this need for continuous
learning and adaptation as well. The framework
then updates existing models with new design data
when it is made available. Indeed, this adaptability
allows the framework to grow alongside things like
trends and new technologies that can impact design
decisions. Moreover, the framework is intended to
be integrated easily with existing EDA tools and
workflows to minimize disruption and ease
adoption within the design community.

This research has far-reaching implications in
both academic and industrial sectors. From a
research perspective, the proposed architecture
expands the current literature on applying ML to
VLSI design systems. It overcomes a long-standing
challenge in the field and paves the way for future
studies by facilitating a systematic approach to
recognize and characterize critical parameters.
From the industrial standpoint, the framework
provides real-world advantages through more
efficient and effective designs. Enabling us to speed
up the design of efficient and reliable VLSI circuits

by minimizing the amount of time, effort, and
thought needed for optimizing them.

This research demonstrates a vital evolution in
utilizing machine learning by VLSI designers. In
this work, we propose an ML approach that
automates the identification and analysis of such
critical parameters, which we believe addresses
some of the major challenges in the area and
provides researchers and practitioners with a
powerful tool for maximizing circuit quality and
reliability. By leveraging the framework to integrate
it into EDA workflows, as the EDA tools evolve,
this can shape and ultimately change the way we
design and innovate in the semiconductor world.
From VLSI design, these will contribute to the state
of art and lead toward understanding electronic
systems and technologies.

2. RELATED WORKS

The review is detailed enough to show that the
people currently moving in this area have a great
diversity of approaches and methods in a rapidly
growing area with the common goal of enabling
better performance, prediction, and optimization of
circuits using machine learning techniques. As the
complexity of VLSI circuits is increasing, machine
learning techniques provide a largest boost in
overcoming challenges due to high dimensional
data, design defects and process uncertainty related
to VLSI circuits. In this section, we review a
selection of recent papers that showcase the novel
application of machine learning to the field of VLSI
design, highlighting key of the methods,
applications, and future directions for research. P.
Srivastava et al. Qualitative Data Augmentation
Techniques on the Performance Prediction for VLSI
Circuits (Journals) They performed ml algorithms
on up-specs datasets having prediction of metrics
such as power and delay more stringent accuracy.
Moreover, the VLSI domain cannot be considered
equal to that of natural images, which is why
designing dedicated augmentations for this domain
would be an important trick to allow real synergies
across mismatched domains.

T. Nie et al. [2] estimated feature importance in
and directly applied machine learning methods to
circuit networks. Using methods of regression and
ensemble learning, the authors were able to
demonstrate how critical design parameters can be
discovered and ordered in terms of their effect on
the performance of the circuit. Research shows that
the ability to interpret machine learning models is
crucial for deploying them effectively in circuit
analysis. They also proposed a stacking method, by
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which the feature ranking has an additional insight
into the impacts of interacting with each other
among individual characteristics to the circuit level
performance.

Y. Sakemi et al. [3] proposed a supervised
multilayer learning rule for spiking neural networks
that are suitable for energy efficient VLSI
implementation. Energy as well as spatiotemporal
efficiency were jointly maximized by the temporal
coding schemes as well, rendering it suitable to the
physical constraints exerted by low-power VLSI
architectures. As you will witness, energy-efficient
circuits took huge steps forward with the aid of
biologically inspired learning algorithms. The work
also explored tradeoffs between temporal fidelity of
the encoding versus complexity of the hardware
implementing the encoding, furnishing directions
toward practical implementation.

Sun [4] proposed interpretable machine learning
methods for VLSI physical design. This led to the
development of formal decision tree and rule-based
models that could guide designers to determine the
impact of different circuit layout configurations and
help them find a balance between optimal
performance and design simplicity. They then
demonstrated that interpretable models can be
integrated into electronic design automation (EDA)
tools to efficiently navigate the optimization
landscapes.

Y. Goh et al. [5], the authors proposed an Al-
based solution to this problem which allows
reducing the manufacturing time based on the
optimized design of PCBs and VLSI circuits in
consumer electronics. They wused vaporwave
reflective  modeling techniques that led to
innovative production processes, so the period from
design to manufacturing has become shorter
significantly. The article continued talking about
the numbers of Al powered manufacturing that how
by implementing Al call help decrease production
back and save time if we are working on a large
scale.

J. Juma et al. In “Energy Efficient Multiplier
Design for VLSI Circuits Using Machine Learn
Algorithms” [6]. It was also a case where we ran an
ML optimization of multiplier architecture and
found leverage of power savings with sufficient
accuracy of computations, further establishing a
case for embedding ML techniques (or concepts) in
our circuit designs for arithmetic usages. They also
provided comprehensive comparisons between
traditional optimization methods and optimization

methods based on ML, and discussed how their
method scales up.

E. Poovannan, S. Karthik [7] to understand the
power consumption behavior over design
configurations, machine learning models were
applied over VLSI circuits using regression (based)
approaches combined with feature engineering
approaches which provide foundation. Your own
work focused on their suitability to guide their use
in early-stage design workflows, to enable
designers to optimize power consumption
proactively.

S. Shreyanth et al. [8 decorated with 2022 JFIX
best paper in conference 2023 describing
exploration and machine learning used in VLSI
integrated circuit design. Neural networks and
clustering techniques were successfully applied to
optimize logic synthesis processes, including
optimizing area overheads and/or delay or
performance. Then they reviewed relevant case
studies showing real-world examples of ML-
augmented logic synthesis applied in complex
designs.

Gao [9] studied the research direction of machine
learning-based analog integrated circuit design. The
first study hinged on support vector machines and
deep learning models to predict the behavior of an
analog circuit node, an essential component of the
analog design automation (or analog synthesis)
process. Also, a hybrid model is proposed, a fusion
of the rule-based heuristics and ML models that had
potential to boost prediction ability in various
analog design scenarios.

M. Rana et al. [10] the authors devised machine
learning based approaches to automate VLSI circuit
design rule checker. Using classification algorithms
to detect rule violations in the circuit layout, they
significantly enhanced the design verification
process's speed and efficiency. They also provided
an online adaptation by the methods that can be
used to learn the parameters each time of efficiency
in rule-checking by these parameters according to
the updated design patterns. T. Qiu [11. discussed
various ML techniques including clustering
techniques and anomaly detection to enhance the
quality of the design, and to detect that potential
fault. Based upon such pieces of information and
effort, it is exhibited on how the data-hungry ML
solutions can be adapted to balance out the
uncertainties in on-chip regulation and layout relied
on matters in IC plan. D. Amuru et al. A
comprehensive review of artificial intelligence and
machine learning algorithm application in VLSI

e ——
8622




Journal of Theoretical and Applied Information Technology ~
31% October 2025. Vol.103. No.20 ~J

© Little Lion Scientific

SMminl

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

design and technology was given in [12]. The
combination of different advances they presented
showed the potential Al-based methods must solve
very non-trivial design challenges in various
industries, domain and sector areas. They also
enumerated existing studies shortcomings, arguing
that merging Al with futuristic VLSI technology
needs new approaches as well. I Chakrabarti
proposed a low-complexity VLSI architecture for
primal-dual support vector machine learning cores
in R. v. Menon, I. Chakrabarti in [13]. The
efficiency of this architecture in computation
ensures its feasibility for circuit analysis in real-
time applications. Their work also assesses the
scalability of the architecture to larger datasets and,
eventually, more general machine learning tasks.

M. Moness et al. [14] Automated design error
debugging for digital VLSI circuits; M. Their work,
leveraging reinforcement learning techniques
demonstrated how to detect and repair design bugs,
reducing debug time and making design more
reliable. Our approach is based on a new reward
function which considers the fixing of important
bugs which will enhance the potential of debugging.

G. Gautam and R. Sikka [15] planned low-power
Design techniques for digital VLSI circuit to
minimize power consumption in electronic things
up to October 2023. Their approach allowed
adoption of energy-efficient circuit architectures
since ML models were utilized for energy
estimation. They also provided some definite
numbers to go on; they compared (in their study)
power efficiency and performance trade-offs for
designers. Y. Wang et al. The proposed multiclass
classification approach is designed using sparse
extreme learning machines of VLSI designs such
that they can be used for VLSI designs for epilepsy
and seizure detection [16]. Promising areas for
MI/ML include application-specific VLSI circuit
design (see recent works). They discussed the
challenges these ML models pose for the
integration into medical-grade VLSI designs — i.e.,
designs that necessarily must focus on safety and
reliability.

B. A. de Abreu et al., [17] addresses complexity-
aware constant parameter approximation for
energy-efficient machine learning accelerators.
They also optimized tree-based learning models for
running on hardware to either be energy-efficient or
get similar accuracy with more power consumption.
They further analyzed how well their framework
applied to other ML algorithms as an indication of
its generalizability. B. Abreu et al., which have
been applied for tree-based learning ~ [18]

introduced a framework designing inference
accelerator optimized for low power
implementations.  Similarly, the study also

emphasizes the implementation of ML techniques
in low-computer hardware systems. They applied a
few case studies in the research to show how
successful their approach was practice. A. B.
Chowdhury et al. Lu et al. robust deep learning for
integrated circuit test was proposed [19]. They
addressed issues of test reliability and suggested
models that would not succumb to various
perturbations and variations. Rather than traditional
LASSO regression analysis, they proposed a

hierarchical testing framework to combine
traditional and ML-based approaches for
robustness.

G. Paim et al. [20], a platform for such timing
errors induced by temperature on hardware
accelerators. Such work bridged the
hardware/algorithm divide, with useful knowledge
for thermally aware design of circuits. In the field
of ML-driven VLSI design, they realized that multi-
physics modeling was important.

E. Poovannan and S. Karthik [21] investigated
ML methods for pre-synthesis and post-synthesis
power estimation. “After that, they developed
incremental techniques to estimate the power
consumption of the design at varying fidelities
which helped the power-aware design paradigm. In
the study, a feedback loop was also introduced to
continuously enhance power prediction outcomes
across the design flow. A survey of machine
learning techniques for testing VLSI circuits is
provided in [22] by A. Choubey and S. B. Choubey.
Their work described the fundamental approaches
and the increasing usage of ML in automated
testing. They also discussed how to leverage
existing tools such as EDA to integrate the testing
workflows with the relevant ML models, to make
them more efficient.

Deekshitha P et al. (23) VLSI design technology
which used some AI/ML/DL algorithms is shown.
Their work, which collated recent contributions,
presented a guideline for future research in ML
based VLSI design. They highlighted also cross-
cutting approaches that combine ML with other
novel technologies, such as quantum computing.

T. Song et al. [24] proposed RLDA, which is a
machine learning based classification technique
capable of classifying valid test patterns on VLSI
circuits. By dropping the maximum test cost in a
performative way, high fault coverage ratio can be
preserved. They followed this up with a broader
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discussion on RLDA, recognizing practical test
generation applications on multi-core processing
systems that suggested (almost) all hands-on deck
affirmed RLDA gave scalability (and efficiency).

T. Song et al. [25] expanding on machine
learning classifications algorithms to lower VLSI
test costs. They found machine learning-based
testing techniques economically advantageous.
They also provided a price-benefit analysis to see
whether ML affects the testing workflows whenever
it’s embraced.

Al: v. Govindaraj and B. Arunadevi [26] used
machine learning based technique for power
estimation in CMOS VLSI circuits. Such modeling
was essential for implementing designs to maximize
power efficiency. They also discussed the impact of
process variation present in state-of-art CMOS
technologies, and how ML models can deal with it.

F. Feng et al. For example, [27] artificial neural
nets were used for fast parameterized EM modeling
of passive microwave structures. Their paper
provided insight into niche applications of ML to
automating aspects of design. They also suggested
hybrid formation between analytical (traditional or
exact ways) and based on ML (enhanced) methods
to obtain higher amount of common costing level.

B. Khailany et al. [28] described the use of
machine learning to speed up the chip design
process. Using ML techniques, their study
demonstrated how design cycles could be shortened
and productivity increased. They also suggest a
collaborative framework towards integrating ML in
cross-functional design teams. Using adaptive
wavelet ELM-fuzzy inference system for
sustainable CMOS VLSI circuit power estimation
[29] T. Kuntavai, A. Jeevanandham Their work
involved novel combinations of soft computing and
hardware. It also looked at how wavelet-based
methods used affected prediction accuracy and
proved that they can be effective. Supervised
Learning Algorithms for Spiking Neural Networks
with Temporal Coding H. Mostafa [30] It
demonstrated a biologically inspired learning
approach for VLSI circuit design. They did propose
improvements to the robustness and hardware
implementation problems of spiking neural
networks.

H. Yang et al. [31] focused on the VLSI designs
lithography hotspot detection using the deep
learning solution. What they did was address some
of those process challenges in advanced
photolithography and play a significant role in
improving design quality and manufacturability.

The researchers also highlighted deep learning's
potential for addressing imbalance in hotspot

datasets.

The summary of the research works is presented
here [Table — 1].

Table 1: Table Summary of the Related Research Works.

Author, Year Proposed Research
[Ref] Method Limitations
Qualltatlvg data Limited
. augmentation  for .
P. Srivastava evaluation on
performance

etal., 2024 [1]

prediction in VLSI
circuits

diverse datasets
and circuit types

Estimating feature

T Nie ct al importance in | Scalability
2(')2 412] " circuit network | issues with large
using machine | circuit networks
learning
Supervised Challenges  in
learning algorithm har dwarge
Y. Sakemi et for multilayer :mplementation
al., 2023 [3] spiking neural o fp temporal
networks based on . P
. coding
temporal coding
Interpretable Limited
B. Sun, 2023 machine learning | application  to
[4] in VLSI physical | complex design
design scenarios
Al-based PCB and iﬁf;ljfﬁy on
Y. Goh et al., X;iSIn c1rct1%1; consumer
2023 [5] & . electronics;
manufacturing .
L limited
optimization .
generalization
Multiplier design | Performance
7 Juma et al using machine | impact on high-
2'023 6] " learning complexity
algorithms for | multipliers not
energy efficiency addressed
E. Poovannan Power prediction | Dependent  on
ar; d4'S. Karthik of VLSI circuits | high-quality
2023 ‘[7] > | using machine | training data for
learning accuracy
Implementation of Optimization

S. Shreyanth et

machine learning

limited to logic

al., 2023 [8] in VLSI integrated .
. . synthesis stages
circuit design
. Focus on analog
S. Gao, 2023 | Analog integrated |4 b0 T it
circuit design with D L
[9] . . applicability to
machine learning i e
digital circuits
Automated design | Scalability and
M. Rana et al., rule checke.r for adaptzjlblhty o
VLSI circuits | evolving design
2023 [10] - .
using machine | rules not
learning demonstrated
T. Qiu, 2023 Application  and | Generalized
11] possibility of | approach lacks
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Author, Year Proposed Research Author, Year Proposed Research
[Ref] Method Limitations [Ref] Method Limitations
machine learning | focus on specific || [22] high-complexity
in integrated | design designs
circuit design challenges Focus on
AI/ML algorithms | No detailed Review of | literature

D. Amuru et and applications in | framework for || Deekshitha P AI/ML/DL synthesis  with

al., 2023 [12] VLSI design and | practical et al., 2022 algorithms in | minimal
technology implementation [23] VLSI design | practical
Low  complexity technology implementation

R. v. Menon VLSI architecture Limited analvsis examples

and L. for primal-dual of real t}ilme RLDA: Valid test

Chakrabarti, support vector nstraint ) pattern Lack of real-

2023 [13] machine learning cons S T. Songetal., | identification using | world
core 2022 [24] ML classification | deployment and
Automated design | Scalability method for VLSI | verification

M. Moness et error debugging of | issues in test

al., 2022 [14] digital VLSI | debugging large- ML classification | Limited
circuits scale circuits T. Song etal., | algorithm for | exploration  of

Limited 2022 [25] VLSI test cost | algorithmic

G. Gautam and Low-power design | validation of reduction scalability

R. Sikka, 2022 tqcl}nlques for | power-saving . V. Govindaraj Machine learning- Process variation
digital VLSI | methods in based power ) .

[15] o . and B. S not considered in
circuits different Arunadevi estimation for ower

architectures ’ CMOS vLsI | Power
- 2021 [26] . estimation
VLSI design of circuits
. Lack of L :
multiclass Artificial  neural | Focus on passive

Y. Wang et al., . . . robustness  for .

2022 [16] classification using non-medical F. Feng et al., networks for fast | microwave
sparse extreme applications 2021 [27] parameterized EM | structures limits
learning machine PP modeling generalization
Complexity-aware Lack of
constant parameter | Limited . . | integration with

B. A.de Abreu approximation for | applicability to || B. Khailany et Acgeleratmg chip existing

et al., 2022 . - . design  processes . .

[17] energy-efficient high-complexity al., 2020 [28] sing ML electronic design
tree-based ML | accelerators using automation
accelerators workflows
Framework for Adaptive wavelet
designing power- | Narrow focus on T Kuntavai ELM-fuzzy Limited

B. Abreu et al.,, | efficient inference | specific tree- ) inference system- | application  to

. . and A. .

2022 [18] accelerators in | based learning Jeevanandham based soft | sustainable

tree-based learning | models > | computing model | CMOS VLSI
L 2020 [29] L

applications for power | circuits

Robust deep | High estimation

A.B. learning computational Supervised .

. . Implementation

Chowdhury et | techniques for | overhead for learning based on .

. L H. Mostafa, .. | challenges in
al., 2022 [19] integrated circuit | large-scale temporal coding in
; . 2018 [30] o large-scale
testing testing spiking neural cirouits
Framework for networks
analyzing Limited Imbalance-aware .
. . . . . Imbalance issues

G. Paimetal.,, | temperature- integration with lithography . ..

. - H. Yang et al., . n training

2022 [20] induced timing | cross-layer hotspot  detection

. . 2017 [31] . datasets  affect
errors in hardware | analysis tools using deep R
. generalizability
accelerators learning
Pre-synthesis and | Dependence on

E. Poovannan | post-synthesis predefined

and S. Karthik, | power estimation | power models 3. RESEARCH PROBLEMS

2022 [21] of VLSI circuits | limits
using ML adaptability As the field of VLSI grows into the Multi-Giga

A. Choubey Machine learning | Challenges in | Hz (MGH) era, where billions of transistors are

and S. B. for testing of VLSI | scaling  testing | integrated into single chips, the challenges to

Choubey, 2022

circuits

techniques to

maintain performance and reliability have never
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been greater. Classical techniques for VLSI design
and analysis heavily depend on manual
interventions and domain-specific heuristics, which
have proven somewhat successful but have not been
able to overcome the high-dimensional and
dynamic characteristics of modern design spaces.
To address it, there is an increasing demand for
automated frameworks which are capable of
handling enormous amount of design parameters
and predicting and optimizing the circuit behavior
with respect to variety of conditions.

This paper focuses on the research problem
reflecting  multidimensional  complexities in
identifying and examining the parameters affecting
VLSI  circuit functionality and reliability.
Interactions between these parameters — from
transistor level characteristics to design choices at
the system level — tend to be complex and non-
linear, making it difficult to tease out their
individual and collective impacts via conventional
means. There are additional challenges in designing
circuits that meet performance and reliability
standards across a wide range of variables, such as
manufacturing defects, environmental conditions,
and usage patterns.

Enter Machine Learning (ML)a potential solution
to some of these issues. Yet the current ML usages
in VLSI realization suffer from small datasets,
oversimplified systems, and are not aligned with
common design processes. Existing approaches
treat them in isolation, with most methodologies
targeting a single process across parameter
domains, such as power estimation or fault
detection. The proposed work aims to fill this gap
by proposing complex ML designing frameworks
which focus on various needs of VLSI circuits. It
proposes  frameworks  that automate the
identification of critical parameters at different
design levels: chip, design and logic (i.e. physical,
architectural and even logical) thereof through a
combination of supervised and unsupervised
learning algorithms and analyzing its impacts. such
that, not only will the accuracy of performance and
reliability predictions improve but also that
predictive approaches qualify for proactive
optimization which can be smoothly integrated in
existing workflows.

One more important part of the research problem
is the interpretability and explainability of ML
models. Designs are mostly examined closely by
teams, including engineers, designers, site engineers
and business people. Thus, they need to provide
transparency and insights that stakeholders can act
on, interpreting the basis for these specific

predictions and recommendations. A  main
challenge addressed in this work is a tradeoff
between model complexity and interpretability.

Moreover, the scalability of the proposed
frameworks is a major research obstacle. The
magnitude and diversity of data generated as part of
the design & testing processes is growing
exponentially owing to the increasing complexity of
VLSI circuits. So, making ML models that can
process that much data without sacrificing speed or
accuracy is key to their real-world use.
Additionally, complementary methodologies were
investigated to combat data sparsity - A case study
of novel data augmentation techniques, feature
selection and result validation across diverse circuit
designs and scenarios were conducted.

Overall, the existing studies highlighted the first
step towards addressing the continual threats to
VLSI design reuse, need to think more broadly
about parameter identification and characterization
of circuit behavior. With sophisticated ML
methods, this study aims to tackle the challenges of
classical approaches through an efficient,
interpretable, and adaptable ML-based method for
analyzing, mitigating, and enhancing the
performance of VLSI circuits. The implications of
this work could, therefore, influence decisions made
in future work and move through literature,
gradually shifting the paradigm of what is
considered current state-of-the-art in VLSI design
space.

4. PROPOSED SOLUTIONS

This research addresses the mechanical role of a
very original method consisting of the data for
machine learning and the algorithms important to
improve the VLSI fashion unique performance and
reliability. The thesis first presents the design of a
hybrid framework that combines supervised and
unsupervised learning algorithms with the special
consideration of the hierarchical structure inherent
in VLSI design. Specifically, this framework
utilizes scalable data processing pipelines and
augmented learning strategies to analyze the large
volumes of high-dimensional data from the chip,
design, and logic levels. The methodology focuses
on automated parameterization and model
interpretability — thus ensuring insights generated
from the data can be used when optimizing the
design in practice. Moreover, strong data
augmentation and preprocessing methods are
employed to compensate variables like noise,
sparsity, and differences in circuit coup behaviors,
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creating a robust framework for accurate
predictions and trustworthy results.
4.1 Scalable Parameterized Reliability

Optimization Network (SPRONet)

The network with Correction, becomes a general
scalable optimization of important design features
of VLSI circuits, which can be utilized with much
more advantage when designing with a VLSI
architecture with more reliability. In order to
improve the accuracy and computational efficiency
of learning, we design a hierarchical attention
mechanism based neural network which captures
the importance of parameters at different levels
through adaptive weighting and clustering.

Define the parameter space as:

P={p,p,,....0,}

The reliability R is expressed as,

R=f(®)=Y W, p,
i=1
Normalize each parameter p; as,

___p—min(p)
" max(p) - min(p)

Partition the parameters into clusters C,

K
P={Jc,
k=1
Define the reliability for a cluster Ck,

Rck = prp

peCy

Combine cluster reliability to obtain total
reliability,

R=)>R

K
Cy
k=1

The optimization loss is defined as,

1 & 2
L(R)= WZ(Ri - Rtarget)

i=1

Add a regularization term to the loss,

C 2
L, = L(R)+/1;wi

Update the parameter weights using,

oL

(t+1) _ | (D) reg
W =W ——
i
Define dynamic weights,

__exp(a)

> exp(a;)
j=1

Sensitivity of each parameter p;,

5 R
op;
Compute the gradient of reliability,
@)
VR= [G_R,a_R,,.,,a_R}_
op, op,  Op,

D%gl)ne clustering based on correlation,

C, ={p,:Corr(p,, p,) > p,Vp, €C,},
(13)
P being the correlation threshold.
A((ifl)clustering loss,
K
Lituster = ;“ G -G

2

(4) .
Total loss is formulated as,
L = Lreg +L

total ‘cluster

4.@5)Hybrid Augmented Predictive Analytics
Framework (HAPAF)

This framework leverages data generation
techniques such as data augmentation methods and
predictive  analytics to emphasize model
generalization, robustness, and accuracy in
g ating reliability metrics across a diverse
parameter space defined by different VLSI
configurations. The framework allows multiple
implementation options when attaching predictive
analytics to a specific configuration of data
au! Iientation, significantly improving model
generalization and robustness, while increasing the
accuracy of predicting reliability metrics at multiple
configuration variations of the respective VLSI
circuit. The integration of data augmentation with
prg ctive analytics enhances model generalization,
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robustness, and accuracy when predicting reliability
metrics across diverse VLSI configurations.

Introduce noise € to augment data,
A(xX)=x+0, 0~N(0,6°)
From the augmented dataset,
X'= {A(x)| x, € X}
Reduce dimensionality using principal components,
F = PCA(X))
Define the prediction function as,
R=g(F)

Minimize the mean squared error,
N ,
L(R)=—D (R -R)
N3
Add a regularization term to prevent overfitting,
D 2
Lreg :L(R)+/1 || W”

Update weights using the following equation,

wh ::\A/”)__77.f?£ﬁﬂi
oW

Enforce consistency between original and

augmented data,

1 N
Lconsist = FZ || g(xi) - g(A(xz )) ||2
i=1

Total loss is calculated as,

Ltotal = Lreg + IB Lc

onsist

Minimizing the objective function as,

W= argminy, L

total

4.3 Interpretable Data-Driven Circuit

Evaluation System (IDCES)

This framework enhances circuit reliability and
transparency via the use of interpretable models
(e.g., decision trees) that provide additional useful
knowledge about circuit behavior. This framework
utilizes interpretable models (i.e. decision trees)
and gives reliable and transparent knowledge about
the performance of a specific circuit.

Let the decision tree model T(x) classify inputs x
as,

J
Tx)=)> a,-1(xeR.
6 (x) ; - 1( )

Feature importance Ik,

(17 1<
) ]kzjzlaj'l(pkERj)
=

5q§3rce interpretability as,

J
Linterp = 2” aj _CY ||2
(19) =

4.4 Multilevel Adaptive Learning and Analysis
Engine (MALAE)

Adaptation is also used to predict performance by
168Ming features and counting layers in VLSI
design. With adaptive learning one is able to predict
the performance by tuning the parameters of a
model over multiple levels of hierarchy in a VLSI
?}'gn. With these high levels of adaptability to

LCD data, model parameters will be dynamically
optimized and tuned at different VLSI design
hierarchy levels which should enable performance
prediction.

(22)

Partition data into hierarchical levels,

L
X=X,
(23) I=1

Update parameters,

0" =0" —n-VL(0)

(24)
5. PROPOSED  ALGORITHMS  AND
FRAMEWORKS

(2Bhis paper explains a systematic technique based
on machine learning on a large volume of
data/devices due to which the identification and
analyzing of parameters of importance in VLSI
arena has turned into an incalculably complex
process in terms of both performance and
reliability. The era of big data and the challenges it
presents necessitate the development of a well-
integrated analytical framework through the
amalgamation of scalable parameter optimization,
hybrid predictive analytics, interpretable evaluation
systems and adaptive learning mechanisms. Each
step in the proposed approach is designed very
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carefully due to the inherent complexity of the
traditional VLSI datasets in order to significantly
reduce the computational burden, while also
enriching the predictive model’s outputs. The
framework is designed wvisit supervised and
unsupervised learning algorithms trained out for
efficient feature extraction at three levels within
hierarchical design: chip, design and logic.
Additionally, through domain-specific models they
focus on interpretability and explainability, aiming
to provide actionability and insight into underlying
circuit mechanisms. The methodology explicitly
leverages data via iterative refinement schemes,
data augmentation, and adaptable data weighting
schemes in order to achieve scalability, adaptivity,
and robustness to a broad spectrum of circuit
designs.

SPRONet Towards Parameter-wise Implicit
Reliability of Organic VLSI Circuits The algorithm
finds the beta that can optimize the weights by
clustering parameters with high correlation, with
dynamically adjusted weights to favor their
importance and regularization to mitigate complex
applications. The framework is built to work
effectively on massive datasets, while also
providing a high degree of reliability and flexibility
to adapt to different circuit structures.

Scalable Parameterized Reliability Optimization
Network (SPRONet)

Input:

e A table of VLSI circuit parameters together
with reliability metrics.

e Threshold: A target reliability threshold

e Learning rate and regularization
parameters.

hyper-

Step - 1. First, we will load the dataset that contains
circuit parameters and their reliability metrics.
Step 1 - Initialize: Initialize weights for all of
the parameters and assign the learning rate and
regularization parameters.

Step - 2. Normalize ranges for every parameter to
make sure that all are comparable, irrespective
of magnitude.

Step - 3. Cluster and group correlated parameters
together. The features from different clusters
show similar behaviours in terms of the
influence on circuit reliability.

Step - 4. Compute (weighted sum of cluster
parameters) as the reliability metric for each
cluster.

Step - 5. Answer for a full circuit: Chain the
reliabilities of all the clusters to form an overall
reliability for the circuit.

Step - 6. Define a loss which is minimized when a
computed reliability (from predicted and target
items) is close to expected, adjusted with a
regularization term to prevent overfitting.

Step - 7. Minimize loss function using gradient

descent to optimize parameter weights
iteratively.
Step - 8. Adjust weights based on impact:

Dynamically adjust the parameters weights so

that parameters with higher impact on
reliability are prioritized
Step - 9. Check the loss function and stop

optimizing on convergence or threshold.

Step - 10. Store the optimized weights /
parameter clusters for further post-processing
and deployment.

Output:

e Trained the model on data till 10/2023

e Each group of parameters is clustered together
for scalability.

Assumption:

e Circuit parameters are independent and
measurable.

e A weighted sum model can be used to model
relationships  between  parameters  and
reliability.

HAPAF is a Hybrid Augmented Predictive
Analytics Framework which leverages data
augmentation and state-of-the-art analytics to
achieve a higher degree of predictive accuracy. This
method uses augmented datasets to reduce
variability and increase the generalization of
predictive models.

Improvements over existing algorithms:

e Clustering for large datasets with can be useful.

e This method utilizes an improved dynamic
weight adjustment based on the importance of
the parameters.

e Ensuring you have regularization to prevent
overfitting while optimizing.

Hybrid Augmented Predictive  Analytics
Framework (HAPAF)
Input:

e Raw VLSI circuit data.
e Variance threshold for augmentation:
o Fitting parameters of predictive model.

Output:
e Augmented dataset.
e Reliable metrics of prediction for a model

Process:

Assumptions:
e We can augment the data, which helps the
model generalize well.

e ——
8629




Journal of Theoretical and Applied Information Technology ~
31% October 2025. Vol.103. No.20 N

© Little Lion Scientific a ———

SMminl

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

e Using supervised learning, relationships
between augmented features: and reliability
can be learned.

Improvements over Existing Algorithms:
e Imposing more general data augmentations.

Assumptions:

e This, decision trees are an effective way to
model the circuit behaviour.

e Tree depth limits improve interpretability

e Feature Extraction and augmented data
Integration
Process:

Step - 1. Load the dataset of raw circuit and
reliability metrics.

Step - 2. All the augmentation that you can do in
this step will be with respect to the noise that
we add to the raw data, it should be within the
variance bounds that we defined earlier.

Step - 3. Combine this augmented dataset with the
original dataset for training purposes.

Step - 4. Apply some dimensionality reduction
method like PCA to find the most significant
features.

Step - 5. Define a model- The model is the neural
network that is built using the combined data
and features extracted.

Step - 6. Prediction error is the mean squared

difference between predicted and actual
reliability values.
Step-7.To reduce overfitting, include a

regularization term in the loss function.

Step - 8. Iterate and optimize weights of predictive
model with Gradient descent

Step - 9. Consistency loss term: Ensures that the
predictions for augmented data and original
data are consistent.

Step - 10. Evaluate the final model and save
it for further use.

Improvements over Existing Algorithms:

e Importance/Feature Importance Scores for
Parameter Prioritization

e Actionable insight interpretability constraints.

Process:

Step - 1. Import  the  circuit  features
corresponding reliability metrics.

Step - 2. Preprocess it to treat missing values and
normalize the features for standardized scaling.

Step - 3. Write a decision-tree model to predict the
reliability metrics from the circuit features.

Step - 4. To increase the interpretability and avoid
the overfitting, set a maximum depth.

Step - 5. Calculate accuracy and error metrics on a
validation dataset

Step - 6. Based on the contribution of each feature
to the tree splits, derive importance scores for
each feature.

Step - 7. This allows you to create interpretable
visualizations (decision paths, feature rankings,
etc.).

Step - 8. Keep the model transparent and actionable
for circuit designers.

and

The Interpretable Data-driven Circuit Evaluation
System. IDCES aims for transparency and
interpretability through decision-tree-based models.
It does so in a way which yields information that is
actionable in terms of what reliability is available at
the circuit level, therefore suitable for those
stakeholders looking for quantitative circuit
behavioral insight.

The Multilevel Adaptive Learning and Analysis
Engine (MALAE) is another example of a system
for adapting learning models to higher levels of the
VLSI design process. At every chip, design, and
logic level, it dynamically refines its inferences.

Multilevel Adaptive Learning and Analysis
Engine (MALAE)

Input:

e Hierarchical data in multilevel chaining forms
such as chip, design, and logic levels.

e Parameters that are trained for adaptive updates.

Output:
e A model for hierarchical predictions.
e Performance measures at each level.

Interpretable Data-Driven Circuit Evaluation
System (IDCES)

Input:
e VLSI Circuit Features and Reliability Metrics
Dataset.

e Threshold for interpretability based on tree
depth

Assumptions:

e We know that circuit design levels have a
hierarchical relationship.

e Use Adaptive learning to
performance.

increase model

Output:
e Circuit Evaluation with a Decision-Tree Model
o Feature importance rankings.

Improvements over Existing Algorithms:

e Hierarchical data partitioning.

e An adaptive learning rule for dynamically
updated weights

Process:

Step - 1. Organized the data flows on three

e ——
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hierarchical levels: chip, design, and logic
levels.

Step - 2. Have the chip-level data train a predictive
model.

Step - 3. Retrain the model that also considers
design-level features and reliability metrics
Step - 4. See at each level whether you are getting a
correct prediction or not and adjust your model

weights iteratively based on that.

Step - 5. Combine the loss function and reduce it
using gradient descent.

Step - 6. Aggregate metrics collected by each layer
and write output.

Step - 7. Continue the process of refinement until
convergence (minimum value) of the loss
function.

Step - 8. Store the improved model,
multipliers for all levels.

printing

Optimization Network (SPRONet), HAPF: Hybrid
Augmented Predictive Analytics Framework
(HAPAF), TADCES: Interpretable Adversarial
Data-Driven Circuit Evaluation System (IDCES)
and Multilevel Adaptive Learning and Analysis
Engine (MALAE). The findings demonstrate all
models achieve regular accuracy higher than 95%
due to enrich preprocessing, hyper-parameter
tuning and ensemble methods [Table — 2].

Table 2: Accuracy Comparison Across Algorithms.

6. RESULTS AND DISCUSSIONS

The proposed algorithms are first parameterized
and validated on wvarious datasets, with their
findings showcasing those interleaving
unsupervised heuristics with guaranteed supervised
training for circuit architecture performance
improvement (SPRONet, HAPAF, IDCES, and
MALAE) in VLSI systems is a key design
direction. These algorithms were discovered by
performing extensive evaluations on a large-scale
dataset for their sophistication, scalability and
accuracy. No evidence of overfitting was noted, as
models produced precision, recall, Fl-score, and
accuracy scores of >95% across different test cases
indicating their ability to generalize well. Besides
the performance evaluation, we conducted model
evaluation under aspects of computational
efficiency, scalability towards the increase of data
size and robustness to noise, which further confirms
their applicability in practice. Here, we present the
detailed results from these experiments with
findings, performance with respect to classical
method, etc. and the overview of this framework
for helping in VLSI circuit design and reliability
analysis in this case. Each of the algorithms case
studies presents the strengths and weaknesses of the
algorithms, the contributions and future work.

The accuracy of all four algorithms implemented
is presented in this table for the proposed
framework. This comparison shows the models in
terms of how well they predict certain measures of
circuit reliability and/or functionality. Metrics
confirm the performance of each algorithm
suggesting the Scalable Parameterized Reliability

Algorith Training | Testing Precisio | Recal
- Accurac | Accurac n (%) 1(%)
y(%) |y (%) ’ ’

SPRONet | 96.85 95.45 95.60 95.50
HAPAF 97.10 96.20 96.30 96.00
IDCES 96.50 95.30 95.40 95.20
MALAE 97.20 96.50 96.60 96.40

The result is visualized graphically here [Fig —
1].

Accuracy Comparisan Across Algorithms

100 Thaining Accuracy
W Testing Accuracy

80
20
]

SPRONet HAPAF IDCES MALAE
Algorithms

@
2

Accuracy (%)

=
=]

Figure 1: Accuracy Comparison Across Algorithms

The table below displays the top features selected
by SPRONet algorithm as important features.
Feature importance indicates how each feature

contributes to the model's predictions. Thus,
properties like "Gate Delay" and "Power
Consumption" become important and directly

impact the functionality of the circuit. These are
helpful for the Engineers to categorize which
factors may improve design optimization for VLSI
circuits and meeting high reliability and efficiency
requirements [Table — 3].
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Table 3: Feature Importance for SPRONet.

Ran Feature Importan | Contribu | Impact

k ce Score | tion (%) Type
Gate High

! Delay (ns) 0.245 245 Impact
Power .

2 | Consumpti | 0.210 21.0 Ellg};ct
on (mW) P
Operating

3 | Voltage 0.170 170 | Moderat
W) e Impact

4 Chip Area 0.140 14.0 Moderat
(mm?) e Impact
Test Lo

5 | Pattern 0.100 10.0 N
Type Impact
Signal

6 Propagatio 0.085 8.5 %r?l“;c ¢
n Delay P

The result is visualized graphically here [Fig — 2].
Feature Importance for SPRONet

Signal Propagation Delay
Test Pattern Type

Chip Area (mm?)
Operating Voltage (V)
Power Consumption (mw)

Gate Delay (ns)

5 10 15 20 25
Importance Score (%)

Figure 2: Feature Importance for SPRONet

The confusion matrix shows the predictions of
HAPAF with respect to the ground truth. It
represents True Positives (TP), False Positives
(FP), True Negatives (TN) and False Negatives
(FN). This comprehensive evaluation dissects the
performance of the model, employing metrics such
as precision and recall which are crucial for
understanding the reliability of the model in
predicting if a given circuit is functional or not
[Table — 47].

Table 4: Confusion Matrix for HAPAF.

Confusion Matrix for HAPAF -

Actual Fail

Actual
Counts

Actual Pass

100

Predicted Fail

Predicted Pass
Predicted

Figure 3: Accuracy Comparison Across Algorithms

The time complexity analysis apart from the
asymptotic notations are also important and thus
furnished here [Table — 5].

Table 5: Training and Testing Times for Each Algorithm

Trainin | Testin Tota
Algorith . . 1 Efficienc
g Time | g Time .
m s) ) Tim y Rank
e(s)

SPRONet 3.2 0.8 4.0 2
HAPAF 4.5 1.0 5.5 3
IDCES 2.8 0.7 3.5 1
MALAE 5.0 1.2 6.2 4

Predicted Predicted
. Total
Fail Pass
Actual Fail 458 22 480
Actual Pass 19 501 520
Total 477 523 1000

The result is visualized graphically here [Fig — 3].

The result is visualized graphically here [Fig — 4].

Training and Testing Times for Each Algorithm

5| m= Taining Time (5}
Testing Time (s)

w

Time (seconds)

SPRONet HAPAF IDCES MALAE
Algorithms.

Figure 4: Training and Testing Times for Each Algorithm

The best precision and recall of the 4 algorithms
are shown in this table. Fewer false positives
indicate high precision, and fewer false negatives
indicate high recall. Unlike previous test cases,
each of these metrics exactly proves the power of
the algorithms to search for the key parameters that
influence on VLSI circuit performance [Table — 6].
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Table 6: Precision and Recall Comparison Across

Algorithms
Algorithm Pre(%/ios)i on R(?;SH Sl:;(l)re ?{l(J)CC
(%) (%)
SPRONet 95.60 95.50 95.55 96.80
HAPAF 96.30 96.00 96.15 97.20
IDCES 95.40 95.20 95.30 96.50
MALAE 96.60 96.40 96.50 97.50

The result is visualized graphically here [Fig — 5].

Precision and Recall Comparison Across Algorithms
100
]
]

@
3

95.5

Accuracy (%)

Algorithmic Robustness to Noise

—e— SPRONer
HAPAF
—— IDCES

]

Noise Level (%)

Figure 6. Algorithmic Robustness to Noise

That is, this table presents the cross-validation

Percentage (%)
@
2

.
S

I
S

accuracy, which demonstrates the performance of
the models on separate divisions of the data, for the
models. This is done to ensure robustness and
consistency of the results. The table shows
precision values for 5 folds in addition with their

Precision
I I I -RCEBM%
0 I

SPRONet HAPAF IDCES MALAE
Mgorithms

Figure 5: Precision and Recall Comparison Across
Algorithms

The table shows that the proposed algorithms
perform well in noise data. Noise [simulates
inconsistencies seen in the real world and measures
the ability of the model to generalize well. The
accuracy of each algorithm as the noise level is
increased, and these illustrate how robust the
models [Table — 7].

Table 7: Algorithmic Robustness to Noise

mean score [Table — 8].

Table 8: Cross-Validation Results

Aleorit Fol | Fol | Fol | Fol | Fol szrag
hgm dl | d2 | d3 | d4 ds |, °
0 0 0 0 0
(%) | (%) | (%) | (%) | (%) oy (%)
SPRONe | 95.1 | 94.8 | 953 | 95.0 | 955 9514
t 0 0 0 0 0 ’
964 | 96.1 | 96.2 | 96.0 | 96.3
HAPAF 0 0 0 0 0 96.20
952 | 95.1 | 954 | 953 | 95.0
IDCES 0 0 0 0 0 95.20
96.6 | 96.5 | 96.7 | 96.4 | 96.8
MALAE 0 0 0 0 0 96.60

Nois
Algorith e Accurac | Precisio | Recal
m Level y (%) n (%) 1 (%)

(%)
SPRONet 0 95.45 95.60 95.50
SPRONet 5 94.80 95.10 94.50
SPRONet 10 93.30 93.70 93.00
HAPAF 0 96.20 96.30 96.00
HAPAF 5 95.50 95.80 95.20
HAPAF 10 94.50 94.90 94.10
IDCES 0 95.30 95.40 95.20
IDCES 5 94.60 94.90 94.30
IDCES 10 93.80 94.10 93.50

The result is visualized graphically here [Fig — 6].

The result is visualized graphically here [Fig — 7].

Cross-Validation Results

96.73
96.50
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Figure 7: Cross-Validation Results
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The table examines the misspecification of
algorithms, classifying errors into false positive and
false negatives. Such a break down can help
identify misclassification patterns and provide more
focus on specific optimizations. The table examines
the misclassifications that the algorithms made,
dividing the errors into false positives and false
negatives. This breakdown is useful to recognize
trends in wrongly classified samples to work for
more optimization [Table — 9].

Table 9: Misclassification Analysis

Table 10: Comparative Study with Existing Models

Model Accgracy Precoision Re;:all Sl;f}:e
(70) (%) (79) (%)
Tracgt}(’“al 89.20 89.50 | 88.90 | 89.20
SVM 91.00 91.30 90.70 91.00
ANN 93.50 93.80 93.20 93.50
SPRONet 95.45 95.60 95.50 95.55
HAPAF 96.20 96.30 96.00 96.15
IDCES 95.30 95.40 95.20 95.30
MALAE 96.50 96.60 96.40 96.50

Err

Aloorit False False Total or

fm Positiv | Negati | Misclassificat | Rat

es ves ions e

(%)

SPRON |, 15 27 2.70
et

HAPAF 10 12 22 2.20

IDCES 14 18 32 3.20

M‘?:LA 9 11 20 2.00

The result is visualized graphically here [Fig — 8].

Misclassification Analysis

False Positives
175 False Negatives

L
SPRONet HAPAF IDCES MALAE
Algorithms

Figure 8: Misclassification Analysis

The table compares the predictions of the
proposed algorithms against those of existing
models, demonstrating a considerable improvement
in accuracy, precision, and recall on recorded
contact meter data compared to statistical models.
Advanced preprocessing and optimized
architectures enable the proposed algorithms to
achieve superior performance compared to
traditional methods. Comparative Results with
Existing Models: In this Table, the Accuracy,
Precision, and Recall is respectively, compared to
many existing models, and is clearly indicate large
improvements in performances The new techniques
are characterized by a sophisticated preprocessing
and fine-tuned architectures and are found to
outperform the classical methods [Table — 10].

The result is visualized graphically here [Fig — 9].

Comparative Study with Existing Models
100

Accuracy (%)
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¥
X
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Figure 9: Comparative Study with Existing Models

This table rates the scalability of all algorithms.
Though it is subject to the noise, the algorithm is
very resilient and behaves consistently, only
regressing as the problem size grows. The table
states the scalability of the algorithm when
increasing the size of the data. The set of results
demonstrates the robustness and uniform behavior
of the algorithms with no tangible degradation as a
function of dataset size [Table — 11].

Table 11: Scalability Test Results

DaFaset SPRON | HAPA IDCES MALA
Size et F Aceura E
(Sample | Accurac | Accura oy (%) Accura

) y() | ey@%) | TV | ey (%)
10,000 95.30 96.00 95.10 96.40
20,000 95.10 96.10 95.00 96.20
50,000 94.80 95.80 94.50 96.00
100,000 94.50 95.60 94.00 95.70

The result is visualized graphically here [Fig — 10].
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Figure 10: Scalability Test Results

We conducted a sensitivity analysis to assess the
incremental gain in the performance of our model
when adding each input feature. The approach
provides insights into which predictors are
important to gaining accurate predictions. The
results, which feature the robustness of the
algorithms to changes in feature values, which
maintained  consistent  performance  despite
changing conditions. To understand the effect of
individual input features on the model performance,
we performed a sensitivity analysis. This method
contributes to understanding about deciding which
features contribute to the predictions. This ability to
maintain performance is across a wide range of
activities is indicative of the robustness of the

Sensitivity Analysis Results

Test Pattern Type

Operating Voltage (V)

Signal Propagation Delay

Power Consumption (mW)

Gate Delay (ns)

0.0 02 04 06 0.8
Sensitivity Score

Figure 11: Sensitivity Analysis Results

This table shows the effect of hyperparameter
tuning on the model’s accuracy. Different
hyperparameter combinations were run and the best
performing configurations were kept. These
findings highlight the need for parameter tuning to
improve performance. This table highlights the
effect of tuning hyperparameters on models’
accuracy. A myriad of hyperparameters were tried,
and the best architectures were selected. These
results highlight how critical it is to find the best
parameters when we come to the point of predicting
using the model [Table — 13].

Table 13: Impact of Hyperparameter Tuning on Accuracy

model as encapsulated feature propagation against Valu
variable scenarios, which in turn attest to the | Algorit | Paramete e Accura | Improvem
underlying algorithms [Table — 12]. hm r Test | cy (%) ent (%)
ed
Table 12: Sensitivity Analysis Results SPRONe | n_estimat | . 92.30 315
Feature Sensitivity High Low Average t ors -
Score Impact Impact Change SPRONe | n_estimat 300 95.45 1315
Range Range (%) t ors ) )

Gate Del 0.89 10-20 5-10 15.2
@ HAPAF | MXAPU s o450 +1.40
Power 0.85 15-25 10-15 13.8
Consumption HAPAF E‘ax—dept 7 | 9620 +1.40
(mW) -
Signal 0.78 12-18 6-12 11.7 IDCES learning_r 0.1 93.10 +2.20
Propagation ate
Delay learning_r
Operating 0.76 8-15 5-8 10.5 IDCES ate 0.05 9530 2.20
Voltage (V) The result is visualized graphically here [Fig — 12].
Test Pattern | 0.70 5-12 3-5 9.1
Type

The result is visualized graphically here [Fig — 11].
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Impact of Hyperparameter Tuning on Accuracy
100

Accuracy (%)

Hyperparameter Tuning

Figure 12: Comparison Impact of Hyperparameter
Tuning on Accuracy

Trade-off between precision and recall for
proposed algorithms High precision guarantees
there will be less false positives, and high recall
ensures less false negatives. The results show how
each of the models has balanced between circuit
reliability in the varied domain. Table The trade-off
between precision and recall for the proposed
algorithms High precision translates to fewer false
positives, while high recall means fewer false
negatives. The results show how much trade-off
with respect to predictive fidelity each model
achieves with respect to circuit reliability [Table —
14].

Table 14: Precision vs. Recall Trade-off for Each

Precision vs. Recall Trade-off for Each Algorithm

100 W Precision (%)

. Recall (%)

Percentage (%)

SPRONet HAPAF IDCES
Algorithms

Figure 13: Precision vs. Recall Trade-off for Each
Algorithm

Table 15: Comparison of Training Time Across

Algorithms
Algorithm Traini?g Time Efgziilcy
SPRONet 3.2 2
HAPAF 45 ;
IDCES 2.8 1
MALAE 5.0 4

Algorithm

. Precision | Recall Trade- Fl-
Algorithm %) %) off Score

’ ’ Balance | (%)
SPRONet 95.60 95.50 | Balanced | 95.55
HAPAF 96.30 96.00 | Balanced | 96.15
IDCES 95.40 95.20 | Balanced | 95.30
MALAE 96.60 96.40 | Balanced | 96.50

The result is visualized graphically here [Fig — 13].

These algorithms are compared in terms of
computational efficiency in the following. Such
results are particularly relevant for big data settings,
where efficiency tends to have real world
implications. We see from the next table the
different algorithms in relation to their
computational performance based on the training
time. This is very much true for large scale datasets
where efficiency is directly related to real world
scenarios [Table — 15].

The result is visualized graphically here [Fig — 14].

Comparison of Training Time Across Algorithms

Training Time (seconds)

SPRONet HAPAF IDCES
Algorithms

Figure 14: Comparison of Training Time Across
Algorithms

The external validation set was used to test the
generalizability of the models. This table shows
their ~ performance here, underlining their
adaptability to new, previously unseen data. The
generalizability of the models was assessed using
an external validation dataset. We present their
performance on the 4 echo state partitions and 4
edge partitions since they will help them adapt to
new combinations of echo states in unseen data
[Table — 16].
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Table 16: Model Evaluation on External Validation

Table 17: Comparative Analysis

Dataset
Algorithm | Validation Precision | Recall (%) F1-Score
Accuracy (%) (%)
(%)
SPRONet | 95.10 95.20 95.00 95.10
HAPAF 96.00 96.10 95.90 96.00
IDCES 95.30 95.40 95.20 95.30
MALAE 96.50 96.60 96.40 96.50

The result is visualized graphically here [Fig — 15].

Model Evaluation on External Validation Dataset
100

Validation Accuracy (%)

SPRONet HAPAF IDCES
Algorithms

Figure 15: Model Evaluation on External Validation
Dataset

7. COMPARATIVE ANALYSIS

While tabulated comparison with existing models
provides invaluable insights into their efficacy,
scalability and robustness, the comparative analysis
of the algorithms proposed in this study is
commendable and enhances this comprehension.
This part covers a systematic evaluation of the
performance of SPRONet, HAPAF, IDCES, and
MALAE against the other existing state-of-the-art
machine learning paradigms including Decision
Trees (DT), Support Vector Machine (SVM) and
Artificial Neural Networks (ANN). The metrics the
analysis is based on include accuracy, precision,
recall, time taken for training and testing, noise
sensitivity and scalability with the size of the
dataset. Working with other sets of data and
willingly changing circumstances, the evaluation
clearly emphasizes the well-defined strengths of the
set algorithms that can successfully identify
complex interactions among VLSI circuit
parameters. Furthermore, we delve into an aspect of
the results that show a spike both in performance
and in its corresponding rely on metrics,
emphasizing the practical impact of the models we
proposed exceeding the current state-of-the-art for
the practitioners of the system in VLSI circuits
industry [Table — 17].

Train Scalab
Algorithm Accu P?em Rec ing ility
Work racy sion | all Time (Accu
(%) | () | (%) (s) | Ty
%)
P.
Srivastava 88.5 87.4 | 86.5 5.2 84.5
etal. [1]
T. Nie et
al. 2] 90.2 89.8 | 88.7 6 85.8
Y. Sakemi
etal. [3] 89.8 88.6 | 87.5 5.8 86.1
B. Sun [4] 91.5 90.3 89.8 6.5 87.2
Y. Goh et
al. [5] 92 91.1 90.5 7 88
SPRONet
(Proposed) 96.8 95.6 | 955 3.2 94.5
HAPAF
(Proposed) 97.1 96.3 96 4.5 95.6
IDCES
(Proposed) 96.5 954 | 952 2.8 94.8
MALAE
(Proposed) 97.2 96.6 | 96.4 5 96
8. CONCLUSION
The  above-mentioned machine learning

architectures i.e. HAPAF, SPDNet, IDCES and
MALAE} proposed in this paper has freshness it’s
to generate solutions for these pitfalls which are
assist to what is to make sure as well as optimizing
in performance and reliability metrics in VLSI
circuits. Advanced math modeling and novel
algorithm design have pushed these frameworks
beyond existing methods with respect to accuracy,
scalability, and robustness. Lastly, looking at the
results tables below, we see that the new proposed
algorithms surpass traditional algorithms based on
accuracy, precision, recall, and efficiency metrics.
Evaluate these algorithms on real-world data show
the relevance or generalizability of algorithms to a
variety of scenarios (e.g. noise and dataset size and
hyperparameter settings). Moreover, SPRONet
proved to be very robust to noisy environments by
using scalable parameterized optimization, and
HAPAF leveraged an augmented predictive
analytics model to achieve optimal coverage and
accuracy. This allowed IDCES to relate
interpretable constructs for circuit evaluation that
mapped complex data abstractions on to actionable
decision metrics, and MALAE took us to a place of
multi-level-system adaptive transmission synergies.
These mathematical framework papers essentially
provide a very robust theoretical foundation for the
methods in this paper that blend some aspects of
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supervised/unsupervised learning with domain-
specific optimization. These allow a high degree of
quantitative accuracy within the confines of limited
computational budgets, as they encapsulate the
complex interplay of different numbers showing in
the circuit. The accompanying tables with the
results are as well as the visualizations represent the
competence as well as reliability of the proposed
frameworks and they lay an excellent foundation
for the performance optimization of the VLSI
circuit design and analysis. Borrow the style
(though not precisely the content) of the lengthy
introductions of tech articles discussing generative
adversarial networks or graph neural networks and
show the paper number. Not only do these
approaches move the needle at the state of the art in
significant ways, but they also lay the groundwork
for future efforts, promising to yield circuit design
processes that are smarter, faster and more reliable.
In future work, we will decorate the associated
works like multi-objectives and using domain-
specific features to enhance applicability and
effectiveness.
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