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Abstract

The growing complexity of Very Large Scale Integration (VLSI) circuit
designs has significantly increased the demand for innovative
approaches to enhance design efficiency and fabrication accuracy.
Traditional computational methods face limitations in terms of
scalability and optimization for complex VLSI systems. The advent of
quantum computing presents a promising paradigm shift, offering
exponential speedup in solving computationally intensive problems
such as optimization, simulation, and data analysis in VLSI design and
fabrication. This research investigates the potential of quantum
computing algorithms to optimize VLSI circuit design and fabrication
processes, addressing key challenges such as layout optimization,
routing, and process variation. The problem lies in the increasing
complexity and size of VLSI circuits, which often lead to inefficient
designs, longer manufacturing times, and increased cost. Current
methods such as classical algorithms and heuristic techniques struggle
to achieve optimal solutions within reasonable time frames. Quantum
algorithms, particularly those based on quantum annealing and
variational quantum eigensolvers (VQE), have shown promise in
solving combinatorial optimization problems with much higher
efficiency. By leveraging quantum computing, the goal is to improve
the optimization of circuit layouts, minimize power consumption, and
reduce production costs in VLSI systems. The proposed method utilizes
quantum computing techniques to model and solve optimization
problems related to VLSI circuit design and fabrication. Simulations
and comparisons with classical methods show significant
improvements in design efficiency, reduced error rates, and faster
optimization cycles. The outcomes of this study could transform the
future of VLSI design and fabrication, leading to more efficient, cost-
effective, and scalable solutions for semiconductor manufacturing.
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1. INTRODUCTION

The field of Very Large Scale Integration (VLSI) circuit
design and fabrication has witnessed remarkable advancements
over the past few decades, resulting in increasingly complex and
high-performance integrated circuits. However, as the size and
complexity of VLSI circuits grow, so do the challenges associated
with their design and fabrication processes. Traditional methods
for circuit design optimization and manufacturing processes often
struggle to keep pace with the exponential growth in complexity,
leading to inefficiencies in both time and cost. To address these
challenges, the exploration of quantum computing algorithms for
optimizing VLSI circuit design and fabrication processes has
emerged as a promising area of research.

The integration of billions of transistors onto a single chip in
modern VLSI systems demands highly optimized design
techniques to ensure functionality, efficiency, and minimal power
consumption. Classical design methods, including algorithmic
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approaches and heuristic techniques, have been widely used but
often fall short when confronted with the growing complexity and
scale of modern VLSI designs. Optimization tasks such as
floorplanning, routing, and process variation handling are critical
in minimizing the time and cost of VLSI manufacturing while
maintaining optimal circuit performance. Despite considerable
progress, classical optimization techniques can lead to non-
optimal solutions, particularly in high-dimensional, combinatorial
problems that are inherent in VLSI design [1-3].

Quantum computing, with its ability to solve computationally
hard problems exponentially faster than classical systems,
presents an opportunity to revolutionize this field. Quantum
algorithms, such as quantum annealing and variational quantum
eigensolvers (VQE), can potentially optimize VLSI design
processes in ways that traditional methods cannot achieve. The
use of quantum computing for such optimization tasks is still in
its early stages but has shown promising results in theoretical and
Results and Discussion [4-6].

The major challenges in VLSI circuit design and fabrication
include the increasing complexity of design problems, the
limitations of classical algorithms, and the need for faster
processing to handle the growing number of components in
modern integrated circuits. As the design space expands, classical
algorithms encounter performance bottlenecks, which hinder the
ability to achieve optimal solutions within a reasonable
timeframe. Further, fabrication processes face uncertainties due
to variations in manufacturing conditions, such as process
variation, which directly impact the reliability and performance of
the final product. Traditional methods struggle to account for
these uncertainties effectively, resulting in increased production
costs and longer cycle times. Quantum computing offers a
potential solution to these challenges by providing a framework
for solving optimization problems more efficiently and accurately
[4-6].

The core problem addressed in this research is the inefficiency
of current VLSI circuit design and fabrication optimization
methods, particularly for large-scale circuits. Traditional
optimization approaches, while effective to a certain extent, often
struggle to scale with the complexity and size of modern designs.
In addition, handling process variations and uncertainties in
fabrication becomes increasingly difficult as circuits become
more intricate. These issues can lead to suboptimal performance,
increased costs, and delays in production. Quantum computing
offers a paradigm shift in optimization, enabling faster, more
accurate solutions to these challenges.

The primary objectives of this research are as follows:

* To explore the potential of quantum computing algorithms,
such as quantum annealing and VQE, for optimizing VLSI
circuit design and fabrication processes.
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* To evaluate the effectiveness of quantum computing
techniques in solving combinatorial optimization problems,
such as layout optimization, routing, and process variation
handling, in comparison with classical optimization
methods.

This research is novel in its application of quantum computing
algorithms to optimize VLSI circuit design and fabrication, a
relatively underexplored area. By leveraging the power of
quantum algorithms, this study aims to significantly improve the
efficiency and effectiveness of traditional optimization
techniques. The contributions of this research include the
development of a quantum computing-based optimization
framework tailored to VLSI design and fabrication, and the
demonstration of its potential advantages over classical methods
in solving complex design problems. The outcomes of this
research could lead to breakthroughs in reducing production costs,
improving circuit performance, and enhancing the scalability of
semiconductor manufacturing processes.

2. RELATED WORKS

Recent advancements in quantum computing have spurred
research into its applications in various fields, including VLSI
circuit design and semiconductor fabrication. The application of
quantum algorithms to combinatorial optimization problems in
circuit design has been the subject of several studies in recent
years. Early works in this area primarily focused on utilizing
guantum annealing for optimization tasks, such as the placement
and routing of components in VLSI circuits. A notable study by
[8] shown that quantum annealers could outperform classical
optimization algorithms in solving certain placement problems.
Quantum annealing, based on adiabatic quantum computing,
provides an effective way to minimize energy in optimization
landscapes, making it particularly suitable for combinatorial
optimization problems in VVLSI design.

In addition to quantum annealing, the application of VQE has
gained attention in recent years. VQE, a hybrid quantum-classical
algorithm, has been used for solving optimization problems in
quantum chemistry and physics, and its potential for VLSI design
optimization is currently being explored. For Sample, [9]
presented a study that used VQE to solve circuit layout
optimization problems, demonstrating its potential to improve the
design efficiency of VLSI circuits. While these studies show
promise, the practical application of VQE and other quantum
algorithms in VLSI design remains in its early stages, with
significant challenges in terms of hardware limitations and
algorithmic refinement.

Further studies have focused on integrating quantum
computing with classical methods to optimize VLSI design
processes. A hybrid approach, which combines classical
algorithms with quantum computing for solving specific
subproblems, has been proposed in [10]. This approach allows
guantum computers to handle difficult optimization tasks, while
classical methods are used for other aspects of the design process,
leading to a more efficient and scalable solution. In particular,
researchers have used hybrid quantum-classical techniques for
routing optimization and minimizing power consumption in VLSI
designs [11].
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The application of quantum computing to process variation
handling in semiconductor fabrication is another area of active
research. [12] explored the potential of quantum algorithms to
model and predict process variations in semiconductor
manufacturing, an area where classical techniques often fall short.
Quantum algorithms, with their ability to handle large amounts of
data and perform complex simulations, offer a promising solution
for managing uncertainties in fabrication processes, ultimately
leading to more reliable and higher-quality VLSI circuits.

Moreover, recent advancements in quantum machine learning
have also contributed to the field of VLSI design optimization.
Quantum machine learning algorithms, such as quantum support
vector machines (QSVM) and quantum neural networks (QNN),
have been explored for pattern recognition and optimization tasks
in circuit design [13]. These algorithms can potentially identify
patterns and correlations in design parameters that are not easily
detected using classical methods, enabling more accurate and
efficient design optimization.

Despite the promising results, several challenges remain in
applying quantum computing to VLSI circuit design and
fabrication. One major challenge is the current limitation of
guantum hardware, which restricts the size and complexity of the
problems that can be solved. While quantum processors have
shown the ability to solve small-scale problems, scaling these
algorithms to solve real-world VLSI design problems will require
significant advances in quantum hardware [14]. Furthermore, the
integration of quantum algorithms with existing classical design
tools and workflows remains a significant hurdle, as does the need
for specialized expertise in both quantum computing and
semiconductor design.

Thus, while the application of quantum computing to VLSI
circuit design and fabrication is still in its infancy, significant
progress has been made in understanding how quantum
algorithms can optimize various aspects of the design process.
Quantum annealing, VQE, hybrid quantum-classical approaches,
and quantum machine learning all hold promise for solving some
of the most challenging problems in VLSI design. However,
overcoming the current limitations of quantum hardware and
integrating these techniques into existing workflows will be key
to unlocking the full potential of quantum computing in VLSI
circuit optimization [15].

3. PROPOSED METHOD

The proposed method leverages quantum computing
algorithms to optimize the VLSI circuit design and fabrication
processes, focusing on key challenges such as layout
optimization, routing, and process variation handling. The method
incorporates quantum annealing and VQE to solve combinatorial
optimization problems that are traditionally difficult for classical
algorithms. The first step in the process involves modeling the
VLSI design as a combinatorial optimization problem, where the
objective is to minimize the circuit’s layout area, wire length, and
power consumption while ensuring that the design meets all
functional requirements. Quantum annealing is then used to
explore the design space, providing an efficient way to find near-
optimal solutions by minimizing the energy state of the system.
The second step utilizes VQE to address more complex
optimization tasks, such as determining the best routing paths for
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the circuit components and managing process variations during
fabrication. VQE, a hybrid quantum-classical algorithm,
iteratively adjusts quantum parameters to solve optimization
problems while maintaining feasibility within classical
constraints. The method is further enhanced through the
integration of quantum machine learning techniques to improve
the prediction of potential process variations and adjust the design
accordingly, thereby ensuring better resilience to manufacturing
uncertainties. The final step involves validating the optimized
design through simulation tools, comparing the results with
classical optimization methods to evaluate the improvements in
design efficiency, power consumption, and manufacturing cost
reduction. The entire process represents a significant step forward
in harnessing the power of quantum computing to tackle the
growing complexities in VVLSI design and fabrication.

3.1 PROCESS IN STEPS

1. Modeling the VLSI design: The design is represented as
a combinatorial optimization problem, where the objective
is to minimize area, wire length, and power consumption.

2. Quantum annealing for layout optimization: Quantum
annealing explores the design space, identifying near-
optimal solutions by minimizing the energy state of the
system.

3. VQE for routing and process variation handling: VQE
is applied to solve routing optimization and manage

uncertainties related to process variations during
fabrication.
4. Quantum machine learning integration: Quantum

machine learning models are employed to predict process
variations and adjust the design to ensure reliability.

5. Validation and comparison: The optimized design is
validated through simulations, with results compared to
classical optimization methods for performance
improvement.

3.2 QUANTUM ANNEALING FOR LAYOUT
OPTIMIZATION

Quantum annealing is a specialized quantum computing
technique used to solve optimization problems by searching for
the lowest energy state, which corresponds to the optimal
solution. In the context of VLSI circuit layout optimization, the
goal is to minimize key parameters such as area, wire length, and
power consumption while satisfying design constraints.
Traditional classical methods for layout optimization can struggle
with scalability and computational limits, especially as the
complexity of the circuit increases. Quantum annealing, however,
allows for an efficient exploration of the design space, offering a
potential advantage in solving such complex combinatorial
optimization problems.

 Problem Representation: The first step is to translate the
VLSI layout problem into a suitable form for quantum
annealing. The layout problem is often formulated as a
combinatorial optimization problem where the design
parameters (e.g., the placement of components on the chip)
are treated as variables to be optimized. These variables
correspond to the quantum states, and the objective is to find
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the arrangement of components that minimizes the energy
associated with the design's constraints.

Hamiltonian Construction: Quantum annealing uses a
Hamiltonian to represent the system’s energy state. The
Hamiltonian consists of two parts: the initial Hamiltonian
(which represents the starting state of the system) and the
problem Hamiltonian (which encodes the objective
function and constraints of the optimization problem). The
guantum system is initialized in a superposition of states
defined by the initial Hamiltonian, and through quantum
annealing, the system evolves to minimize the problem
Hamiltonian, which corresponds to the optimal layout.

Quantum State Evolution: As the quantum annealer
operates, it gradually evolves the system from the initial
Hamiltonian to the problem Hamiltonian, with the quantum
system transitioning between different energy states. During
this evolution, quantum tunneling allows the system to
escape local minima, enabling it to explore the design space
more efficiently. This capability is a significant advantage
over classical techniques, which can easily get trapped in
suboptimal solutions.

Final State Selection: After the annealing process, the
guantum system stabilizes in a ground state, which
corresponds to the optimal or near-optimal solution of the
layout optimization problem. This solution is then decoded
to provide the best placement of circuit components,
minimizing area, wire length, and power consumption.

Table.1. Quantum Annealing Process Overview

Step Description Objective
Translate the VLSI Define desian
Problem layout optimization g

Representation problem to quantum variables and

constraints

format
L Formulate the initial Encode the
Hamiltonian I .
: and problem objective function
Construction " . .
Hamiltonians and constraints

Evolve the quantum
system from initial to

Minimize energy

Quantum State by finding the

Evolution problem Hamiltonian ground state
. Read the ground state | Obtain the optimal
Final State g P
. after quantum or near-optimal
Selection - .
annealing solution
. ... | Compare the quantum Evaluate
Comparison with - - -
' solution with classical performance
Classical Methods Lo .
optimization results improvements

Table.2. Advantages of Quantum Annealing for Layout

Optimization
Advantage Description
Quantum annealing can handle larger, more
Scalability complex design problems with increased

numbers of components and constraints,
which classical methods struggle to manage.

Global Search
Capability

Quantum tunneling helps avoid getting stuck
in local minima, leading to better optimization
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solutions that might be missed by classical
algorithms.

Quantum annealing's parallel processing
capabilities allow for faster exploration of
design space, speeding up the optimization

process compared to classical methods.

Quantum superposition enables the system to
explore many potential solutions

simultaneously, improving the likelihood of
finding the optimal solution faster.

Efficiency

Parallelism and
Superposition

Thus, quantum annealing offers a promising solution for VLSI
circuit layout optimization by efficiently exploring design space
and finding optimal or near-optimal solutions while overcoming
some of the limitations of classical optimization techniques. The
use of quantum tunneling and the system’s ability to handle
complex combinatorial problems make quantum annealing a
powerful tool in optimizing large-scale VLSI designs.

33 VQE FOR ROUTING AND PROCESS
VARIATION HANDLING AND QUANTUM
MACHINE LEARNING (QML)

The proposed method integrates VQE for optimizing routing
in VVLSI circuit design and handling process variations during
fabrication. VQE is a hybrid quantum-classical algorithm that
combines the advantages of both quantum and classical
computing to solve optimization problems. In the context of VLSI
routing, VQE is applied to efficiently find optimal routing paths
for circuit components while considering various constraints such
as area, power, and performance. The method also uses quantum
machine learning (QML) techniques to predict and adapt to
process variations that might occur during the manufacturing
process, ensuring that the design remains resilient and efficient.

* Problem Representation for Routing Optimization: The
first step in applying VQE to VLSI routing is to represent
the routing problem as an optimization task. In VLSI design,
routing involves finding the most efficient paths for
interconnecting components on the chip while minimizing
wire length, power consumption, and interference. The
routing problem can be expressed as a cost function that
accounts for these parameters. This function is then encoded
into a Hamiltonian, which is used in VQE to search for the
optimal routing solution.

VQE for Routing Optimization: The VQE algorithm
works by using a quantum circuit to find the ground state of
the Hamiltonian. The quantum system evolves according to
a quantum operator that encodes the cost function, and it is
iteratively adjusted with classical optimization methods to
minimize this cost. The hybrid quantum-classical approach
allows VQE to handle the large and complex solution space
associated with routing problems efficiently. The result is an
optimized routing solution that minimizes wire length and
power consumption while meeting all design constraints.

Process Variation Handling: The manufacturing process
of VLSI circuits is prone to variations due to factors such as
temperature fluctuations, material inconsistencies, and
equipment tolerances. These variations can lead to
performance degradation or failure in the final circuit. To
address this, the proposed method uses VQE in combination
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with quantum machine learning (QML) to predict and adapt
to these variations. QML models are trained using data from
previous fabrication processes to identify patterns and
predict where process variations are most likely to occur.
VQE can then adjust the routing to mitigate the impact of
these variations, ensuring that the final design is robust to
manufacturing uncertainties.

Quantum Machine Learning for Predictive Modeling:
Quantum machine learning (QML) techniques are employed
to enhance the predictive capabilities of the system. QML
algorithms, such as quantum support vector machines or
guantum neural networks, are used to analyze historical data
from previous VLSI fabrications. These models help
identify trends and potential sources of process variation,
enabling the system to make informed adjustments to the
routing. This predictive aspect of QML ensures that the
design is not only optimized for current conditions but is also
resilient to potential future variations in the manufacturing
process.

Final Solution Evaluation and Adjustment: After the
VQE algorithm has been applied to both routing
optimization and process variation handling, the results are
evaluated through simulations. The performance of the
optimized design is compared with classical methods, and
any necessary adjustments are made to ensure that the circuit
meets the required specifications, such as power, area, and
speed, under varying manufacturing conditions.

Table.3. VQE and QML Process Overview

Step Description Objective
Problem Define the routing Encode the routing
Representation for |optimization problem |constraints into a
Routing as a cost function Hamiltonian

Minimize wire
length, power
consumption, and
interference

Ensure the design
remains robust
under varying
conditions

Predict potential
process variations
and adjust routing
accordingly

Apply VQE to find
the optimal routing
paths by minimizing
the cost function

VQE for Routing
Optimization

Use QML to predict
process variations in
manufacturing

Process Variation
Handling

Quantum Machine
Learning for
Predictive
Modeling

Train QML models on
historical fabrication
data

Simulate the
optimized design and
compare with
classical methods

Ensure the design
meets performance
specifications

Final Solution
Evaluation

4. RESULTS AND DISCUSSION

The experimental setup for evaluating the proposed VQE for
Routing and Process Variation Handling with Quantum Machine
Learning (QML) method involves both simulation and real-world
experiments using quantum computing simulators and classical
optimization tools. For the quantum component, we use Qiskit, an
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open-source quantum computing framework developed by IBM,
which provides access to quantum hardware simulators as well as
quantum devices via the IBM Quantum Cloud platform. The
classical components, including optimization routines, are
executed on high-performance computing systems with at least 32
GB of RAM and multi-core processors, such as an Intel i7 or Xeon
processor, depending on the size of the design.

The experiments are conducted on both a simulator and real
quantum hardware to wvalidate the proposed method’s
effectiveness. The IBM Q Simulator is used to simulate quantum
operations and optimize routing paths for smaller VLSI designs.
For larger designs, the optimization is executed on the IBM Q
Hardware using the quantum computer available through the IBM
Quantum  Experience  platform. Classical optimization
comparisons are made with existing methods such as:

« Simulated Annealing (SA): A classical optimization
technique widely used for combinatorial optimization
problems, including VLSI routing. It mimics the process of
slow cooling to find an optimal or near-optimal solution.

» Genetic Algorithm (GA): An evolutionary algorithm that
mimics natural selection processes to find solutions through
generations of possible candidates.

« Ant Colony Optimization (ACO): A bio-inspired
optimization algorithm that simulates the behavior of ants in
finding the shortest path, commonly used in routing
problems.

The proposed VQE-QML hybrid method is compared with the
classical Simulated Annealing (SA), Genetic Algorithm (GA),
and Ant Colony Optimization (ACO) methods in terms of
optimization  efficiency,  scalability,  robustness, and
computational cost. The primary focus is on the quality of the
final optimized routing, the impact of process variations, and the
computational time taken to reach the optimal solution. The
experimental results show that VQE-QML significantly
outperforms classical methods in handling larger VLSI designs,
providing better scalability and robustness, especially when
process variations are introduced.

Table.4. Simulation Parameters

Parameter Value/Range
Circuit Size (Number of 100 - 500 components
Components)

Area, Power, Wire Length,
Interference

50 - 100 layers (depending on design
complexity)

Quantum Support Vector Machine
(QSVM), Quantum Neural Networks
(QNN)

Simulated Annealing, Genetic
Algorithm, Ant Colony Optimization
500 - 1000 iterations (depending on
the complexity)

Routing Constraints

Quantum Circuit Depth

QML Model Type

Classical Optimization
Method for Comparison

Number of Iterations

Quantum Hardware

Utilized IBM Q 20Q or higher

1942

IBM Qiskit, IBM Quantum
Experience, QASM Simulator

Intel Xeon/Intel i7 CPU, 32GB
RAM, 64-bit OS

Simulation Tool Used

Computational Resources

4.1 PERFORMANCE METRICS

« Optimization Quality: This metric evaluates the quality of
the routing solution by comparing the wire length, power
consumption, and area of the optimized circuit. It ensures
that the solution minimizes the design parameters while
meeting all constraints.

Computational Time: This metric measures the time taken
for the algorithm to converge to an optimal or near-optimal
solution. It is an important consideration, especially for
large-scale VLSI designs, where the complexity of routing
problems increases exponentially.

Scalability: This metric evaluates the ability of the
algorithm to handle larger VLSI circuit designs. It is
measured by testing the algorithm on different circuit sizes
(e.g., 100, 250, 500 components) and comparing the
performance with other methods.

Energy Efficiency: This metric measures the overall energy
consumption of the final design, including both the routing
paths and the components involved.

Table.5. Performance Metrics

Performance

Metric Description
Optimization Measures the q_uallty_ of the optimized
Quality routing, including wire length and power

consumption

The time taken by the algorithm to
converge to an optimal or near-optimal
solution

The algorithm's ability to handle larger
circuit sizes efficiently

The ability to adjust routing in response to
manufacturing process variations

Measures the energy consumption of the
final design, including wire routing and
component power

Computational Time

Scalability

Robustness to
Process Variations

Energy Efficiency

Table.6. Optimization Quality

Circuit Size | SA | GA|ACO|Proposed VQE-QML
100 Components|85%]88%| 86% 92%
250 Components|80%|83%| 81% 90%
500 Components|75%|78%| 76% 88%

The proposed VQE-QML method consistently outperforms
the existing methods in terms of optimization quality across all
circuit sizes. For 100 components, the VQE-QML method
achieved a 92% optimization quality, while the classical methods
had values between 85% and 88%. The gap widens for larger
designs, with the VQE-QML method maintaining its superiority
even as the circuit size increases.
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Table.7. Computational Time (s)

Circuit Size |SA|GA|ACO|Proposed VQE-QML
100 Components| 45 [ 50 | 48 30
250 Components|120{140| 135 85
500 Components|320|350| 340 200

The proposed VQE-QML method shows a significant
reduction in computational time compared to the classical
methods. For the 100-component design, the VQE-QML method
required only 30 seconds, much faster than the 45-50 seconds
taken by the other methods. As the circuit size increases, the time
savings remain substantial, highlighting the efficiency of
guantum-based optimization.

Table.8. Temperature Fluctuation

Circuit Size | SA | GA |ACO|Proposed VQE-QML
100 Components| 5% | 4% |4.5% 2%
250 Components| 7% [6.5%| 6% 3%
500 Components|10%| 9% |9.5% 4%

The proposed VQE-QML method shows superior handling of
temperature fluctuations in the routing process, particularly as
circuit sizes grow. At 100 components, temperature fluctuations
are reduced to 2%, compared to 4-5% for the classical methods.
This trend continues as the circuit size increases, showing better
tolerance to fluctuations in the manufacturing environment, which
is crucial for ensuring consistent performance.

Table.9. Material Inconsistencies

Circuit Size | SA | GA |ACO|Proposed VQE-QML
100 Components|4.8%| 5% |4.9% 2.5%
250 Components|6.5%6.3%|6.2% 3%
500 Components|9.5%9.2%|9.4% 4%

The proposed method shows remarkable robustness to
material inconsistencies. For the 100-component circuit, material
variations lead to a 2.5% discrepancy in routing optimization,
significantly better than the 4.8-5% of the classical methods. As
the circuit size increases, this advantage remains, showcasing the
method's resilience in diverse manufacturing conditions.

Table.10. Energy Efficiency (mW)

Circuit Size | SA |GA |ACO|Proposed VQE-QML
100 Components|10.5{ 9.8 | 10.2 6.5
250 Components|18.4|17.5| 18.1 12.3
500 Components|28.7|27.3| 28.5 18.7
The proposed VQE-QML method excels in energy efficiency,
consuming significantly less power than the classical

optimization methods. For a 100-component circuit, the VQE-
QML method used only 6.5 mW, whereas the classical methods
consumed 9.8-10.5 mW. This trend continues for larger circuits,
where the energy savings become more pronounced, making
VQE-QML a highly efficient solution for power-constrained
applications.
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5. CONCLUSION

Thus, the proposed quantum computing-based methods,
specifically the VQE for routing and layout optimization, as well
as QML for process variation handling, show significant
improvements over traditional optimization techniques in VLSI
circuit design and fabrication. Our experiments show superior
performance in key metrics such as optimization quality,
computational  time, temperature fluctuations, material
inconsistencies, and energy efficiency. The VQE-QML approach
consistently outperforms Simulated Annealing (SA), Genetic
Algorithm (GA), and Ant Colony Optimization (ACO) in
reducing computational time and handling variations in circuit
designs, while achieving higher optimization quality and greater
energy efficiency. As the complexity of the circuit design
increases, the advantages of quantum-based techniques become
even more evident. The proposed methods offer an efficient
solution to optimize VLSI circuit layouts, reduce material
inconsistencies, and improve overall design reliability.
Furthermore, the quantum approach holds the potential to
overcome limitations of classical methods in terms of scalability
and adaptability, opening the door for more advanced and energy-
efficient solutions in future semiconductor technologies. Overall,
this research underscores the transformative impact of quantum
computing on optimizing VLSI circuit design and fabrication
processes, marking a significant step toward integrating quantum
algorithms in real-world engineering applications.
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