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Abstract 

The continuous growth in computational demands has led to the 

exploration of innovative technologies for enhancing circuit efficiency. 

Quantum-inspired algorithms have garnered attention due to their 

potential to improve optimization, processing, and energy consumption 

in conventional circuit technologies. Traditional circuit designs, 

primarily based on classical computation, face limitations in handling 

large-scale problems due to inefficient algorithms and hardware 

constraints. These challenges prompt the need for alternative solutions 

capable of providing scalable, high-performance computation in 

complex environments. This research proposes integrating quantum-

inspired algorithms into circuit technologies to address these 

challenges. Quantum algorithms, such as the Quantum Approximate 

Optimization Algorithm (QAOA) and quantum annealing, offer 

substantial benefits over classical counterparts, especially in solving 

NP-hard problems, simulating quantum systems, and optimizing 

complex functions. The integration of such algorithms into circuit 

design can potentially reduce computational complexity, improve data 

throughput, and optimize energy efficiency, offering a more 

sustainable approach in circuit development. The study investigates the 

adaptation of quantum-inspired algorithms into field-effect transistors 

(FETs) and other circuit components, focusing on optimizing power 

consumption and operational speed. A hybrid approach combining 

classical circuit elements with quantum-inspired strategies is 

implemented to evaluate its impact on both performance and 

scalability. The results show a notable reduction in energy 

consumption and improvement in processing speed, validating the 

promise of quantum-inspired solutions in enhancing computational 

efficiency. 
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1. INTRODUCTION 

The increasing demand for computational efficiency in 

modern electronic devices has driven significant advancements in 

circuit technologies. As traditional approaches face limitations in 

speed, energy consumption, and scalability, researchers have 

turned to quantum-inspired algorithms to offer innovative 

solutions.  

These algorithms, drawing inspiration from quantum 

mechanics, leverage principles such as superposition, 

entanglement, and interference to solve complex optimization 

problems more efficiently than classical counterparts. Quantum-

inspired algorithms have shown promise in a variety of fields, 

including optimization, machine learning, and image processing, 

making them a focal point in the quest for enhanced 

computational performance [1-3]. By integrating these algorithms 

into circuit technologies, it is possible to potentially revolutionize 

the design and efficiency of next-generation electronic systems. 

Despite the significant potential of quantum-inspired 

solutions, integrating them into conventional circuit technologies 

presents several challenges. Traditional circuits are based on 

classical computing principles, which struggle to meet the 

computational demands of modern applications, particularly in 

areas like large-scale data analysis, artificial intelligence, and 

cryptography [4].  

The limitations in circuit power efficiency and processing 

speed hinder the realization of optimal performance in various 

domains, especially when dealing with increasingly complex 

tasks. Additionally, the integration of quantum-inspired 

algorithms into existing hardware requires overcoming challenges 

related to noise, error correction, and circuit complexity [5]. 

These hurdles hinder the smooth incorporation of quantum-

inspired solutions into real-world applications, limiting their 

widespread adoption. 

The primary problem addressed in this research is the 

inefficient computational performance of current circuit 

technologies when dealing with complex, large-scale problems. 

Classical algorithms are often unable to effectively process these 

problems in a time-efficient and energy-efficient manner, 

resulting in suboptimal performance. The solution lies in 

integrating quantum-inspired algorithms with classical circuits to 

enhance the computational efficiency and reduce energy 

consumption without the need for complete reliance on quantum 

computing hardware [7]. 

The primary objective of this study is to integrate quantum-

inspired algorithms into conventional circuit designs to enhance 

computational efficiency and reduce power consumption. 

Specifically, the research aims to investigate how quantum-

inspired algorithms can be adapted to circuit components like 

field-effect transistors (FETs) and how this integration can 

optimize processing speed and reduce energy consumption. A 

hybrid approach, combining classical circuit elements with 

quantum-inspired algorithms, will be explored to identify 

synergies that lead to improvements in performance. 

The novelty of this approach lies in the application of 

quantum-inspired algorithms to circuit technologies in a way that 

maximizes the strengths of both classical and quantum paradigms. 

By focusing on power optimization, operational speed, and 

scalability, this research contributes to the development of hybrid 

circuit systems that could lead to significant breakthroughs in 

electronic system design.  

The contributions of this research are twofold: first, the 

development of a methodology to integrate quantum-inspired 

algorithms into circuit technologies; and second, the validation of 

this integration through performance testing that shows its 

potential to enhance computational efficiency in real-world 

applications. 
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2. RELATED WORKS 

Quantum-inspired algorithms have been explored extensively 

in the context of optimization problems, with notable applications 

in machine learning, communications, and image processing [7]. 

For instance, in the field of optimization, quantum-inspired 

algorithms such as the Quantum Approximate Optimization 

Algorithm (QAOA) have been proven to outperform classical 

counterparts in solving complex combinatorial problems. The 

integration of these algorithms into circuit technologies can 

significantly improve energy consumption and processing speed, 

offering new opportunities for high-performance circuits. 

Several works have explored hybrid approaches that combine 

quantum-inspired algorithms with classical circuit elements. 

These approaches aim to enhance computational efficiency while 

maintaining compatibility with existing technologies. For 

Sample, researchers have incorporated quantum annealing 

techniques into traditional circuits to optimize power usage, 

yielding better results than classical methods alone. Other studies 

have focused on developing error-correction techniques that 

address the noise challenges associated with quantum-inspired 

algorithms, making them more reliable and feasible for real-world 

applications. 

In the realm of machine learning, quantum-inspired 

algorithms have shown significant promise in tasks such as 

classification, clustering, and regression. Recent works have 

shown that quantum-inspired techniques can be incorporated into 

neural networks to speed up training and improve classification 

accuracy. This has direct implications for circuit design, as 

machine learning algorithms often require substantial 

computational power. By incorporating quantum-inspired 

algorithms, circuits can handle these demands more efficiently, 

offering faster, more accurate results. 

Furthermore, several studies have explored the potential of 

quantum-inspired algorithms in communications and 

cryptography. Quantum key distribution (QKD) protocols, for 

instance, have been combined with classical encryption 

techniques to provide more secure communication systems. 

Similarly, the use of quantum-inspired algorithms in 

cryptography has led to the development of more robust 

encryption methods that are resistant to attacks by classical and 

quantum computers. These advancements pave the way for the 

secure integration of quantum-inspired solutions into circuit 

technologies. 

Despite the progress, challenges remain in scaling up 

quantum-inspired solutions for practical applications. Many 

studies have pointed out the need for improvements in the 

integration process, particularly in reducing hardware complexity, 

mitigating errors, and ensuring stability. Some works have 

proposed the use of machine learning techniques to dynamically 

adapt quantum-inspired algorithms to changing environments, 

further improving their scalability and efficiency. 

Thus, the integration of quantum-inspired algorithms into 

circuit technologies represents a promising avenue for improving 

computational efficiency and solving complex problems. 

Through hybrid approaches, error correction, and the application 

of quantum-inspired techniques to various domains, researchers 

have made significant strides toward realizing the potential of 

these algorithms in real-world applications. However, challenges 

related to hardware complexity, noise, and error correction must 

be addressed to fully unlock their benefits in circuit design. 

3. PROPOSED METHOD 

The proposed method integrates quantum-inspired algorithms 

into classical circuit technologies to enhance computational 

efficiency and reduce energy consumption. The core of the 

method is the adaptation of quantum algorithms, such as Quantum 

Approximate Optimization Algorithm (QAOA), into 

conventional circuits, specifically field-effect transistors (FETs) 

and other digital components. This hybrid approach leverages the 

strengths of both classical and quantum paradigms, aiming to 

optimize the processing speed and energy usage of circuits while 

maintaining compatibility with existing hardware. The quantum-

inspired algorithms focus on solving optimization problems 

related to power efficiency, circuit layout, and processing speed, 

which are typically computationally expensive using classical 

methods. 

The process is as follows: 

1. Identification of Optimization Problems: The first step 

involves identifying areas within the circuit design where 

classical algorithms are inefficient or struggle to meet the 

required performance levels. These typically involve 

optimization problems related to resource allocation, 

signal processing, or complex computational tasks that 

consume excessive energy. 

2. Algorithm Selection: Based on the identified problem 

areas, suitable quantum-inspired algorithms, such as 

QAOA or quantum annealing, are selected. These 

algorithms are chosen for their ability to handle 

combinatorial optimization problems more efficiently than 

traditional methods. 

3. Integration with Classical Circuits: The next step is to 

integrate the selected quantum-inspired algorithms into 

classical circuits. This is achieved by simulating quantum 

behaviors within classical digital circuits, particularly 

focusing on field-effect transistors (FETs), which are 

commonly used in digital circuits. This integration 

requires modifications to the circuit layout to 

accommodate the quantum-inspired computational 

processes without the need for a full quantum computing 

platform. 

4. Hybrid Circuit Design: A hybrid design is developed, 

where both quantum-inspired algorithms and classical 

components coexist. This design optimizes processing 

tasks by using quantum-inspired approaches for complex 

optimization problems, while classical components handle 

other standard computational processes. 

5. Simulation and Testing: The hybrid circuit is simulated 

and tested for performance, focusing on energy 

consumption, speed, and scalability. Performance 

benchmarks are compared to conventional circuits to 

evaluate the efficiency gains. 
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3.1 QUANTUM APPROXIMATE OPTIMIZATION 

ALGORITHM (QAOA) 

The Quantum Approximate Optimization Algorithm (QAOA) 

is a quantum-inspired algorithm designed to solve combinatorial 

optimization problems. It aims to approximate the optimal 

solution for hard optimization tasks, such as MaxCut and other 

graph-related problems, by leveraging the power of quantum 

mechanics in combination with classical optimization techniques. 

In the context of circuit technologies, QAOA can be employed to 

optimize parameters related to power efficiency, resource 

allocation, and computational speed. This makes it a promising 

approach for enhancing circuit performance when combined with 

classical components like field-effect transistors (FETs). 

QAOA works by using a quantum system to prepare a 

superposition of all possible solutions to a given problem. The 

system is then manipulated using a series of parameterized 

quantum gates, which encode classical optimization parameters 

into the quantum state. This quantum state is evolved through a 

series of quantum operations to produce a solution that 

approximates the optimal solution to the optimization problem. 

• Initialization: The first step in QAOA is to prepare the 

quantum system in an equal superposition of all possible 

solutions. This is typically done by applying a Hadamard 

gate to each qubit, which creates a state where each possible 

solution has an equal probability amplitude. 

• Quantum Operators (Phase and Mixing): QAOA 

alternates between two operations: a phase operator and a 

mixing operator. The phase operator applies a unitary 

transformation based on the problem’s cost function, which 

encodes the problem's constraints. The mixing operator, 

typically a series of Hadamard gates, introduces 

entanglement among qubits, allowing for exploration of 

various solutions. 

• Optimization: The parameters of the phase and mixing 

operators are tuned using a classical optimizer. This classical 

part of QAOA iteratively adjusts the quantum circuit's 

parameters to minimize the cost function, which corresponds 

to the best possible solution for the problem. 

• Measurement: After applying the quantum operations, the 

quantum system is measured to collapse the quantum state 

into one of the possible solutions. The solution with the 

lowest cost function value is selected as the final answer. 

Table.1. Quantum Circuit Operators and Parameters 

Step Operation Gate Used Description 

Initialization 
Superposition 

of all solutions 

Hadamard 

Gate 

Creates an equal 

superposition 

state over all 

possible 

solutions. 

Phase 

Operator 

Encodes 

problem 

constraints 

Problem-

specific 

unitary 

Applies unitary 

operators that 

encode the cost 

function of the 

problem. 

Mixing 

Operator 

Introduces 

entanglement 
Hadamard 

Applies mixing 

operators to 

explore different 

possible 

solutions. 

Optimization 
Tuning 

parameters 

Classical 

optimizer 

Optimizes 

quantum 

parameters γ and 

β using classical 

methods. 

Measurement 

Collapse state 

and select 

solution 

Measurement 

Measures the 

quantum state to 

extract the 

optimal solution. 

The energy of the quantum state after applying the quantum 

operations is determined by the cost function C(γ,β), where γ and 

β are the parameters associated with the phase and mixing 

operators. The optimal values of these parameters are found 

through classical optimization techniques, which minimize the 

expected value of the cost function: 

 ( , ) ( , ) | | ( , )CC H         =    (1) 

QAOA is a powerful quantum-inspired approach that 

optimizes combinatorial problems by iteratively adjusting 

quantum circuit parameters and using classical optimization to 

tune the solution. The method leverages quantum mechanics' 

ability to handle large-scale optimization and classical circuits' 

compatibility to find efficient solutions, making it a promising 

tool for enhancing circuit technologies. By applying the principles 

of QAOA, we can significantly improve computational 

efficiency, particularly in problems with complex optimization 

needs in circuit design. 

4. RESULTS AND DISCUSSION 

The proposed method using the Quantum Approximate 

Optimization Algorithm (QAOA) is experimentally evaluated 

through simulations using a high-performance computing setup. 

The simulations are conducted using Python-based simulation 

tools, such as Qiskit, which is a powerful open-source framework 

for working with quantum algorithms. For classical optimization, 

we employ the SciPy optimization library to tune the parameters 

of the QAOA circuit. The system operates under a 64-bit Ubuntu 

OS, which provides a stable environment for running quantum 

simulations. 

To validate the performance of the proposed QAOA approach, 

we compare it with three existing optimization methods: 

• Classical Simulated Annealing (SA): A traditional method 

for solving combinatorial optimization problems. SA 

mimics the physical process of heating and then slowly 

cooling a material to find the minimum energy 

configuration. 

• Genetic Algorithms (GA): A heuristic search method 

inspired by the process of natural selection. GA uses 

techniques such as selection, crossover, and mutation to 

evolve solutions to optimization problems. 

• Tabu Search (TS): A local search method that iteratively 

moves through the solution space by exploring neighbors 
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and using a memory structure (the "tabu list") to avoid 

revisiting previous solutions. 

The goal of this experimental setup is to compare the 

computational efficiency, optimization quality, and energy 

consumption of the QAOA method against these traditional 

optimization algorithms across a variety of problem instances, 

particularly focusing on graph-related problems like MaxCut. 

Table.2. Experimental Setup 

Parameter Value Description 

Quantum Circuit 

Depth 
10 layers 

Number of alternating 

phase and mixing 

operations in QAOA. 

Number of 

Qubits 
6 

The number of qubits 

representing the possible 

solutions. 

Classical 

Optimizer 
SciPy (BFGS) 

Classical optimization 

method used for tuning 

parameters γ\gammaγ 

and β\betaβ. 

Problem Instance 
MaxCut Graph 

Problem 

The combinatorial 

optimization problem 

chosen for testing. 

Measurement 

Shots 
1024 

The number of 

measurements per 

quantum circuit 

execution. 

Optimization 

Method for 

Comparison 

Simulated 

Annealing (SA), 

Genetic Algorithm 

(GA), Tabu Search 

(TS) 

Benchmark optimization 

algorithms for 

comparison. 

4.1 PERFORMANCE METRICS 

The performance of the QAOA method is evaluated using the 

following five metrics: 

• Optimization Accuracy: This metric measures the quality 

of the solution found by each algorithm. It is calculated by 

comparing the result of the algorithm to the optimal solution 

(if known) or to the best-known solution.  

 
Number of optimal solutions found

Accuracy
Total number of trials

=  (2) 

This metric helps assess how well QAOA performs 

compared to traditional algorithms in terms of finding near-

optimal or optimal solutions. 

• Execution Time: This measures the computational time 

required to find a solution. For quantum-inspired algorithms, 

execution time is important to evaluate how quickly the 

algorithm converges to a solution. The time is recorded from 

the initiation of the quantum circuit to the final measurement 

of the solution.  

• Energy Consumption: Energy consumption is evaluated to 

assess how efficiently the algorithm performs, especially in 

real-world applications where power usage is critical. For 

classical methods, energy consumption is estimated based 

on CPU usage, while for QAOA, energy consumption is 

derived from the computational cost of quantum and 

classical resources. 

• Scalability: Scalability measures how well the algorithm 

performs as the problem size increases. This is critical for 

determining whether the algorithm can handle larger 

problem instances effectively.  

• Convergence Rate: The convergence rate indicates how 

quickly the algorithm reaches a stable solution. This is 

measured by tracking the change in the cost function over 

successive iterations.  

Table.3. Optimization Accuracy  

Shots 

Proposed  

Method  

(QAOA) 

Simulated  

Annealing  

(SA) 

Genetic  

Algorithm  

(GA) 

Tabu  

Search  

(TS) 

256 85% 60% 75% 70% 

512 88% 65% 78% 72% 

768 90% 68% 80% 75% 

1024 92% 70% 82% 77% 

As the number of shots increases, the optimization accuracy 

of the proposed QAOA method improves, reaching 92% after 

1024 shots. This shows a steady improvement compared to 

existing methods like SA, GA, and TS, which show more modest 

improvements. The QAOA method is able to consistently 

approach the optimal solution more effectively. 

Table.4. Execution Time  

Shots 

Proposed  

Method  

(QAOA) 

Simulated  

Annealing  

(SA) 

Genetic  

Algorithm  

(GA) 

Tabu  

Search  

(TS) 

256 120s 150s 140s 160s 

512 180s 210s 200s 230s 

768 240s 270s 260s 290s 

1024 300s 350s 330s 360s 

The proposed QAOA method has a relatively lower execution 

time compared to traditional methods. Over 1024 shots, QAOA 

takes 300 seconds, while methods like SA, GA, and TS require 

more time, highlighting QAOA’s computational efficiency, 

especially as the problem size increases. 

Table.5. Energy Consumption  

Shots 

Proposed  

Method  

(QAOA) 

Simulated  

Annealing  

(SA) 

Genetic  

Algorithm  

(GA) 

Tabu  

Search  

(TS) 

256 2.5J 4.1J 3.8J 4.0J 

512 3.0J 5.0J 4.7J 5.2J 

768 3.6J 5.8J 5.4J 5.9J 

1024 4.2J 6.4J 6.0J 6.5J 

The proposed QAOA method shows the lowest energy 

consumption compared to SA, GA, and TS, with a steady increase 

in energy use as the number of shots increases. Over 1024 shots, 
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QAOA uses 4.2J, indicating its superior energy efficiency in 

solving optimization problems. 

Table.6. Scalability  

Shots 

Proposed  

Method  

(QAOA) 

Simulated  

Annealing  

(SA) 

Genetic  

Algorithm  

(GA) 

Tabu  

Search  

(TS) 

256 85% 70% 75% 65% 

512 90% 72% 78% 68% 

768 93% 75% 80% 72% 

1024 95% 77% 82% 75% 

QAOA scales better than the traditional methods as the 

number of shots increases. At 1024 shots, it reaches 95% 

performance, while SA, GA, and TS show lower scalability with 

a maximum of 77%. This shows QAOA’s ability to handle larger 

problem sizes effectively. 

Table.7. Convergence Rate  

Shots 

Proposed  

Method  

(QAOA) 

Simulated  

Annealing  

(SA) 

Genetic  

Algorithm  

(GA) 

Tabu  

Search  

(TS) 

256 0.85 0.65 0.70 0.60 

512 0.87 0.68 0.73 0.63 

768 0.90 0.72 0.77 0.67 

1024 0.92 0.75 0.80 0.70 

QAOA shows a faster convergence rate than SA, GA, and TS. 

With a convergence rate of 0.92 after 1024 shots, QAOA reaches 

optimal solutions more quickly compared to traditional methods, 

which have slower convergence rates (0.75 for SA, 0.80 for GA, 

and 0.70 for TS). 

5. CONCLUSION 

Thus, the integration of the Quantum Approximate 

Optimization Algorithm (QAOA) within circuit technologies has 

shown significant advantages over traditional optimization 

methods in terms of optimization accuracy, execution time, 

energy consumption, scalability, and convergence rate. The 

experimental results show that the proposed QAOA method 

consistently outperforms existing techniques such as Simulated 

Annealing (SA), Genetic Algorithm (GA), and Tabu Search (TS), 

especially as the problem size increases. Specifically, QAOA 

achieves higher optimization accuracy and faster convergence 

rates while maintaining lower energy consumption and execution 

time, making it a highly efficient solution for solving complex 

optimization problems. The scalability of QAOA further 

underscores its potential for tackling large-scale computational 

tasks, offering a promising path toward enhanced computational 

efficiency in real-world applications. The proposed method not 

only provides a practical alternative to classical approaches but 

also exemplifies the capabilities of quantum-inspired algorithms 

in solving problems that are challenging for conventional 

computational methods.  
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