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Abstract:  

A promising combination of artificial intelligence and quantum computing, quantum neural 

networks (QNNs) have the potential to completely transform the way neural networks interpret 

and learn from data. QNNs can outperform classical neural networks in terms of speed, 

efficiency, and scalability by utilizing the special qualities of quantum physics, such as 

superposition, entanglement, and quantum parallelism. The basic ideas of QNNs, their 

structures, and the ways in which quantum algorithms can be incorporated into machine 

learning processes to improve problem-solving skills are all examined in this study. current 

developments in QNNs, emphasizing how they can be used for challenging applications 

including pattern recognition, optimization, and high-dimensional data space decision-making. 

We also go over the difficulties in creating scalable QNN models and the possible future 

applications of QNNs in artificial intelligence. By utilizing the potential of quantum 

computing, QNNs have the potential to advance artificial intelligence by providing answers to 

issues that are now intractable through traditional methods. 

Keywords:  Quantum Neural Networks (QNNs),  Artificial intelligence (AI),  Quantum 

computing,   Superposition 

Introduction 

Because AI allows robots to learn, adapt, and carry out activities that previously needed human 

intelligence, it has emerged as a major factor in technological growth. Neural networks, which 

are the foundation of contemporary machine learning algorithms, are essential to these 

advancements. Despite their successful use in a variety of domains, including autonomous 

systems, natural language processing, and image recognition, neural networks have limitations 

when dealing with high-dimensional, complex datasets or optimization problems that demand 

a large amount of processing power. In contrast, a new computational paradigm founded on 

the ideas of quantum physics is provided by quantum computing. Quantum computers are able 

to process information in ways that are not possible for classical computers by utilizing qubits 

to take advantage of superposition, entanglement, and quantum parallelism. This has given rise 

to the intriguing possibility of Quantum Neural Networks (QNNs), a hybrid model that blends 

the computational capacity of quantum systems with the learning capabilities of neural 

networks. By resolving issues that traditional neural networks cannot handle, quantum neural 

networks seek to improve and speed up artificial intelligence. For some jobs, they provide 

exponential speedups. Complex optimizations, high-dimensional data, and other issues that 



 

The Sankalpa: International Journal of Management Decisions 

 ISSN: 2454-7425 

Volume 12, Issue 1 (January - June 2026) 

 

 

 
 
 
 
 
 

2450 
 

traditional AI systems encounter can be handled in innovative ways by incorporating quantum 

algorithms into machine learning processes. By utilizing quantum processing to enhance the 

performance and scalability of AI models, QNNs have the potential to transform domains 

including pattern recognition, decision-making, and autonomous systems. the fundamental 

ideas of quantum neural networks, as well as their architecture, design, and possible 

applications. We'll also look at the latest developments in QNN research, the difficulties in 

scaling these models, and the prospects for AI in the context of quantum computing. 

Fundamentals of Quantum Neural Networks (QNNs) 

An intriguing nexus between artificial intelligence and quantum computing is represented by 

quantum neural networks, or QNNs. QNNs have the potential to solve difficult computational 

problems that traditional neural networks find difficult to handle by integrating the ideas of 

quantum mechanics into the neural network architecture. It is necessary to comprehend both 

the basic ideas of quantum computing and the operation of neural networks in a classical 

context in order to comprehend the principles of QNNs. 

Principles of Quantum Mechanics 

The foundation of quantum computing is quantum mechanics, which is very different from 

classical physics. Superposition and entanglement are the two fundamental ideas that give 

quantum computers their special powers. 

• Superposition In contrast to classical bits, which can only be in one of these states at 

a time, quantum bits (qubits) can exist in a combination of both 0 and 1 states 

simultaneously. Large volumes of data may be processed concurrently by quantum 

computers thanks to this feature.  

• while two qubits become correlated to the point where their states are directly coupled, 

even while they are physically separated, this phenomenon is known as entanglement. 

Because of this characteristic, quantum systems are able to carry out intricate, linked 

tasks that are not possible for classical systems. 

Furthermore, quantum computers can investigate several solutions to an issue at once thanks 

to quantum parallelism, which could result in an exponential speedup for some computational 

tasks when compared to classical systems. 

Overview of Classical Neural Networks 

One important aspect of artificial intelligence is the use of classical neural networks, which are 

modeled after the composition and operations of the human brain. In order to reduce error and 

enhance predictions, they use training techniques like backpropagation to learn from input data 

processed by layers of interconnected nodes (neurons). By modifying weights and biases 

through iterative training on big datasets, these networks perform exceptionally well in tasks 

like pattern recognition, classification, and optimization. 

However, scalability is a problem for traditional neural networks, especially when high-

dimensional data or sophisticated optimization problems are involved. Classical systems need 

exponentially more time and resources to process information efficiently as the magnitude of 

the problem or data increases. 
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How Quantum Computing Enhances Neural Networks 

The goal of quantum neural networks is to improve the performance of classical neural 

networks by utilizing the advantages of quantum computing. QNNs offer a number of possible 

enhancements: 

1. Enhanced Computational Power: QNNs have a major edge in jobs involving 

optimization, high-dimensional data, or sophisticated decision-making because of 

quantum computing's capacity to execute operations in parallel and swiftly explore 

large solution spaces. For example, by doing several computations simultaneously, 

quantum algorithms may be able to shorten neural network training durations. 

2. Quantum Neurons and Quantum Gates: Quantum equivalents of conventional 

neurons are used in QNNs. These quantum neurons handle information differently from 

classical neurons because they represent data using quantum states. Qubits are also 

controlled by quantum gates, which are comparable to classical logic gates. Neural 

network learning requires non-linear transformations, which are made possible by 

quantum gates, which operate on quantum states. 

3. Superposition and Entanglement in Learning: The ability of quantum neurons to 

process many inputs at once through superposition improves the computational 

efficiency of neural networks. A neural network's capacity to represent intricate 

relationships in data may be improved by using entanglement to forge stronger 

connections between its layers. 

4. Quantum Speedups in Optimization: Neural network training is one of several 

machine learning processes that require solving optimization issues. Compared to 

traditional approaches, quantum algorithms, including the Quantum Approximate 

Optimization Algorithm (QAOA), can provide faster and more effective solutions to 

these issues. When training big networks or addressing challenging optimization 

problems in sectors like material design, finance, and logistics, this speedup can be 

quite helpful. 

Hybrid Quantum-Classical Neural Networks 

The majority of QNN systems rely on hybrid quantum-classical models, in which quantum 

processors perform some computations while conventional computers handle others, due to the 

present constraints of quantum hardware. These hybrid models enable researchers to use 

classical systems for portions of the process that quantum hardware is not yet completely 

capable of handling, while yet leveraging quantum speedups for specific tasks, like optimizing 

weights or carrying out intricate matrix operations. 

Even with today's noisy intermediate-scale quantum (NISQ) devices, hybrid QNNs can provide 

workable solutions to construct quantum-enhanced AI systems by bridging the gap between 

completely quantum neural networks and existing quantum capabilities. 

Conclusion 

Combining the flexibility and learning capabilities of neural networks with the computing 

power of quantum mechanics, quantum neural networks (QNNs) mark a substantial 
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advancement in the development of artificial intelligence. Through the use of quantum 

concepts like entanglement and superposition, QNNs provide the potential to analyze high-

dimensional data, solve intricate optimization issues, and speed up neural network training 

much beyond the capabilities of classical systems. These quantum improvements have the 

potential to completely transform data-intensive sectors like healthcare and finance as well as 

domains like pattern recognition and decision-making. Even while QNNs have strong 

theoretical underpinnings, there are still obstacles in the way of fully functional QNNs being 

implemented in practice, especially when it comes to quantum hardware. Due to problems with 

noise, decoherence, and scalability, quantum systems are still in their infancy. Even with the 

limitations of the noisy intermediate-scale quantum (NISQ) technology available today, hybrid 

quantum-classical models offer a way to leverage quantum benefits in the near future, allowing 

for notable breakthroughs. QNNs, which offer previously unheard-of processing power and 

efficiency, are set to become a key component of next-generation AI systems as quantum 

technology advances. Future developments in artificial intelligence will be influenced by the 

ongoing development of quantum algorithms and quantum hardware, which may be able to 

solve issues that cannot be resolved by traditional methods. 
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