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Abstract: 

The usage of QNNs is one approach that might be used to close the knowledge gap that exists 

between the domains of machine learning and quantum computing. As a result of this 

research, a full analysis of QNNs has been offered, covering a wide range of issues including 

their theoretical underpinnings, training techniques, benefits, limits, applications, and 

assessment methodologies. Quantum neural networks, also known as QNNs, are a type of 

artificial neural network that makes use of the power of quantum computing. These networks 

provide the promise for a significant improvement in processing speed as well as greater 

representation capabilities. On the other hand, in order to make full advantage of the benefits 

that QNNs give, obstacles such as scalability concerns and hardware restrictions need to be 

addressed and fixed. The fact that QNNs have the potential to be applied in such a broad 

range of different sectors is evidence of both the adaptability and the significance of this 

rapidly developing field of study. It will be necessary to do more study and investigation if 

there is to be any hope of making headway in the field of quantum machine learning with 

regard to the creation of QNNs and of realizing their full potential. 

Keywords: Machine learning, Quantum Neural Networks, Quantum Computing, 

Artificial Neural Networks.  

1. Introduction 

Quantum computing and machine learning are two topics that are undergoing rapid 

development at the moment. These two areas have the potential to revolutionize many 

different areas of science, technology, and even business. By utilizing the ideas presented in 

quantum physics, quantum computers are able to accomplish certain tasks more effectively 

and with greater levels of parallelism than conventional computers. Techniques that fall 

under the umbrella of machine learning provide computers the capacity to learn from data 

and come to intelligent conclusions without the need for explicit programming. The 



intersection of these two research areas has resulted in the emergence of an exciting new area 

of study known as quantum machine learning (QML), the goal of which is to harness the 

potential of quantum computing in order to enhance the capabilities of machine learning 

algorithms.  

The construction of quantum neural networks (QNNs) is one of the key methodologies 

utilised by QML. By combining the basics of quantum computing with the underlying 

structure and design of neural networks, QNNs make it possible to investigate new 

computational paradigms. This is accomplished by merging the two together. This research 

provides a comprehensive analysis of QNNs, including topics such as their theoretical 

foundations, training techniques, and potential applications..  

1.1.Theoretical Foundations of Quantum Neural Networks 

Quantum neural networks (QNNs) are a potent framework for data processing and analysis 

that incorporate ideas from quantum computing and machine learning. The theoretical 

underpinnings of QNNs are examined in this section, along with quantum feature maps, 

quantum data encoding, and QNN architecture.  

Fig.1: Quantum Neural Network Link 

1. Quantum Data Encoding:  

A fundamental step in QNNs is quantum data encoding, which enables the representation of 

classical information as quantum states. For this, several encoding systems have been 

suggested. To allow for the superposition of many data points, amplitude encoding entails 

mapping classical data onto the amplitudes of a quantum state (Havlek et al., 2019). On the 



other hand, phase encoding offers an alternative method of representing information by 

encoding conventional data as the phase of a quantum state. A broader strategy known as 

quantum embedding enables the mapping of classical data into a high-dimensional quantum 

state space, allowing for more intricate representations (Havlek et al., 2019). The quantum 

feature maps rely heavily on these encoding techniques.  

2. Quantum Feature Maps:  

According to Acampora et al. (2023) quantum feature maps, the stored classical data is 

transformed into a high-dimensional quantum state space. These feature maps can be 

constructed using continuous-variable systems or quantum circuits, which were inspired by 

quantum gates. To perform calculations and change data, quantum circuits use several 

quantum gates (Acampora et al., 2023). As opposed to discrete-variable systems, continuous-

variable systems represent and process data using continuous variables like location and 

momentum. Within a quantum framework, these feature maps offer the means to process and 

change the input data.  

3. The architecture of Quantum Neural Networks:  

The positioning and connectivity of quantum nodes, which are comparable to the neurons in 

classical neural networks, establish the architecture of QNNs (Dey et al., 2020). The input 

data is subjected to quantum operations and transformations by quantum nodes. Depending 

on the specific implementation, these nodes can be realized utilizing various quantum 

systems, such as qubits or continuous-variable systems (Dey et al., 2020). Quantum 

entanglement, a key characteristic of quantum physics, creates the connections between 

quantum nodes. The discovery of intricate relationships within the data is made possible by 

quantum entanglement, which enables the correlation and coherence of quantum states (Dey 

et al., 2020).  

4. Quantum Nodes and Operations:  

In QNNs, quantum nodes subject the input data to quantum operations and transformations. 

Quantum gates, which carefully modify the quantum states, can be a part of these activities. 

The Hadamard gate, Pauli gates, and control gates like the CNOT gate are a few examples of 

quantum gates that are frequently employed in QNNs (Jadhav et al., 2023). Quantum nodes 

can also include more intricate processes. For example, variational quantum circuits use 



parameterized gates that are optimized throughout the training process (Jadhav et al., 2023). 

The QNN can process and extract pertinent information from the incoming data thanks to 

these procedures.  

5. Quantum Entanglement and Coherence:  

A key component of QNNs is quantum entanglement, which enables the correlation and 

coherence of quantum states. Entanglement can be taken advantage of by QNNs to capture 

intricate connections and relationships in the data. The operation of QNNs is also 

significantly influenced by quantum interference, which results from the superposition of 

quantum states (Schuld et al., 2020). It offers a way to make use of the processing capability 

of quantum systems by allowing the simultaneous exploration of numerous computational 

paths.  

Training Algorithms for Quantum Neural Networks 

Quantum Neural Networks (QNN) performance and parameter optimization require training 

techniques. This section examines the various quantum variational, gradient-based, and 

reinforcement learning training techniques that are employed in QNNs.  

1. Gradient-Based Optimization:  

When training QNNs, gradient-based optimization techniques are essential. These techniques 

use quantum circuits to compute gradients, enabling the use of conventional optimization 

methods (Benedetti et al., 2019). Quantum backpropagation, which calculates gradients in a 

QNN layer by layer using the chain rule, is one popular method. Another gradient-based 

method is the parameter-shift rule, which calculates gradients by adjusting the quantum gate's 

parameters and calculating the related expectation values (Benedetti et al., 2019). These 

techniques make it possible to update the parameters of QNNs using conventional 

optimization techniques like stochastic gradient descent.  



 

2. Quantum Variational Algorithms:  

An alternate method for training QNNs is provided by quantum variational algorithms. To 

improve the process of creating quantum states, these methods integrate variational quantum 

circuits with traditional optimization algorithms. According to Fakhimi and Validi (2002), 

variational quantum circuits are parameterized quantum circuits whose parameters are 

selected based on the optimum quantum states for a particular task. For combinatorial 

optimization issues, the quantum approximate optimization algorithm (QAOA) is a well-

known variational quantum method (Fakhimi & Validi, 2023). Another variational quantum 

technique used for classification applications is the quantum variational classifier (QVC). 

These techniques have produced encouraging outcomes when used to train QNNs and 

address various optimizations and classification issues (Fakhimi & Validi, 2023).  

3. Quantum Reinforcement Learning:  

An emerging field called quantum reinforcement learning (QRL) combines reinforcement 

learning strategies with the exceptional capabilities of quantum computers. To improve 

exploration and exploitation in sequential decision-making tasks, QRL algorithms take 

advantage of quantum system features including superposition and interference (Kunczik, 

2022). A QRL algorithm called quantum advantage policy iteration (QAPI) combines 

conventional reinforcement learning methods with the creation and measurement of quantum 
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states (Kunczik, 2022). Another QRL approach called quantum approximate policy iteration 

(QAPI) uses variational quantum circuits to estimate an agent's policy. 

 

 These algorithms have the potential to solve challenging decision-making issues.  



 

4. Comparison and Considerations:  

Each QNN training algorithm has benefits and drawbacks. By utilizing traditional 

optimization approaches, gradient-based optimization methods offer a simple way (Dunjko & 

Wittek, 2020). However, they might struggle with the difficulty of precisely calculating 

gradients in the presence of noise and errors. On the other hand, quantum variational 

algorithms are flexible and capable of handling a range of optimization and classification 

challenges (Dunjko & Wittek, 2020). However, the optimization environment for variational 

quantum circuits can be quite complicated, which could make it difficult to identify the best 

solutions. Sequential decision-making issues may be effectively solved by quantum 

reinforcement learning algorithms, but they might need a lot of computing power (Allcock & 

Zhang, 2018).  
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Fig.2: Algorithm of Quantum Neural Networks  

Advantages and Limitations of Quantum Neural Networks 

Due to the increased computational speed offered by quantum computing, quantum neural 

networks (QNNs) provide several advantages over conventional neural networks. The 

benefits of QNNs are covered in this section, including computing efficiency, capacity for 

representation, and the investigation of intricate correlations. It also discusses QNNs' 

drawbacks, such as interpretability, scalability, and restrictions on quantum technology.  

1. Advantages of Quantum Neural Networks:  

a. Computational Speedup: The potential for processing speedup provided by quantum 

parallelism is one of the key benefits of QNNs. In comparison to conventional neural 

networks, quantum systems can simultaneously explore numerous computational 

routes, allowing for quicker training and inference procedures (Lloyd et al., 2014). 

Large-scale optimization issues and sophisticated computations both benefit greatly 

from this speedup.  

b. Representation Capacity:  When compared to classical neural networks, QNNs have 

a greater capacity for representation since they make use of high-dimensional 

quantum state spaces. QNNs can recognize and interpret complex linkages and 



dependencies within the data by utilizing the superposition and entanglement features 

of quantum systems (Dey et al., 2020). More expressive and adaptable models for a 

variety of tasks are made possible by this expanded representation capacity.  

c. Exploration of Complex Correlations:  The study of intricate correlations and 

interactions within the data is made possible by QNNs thanks to the significant roles 

that quantum entanglement and quantum interference play. Because of the correlation 

and coherence of quantum states made possible by quantum entanglement, QNNs can 

capture complex interactions that may be difficult for classical neural networks to 

understand (Havlek et al., 2019). Quantum interference, which results from the 

superposition of quantum states, makes it possible to explore several computational 

avenues at once, which improves the learning dynamics of QNNs (Havlíček et al., 

2019).  

2. Limitations of Quantum Neural Networks:  

a. Quantum Hardware Constraints: Due to the limits and flaws of the available 

quantum technology, implementing QNNs in practice is difficult. The performance 

and accuracy of QNNs can be significantly impacted by noise, decoherence, and 

restricted qubit connection (Preskill, 2018). Realizing the full potential of QNNs in 

practical applications requires overcoming these obstacles and creating ways for error 

mitigation (Dunjko & Wittek, 2020).  

b. Scalability: The high computational demands and resource constraints of quantum 

systems play a crucial role in the scalability of QNNs. Large-scale implementations 

are difficult because the number of qubits and quantum operations required to solve 

the problem rises exponentially as its size (Schuld et al., 2020). To get over these 

scaling restrictions, efficient hardware architectures, and algorithms must be created.  

c. Interpretability: In comparison to classical neural networks, the interpretability and 



explainability of QNNs are relatively unexplored subjects. Building trust and 

confidence in QNNs' applications requires an understanding of their inner workings 

and decision-making procedures (Cong et al., 2019). The field of study is actively 

engaged in the development of QNN-specific interpretability methodologies and 

approaches 

Fig. 3: Quantum Computing Risks 

Applications of Quantum Neural Networks 

Quantum neural networks (QNNs) have a lot of potential for use in a variety of applications 

across numerous fields. The use of QNNs in generative modeling, quantum chemistry, 

optimization issues, and pattern recognition is examined in this section.  

1. Pattern Recognition:  

QNNs have shown potential in pattern recognition tasks, outperforming traditional neural 

networks in terms of performance. To efficiently capture complex picture features and 

achieve improved accuracy in image classification, QNNs use quantum parallelism and 

quantum feature maps (Schuld et al., 2017). In object recognition, where QNNs have been 

used, they show improved resilience against noise and picture changes (Park & Kim, 2018). 

The quantum representation capability of QNNs can be utilized to capture complex linguistic 

patterns in applications like sentiment analysis, text categorization, and language production 

in natural language processing (Guarasci et al., 2022).  

2. Quantum Chemistry:  

Quantum chemistry is a natural application area for QNNs because chemical systems are by 

their very nature quantum systems. For molecular simulations, drug discovery, and material 

design, QNNs can be used. The efficient recording of molecule structures using quantum 

feature maps in QNNs makes it easier to predict chemical characteristics and reactions 

(O'Malley et al., 2016). By predicting molecular characteristics and improving drug candidate 

structures, QNNs can aid in expediting the exploration of chemical space and enabling more 

effective drug discovery processes (McClean et al., 2016). By optimizing their atomic 

arrangements, QNNs can also assist in the construction of innovative materials with 

particular features (Kao et al., 2023).  



3. Optimization Problems:  

Numerous optimization issues could benefit from a quantum speedup thanks to QNNs. The 

parallelism and coherence characteristics of QNNs can be used to enhance combinatorial 

optimization, which entails selecting the optimal option from a limited number of 

alternatives. To solve issues including the traveling salesman problem, graph coloring, and 

vehicle routing, QNNs can be used (Lloyd et al., 2014). To effectively identify the best 

investment strategies and asset allocations, portfolio optimization, a critical activity in 

finance, can use QNNs (Buonaiuto et al., 2023). The simultaneous exploration of numerous 

computational paths by QNNs can greatly accelerate the search for the best solution to certain 

optimization challenges.  

4. Generative Modeling:  

In generative modeling tasks, where the objective is to produce new samples that mimic a 

given dataset, QNNs have shown promise. In contrast to conventional generative models, 

QNNs may produce realistic images with improved diversity and high-resolution details 

(Romero et al., 2017). To generate new and aesthetically pleasing musical compositions, 

QNNs can also be used (Harrigan et al., 2021). Another area where QNNs can be used to 

produce coherent and contextually relevant text samples is text production (Cong et al., 

2019). These QNN-based generative modeling applications have the potential to transform 

the creative industries and open up new avenues for artistic expression.  

Benchmarking and Evaluating Quantum Neural Networks 

It is essential to benchmark and evaluates the performance of quantum neural networks 

(QNNs) to judge their efficacy and contrast various models and algorithms. This section 

examines benchmarking and evaluation methods for QNNs while taking generative modeling 

and classification tasks into account. It is also stated how crucial it is to understand how 

quantum entanglement and interference work in QNNs.  

1. Evaluation Metrics for Classification Tasks:  

Different assessment criteria can be used to evaluate QNN performance in classification 

tasks. A frequently used metric is accuracy, which counts the proportion of instances that 

were properly classified. The proportion of true positive forecasts among all positive 



predictions, as measured by accuracy, and the proportion of true positive predictions among 

all instances of true positive predictions, as measured by the recall, offer insights into the 

quality of predictions. The harmonic mean of recall and accuracy, known as the F1 score, 

combines both measures to assess the classifier's overall performance (Havlíček et al., 2019).  

2. Evaluation Metrics for Generative Modeling Tasks:  

Metrics are employed in generative modeling activities to rate the accuracy and variety of the 

generated samples. Based on how closely created samples resemble genuine samples and 

how diverse they are, the inception score evaluates the quality of the generated samples. It 

determines the average Kullback-Leibler (KL) divergence between the marginal class 

distribution of the generated samples and the conditional class distributions (Hinz et al., 

2021). The Frechet Inception Distance (FID), which compares the statistics of generated 

samples and real data using activations of a pre-trained deep neural network, is another 

frequently used metric (Bynagari, 2019). Higher quality and similarity between the produced 

and real samples are shown by lower FID values.  

3. Analyzing Quantum Entanglement and Interference:  

To improve training algorithms and performance, it is crucial to comprehend how quantum 

entanglement and interference work in QNNs. The correlation and coherence of quantum 

states are made possible by quantum entanglement, and this has an impact on how quickly 

QNNs learn new things. Insights into the optimization of network topologies and training 

procedures can be gained by examining the entanglement patterns and their effects on the 

convergence speed and generalization capacities of QNNs (Lloyd et al., 2014). Studying the 

interference effects in QNNs can also provide insight into the dynamics of learning and the 

investigation of complicated correlations in the data (Cong et al., 2019).  

4. Benchmarking Strategies:  

It is essential to assess QNNs' performance against traditional neural networks and cutting-

edge machine learning models to benchmark them. On benchmark datasets, this may entail 

assessing the precision, effectiveness, and scalability of QNNs. By training QNNs and 

traditional neural networks on the same dataset and comparing their performance measures, 

comparisons may be drawn. To evaluate the benefits and drawbacks of QNNs, they can be 



compared to traditional machine learning algorithms like support vector machines or random 

forests (Dunjko & Wittek, 2020).  

Conclusion 

A possible method for bridging the domains of machine learning and quantum computing is 

the use of QNNs. This study has offered a thorough review of QNNs, including information 

on their theoretical underpinnings, training techniques, benefits, drawbacks, applications, and 

evaluation methods. QNNs offer the possibility for significant computational speedup and 

improved representation capabilities by utilizing the power of quantum computing. To 

effectively utilize the benefits of QNNs, however, obstacles like scalability problems and 

hardware limitations must be resolved. The potential uses for QNNs across a range of fields 

demonstrate the adaptability and significance of this developing field. To advance the 

development of QNNs and realize their full potential in the field of quantum machine 

learning, more investigation and study are needed. 

References  

1. Acampora, G., Chiatto, A., & Vitiello, A. (2023). Genetic algorithms as classical 

optimizer for the quantum approximate optimization algorithm. Applied Soft 

Computing, 142, 110296. https://doi.org/10.1016/j.asoc.2023.110296  

2. Allcock, J., & Zhang, S. (2018). Quantum Machine Learning. National Science 

Review, 6(1), 26–28. https://doi.org/10.1093/nsr/nwy149  

3. Benedetti, M., Lloyd, E., Sack, S., & Fiorentini, M. (2019). Parameterized quantum 

circuits as machine learning models. Quantum Science and Technology, 4(4), 043001. 

https://doi.org/10.1088/2058-9565/ab4eb5  

4. Buonaiuto, G., Gargiulo, F., De Pietro, G., Esposito, M., & Pota, M. (2023). Best 

Practices for Portfolio Optimization by Quantum Computing, Experimented on Real 

Quantum Devices. https://doi.org/10.21203/rs.3.rs-2601946/v1  

5. Bynagari, N. B. (2019). Gans trained by a two time-scale update rule converge to a 

local Nash equilibrium. Asian Journal of Applied Science and Engineering, 8(1), 25–

34. https://doi.org/10.18034/ajase.v8i1.9  

6. Cong, I., Choi, S., & Lukin, M. D. (2019). Quantum Convolutional Neural 

Networks. Nature Physics, 15(12), 1273–1278. https://doi.org/10.1038/s41567-019-

0648-8  



7. Dey, S., De, S., & Bhattacharyya, S. (2020). Introduction to quantum machine 

learning. Quantum Machine Learning, 1–10. https://doi.org/10.1515/9783110670707-

001  

8. Dunjko, V., & Wittek, P. (2020). A non-review of Quantum Machine Learning: 

Trends and explorations. Quantum Views, 4, 32. https://doi.org/10.22331/qv-2020-03-

17-32  

9. Fakhimi, R., & Validi, H. (2023). Quantum approximate optimization algorithm 

(QAOA). Encyclopedia of Optimization, 1–7. https://doi.org/10.1007/978-3-030-

54621-2_854-1  

10. Guarasci, R., De Pietro, G., & Esposito, M. (2022). Quantum Natural Language 

Processing: Challenges and opportunities. Applied Sciences, 12(11), 5651. 

https://doi.org/10.3390/app12115651  

11. Harrigan, M. P., Sung, K. J., Neeley, M., Satzinger, K. J., Arute, F., Arya, K., 

Atalaya, J., Bardin, J. C., Barends, R., Boixo, S., Broughton, M., Buckley, B. B., 

Buell, D. A., Burkett, B., Bushnell, N., Chen, Y., Chen, Z., Ben Chiaro, Collins, R., 

… Babbush, R. (2021). Quantum approximate optimization of non-planar graph 

problems on a planar superconducting processor. Nature Physics, 17(3), 332–336. 

https://doi.org/10.1038/s41567-020-01105-y  

12. Havlíček, V., Córcoles, A. D., Temme, K., Harrow, A. W., Kandala, A., Chow, J. M., 

& Gambetta, J. M. (2019). Supervised learning with quantum-enhanced feature 

spaces. Nature, 567(7747), 209–212. https://doi.org/10.1038/s41586-019-0980-2  

13. Hinz, T., Fisher, M., Wang, O., & Wermter, S. (2021). Improved techniques for 

training single-image gans. 2021 IEEE Winter Conference on Applications of 

Computer Vision (WACV). https://doi.org/10.1109/wacv48630.2021.00134  

14. Jadhav, A., Rasool, A., & Gyanchandani, M. (2023). Quantum Machine Learning: 

Scope for real-world problems. Procedia Computer Science, 218, 2612–2625. 

https://doi.org/10.1016/j.procs.2023.01.235  

15. Kao, P.-Y., Yang, Y.-C., Chiang, W.-Y., Hsiao, J.-Y., Cao, Y., Aliper, A., Ren, F., 

Aspuru-Guzik, A., Zhavoronkov, A., Hsieh, M.-H., & Lin, Y.-C. (2023). Exploring 

the advantages of quantum generative adversarial networks in Generative 

Chemistry. Journal of Chemical Information and Modeling. 

https://doi.org/10.1021/acs.jcim.3c00562  

16. Kunczik, L. (2022). Quantum reinforcement learning—connecting reinforcement 

learning and quantum computing. Reinforcement Learning with Hybrid Quantum 



Approximation in the NISQ Context, 41–48. https://doi.org/10.1007/978-3-658-

37616-1_4  

17. Lloyd, S., Mohseni, M., & Rebentrost, P. (2014). Quantum principal component 

analysis. Nature Physics, 10(9), 631–633. https://doi.org/10.1038/nphys3029  

18. McClean, J. R., Romero, J., Babbush, R., & Aspuru-Guzik, A. (2016). The theory of 

variational hybrid quantum-classical algorithms. New Journal of Physics, 18(2), 

023023. https://doi.org/10.1088/1367-2630/18/2/023023  

19. O’Malley, P. J. J., Babbush, R., Kivlichan, I. D., Romero, J., McClean, J. R., Barends, 

R., Kelly, J., Roushan, P., Tranter, A., Ding, N., Campbell, B., Chen, Y., Chen, Z., 

Chiaro, B., Dunsworth, A., Fowler, A. G., Jeffrey, E., Lucero, E., Megrant, A., … 

Martinis, J. M. (2016). Scalable quantum simulation of molecular energies. Physical 

Review X, 6(3). https://doi.org/10.1103/physrevx.6.031007  

20. Park, K., & Kim, D.-H. (2018). Accelerating image classification using feature map 

similarity in Convolutional Neural Networks. Applied Sciences, 9(1), 108. 

https://doi.org/10.3390/app9010108  

21. Preskill, J. (2018). Quantum Computing in the NISQ era and beyond. Quantum, 2, 79. 

https://doi.org/10.22331/q-2018-08-06-79  

22. Romero, J., Olson, J. P., & Aspuru-Guzik, A. (2017). Quantum autoencoders for 

efficient compression of Quantum Data. Quantum Science and Technology, 2(4), 

045001. https://doi.org/10.1088/2058-9565/aa8072  

23. Schuld, M., Fingerhuth, M., & Petruccione, F. (2017). Implementing a distance-based 

classifier with a quantum interference circuit. EPL (Europhysics Letters), 119(6), 

60002. https://doi.org/10.1209/0295-5075/119/60002  

24. Schuld, Maria, Bocharov, A., Svore, K. M., & Wiebe, N. (2020a). Circuit-centric 

quantum classifiers. Physical Review A, 101(3). 

https://doi.org/10.1103/physreva.101.032308  

25. Schuld, Maria, Bocharov, A., Svore, K. M., & Wiebe, N. (2020b). Circuit-centric 

quantum classifiers. Physical Review A, 101(3). 

https://doi.org/10.1103/physreva.101.032308  

 


