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1 Introduction

Quantum Neural Networks (QNNs) leverage quantum mechanics to enhance Al efficiency.
While promising, their real-world applicability remains uncertain.”®! This paper explores key

QNN principles, what I understand so far, and areas needing further study.

A key research gap is understanding how QNN differ from classical neural networks beyond
theoretical advantages. Specifically, I need to explore:

e How quantum entanglement impacts learning efficiency in QNNs.

e  Which methods of encoding classical data into quantum circuits introduce inefficiencies.

e Whether quantum algorithms provide a computational advantage in deep learning tasks.

2 Background & Evolution of Quantum Neural Networks

QNNs bridge quantum computing and machine learning, using superposition and entanglement
to improve neural networks.'!! Early QNN research adapted classical architectures, but further
study is needed to compare their efficiency, scalability, and the limitations they aim to overcome
in classical deep learning.['! Additionally, more detailed research is needed on how quantum

computing hardware affects the feasibility of QNN implementation.
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Figure 1. Comparison of classical and quantum neural networks in data representation,

processing, training, and limits.["*]

3 Overview of Quantum Neural Network (QNN) Architectures

Quantum Neural Networks come in multiple forms, each designed to solve different types of
machine learning problems."*! To explore their computational advantages, I focus on key open

questions for each architecture.

3.1 Variational Quantum Circuits (VQC) E

A critical challenge in VQCs is understanding whether quantum backpropagation suffers from
vanishing gradients in deep circuits.”] Additionally, I need to explore how variational quantum

optimization compares to classical gradient descent in convergence speed and stability.
3.2 Quantum Convolutional Neural Networks (QCNNSs)

QCNN:s leverage quantum principles for feature extraction, but it remains unclear how
entanglement affects their ability to capture spatial dependencies.®! I need to investigate whether

QCNN s can outperform classical CNNs in practical image recognition tasks.
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33 Quantum Boltzmann Machines (QBMs)

While QBMs promise efficient probabilistic modeling, their real-world training feasibility
remains uncertain./* I aim to explore whether quantum annealing or other quantum optimization

techniques improve their performance over classical Boltzmann Machines.

34 Completely Quantum Neural Networks (CQNN5)

CQNN s eliminate classical computation, but optimization without classical components presents
challenges.®! Open questions include how CQNN s handle noise and decoherence and whether

they offer a tangible advantage over hybrid architectures.

3.5  Hybrid Quantum-Classical Neural Networks

Hybrid QNNs combine classical and quantum processing to mitigate current hardware
limitations.! Figure 2 illustrates how classical optimization refines quantum parameters in a

feedback loop.
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While hybrid models provide a bridge between classical and quantum computing, researchers

continue to explore fully quantum architectures. Figure 3 illustrates the broader evolution from

classical deep learning to hybrid and purely quantum neural networks.
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Figure 3. Evolution of neural networks from classical deep learning to hybrid and fully quantum

models, showing key architectures.

3.6 Open Questions in QNN Architectures

As I continue exploring QNN architectures, I have identified key unanswered questions that

require further study, including the efficiency of VQCs and the impact of entanglement on

feature extraction.

e Do VQCs demonstrate superior efficiency over classical deep learning?

e What role does entanglement play in QCNN feature extraction?

e Are QBMs more computationally efficient in probability modeling than classical models?

e (Can hybrid QNNs provide a practical performance advantage over purely classical

models?



4 Key Breakthroughs & Limitations of QNNs
4.1 Applications of QNNs

QNNs have demonstrated early potential in several key fields, including...
e Quantum Chemistry: Simulating molecular interactions beyond classical reach.!”!
e Optimization Problems: Improving combinatorial tasks like financial modeling and
logistics.!!
e Pattern Recognition & Al: Enhancing image classification and NLP via hybrid models.!

e Cryptography & Security: Potential use in quantum-secure cryptographic algorithms.[®!
4.2  Key Limitations

Despite theoretical promise, QNNs face major obstacles, including barren plateaus, quantum

1,3,4,5

noise, and hardware constraints.! I'To better understand these issues, I will analyze mitigation

strategies that work within current quantum hardware constraints."!

To mitigate barren plateaus, QNN require optimized quantum-specific algorithms.!*! Further
research must determine error correction's role in real-world QNN viability. Future work must

explore alternative quantum models to bypass QNN limitations.

5 Open Questions & Future Exploration

Through my research so far, [ have identified several key gaps in my understanding that require
further investigation. Many of these challenges, such as barren plateaus and hybrid model

efficiency, have been outlined in previous literature,'® but require further analysis:

¢ Quantum Data Encoding: Which classical-to-quantum data encoding techniques
introduce inefficiencies? [

e Barren Plateaus & Optimization: How do QNNs overcome vanishing gradient issues, and
are there quantum-specific optimizers that mitigate this problem? 1

¢ Quantum Hardware Constraints: What are the major limitations in today’s quantum

hardware that prevent large-scale QNN implementation? [*!



¢ Quantum vs. Classical Superiority: Have QNNs ever outperformed classical deep

learning, and if not, why? [

6 Conclusion

While I have gained a foundational understanding of QNNs, many aspects remain unclear.E
deepen my understanding, [ will study quantum circuit mathematics, training methodologies, and
hardware constraints. Additionally, I will explore error mitigation techniques and quantum data
representation. My future research will also focus on the scalability of QNN architectures and the
impact of quantum hardware advancements. Additionally, I will examine hybrid QNNss,
evaluating their applications and whether they serve as a temporary bridge or a sustainable

computational model in quantum machine learning.!-]


Michael Heroux
Sticky Note
Reasonable conclusion but again, your scope is too large to finish everything by the end of the semester.  You will need to downselect.


[1]

[2]

[3]

[4]

[5]

References

A. Sahakyan, ‘Introduction to Quantum Machine Learning and Quantum Neural

Networks’, arXiv preprint arXiv:2211. 06554, 2022.

M.-G. Zhou, Z.-P. Liu, H.-L. Yin, C.-L. Li, T.-K. Xu, and Z.-B. Chen, ‘Quantum Neural
Network for Quantum Neural Computing’, Research, vol. 6, p. 0134, 2023.

S. Abel, J. C. Criado, and M. Spannowsky, ‘Completely quantum neural
networks’, Physical Review A, vol. 106, no. 2, Aug. 2022.

Y. Kwak, W. J. Yun, S. Jung, and J. Kim, ‘Quantum Neural Networks: Concepts,
Applications, and Challenges’, arXiv [quant-ph]. 2021.

F. V. Massoli, L. Vadicamo, G. Amato, and F. Falchi, ‘A Leap among Quantum Computing
and Quantum Neural Networks: A Survey’, ACM Comput. Surv., vol. 55, no. 5, Dec. 2022.





