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Background

Quantum convolutional neural networks (QCNNs) extend classical CNN concepts to para-
meterized quantum circuits (PQCs), but their deployment on NISQ devices is challenging
11, 2]. To fit QCNNs on current hardware, often dimensionality-reduction techniques (e.g.
PCA, autoencoders) are applied, which can lead to:

e |oss of fine details
e Disrupt spatial structure that CNNs exploit
e Obscuring whether the QCNN or the pre-processing do the classification

e Limiting generalization to more complex architectures

Fragment encoding

We encode image fragments into a compact quantum representation, where each qubit
sequentially processes a fragment analogous to multiple convolutional layers.

e (lassical convolution:
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Proposition

The depth of fragment encoding scales as O(1).
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Scaling

We evaluate QCNN architectures across different qubit counts. In the Best Model column,
the sequence before “—' denotes the fragment-encoding gates, and the sequence after "—
refers to the QCNN circuit blocks from [3]. Models are read left to right in layer order.

Number of Qubits Best Model Accuracy
1 R,—R,—R,—R,—R,— U3 5135
4 U3—-U3—-U3—-U3— CH 61.37
16 U3—-—U3—-U3— Pool —C2  71.79

CNN baseline

To ensure a fair comparison, we optimize the classical CNN baseline using Bayesian
optimization [4, 5] over 50,000 sampled architectures (100-run averaged performance). The
objective encourages high accuracy while penalizing overly large models:
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Subset MNIST 49 qubit classification
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Conclusion & limitations
e QCNN accuracy improves with more qubits

. .
QCNNs converge faster than classical models v 15, n. 12, p. 1273-1278, 2019

e T[rainable encoding sequences hint at efficient
quantum feature maps

o Tasks were simple (subsets MNIST)
e QCNNs are classically simulatable if not carefully

designed [0}

preprint arXiv:2505.05957, 2025.

[3] ROSELER, Peter et al. Efficient Quantum Convolutional Neural Networks for Image Classification: Overcoming Hardware Constraints. arXiv

[4] WHITE, Colin, NEISWANGER, Willie e SAVANI, Yash. BANANAS: Bayesian Optimization with Neural Architectures for Neural Architecture Search.
Proceedings of the AAAI Conference on Artificial Intelligence, v. 35, n. 12, p. 10293-10301, 2021.

[5] LECUN, Y. et al. Gradient-based learning applied to document recognition. Proceedings of the IEEE, v. 86, n. 11, p. 2278-2324, 1998.
6] BERMEJO, Pablo et al. Quantum convolutional neural networks are (effectively) classically simulable. arXiv preprint arXiv:2408.12739, 2024.

References

[1] GRANT, Edward et al. Hierarchical quantum classifiers. npj Quantum Information, Nature Publishing Group UK London, v. 4, n. 1, p. 65, 2018.
[2] CONG, Iris, CHOI, Soonwon e LUKIN, Mikhail D. Quantum convolutional neural networks. Nature Physics, Nature Publishing Group UK London,

Contact:

| p.roeseler@fz-juelich.de




