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Introduction

� Paper’s Goal: Evaluate hybrid QNNs for image classification.

� Quantum Machine Learning (QML): Potential to enhance
machine learning.
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Key Concepts

� Classical Methods: Convolutional Neural Networks (CNNs).
� Convolutional layers: Feature extraction and classification.

� Limitations: Computational cost, large data requirements.

� Quantum Computing Concepts:
� Qubits: Superposition, entanglement.
� Quantum gates and circuits.

� Quantum Neural Networks (QNNs): Quantum principles in
neural networks.
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Hybrid QNNs

� Hybrid Architectures: Focus of the paper.

� HQNN-Parallel: Parallel quantum circuits after classical layers.
� HQNN-Quanv: Quanvolutional layers for quantum feature

extraction

� Quantum optimisation: Standard loss, but calculate gradients
with the parameter shift rule (c.f. finite difference
approximation).

� Classical Components: Classical neural network parts.
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HQNN-Parallel

� Parallel quantum circuits after classical layers.

� Analogous to classical fully connected layers

� c circuits with i repetitions (ci blocks), best architecture found
to be i=3 with 5 qubit layers.
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Paramaterised Quantum Circuit

� Similar to a regular neural network.

� Inputs: n features, divided into c parts of length q (n = cq)

� Three parts
� Embedding: c.f. tokens

Angle-embedding method: rotate each qubit in ground state
around X-axis (RX) proportional to values in the input vector.

� Variational Gates: rotations based on trainable parameters plus
CNOT (entanglement).

� Measurement: c.f. map back to tokens (Pauli basis).
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HQNN-Quanv

� A quantum take on convolutional layers.

� Apply to 2x2x1 kernel, outputs for channels.

� Similar to PQC: embedding, variational gates, quantum
measurement.
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Datasets and Experimental Setup

� Datasets: MNIST, CIFAR-10, MedicalMNIST.

� Experimental Setup: Quantum simulators (not real!).

� Evaluation Metrics: Accuracy, loss.
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Key Results and Findings

� HQNN-Parallel:
� Accuracy on full MNIST: 99.21%.
� Outperforms classical model with fewer parameters.
� Generalizes to MedicalMNIST and CIFAR-10.

� HQNN-Quanv:
� Matches classical counterpart performance.
� Outperforms classical model with equal weights.
� The HQNN-Quanv achieved an accuracy of 67±1% on the test

data, outperforming the CNN1 with an accuracy of 53±2% and
matching CNN4 with an accuracy of 66±2%.
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Discussion and Implications

� Potential of QML for image classification.

� To obtain a practical advantage with the fewer number of
weights, more efficient quantum computers or simulators of
quantum computers are required.

� Future Research: Exploring different architectures, scalability,
noise resilience.
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