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Abstract: Combining the merits of quantum computation and neural networks, quantum neural networks (QNNs) have
gained considerable attention in recent years. However, because of the limitation of quantum resource (the number of qubits,
quantum logic gate fidelity, et al.) and the barren plateau phenomenon (the trainability problem that occurs in quantum neu-
ral networks when the landspace turns flat as the optimization is run), it is costly to train QNNss. In this paper, an unsuper-
vised feature learning is proposed for quantum-classical hybrid neural networks to alleviate the problems. The unsupervised
feature learning method, which can learn a hierarchy of feature extractors, is introduced by combining quantum autoen-
coders and K-medoids clustering algorithm. Key to our approach is to use K-medoids clustering to maximize the difference
of properties of the trained quantum autoencoders. The effectiveness and practicability of the proposed approach is verified
on bearing anomaly detection using numerical simulation on binary, four-class and ten-class classification, achieving 100%,
89.6%, 81.6% on test set, respectively.
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Fig. 1 Framework for variational quantum algorithm
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after PCA and the accuracy on test set
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