Quantum phase detection generalisation from
marginal quantum neural network models
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Detaills on the QCNN
e Supervised classifier. (Unsupervised technique) The autoencoder compresses the initial state and assign an anomaly
e Outputs the probability p,; to be in the score C = % ZquT (1 —(Z;)) to each point in the phase diagram.
jth phase (ferro-, para-magnetic or antiphase).
e Resistant to barren plateaus. .
e Train with the cross entropy loss function Quantum Convolutional Neural Network (QCNN) [3]
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Generalisation from training on the boundaries [5]:
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