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Quantum support vector machine [1]

[1] Havlíček, Vojtěch, et al. "Supervised learning with quantum-enhanced feature spaces." Nature 567.7747 (2019): 209-212.
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 eigenvalues. In this way, 
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of qubits. However, this may be

a strong approximation. 
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As expected, entanglement increases much faster in these cases!


