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Training the Network

Xi = (xi1, xi2, . . . , xiN ) ∈ Z
N

2

Yi = Q(Xi) ∈ [0, 1]

data representation
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make new predictions

XS+1 = 9 → YS+1 = 0 (prime = False)
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Outlook & Applications

Multiqubit-gates & quantum sensors

Ŵmqb = exp[iQ̂(σ̂z
1 , . . . , σ̂

z
j−1)σ̂

y
j ]

'

Q
n Ûj(
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