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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
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cold atoms, superconducting circuits, … 

The quantum perceptron constitutes the building block of new quantum technologies: 

multiqubit-gates, quantum sensing, …

The quantum perceptron is an universal approximator. It has at least the same

approximation power as classical neural networks.

The quantum perceptron is an universal approximator. It has at least the same 

approximation power as classical neural networks.



Take home

We provide a straightforward physical implementation using an Ising Hamiltonian: trapped ions, 

cold atoms, superconducting circuits, … 

The quantum perceptron constitutes the building block of new quantum technologies: 

multiqubit-gates, quantum sensing, …

We provide a straightforward physical implementation using an Ising Hamiltonian: trapped ions, 

cold atoms, superconducting circuits, … 

The quantum perceptron is an universal approximator. It has at least the same 

approximation power as classical neural networks.



Take home

We provide a straightforward physical implementation using an Ising Hamiltonian: trapped ions, 

cold atoms, superconducting circuits, … 

The quantum perceptron constitutes the building block of new quantum technologies: 

multiqubit-gates, quantum sensing, …

The quantum perceptron constitutes the building block of new quantum technologies: 

multiqubit-gates, quantum sensing, …

The quantum perceptron is an universal approximator. It has at least the same 

approximation power as classical neural networks.



Welcome to QUINFOG




