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Classical vs Quantum
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Classical vs Quantum
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Classical vs Quantum

quantum
computer

ﬂ..// R R R R

7~ Y ~ w - AN £ - -
T
= R G R T R T e R G P e
el M”, ,mmﬂwww#,%wﬁ” uﬁa/mu////&f/um
A

== (0101

classical
computer

1017 ==




The quantum neuron
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Motivation

Machine Learning Quantum Computing
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Representation

Training set & Cost function

- Regression (y-continuous)

Machine Learning
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neural networks
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Representation

neural networks
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Training set & Cost function

- Regression (y-continuous) - Classification (y-discrete)
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Machine Learning

Representation

neural networks

Training set & Cost function

- Regression (y-continuous) - Classification (y-discrete)
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Artificial Neural Networks

The perceptron

a) biological perceptron

b) artificial perceptron
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Artificial Neural Networks

The perceptron

a) biological perceptron

b) artificial perceptron
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Quantum

Quantum Neural Networks
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Quantum

Quantum Neural Networks
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Adiabatic implementation
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FAst QUasi-ADiabatic (FAQUAD)
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Training the Network

training set

{(X3, Ya) i,
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Training the Network

data representation
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Training the Network

QNN action
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Training the Network

feed the QNN
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Training the Network

define cost function



Training the Network

optimize the QNN
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Training the Network

make new predictions

Xsy1 =9 — Ysi1 =0 (prime = False)
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Outlook & Applications

Multiqubit-gates & quantum sensors
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Take home

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, ...



Take home

The quantum perceptron constitutes the building block of new quantum technologies:
multiqubit-gates, quantum sensing, ...
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