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The first generation of quantum devices is here.
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The first generation of quantum devices is here.
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The first generation of quantum devices is here.
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Xanadu software stack
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first generation of quantum devices is here.
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The first generation of quantum devices is here.
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With StrawberryFields
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The first generation of quantum devices is here.
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Quantum processing can

enter at different levels.
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Quantum processing can enter at different levels.
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Quantum processing can enter at different levels.
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VARIATIONAL CIRCUITS



Variational circuits are adaptable quantum algorithms.
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Variational circuits are adaptable quantum algorithms.
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Variational circuits are adaptable quantum algorithms.
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One example are variational quantum eigensolvers.

Find circuit Uy that prepares lowest energy
eigenstate with respect to Hamiltonian H.

Quantum device
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One example are variational quantum eigensolvers.

Find circuit Uy that prepares lowest energy
eigenstate with respect to Hamiltonian H.

Quantum device
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LEARNING WITH
VARIATIONAL CIRCUITS



We can turn the variational circuit into a class
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We can turn the variational circuit into a classifier.
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We can turn the variational circuit into a classifier.
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Me can turn the variational circuit into a classifier.
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We can turn the variational circuit into a classifier.
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For training we have to compute a gradient.

Usually in supervised learning, one takes the least squares cost,

M
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m=1

and does gradient descent. For this one computes the gradient of
the cost with regards to a parameter w € 6,
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We can compute gradients of quantum circuits.

If precision is not an issue: Numerical optimization.
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We can compute gradients of quantum circuits.

If precision is not an issue: Numerical optimization.

If we are simulating the quantum device: Automatic differentia-
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We can compute gradients of quantum circuits.

If precision is not an issue: Numerical optimization.

If we are simulating the quantum device: Automatic differentia-
tion.

Else: Quantum automatic differentiation.

Quantum device Quantum device
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A photonic quantum neural network
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A photonic quantum neural network
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Photonic neural networks have been investigated
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However, we are processing quantum information.
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However, we are processing quantum information.
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However, we are processing quantum information.
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Some results.
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Open questions...

> YWhat quantum advantages are to expect?
> What are good circuit architectures?
> YWhat are good training strategies?

> Are quantum models easily trainable?




... and challenges.

> How can we benchmark these models?
» How can we simulate them?
> How can we get the machine learning community interested?

> How can we convince editors that our limited simulations are
worth publishing?
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