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by edges modelling the synapses of a brain.
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Why do we want to do quantum machine learning?

Machine learning (ML) enables us to use computer systems for human-like tasks.
Neural networks are inspired by the human brain and consist of neurons that are connected

Quantum computing describes information processing with a device, whose working
principles are governed by the laws of quantum mechanics.

Quantum systems possess unique properties that scientists try to exploit to gain advantages
and functionalities beyond classical ML:
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» feature maps into exponentially large phase spaces
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* native processing of quantum input

* non-classical correlations via entanglement :
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Quantum machine learning (QML) can be viewed as A) implementing algorithms through
guantum gates on quantum computers, or B) using the inherent temporal dynamics of
guantum systems as input-output map.

/A) Gate-Based Approach:

Classical Computer
e pasic unit of information: bit (0 or 1)
* NOT-gate is the only non-trivial single-
bit gate
» AND-gate as example for a two-bit gate

Parameterized Quantum Circuits (PQCs)
 gates are represented by unitary matrices
 PQCs are realized by making the unitary

Parameterized Quantum Circuits (PQCs)

Quantum Computer
 information is stored in quantum bits
(qubits)

* infinite number of single-qubit gates,
which rotate the state on the Bloch

sphere
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/B) Complex Dynamics Approach:
Quantum Reservoir Computing (QRC)

Randomly added
masses

Classical Reservoir Computing
* inspired by the human brain

* a reservoir computer is a recurrent neural network with
fixed weights; only the weights of the linear readout
layer are trained with a simple linear regression

Miura-ori Reservoir

 physical RC: the reservoir is realized by a real physical
system, e.g. an origami-structure [1]

Reservoir nodes Readout nodes
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