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Going quantum... /7‘#7
...quantum reservoir computing (QRC) Oldenburg DLR

Possible advantages and functionalities of a qguantum reservoir computer:
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- native processing of quantum input «v“!‘ "—A; . qubit mmber
- non-classical correlations via entanglement
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Gate-based quantum machine learning e oo
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- training is done classically by minimizing a cost function
- small circuit depth: possible application of NISQ devices
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Map both QML paradigms onto each other
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Quantify the expressivity of QRC
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Transverse-field Ising model (TFIM) e oot
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Connection between QRC and gate-based QCs e oo

Universitat

Oldenburg DLR
U L —lHAt — n‘latr%ic . = circuit (input)
A, — e === circuit (no input)
t 1

pP = UAtPUgt =

O
Reservoir
Input dynamics Measurements 1 A
10 =02
~— W
)
: 0.0 1
aN—1 0.0
N
~ —0.5 T
. I 1 I 1
Both approaches are equivalent and 0 20 40 60
can be mapped onto each other ht

Nils-Erik Schitte, German Aerospace Center (DLR) and University of Oldenburg, 28 Jan 2025



Expressivity
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Classical reservoir:

increasing the size of the reservoir
increases the available output
function space

Quantum machine learning models are
truncated Fourier series

f) = 3 euet

wel

The available frequencies are determined
by the input encoding gates



What is the expressivity of a QRC? oo
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What do we find for QRC?

- expressivity is limited by the number of input encoding gates
- larger reservoirs do not necessarily increase the available function space

- there are better ansatz circuits in QML as provided by the TFIM

How can we quantify the expressive power in QML?
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REC limited by the number of measured degrees of freedom [1]

REC in dependence on the input encoding:
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[1] Hu et al., Phys. Rev. X 13, 041020 (2023)
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Upper bounds for the expressivity
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REC of gate-based ansatz circuits T |
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Idea: consider ansatz circuits as reservoirs in QRC
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REC of gate-based ansatz circuits oo |
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Conclusion and Outlook

Expressivity in QRC is limited by the number of
input encoding gates!

Increasing the size or complexity of the reservoir
does not increase the available function space!
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Transpilation of the time-evolution of the TFIM oo |
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Influence of shot noise o]
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Measurement statistics increase the noise-to-signal ratios
(NSRs) of the eigentasks reducing the REC
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Resolvable expressive capacity of the TFIM oo
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Ansatz circuits
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Ansatz circuits
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