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Quantum Metrology

Physical quantities (magnetic fields, energies, ...) ¥ metrology
need to be measured accurately mr troled3i/

Study how quantum effects can help

noun

the scientific study of measurement.

Probe Encoding Output
State Evolution Measurement Distribution

p — E(p) — M — pi(P)
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rRecap #7

Sensing amounts to estimating the underlying physical parameters
from a classical probability distribution

Estimation precision is limited by the Cramér-Rao bound
Attainble precision is quantified by the classical Fisher information
The quantum Fisher information bounds the attainable Fisher information

> Classical Fisher information should be used to judge sensing quality!
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Optimal Metrology

We need to find optimal probes and measurements

Complicated under noise and device limitations

: " New
NISQ technigues come to the rescue: & — Parameters
use variational approaches Cost
L ﬁ.

Prior work!2 focused on single-parameter
metrology and surrogates for the @

Quantum Fisher Information

Qutput .
P Circult

Kaubrugger, Raphael, et al. Physical Review Letters 123.26 (2019): 260505.
2Koczor, Balint, et al. "Variational-State Quantum Metrology." New Journal of Physics (2020).
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Cost Function

INnclude post-processing by considering a function of the parameters:
Exploit transformation rule of Fisher Information Matrix

F=Ff(@p) —» Ip=J I4J

Need a scalar cost function:
Apply weighted trace to both sides of the CRB!

. 1 1
Tr{W Cov(f)} > - Te{Wli, } = ECW
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Calculation of Fisher Information

Fisher Information Matrix w.r.t. the physical parameters

1 Op; Opr
Tylin =
Lol ; p1 09 Oy,

Exploit parameter-shift rulel? to calculate derivatives

0ipi(P) = % :pl (¢+ geﬂ') e (¢_ gej)

ISchuld, Maria, et al. Physical Review A 99.3 (2019): 03233].
2Banchi, Leonardo, and Gavin E. Crooks. Quantum 5 (2021): 386.
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Recap #2

The classical Fisher information matrix is calculated from the output
probabilities and their derivatives w.r.t. the physical parameters

The derivatives can be calculated on the device via the parameter-shift rule

The classical Fisher information matrix w.r.t. post-processed parameters
can be computed using the post-processing’s Jacobian

The cost function is obtained from a weighted trace of the Crameér-Rao
bound
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Have a Look at the Paper for

Multiple extensions of the algorithm, for example including prior knowlege
(Bayesian approach)

A parameter-shift rule for noise channels
Details on the implementation of parameter-shift rules in experiments

Numerical experiments that showcase the performance of the approach



ake-Home Message

Variational methods on near-term
gquantum computers can be used
to Improve guantum sensors



Thank you for your attention!

Slides Fisher Note
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