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Outline

- Learning a quantum system

- Bayesian Inference and Quantum Hamiltonian
Learning (QHL)

- Using QHL for magnetic field sensing
- Can we improve our Models?

 Wiebe et al., Hamiltonian Learning and Certification Using Quantum Resources. Phys. Rev. Lett. 112, (2014)

* Wang et al., Experimental quantum Hamiltonian learning - Nature Physics 1, 149 (2017)

e Santagati et al., Magnetic-field-learning using a single electronic spin in diamond... - Phys. Rev. X (2019)

* Gentile et al., Learning models of quantum systems from experiments — arXiv:2002.06169 (2020)

* Flynn et al., Exploring acyclic graphs for the study of quantum systems — manuscript in preparation (2020s)



Characterisation of
gquantum systems:

Characterizing a quantum systems means capturing all the main
features that can fully describe its interactions and its dynamics.
e.g. by fully learning its Hamiltonian operator
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Why is hard?




Quantum Simulation

Quantum systems are hard to simulate.

If we study a system comprising N particles with two basis states and we
want to store their qguantum state on a classical computer
using an 8 bits (1 byte) resolution.
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The total amount of memory required grows exponentially with
the value of N.




Quantum Hamiltonian Learning

Memory readlizd The problem becomes rapidly intractable
with classical machines.

Exponential scaling of
required classical
resources

Quantum simulation is expected to efficiently
reproduce the dynamics of quantum systems.

Complexity




Quantum Hamiltonian Learning

QHL aims to find efficiently the set of
parameters (2o which best describe the
dynamic of the system.

Quantum System Model of the system (H)
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Wiebe et al. Phys. Rev. Lett. 112, 190501 (2014)



Freqguentists vs Bayesian

Probability defined as frequency Probability defined as distribution

Posterior Beliefs

Evidence

Prior Beliefs

Confidence Intervals are defined by probability distributions

Confidence Intervals are not probability distributions



Quantum Likelihood Estimation

Bayesian Inference
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Phys. Rev. Lett. 112, 190501 (2014)
Nature Physics 13, 551-555 (2017)



Quantum Likelihood Estimation
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Quantum Likelihood Estimation

Bayesian Inference
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The knowledge of the parameter value is azj Py
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Likelihood function:

P(E|Q,t) = (E|U(Q,1)|4)|°




Quantum Likelihood Estimation

Bayesian Inference
System 5 2}

e R The knowledge of the parameter value is
) o o encoded in a prior distribution P(12) .

1) ‘{ \J\JF
A

Simulator

1. From P(Q2) choose an
experiment (e.g.t = 1/260)




Quantum Likelihood Estimation
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2. Perform experiment on

System and obtain
outcome E
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Quantum Likelihood Estimation
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3. Calculate likelihoods
P(E|Q;t)

using quantum simulator
P(E|Q,t) = (EIU(Q,t)[y)]”
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Quantum Likelihood Estimation

4. Update the prior distribution
using Bayes’ rule:

P(E|Q;t)P(Q)

P = [ P(E|Q;t)P(Q)dS)




Quantum Likelihood Estimation
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Simulator

1. From P(£2) choose an
experiment (e.g.t = 1/260 )

2. Perform experiment on
System and obtain
outcome E

4. Update the prior distribution
using Bayes’ rule:

yon PEI)P(Q)
PO = 75100 Pioyan {14, 1-)}

3. Calculate likelihoods
P(E|)t)
using quantum simulator



Experimental set-up: Qsim

Si quantum photonic simulator
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Nature Physics 13, 551-555 (2017)




Experimental results
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Rescaling

= Q/AQ

Rabi frequency inferred with QLE:
Qqre = 6.93 £ 0.09 MHz Qy =16.9

wqLe = 0.436 + 0.006 wo = 0.433

Rabi frequency obtained by fit:
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Experimental results: Variance
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Variance:

o (w) < 4.2-107°

SATURATION = Bad quantum simulator or bad model!

Wang et al. Nature Physics 13, 551-555 (2017)



From QHL to comparing models
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Updated value (for model I, including
chirping) of Norm of covariance matrix:
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Present and Future work:
Can we improve models?

Testing and improving models
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Proof of principle!



Ramsey Magnetometry
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Sensitivity using on average one photon per step
at room temperature

Averaging over thousands of protocol runs
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QPE is 370 times slower

With a worse sensitivity

Santagati et al. Phys. Rev. X 9(2), 021019 (2019)
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When we decrease the number of
photons used our sensitivity improves
considerably:

i1 ~ 60nT s'/?

RT sensitivity comparable to cryogenic

K set-up

When comparing to Quantum

Phase Estimation (QPE):
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Cappellaro. Physical Review A, 85(3):030301 (2012)
Bonato et al. Nature Nanotechnology, 11(3) (2015)



Conclusions

e Statistical inference (QHL) for parameters
in H

e Application to quantum sensing

* Exploring models is possible with this
approach

Thank You!

Wang et al. Nature Physics 13, 551-555 (2017)
Santagati et al. Phys. Rev. X 9, 021019 (2019)
Gentile et al. Arxiv (2020)
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