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CMONgs

e CMONQgs = Continuously-monitored quantum systems [Wiseman2009Book]

Pt
3@

Tph Mmeasurement

N\

e Physical systems:

B field

O atomic sensors [Martinez2018Signal]

O optomechanical cavities [Aspelmayer2010Cavity]


https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.120.040503
https://journals.aps.org/rmp/abstract/10.1103/RevModPhys.86.1391
https://www.cambridge.org/core/books/quantum-measurement-and-control/F78F445CD9AF00B10593405E9BAC6B9F

CMONgs

e Measurement outcomes — noisy signal
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Statistical inference on CMONgqs

(2307.14954)
e Hypothesis testing quantum dynamics — [Gasbarri2023Sequential]
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e Measurement model
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https://arxiv.org/pdf/2307.14954.pdf

Statistical inference on QMONs

e Today — parameter estimation [ArXiv coming soon]
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Extra assumption: Gaussianity

e Mechanical-mode dynamics: damped harmonic oscillator + )

LS
3 - %

e Linear SDE (= Kalman filter)
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Statistical inference on QMONs

e Today — parameter estimation [ArXiv coming soon]
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Frequency estimation: Lorentzian

e Experimentally — Lorenztian fit on power spectrum
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e Many quantum trajs
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Maximum likelihood & RNN

e Predict next measurement outcome
dyt — Cf‘tdt + th

e Hidden state propagation:

drg, = [Ag — x(Be)Olrgdt + x(2¢)dy;

d’Ft :A’Ftdt - X(Zt)dwt

e Cost-function = Log-likelihood Training = Maximum Likelihood
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Frequency estimation: RNN

e Predict next measurement outcome
dyt — Cf’tdt + th

e Hidden state propagation:
drg, = [Ag — x(Be)Olrgdt + x(2¢)dy;
d’Ft :A’Ftdt - X(Zt)dwt

e Cost-function = Log-likelihood
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frequency estimate
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Recap: frequency estimation

1150+

e Recurrent module (= Kalman filter) | d?)t
e Trained via maximum likelihood X _>. —s (a,55)
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External-signals: force estimation

dr, = A X(Z) rtdt +x(X)dy: + fadt f(t) = Ae7 /™
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What nhow? Machine-learning dynamics

e Infer adynamical equation for f(t) out of measurement record

fseaback Anomally detected

Q-SENSOR

e Quantum sensor: measurement signal + function dictionary +Max.Lik.

— infer signal’s dynamics df = g(f,t) dt



External-signals: force estimation

e We consider FitzHugh-Nagumo model (models a neuron’s activity)

External force dynamics
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e Goal: infer dynamics from measurement outcomes only!
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https://en.wikipedia.org/wiki/FitzHugh%E2%80%93Nagumo_model

Frequency estimation: RNN

e Predict next measurement outcome
dg, = CrLdt
dyt — Cf’tdt + th

e Hidden state propagation:

A, = [A = X(S)CIFt, dt + x(Ze)dys + () )dt

dF, = [A— X(B0)Clrdt + x(Se)dy, + ()t
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FHN-model: before training
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FHN-model: before training
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FHN-model: after training
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Conclusion

We study continuous-time quantum sensors

What can we do with a single trajectory?

Parameter estimation
Recurrent cell - maximum likelihood

External signals equation of motion discovery
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