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Context

Integrating machine learning & physics experiments

Quantum Error Correction
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The setup
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The setup

Indirect observables

Measurement time
// Averaging
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The setup
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Bakr et al, Science (2010)

Snapshots

Weitenberg et al, Nature (2011)
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Grief et al, Science (2016)



Snapshots




Learning phases

Supervised learning!
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Carrasquilla and Melko - Nature Physics (2017)



Experiments
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Generative Models
Roger Melko (tomorrow)
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Fidelity F

Why not use the histogram?
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A better representation

~ P(o) = [¢(o)[*

\—> Exponentially many
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Restricted Boltzmann Machine
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Method Summary
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Training
Kullback Leibler Divergence

Pexp(a)
KL ( epoPW):Z CXP( ) 08 Py (o)

= - ZaEexp log PW (0’)

/ Log-Likelihood

W — W —nVw KL(P,, || Pw) § ot )QUCUMBER

Contrastive Divergence
Block Gibbs sampling www.netket.org github.com/PIQuIL/QuCumber




Works really well empirically
H = _Z<ij> 0705 — 2.0}
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Synthetic data (no noise) and observables in z-basis

Torlai, Mazzola, Carrasquilla, Troyer, Melko and Carleo - Nature Physics (2018)




Works really well empirically
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Quantum Simulator
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Quantum Simulator
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The Experiment
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3000 snapshots at 15 different detunings
With decoherence and measurement errors!




Loss = — Zaedata lOg Py (0')
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Loss =

Measurement errors
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From the experiment:

P(0[1) = 0.04
P(1]0) = 0.01



Diagonal Observables
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Off-Diagonal Observables
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Ir(p) = S2(pa) + S2(pB) — 52

Entanglement
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Summary

\¢>reconstructed : Za V PW (0.)‘0.>
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Generative model
Restricted Boltzmann Machine

Trained on samples drawn from the experiment

Good empirical results for reconstructed properties, despite

e Non-pure
e Measurement errors




Extensions

Adding back in the sign-structure

9 Torlai et al, Nat. Phys (2018)
wW,W’ = PW (0‘) e"w! (0‘)

Mixed states

a Environment a

I Generative model I

Torlai and Melko, PRL(2018) Carrasquilla et al, Nat. Machine Intel (2019)



Quantum Games

Are you ready for quantum?

Want to play-test the app?
Please send me an e-mail!
evert@caltech.edu

quantumtictactoe.com



http://quantumtictactoe.com/
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