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Abstract: In this talk | will discuss how (unsupervised) machine learning methods can be useful for quantum experiments. Specifically, we will
consider the use of a generative model to perform quantum many-body (pure) state reconstruction directly from experimental data. The power of
this machine learning approach enables us to trade few experimentally complex measurements for many simpler ones, allowing for the extraction of
sophisticated observables such as the RA©nyi mutual information. These results open the door to integration of machine learning architectures with
intermediate-scal e quantum hardware.
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Context

Integrating machine learning & physics experiments
Quantum Error Correction Quantum Control Experimental Design
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The setup
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The setup
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The setup
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The crux
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Snapshots are real

Bakr et al — Science (2010) Weitenberg et al — Nature (2011) Greif et al — Science (2016)
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Snapshots
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Learning phases

Supervised learning!
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Carrasquilla and Melko — Nature Physics (2017)
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Confused?

Semi-supervised learning!
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Y.-H. Liu and EvN — PRL (2018)
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Learning phases

Semi-supervised learning!
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Learning phases

Semi-supervised learning!
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Learning phases

Semi-supervised learning!
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Learning phases

Semi-supervised learning!
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Learning phases

Semi-supervised learning!
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Experiments
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Why not use the histogram?
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A better representation
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Restricted Boltzmann Machine

W0‘0+Wh‘h/

=

=

=

=

o+
g, =
Mo .
N3
— (S
=
= °
< |
=4
)

Page 27/41

a: 19070024

Pirs



Method Summary
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Training
Kullback Leibler Divergence
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Quantum Simulator
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Bernien et al, Nature (2017)
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Quantum Simulator
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Bernien et al, Nature (2017)
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The Experiment
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The Experiment
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Measurement errors
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c.f. Torlai & Melko, PRL (2017)
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Measurement errors

F(px, p)
1.00 4 = —— T
(.98 1
Pure state
1.00 4

Mixed state

0.95 Two l;l.}-'t‘l' (('ll‘il-”)

0.90 —t— Two layer (noisy)
" == Three layer (noisy)

10 5 X ’ i

A (MHz)

Pirsa: 19070024

From the experiment:
P(1]0) = 0.01
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Diagonal Observables
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Off-Diagonal Observables
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Renyi Entropy
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Experimental debugging
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Extensions

Adding back in the sign-structure
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