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The ongoing race towards scalable quantum computers
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https://ai.googleblog.com/2019/10/quantum-supremacy-using-programmable.html

Quantum computers outperforming the best classical

computers?

»> First quantum computation a classical computer can’t track
Article | Published: 23 October 2019

Quantum supremacy using a
programmable superconducting
processor

»> ... but for a completely useless problem

Frank Arute, Kunal Arya, [...] John M. Martinis

Nature 574, 505-510(2019) | Cite this article
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Detection of errors - a pattern recognition problem!
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In collaboration with expt. ion-trap group Innsbruck Science 345, 302 (2014)




Detection of errors - a pattern recognition problem!
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Machine Learning for Quantum Error Correction
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B. Terhal Rev. Mod. Phys. 87, 307 (2015)
G. Torlai et al. Phys. Rev. Lett. 119, 030501 (2017)




Noise structure of actual quantum devices is complicated,
correlated in space and time...
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Noise structure of actual quantum devices is complicated,
correlated in space and time...
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See also: Nature 584, 551 (2020)




Neural ensemble decoding for topological quantum error-correcting codes

Milap Sheth,!:2:3:* Sara Zafar Jafarzadeh,>* T and Vlad Gheorghiu':2°:1

! Institute for Quantum Computing, University of Waterloo, Waterloo, ON, Canada

Machine learning logical gates for quantum error correction

Hongxiang Chen,*? * Michael Vasmer,* T Nikolas P. Breuckmann,* * and Edward Grant! %3

Dept. Computer Science, University College London

Neural Decoder for Topological Codes

Giacomo Torlai and Roger G. Melko
Phys. Rev. Lett. 119, 030501 — Published 18 July 2017

Reinforcement learning decoders for fault-tolerant quantum
computation

Ryan Sweke' (), Markus S Kesselring', Evert P L van Nieuwenburg’ " and Jens Eisert™’




Error propagation and the challenge of fault-tolerance

N
J

N
\VV

N ®
/) &

/AR

&
/TN /TN
+) —e —x+—X—— My

Chao and Reichardt, Phys. Rev. Lett. 121, 050502 (2018); Yoder and Kim, Quantum 1, 2 (2017)




Fault-tolerant Quantum Error Correction Cycles
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Neural-Network based Quantum Error Correction

@ Goal: implement freely extensible
(in time) multi-round
neural-network-based decoder

@ Use recurrent neural network

@ First: training and benchmark
against hard-coded look-up table for
standard depolarising circuit noise

@ Later: train for realistic trapped-ion
noise model

Input: syndrome increments & flag
measurement outputs

4

Output: logical bit/phase probability

See also e.g. Baireuther et al., New J. Phys. 21, 013003 (2019)




Neural-Network based Quantum Error Correction

@ Neural network has ,discovered’ fault-tolerant
error correction strategy
@ Outperforms lookup-table based decoder
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Logical error rate
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Statistical physics mapping for QEC codes with circuit noise

Problem:
> ) Errors propagate through the quantum hardware

Question: How many errors in the quantum circuits can be tolerated?

Map topological quantum error correcting codes to classical statistical physics models

D. Vodola, M. Rispler, S. Kim, and M.M., arXiv:2104.04847 (2021):
Fundamental thresholds of realistic quantum error correction circuits from classical spin models




Statistical physics mapping for 1D quantum
repetition code with circuit noise

Phase diagram of more general
2D random-bond Ising model
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Machine Learning for Error Correction

Quantum Error Correction
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Quantum Machine Learning for Error Correction

Quantum Error Correction
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Quantum autoencoders for efficient compression of quantum data

Jonathan Romero, Jonathan P Olson and Alan Aspuru-Guzik

Department of Chemistry and Chemical Biology, Harvard University, Cambridge, Massachusetts 02138, United States of America

Quantum Autoencoders to Denoise Quantum Data

Dmytro Bondarenko and Polina Feldmann®’
Institut fiir Theoretische Physik, Leibniz Universitit Hannover, Appelstr. 2, DE-30167 Hannover, Germany

® (Received 12 November 2019; accepted 24 February 2020; published 31 March 2020)

In our work:
1. Use compression principle to perform quantum error correction.
2. Train QNNs to restore entire code space - not only specific target states.




Motivation

Autoencoders

Encoder Decoder

From towardsdatascience.com

Original Noisy Output
Image Input

Used e.g. for: — Denoising



https://towardsdatascience.com/applied-deep-learning-part-3-autoencoders-1c083af4d798

Motivation

Autoencoders

From towardsdatascience.com

Encoder Decoder

Original Noisy Code Output
Image Input

Used e.g. for: — Denoising
— Finding efficient data codings

— Feature learning



https://towardsdatascience.com/applied-deep-learning-part-3-autoencoders-1c083af4d798
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Can quantum error correction be automatized with Quantum Autoencoders?

Can QAEs autonomously identify correction strategies optimally suited for specific noise?

J. Romero et al. Quantum Sci. Technol. 2, 045001 (2017)
D. Bondarenko et al. Phys. Rev. Lett. 124, 130502 (2020)




How? Dissipative Quantum Neural Networks
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Neurons === Qubits

Edges == Unitary Operations
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A dissipative quantum neural network
realizes a quantum channel

Pout — Q(,Om)

K. Beer et al. Nat. Commun. 11, 808 (2020)




Dissipative Quantum Neural Networks

Neurons === Qubits
Edges == Unitary Operations

A DQNN realizes a quantum channel

Pout — Q(,Om)

Pout — Eout ( .. &3 (52 (,Oin)) .- )
K. Beer et al. Nat. Commun. 11, 808 (2020)




Dissipative Quantum Neural Networks

Training: Quantum-classical hybrid procedure

Qo (N (|¥r)(¥r]))

quantum hardware [, ) (|

noise N ()

measure

I v

apply optimization scheme — compute cost function
classical hardware

1M ,
6+ 60—nvC () C=1-=3 (Ui phu [¥L)
1=1




Error Correction with Quantum Autoencoders
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Error Correction with Quantum Autoencoders

Training on states |000), |111) and % (]000) + |111)) subjected to uncorrelated bit flips

Training Validation: denoise arbitrary logical states
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Error Correction with Quantum Autoencoders

Training the network with noise
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“V/) Logical states encoded in a

decoherence-free subspace:
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robustness against correlated noise

@ Correction of qubit loss possible




Towards Experimental Realisations
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Quantum Neural Networks
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Quantum neural networks as open quantum systems

Classical Neural Network Quantum Hopfield Network
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Storage of quantum patterns? Enhanced storage capacity? Near-term realisations?
Quantum neural networks for error correction?

Phase diagram of quantum
generalized Potts-Hopfield
neural networks

E. Fiorelli, I. Lesanovsky,

M. Muller

arXiv:2109.10140 (2021)



https://arxiv.org/pdf/2109.10140.pdf

Summary and Outlook

e Classical machine learning for

quantum error correction

* New quantum machine learning

concepts v
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