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Bloch sphere |, Prelude: QUblt — guantum bit

Basic operations (Pauli gates) on a qubit

Bit flip
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I Phase flip [
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With normalized complex coefficients

Bit + Phase flip o
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Rotations on the Bloch sphere are unitary (norm preserving) operations



Prelude: Programmable quantum computer

Small set of quantum logic gates gives universal quantum computer
Any unitary operation on n qubits (2" by 2" unitary matrix)

Hadamard gate — creates superposition
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CNOT gate — creates entanglement (2-qubit gate)
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(+ additional single qubit rotation)



Prelude: Programmable guantum computer

quantum code=quantum circuit

For example. Circuit to create a “Bell-pair”
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Alain Aspect John F. Clauser Anton Zeilinger

The Nobel Prize in Physics 2022 was awarded
jointly to Alain Aspect, John F. Clauser and Anton

Enta ngled non-classical state Zeilinger "for experiments with entangled photons,
establishing the violation of Bell inequalities and
(not a product state)

pioneering quantum information science"”



Potential use cases for guantum computers

Shor’s algoritm. Prime factorization Quantum chemistry: New molecules, drugs, etc.
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Image: Tech Explorist

Optimization: Logistics, planning, etc.

Image: physicsworld

Undiscovered Algorithms!
(no deep learning without GPU’s)

Image: David Fitzek



Quantum computing limited by decoherence

Superconducting (transmon) qubits:
* lifetime ~ 100 microsecond

* two qubit gate times ~ 100 nanoseconds

Maximum few 100 gates deep circuits
(e rror rateS ~y 1 0'2 - 1 0'3) John Clarke Michel H, Devoret John M., Martinis

“for the discovery of macroscopic quantum mechanical tunnelling and
energy quantisation in an electric circuit”

To factor N=220948 digit integer using Shor’s algorithm
takes > (logN)? = 107 deep circuit => error rates < 10~/

Assuming all to all
connectivity and
universal gate set!

Quantum error correction needed!



Quantum error correction

Major challenges compared to classical error correction
using redundancy, e.g. 0=>000..., 1 =>111...

1. No cloning of quantum state
2. Measurement are destructive (projective)
3. Continuous set of errors (rotations on the Bloch sphere)

Stabilizer codes resolves these issues!

Peter W. Shor, “Scheme for reducing decoherence in
quantum computer memory,” Physical Review A 52,
R2493-R2496 (1995).

A. M. Steane, “Error Correcting Codes in Quantum
Theory,” Physical Review Letters 77, 793-797 (1996).
Daniel Gottesman, “Stabilizer Codes and Quantum Er-
ror Correction,” (1997), arXiv:quant-ph/9705052.
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The surface code

- Lattice of d? data qubits

« Measure d? — 1 stabilizers:

R

Detects bit errors Detects phase errors

* Encodes one logical qubit: Vg andi¥}

S. B. Bravyi and A. Y. Kitaev, Quantum codes on a
lattice with boundary (1998), arXiv:quant-ph/9811052.

E. Dennis, A. Kitaev, A. Landahl, and J. Preskill,

Topological quantum memory, Journal of Mathemati-

cal Physics 43, 4452 (2002).

A. Kitaev, Fault-tolerant quantum computation by

anyons, Annals of Physics 303, 2 (2003). 8




Decoder Is essential

Decoder

Physical error > Syndrome > Correction
t |




Decoder Is essential

Decoder

Physical error > Syndrome > Correction
t |

10



Experimental realization: Google Quantum Al

Article
Quantum error correction below the surface Exponential suppression of logical
codethreshold error rate with code-distance

https://doi.org/10.1038/s41586-024-08449-y  Google Quantum Al and Collaborators* P L T ( p/ mh ) Td/

Received: 24 August 2024
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Graph neural network decoder

i ) ) Fast inference => in time error correction
Tailored to experimental input

© High Accuracy => high logical fidelity
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Memory-Z experiment
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Graph neural networks (GNN)

Cora dataset, citation network

Node classification

Neural networks suited for graph structured data
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Examples

Cell
A Deep Learning Approach to Antibiotic Discovery

Graphical Abstract
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Highlights
= A deep learming modal is traned 1o pradict antibiotics based
on structure

* Hakcin is pr o s an antib g from the
Drug Repurposing Hub

« MHabcin shows broad-spectrum antiblotic activties in mice

= More mntibiotics with wre prod o froem
the ZINC15 databasa

McCallum et al. 2000

Ar le
Articie

Authors

Janathan M. Stokes, Kevin Yang,
Kyle Swanson, ..., Tommi S. Jaakkola,
Regina Barzilay, Jarmes J. Collins

Correspondence
reginatcsad. mit.edu (R.B.).
Jimjcemit.adu (JJ.C)

In Brief

A trained decp nourad network predicts.
y in 1] les that are

structurally ddferant from known

antiiotics, among which Halicin exhibits

efficacy against broad-spactrum
bacterial infections = mice.
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Data object: Decorated graph
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Node feature vectors
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Graph convolutional layers

Grid: Standard
convolutional filter of
fixed size neighborhood

XXX
(XXX

XXX

Simple graph convolution:

X,/L- = O'(Wlxi + WQ Zj Bq;ij)

W, and W,: n’x n trainable weight matrices

Semi-supervised classification with graph
convolutional networks
Kipf and Wellling, 2016

Graph: Convolutional
filter adapted to varying

neighborhood
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A comprehensive survey on graph neural
networks
Wu et al. 2019
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Graph pooling

For graph classification output should be
independent of number of nodes

f__ 1 .
X = #nodes Zz Xi

Graph embedding +
Standard dense network classifier

17



GNN decoder network architecture
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& graph convolution + ReLu —L

& mean pooling .

& dense layer + ReL.u %@-»
£ dense layer + sigmoid g A,

¥ PyG (PyTorch Geometric) is a library built upon () PyTorch to easily write and train Graph Neural
Networks (GNNs) for a wide range of applications related to structured data.
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Logical accuracy

Training

The code is simulated with “semi-realistic” error model

Data generated in large batches of 10,000-25,000 graphs (as much as can fit on the GPU memory)

No reuse of data (no risk to overfit)
Week(s) of training on one Nvidia A100
Up to 10'° datapoints

Examples of a few training curves
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1 “epoch”is 107 graphs

Logical failure rate
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New sliding

GRU layer 4:
GRU layer 3:
GRU layer 2:

GRU layer 1:
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window decoder: GNN+RNN
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Master thesis: Gustaf
Jonasson + Ole Fjeldsa

Graph neural network +
Recurrent neural network

Recent related work

Neural network decoder for near-term surface-code experiments

Boris M. Varbanov,' * Marc Serra-Peralta,? David Byfield,® and Barbara M. Terhal®?

! QuTech, Delft University of Technology, P.O. Box 5046, 2600 GA Delft, The Netherlands
'Delft Institute of Applied thematics, Technische Universiteit Delft, 2628 CD Delft, The Netherlands
3 Riverlane, Cambridge, CB2 3BZ, United Kingdom
(Dated: October 24, 2023)

Learning to Decode the Surface Code
with a Recurrent, Transformer-Based
Neural Network

Johannes Bausch!*", Andrew W Senior'*, Francisco J H Heras!", Thomas Edlich!,
Alex Davies'?, Michael Newman?, Cody Jones?, Kevin Satzinger?, Murphy Yuezhen NiuZ,
Sam Blackwell!, George Holland', Dvir Kafri?, Juan Atalaya?, Craig Gidney?,

Demis Hassabis', Sergio Boixo?, Hartmut Neven?, Pushmeet Kohli'

9 Oct 2023

'Google DeepMind & >Google Quantum Al
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Logical failure rate

Decoding multiple cycles

Trained on few cycles, generalizes to many cycles

Distance 5, error rate = 0.001

1072 4
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0 200 400 600 800 1000
Number of surface code cycles
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Collecting training data using IBM devices

through
Kvantfelskorrektion av bitfel i Datadriven avkodning av : WACQT QT Testbed
repetitionskoder med experimentella syndrommaétningar fran Summer PI’OJeCt 2024
maskininldrning kvantfasfelkorrigerande repetitionskoder
med neurala grafnatverk Jacob Olsson

Kandidatarbete inom civilingenjérsprogrammet Teknisk fysik

Hugo Modin Asklid, Nils Kalmnis Drakenfors, Caroline Paulis,

Tova Hedmar, Emil Olofsson, Jacob Sandstrom Simon BenStorp! Liam Bulut Falkenstrdm, Simon Eriksson, S u rfa C e C Od e O n h eavy h eX

Alexander Jonsson, Lovisa Petersson, Vidar Petersson

Repetition code
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Summary

Quantum error correction is crucial for qguantum computing

* Machine learning can be an important tool for QEC

e Qutlook:

* Move from GPU to FPGA for fast inference (work in progress)

Running code on IBM hardware for real training data (work in progress)

* Errorcorrection on the local WACQT (Chalmers) hardware

Thanks to! Moritz Lange, Isak Bengtsson, Pontus Havstrom, Valdemar
Bergentall, Karl Hammar, Vidar Petersson, Jacob Olsson, Ole Fjeldsa,
GustafJonasson Johansson, Evert van Nieuwenburg (Leiden), Basudha
Srivastava (Quantinuum/PsiQuantum)

WA | Wallenbera Centre for
Quantum Technology

UNIVERSITY OF GOTHENBURG
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