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Prelude: Qubit – quantum bit

Superposition of 0 and 1
With normalized complex coefficients

Basic operations (Pauli gates) on a qubit

Bit flip

Phase flip

Bit + Phase flip

2
Rotations on the Bloch sphere are unitary (norm preserving) operations 

Bloch sphere



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

Hadamard gate – creates superposition

CNOT gate – creates entanglement  (2-qubit gate)

(+ additional single qubit rotation) 3



Prelude: Programmable quantum computer
quantum code=quantum circuit

For example.  Circuit to create a “Bell-pair”

Entangled non-classical state 
(not a product state)
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Image: physicsworld

Shor’s algoritm. Prime factorization

1789 x 1801= ?  Easy
3221989= ? x ?  Hard

Chryptography/Digital security

Image: Tech Explorist

Quantum chemistry: New molecules, drugs, etc. 

Potential use cases for quantum computers

Optimization: Logistics, planning, etc.

Image: David Fitzek

Undiscovered Algorithms! 
(no deep learning without GPU’s) 5



Quantum computing limited by decoherence
Superconducting (transmon) qubits: 
• lifetime ~ 100 microsecond
• two qubit gate times  ~ 100 nanoseconds

Maximum few 100 gates deep circuits 
 (error rates ~ 10-2 - 10-3)

To factor N=22048 digit integer using Shor’s algorithm 
takes > (logN)2 = 107 deep circuit => error rates < 10-7

Quantum error correction needed!

Assuming all  to all 
connectivity and 
universal gate set!
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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! 
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• Encodes one logical qubit:         and

The surface code

• Measure 𝑑2 − 1 stabilizers:

• Lattice of 𝑑2 data qubits 

 

a

a

a

a
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Detects bit errors Detects phase errors



Decoding – finding the most likely error 

-1

-1

-1

-1

-1

-1

Syndrome Decoder CorrectionPhysical error 

Success!
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Decoder is essential



Decoding – finding the most likely error 

Syndrome Decoder CorrectionPhysical error 

-1 -1

Logical error!

10

Decoder is essential



Experimental realization: Google Quantum AI
Exponential suppression of logical 
error rate with code-distance

4

1

01

1

1

10

1

0

0

0

1

X L

Z L

1

1

0

1

1

0

1

0

0

1

0

1

1

1

0

1

0

1

0

1

1

0

0

0

0

1

0

0

1

11 X

X

X

X

Z

Z

Z

Z

X
X

Z

Z

1

10

1

1

01

0

1

00

1

1

10

1

0

0

0

0

0

0

1

1

0

0 1

1

10

1

1

01

0

1

00

1

1

10

1

0

0

0

0

0

1

1

1

1

0 1

1

00

1

1

10

1

0

0

1

1

Z L

1

1

0

1

0

0

1

0

0

0

0

1

1

0

0

0

1

1

1

0

0

1

1

1

1

0

2

6
6
6
6
4

0

1

4

1

1

3

7
7
7
7
5

2

6
6
6
6
4

0

1

1

2

1

3

7
7
7
7
5

2

6
6
6
6
4

0

1

4

5

1

3

7
7
7
7
5

2

6
6
6
6
4

0

1

4

1

2

3

7
7
7
7
5

2

6
6
6
6
4

1

0

1

1

2

3

7
7
7
7
5

2

6
6
6
6
4

1

0

2

2

2

3

7
7
7
7
5

2

6
6
6
6
4

0

1

4

5

3

3

7
7
7
7
5

y

t

x

FIG. 1. Quantum memory experiment using a d = 5 rotated

surface code. Stabilizers (colored plaquettes) correspond to

commuting parity projecting measurements in the Z or X basis

over groups of four or two qubits. Layers correspond to oper-

ational time steps. First and final layers are single qubit state

preparation and measurement respectively, with intermediate

time-steps representing syndrome measurements. Changes in

stabilizer measurements represent nodes (pink and green) in a

graph, subsequently used for decoding. From [29].

out any information about the intrinsic error model.

Graph convolutions act over neighboring nodes on

the graph as a trained message passing algorithm,

generating a new graph where the node informa-

tion is restructured. Subsequently the whole graph

is contracted to a single vector, a graph embed-

ding, that is used for prediction of the logical class of

the detector graph using a standard dense network.

The type of neural networks layers used ensures

that the number of compute operations only grows

linearly with the number of nodes, which makes this

type of decoder a candidate for real time decoding.

To train the network we have developed a fast

pipeline to make optimal use of a single GPU, with

large batches of data generated using the circuit

simulator Stim [32]. For moderate code distances,

the network decoder outperforms the matching de-

coder, even though the latter has full access to the

circuit-level error model used, which includes idling

errors, two-qubit gate errors, andmeasure and reset

errors. As a first group, in this work we also trained a

network using only experimental data, provided with

[5].

V. PROJECT DESCRIPTION

Theory and methods

Need for error correction

As stated earlier, a major challenge in build-

ing a quantum computer is the short qubit coher-

ence time, related to amplitude and phase damp-

ing, relative to gate operation, measurement and re-

set times [5, 50]. A rough current state of relevant

quantitites for transmon qubits are coherence times

of up 100µs and two-qubit gate and measurement

times of few hundred ns, giving a low estimate for

the error rate of p = 10→3. To factor an n = 2048

bit integer using Shor’s algorithm requires at least a

depth n2 log(n) → 108 circuit. There is thus a fac-

tor 105 discrepancy (this is an optimistic estimate)

that needs to be overcome. Using a surface code

with d2 data qubits, the logical error rate scales as

PL ↑ (p/ pth.)
↑d/ 2↓, where pth. → 0.01 is a threshold

value. This provides a potential path to perform inte-

ger factorization [51], and other quantum algorithms

using surface codes of linear dimension d→20.

Surface code

The standard “rotated” surface code, with code

distance d and d2 data-qubits, a variant of Kitaev’s

toric code [15], is constructed from the set of d2 ↓ 1

independent commuting operators, or stabilizers,

consisting of local products of Pauli X (bit-flip) or

Z (phase-flip) act on two or four qubits. As these

commute the 2d
2
dimensional Hilbert space is re-

duced to blocks of size 2, specified by the parity

of the stabilizers, with the code space, or logical
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Graph neural network decoder
Fast inference => in time error correction
High Accuracy => high logical fidelity

Tailored to experimental input
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Memory-Z experiment
1. Simple product state prepared
2. Stabilizers are measured over several rounds 

=> changes=detector events
3. Final individual qubit measurement
4. Measured error compared to decoder prediction

• Detector events = graph nodes 
 space-time location and type as node feature vector
• Edges ~ inverse euclidean (or manhattan) distance
• Label: binary class, logical bit-flip or not
 
 Pruning  of edges based on edge weights

GNN decoder data
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Figure 2. Schemat ic of the GNN decoder. I t takes as input an annotated detector graph, c.f. Figure 1. Several layers of graph

convolut ional operat ions (following Eqn. 3) t ransform each node feature vector. (The empty circle shows the message passing
to this part icular node from neighboring nodes on the graph.) Next , a mean-pooling operat ion averages all the node feature

vectors into a single graph embedding, which is independent of the size of the graph. Finally, the lat ter is passed through two
separate dense networks to give two binary class predictors, corresponding to the logical X and Z labels, respect ively. (For

details see Appendix A.)

Pauli frame and commutes with the logical operators. In
general there may be addit ional non-symmetric channels
(see for example [19]), but we will assume that the data
(as in [28]) does not resolve such channels.

The probabilit ies of logical error, Pi , will be quant i-
fied by the complete set of syndrome measurements and
depend on single and mult i-qubit error channels as well
as measurement and reset errors. It is the task of the
decoder to quant ify these in order to maximize the ef-
fect iveness of the error correct ion. Tradit ionally this is
done through computat ional algorithms that use a spe-
cific error model. The framework that most decoders
arebased on uses independent and ident ically dist ributed
symmetric noise act ing on individual qubits, possibly, for
circuit -level noise, complemented by two-qubit gate er-
rors, faulty measurements and ancilla qubit reset errors.
Maximum-likelihood decoders [35–40] aim to explicit ly
account for all possible error configurat ions that are con-
sistent with the measured syndromes, with their respec-
t ive probabilit ies given by the assumed error model. The
full set of error configurat ions fall in four different cosets
that map to each other by the logical operators of the
code, thus direct ly providing an est imate of the prob-
abilit ies Pi that is limited only by the approximat ions
involved in the calculat ion and the error model. Even
though such decoders may be useful for benchmarking
and opt imizing the theoret ical performance of stabilizer
codes [28], they are computat ionally too demanding for
real t ime operat ion, even for small codes.

The more standard decoders instead are based on
the minimum weight perfect matching (MWPM) algo-
rithm [41–46]. Such a decoder aims to find the single,
most likely, configurat ion of single qubit errors consis-

tent with the set of measured stabilizers. Detectors are
mapped to nodes of a graph with edges that areweighted
by the probability of the pair of nodes. For codes where
nodes appear in pairs (such as the repet it ion or sur-
face code), the most likely error corresponds to pairwise
matching such that the total weight of the edges is mini-
mized. This algorithm is fast , in pract ice scaling approx-
imately linearly with the size of the graph (see Figure
8). Nevertheless, it has several short -comings that limits
accuracy and applicability: 1) Approximate handling of
crossing edges (such as coinciding X and Z errors) means
that theeffect iveerror model is oversimplified. 2) Except
at very low error rates, degeneracies of less likely error
configurat ions are ignored. 3) For models where a sin-
gle error may give rise to more than two detector events,
more sophist icated algorithms are needed [47–53]. These
shortcomings can be part ially addressed by more sophis-
t icated approaches such as count ing mult iplicity or using
belief propagat ion [54–57], but often at the cost of added
computat ional complexity. Other examplesof decoder al-
gorithms are based on decoding from small to large scale,
such as cellular-automata [58–60], renormalizat ion group
[61], or union-find [49, 62]. The lat ter, in part icular, is
very efficient , but at thecost of sub-opt imal performance.

I I .1. R elat ed wor k

A number of dif ferent deep learning based decoder al-
gorithms have also been formulated, based on supervised
learning, reinforcement learning, and genet ic neural al-
gorithms [63–83]. Focusing on the works on the sur-
face code and based on supervised learning, these can

13



Graph neural networks (GNN) 
• Neural networks suited for graph structured data

McCallum et al. 2000

Examples
Antibiotic discovery 
graph regression

Cora dataset, citation network
Node classification 

14



Data object: Decorated graph
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Graph convolutional layers

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

Grid: Standard 
convolutional filter of 
fixed size neighborhood

Graph: Convolutional 
filter adapted to varying  
neighborhood

xi

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

Simple graph convolution:
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W1 and W2 : n’ x n trainable weight matrices 
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Graph pooling
For graph classification output should be 
independent of number of nodes

.
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. Graph embedding +
Standard dense network classifier

xi

x’
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GNN decoder network architecture
10

Layer di n dou t

GraphConv1 5 32
GraphConv2 32 128

GraphConv3 128 256
GraphConv4 256 512

GraphConv5 512 512
GraphConv6 512 256

GraphConv7 256 256
Dense1 X 256 128

Dense2 X 128 181
Dense3 X 128 32
Dense4 X 32 1

Dense1 Z 256 128
Dense2 Z 128 181

Dense3 Z 128 32
Dense4 Z 32 1

Table I. Overview over the input and output dimension of the

graph convolut ional and dense layers of the GNN decoder.
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A ppendix A : GNN ar chi t ect ur e and t r aining

Figure9 displays thearchitecture of theGNN decoder.
The node features are sent through 7 subsequent graph
convolut ional layers (Equat ion 3). The node features are
passed through a rect ified linear unit (ReLU) act ivat ion
funct ion (which corresponds to chopping negat ive val-
ues) after each layer. After the graph convolut ional lay-
ers, the node features from all nodes are pooled into one
high-dimensional vector by comput ing the mean across
all nodes. This vector is then cloned and sent to two
ident ical fully connected neural networks. Both heads
consist of 4 dense layers which map the pooled node fea-
ture vector down to one real-valued number which is out -
put in the range 0 to 1 through a sigmoid funct ion. The
input and output dimension di n and dou t of the graph
convolut ional and dense layers can be found in Table I.

Networks are trained on NVIDIA Tesla A100 HGX
GPU’s using the python mult iprocessing module to gen-
erate data in parallel on a CPU. For gradient descent ,

5
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of nodes

graph convolution + ReLu

mean pooling

dense layer + ReLu
dense layer + sigmoid
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Clone
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Figure 9. Schemat ic of the GNN architecture, with details
in Table I. The same architecture is used for all the results,
except that for the repet it ion code there is only one output

head. Also the input dimension is two (2D space-t ime coordi-
nate) for the repet it ion codeand four (two types of stabilizers,

and 2D spat ial coordinate) for the surface code with perfect
stabilizers.
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Figure10. Exampleof t raining and validat ion accuracy versus
the number of epochs of t raining for code distance 5. One

epoch corresponds to t raining with a dataset containing 5 ·
106 detector graphs of different error rates, as in Figure 4.

The test set is a fixed dataset of the same type containing
5 · 104 data points. After each epoch the oldest 25% of the

dataset is replaced with new data to avoid overfit t ing to the
t raining data. K ink at 300 epochs correspond to decrement
of the learning rate, whereas the spikes are due to network

fluctuat ions.
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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 1010 datapoints

Examples of a few training curves

1 “epoch” is 107 graphs
19

Outperforms sota decoders



New sliding window decoder: GNN+RNN

Recent related work

Master thesis: Gustaf 
Jonasson + Ole Fjeldså

Graph neural network +
Recurrent neural network

20



Decoding multiple cycles
Trained on few cycles, generalizes to many cycles

21



Collecting training data using IBM devices

Surface code on heavy hex

Repetition code

Figure1: Circuit for therotated surfacecodewith codedistance5 and with 2 ancillameasurement repet it ions.

Z stabilizers are coloured blue and X stabilizers are coloured red. Every subfigure shows one t ime step in

the circuit .

3

3. Metod

Figur 3.2: Topologidiagram (även kallat kopplingskarta) för kvantprocessorn IBM

Marrakesh, som visar de två-kvantbitskopplingar som stöds mellan fysiska kvantbitar

i systemet. Varje cirkel representerar en fysisk kvantbit , och linjerna mellan dem visar

var två-kvantbit -grindoperat ioner är möj liga. Färgskalan för noderna visualiserar avläs-

ningsfel för varje kvantbit samt färgen på länkarna representerar felgraden för CZ-grindar

mellan kvantbitar. Mörkare färger indikerar lägre fel och därmed bät t represtanda, ljusare

nyanser visar högre felgrad och grå färg är ingen data. Hämtad från [19] (t illstånd?).

För at t säkerställa t illförlit liga mät resultat upprepades varje exekvering et t stort antal

gånger (shots) för at t samla in t illräcklig stat ist ik över ut fallen. Efter exekveringen ex-

t raherades syndrommätningarna från de klassiska regist ren ur resultatet jobs i form av

en .json-fil och användes för t räning och validering av det neurala grafnätverket. Totalt

inhämtades cirka 8 miljoner datapunkter avsedda för t räning och validering av nätverken.

Utöver det ta gjordesfleramindrekörningar med yt terligarekombinat ioner av parametrar-

na samt på olika platser på den fysiska kvantprocessorn. Dessa användes för at t undersöka

hur det experimentella felet beror på parametrarna d och dt samt mappningen t ill de fy-

siska kvantbitarna på processorn.

Tabell 3.1: Översikt över arbetets större körningar och dess parametrar.

Fas Kodavstånd d Tidsrepet it ioner dt Antal körningar s

+ 3 3 2000000

+ 3 5 2000000

+ 5 5 2000000

+ 7 7 1000000

+ 9 9 1000000
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Summary

• Quantum error correction is crucial for quantum computing

• Machine learning can be an important tool for QEC

• Outlook: 

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

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

• Error correction on the local WACQT (Chalmers) hardware

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