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Quantum error correction is a technique that enhances a system’s ability to combat noise by encoding logical informa-
tion into additional quantum bits, which plays a key role in building practical quantum computers. The XZZX surface code,
with only one stabilizer generator on each face, demonstrates significant application potential under biased noise. However,
the existing minimum weight perfect matching (MWPM) algorithm has high computational complexity and lacks flexibility
in large-scale systems. Therefore, this paper proposes a decoding method that combines graph neural networks (GNN) with
multi-classifiers, the syndrome is transformed into an undirected graph, and the features are aggregated by convolutional
layers, providing a more efficient and accurate decoding strategy. In the experiments, we evaluated the performance of the
XZZX code under different biased noise conditions (bias = 1, 20, 200) and different code distances (d = 3, 5, 7, 9, 11).
The experimental results show that under low bias noise (bias = 1), the GNN decoder achieves a threshold of 0.18386, an
improvement of approximately 19.12% compared to the MWPM decoder. Under high bias noise (bias = 200), the GNN
decoder reaches a threshold of 0.40542, improving by approximately 20.76%, overcoming the limitations of the conven-
tional decoder. They demonstrate that the GNN decoding method exhibits superior performance and has broad application

potential in the error correction of XZZX code.
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1. Introduction

Quantum computing!'! leverages quantum phenomena
such as superposition and entanglement, demonstrating the
potential to surpass classical computing capabilities. However,
the fragility of qubits makes them susceptible to environmental
noise such as phase noise, thermal noise, and electromagnetic
interference during computation. This leads to quantum state
decoherence and measurement errors, resulting in quantum in-
formation dissipation. Quantum errror correction (QEC)[6-]
employs redundant encoding to distribute logical qubit infor-
mation across multiple physical qubits and uses stabilizer mea-
surements and syndrome extraction to detect and correct errors
caused by noise. Unlike classical error correction, which typ-
ically only needs to handle bit-flip errors, quantum error cor-
rection involves more complex error types, including phase-
flip errors and bit-phase superposition errors. [10-13]

Since 1995, significant progress has been made in the
field of quantum error correction. In 1995, Shor!'¥ pro-
posed the well-known 9-qubit Shor code. In 1998, Kitaev and
Bravyil!>! developed the planar version of the surface code. In
2001, Freedman and Meyer!!® further expanded the concept

of the surface code. In 2009, Kolmogorov!!”! introduced the
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Blossom V algorithm, combining the minimum weight per-
fect matching (MWPM) algorithm with graph theory. In 2020,
Andersen!'8! implemented the smallest surface code structure
using seven superconducting qubits, achieving an average ini-
tialization fidelity of 96.1% for encoded logical qubits through
high-precision stabilizer measurements. In 2021, Ataides!'"!
proposed a variant of the surface code, the XZZX code of-
fering new possibilities for fault-tolerant quantum comput-
ing. In 2022, Qian Xu!?"! explored the performance of the
XZZX code under biased noise, revealing that with standard
CX gates, the threshold error rate of the XZZX code was 50%
higher than that of the surface code. Finally, in 2023, Diego
Forlivesi(?!! further investigated logical errors in the XZZX
code.

In the decoding process of the XZZX code, while the min-
imum weight perfect matching (MWPM)[?>24] algorithm is
widely used, it has notable drawbacks. First, MWPM does not
fully utilize the biased noise advantages of the XZZX code,
leading to suboptimal performance in asymmetric error envi-
ronments. Second, it struggles with efficiently handling mea-
surement errors, which are common in fault-tolerant quan-
tum computing. Finally, the computational complexity!>! of
MWPM increases significantly with system size, making it
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less practical for large-scale quantum error correction tasks.
To address these issues, this paper proposes a graph
neural network (GNN)-based decoding method for XZZX
code.[?627] Traditional single-task learning methods typically
assume that error types are known and fixed. In quantum
error correction, especially when multiple noise sources are
present, GNN can handle multiple error types simultaneously
through multi-task learning, enhancing the model’s robustness
in noisy environments.In the graph convolutional layer, an at-

[28.29] ig introduced to handle the corre-

tention mechanism
lation between different nodes. Finally, global feature vectors
are generated through a pooling layer and fed into a multi-class
classifier layer. The experimental results show that under low
noise conditions, the GNN decoder significantly outperforms
the conventional MWPM decoder in terms of logic error rate,
with a threshold improvement of about 19.12%. Under high
noise conditions, the GNN decoder performs even better with
a threshold of 0.40542.

The remainder of this paper is organized as follows: In
Section 2 we provide background knowledge on the XZZX
code and graph neural networks. In Section 3 we describe a
detailed description of the proposed decoder architecture and
experimental setup. In Section 4 we discuss the error correc-
tion performance analysis of the decoder. In Section 5 we dis-
cuss the limitations of this study and future research directions.

2. Background
2.1. The XZZX code

In order to evaluate the performance of a quantum code,

a noise modelB3311 g

typically adopted where each qubit is
independently subjected to quantum noise. A general single-

qubit Pauli noise channel, expressed as
p— (1—pp+pirxXpX+ryYpY +r7ZpZ), (1)

where p € [0,1] represents the physical error rate for a sin-
gle qubit, and the weights ry, ry, and rz represent the relative
probabilities of Pauli-X, Pauli-Y, and Pauli-Z errors, respec-
tively. For example, in a depolarizing channel, ry =ry =rz =
1/3, which describes unbiased Pauli noise. Unlike traditional

[32-34] this paper adopts a biased noise model

noise models,
where Z errors are more frequent.

The XZZX code!'®~2!) demonstrates strong fault-tolerant
capabilities in this biased noise environments. Unlike tradi-
tional surface codes, each face of the XZZX code has only one
stabilizer generator. Specifically, the XZZX code can be de-
fined on the same two-dimensional lattice as the conventional
surface code. As shown in Fig. 1(a). Without considering
boundaries, the XZZX code has only one type of stabilizer

generator. The form of each stabilizer is defined as follows:

Sxzzx =X QZQZRX. 2)

However, with boundaries, there are two types of stabilizer
generators, the tensor product of Pauli operators XXZ or ZZX.
As shown in Fig. 1(b), the XZZX code is characterized by hav-
ing only one logical error chain unlike the traditional surface
code, where X and Z operators alternate along the chain. This
structure enables the XZZX code to handle Pauli-Z and Pauli-
X errors more effectively by symmetrically treating both types

of errors, thus improving its error correction capability.

(b)

) A @
X
QT

Fig. 1. The XZZX code lattice configuration: (a) the naming of the
XZZX code corresponds to its stabilizer operations, with a consistent
stabilizer structure on each face; (b) the red line shows the logical error
chain on the edges; (c) the green line reprensents a Pauli-X error chain;
(d) the orange line reprensents a Pauli-Z error chain; and (e) the blue
line reprensents a Pauli-Y error chain.

As shown in Fig. 1(c), when a Pauli-X error occurs, it
causes two adjacent defects, and multiple Pauli-X errors form
a longer error chain, with these chains aligned in the same di-
rection. Similarly, Pauli-Z errors chains are aligned orthogo-
nally to the Pauli-X error chains, as illustrated Fig. 1(d). Pauli-
Y errors result in four defects on adjacent faces like the surface
code as shown in Fig. 1(e). By utilizing this characteristic, the
XZ7ZX code can dynamically adjust the aspect ratio of the lat-
tice in response to the noise model it encounters, balancing the
detection and correction of X and Z errors.

2.2. The graph neural network

Graph Neural Networks (GNN) 135-38] are a class of neu-
ral network models specifically designed to handle graph-
structured data. In Fig. 2, a graph consists of nodes and edges,
denoted as G = (N, E), where an edge e;; € E represents a con-
nection between two nodes i,j € N = {1,...,m}. The graph
formed by these nodes serves as the input to the GNN. The
core operation of a GNN is to update the features of a node by
passing messages between neighboring nodes. In a traditional
graph convolutional layer, the updated features of a node are
computed based on the aggregation of features from its neigh-
boring nodes, as follows:

e <W1h§k)+ y eijwzhﬁ."’), 3)
JENT()
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where h,@ represents the feature vector of node i at layer &,
W, and W, are learnable weight matrices, and o is an activa-

tion function.

Pooling MLP Output
? ) . Softmax@

—R

o s [

Fig. 2. The process of graph convolutional networks. The input graph
first passes through multiple graph convolutional layers to extract fea-
tures, then global vectors are generated in the pooling layer, and finally
processed by a multi-layer network to produce the output.
Additionally, the global pooling layer**=*! plays a criti-

cal role. The basic formula is as follows:
L
hpool = h; ; (4)
N

@
L
denotes the output features of the i-th node in the final (L-th)

layer. In classification tasks, this feature vector plays a crit-

where N represents the number of nodes in the graph, and &

ical role as it integrates the global information of the graph
into a high-dimensional vector, which is then passed as in-
put to the classifier. Through this pooling process, the GNN
not only captures local node information but also grasps the
overall structure of the graph, thereby providing a more com-
prehensive data representation for downstream classification

or prediction tasks.

3. Designing decoding algorithms
3.1. Executing check operators process

The XZZX code is locally equivalent to the traditional
CSS surface code, and thus retains its encoding properties.
We choose a lattice of size dy x d, using n = O(d.d;) qubits,
where d, and d, represent the minimum lengths of the X and Z
logical operators. These logical operators resemble string-like
structures that traverse homologically non-trivial paths across
opposite boundaries of the code. Under open boundary condi-
tions, the XZZX code encodes one logical qubit. We identify
and locate errors in the code by measuring stabilizer operators.
Since the code space is defined as the set of +1 eigenstates, a
measurement result of —1 indicates that the system has de-
viated from its code space. Our stabilizer measurement!#>43]
circuit employs Hadamard gates to transform the standard sur-
face code circuit into an XZZX code circuit.

In Fig. 3, all stabilizer generators can be measured in
parallel. The auxiliary qubit is placed at the center of each
lattice and initialized in the |+) state. It interacts with two
data qubits affected by Pauli-X errors (qubits 2 and 3) through

CNOT gates, and with two data qubits affected by Pauli-Z er-
rors (qubits 1 and 4) through CZ gates. Thus, the ancillary
qubit collects the parity information of the stabilizers on the
lattice. We finally measure the ancillary qubit in the Pauli-X
basis to determine the parity result. The stabilizer measure-
ment can be articulated through the expectation value of the

stabilizer operator:

(S) = (V|Z1X2X3Z4| ), (5)

where |y) represents the quantum state of the system under
investigation. An expectation value of (S) = +1 implies that
the state is invariant under the stabilizer operation, confirm-
ing that the system resides within the correct logical subspace.
Conversely, (S) = —1 signals a departure from the encoded
subspace, indicative of quantum errors affecting one or more
qubits.

Fig. 3. Stabilizer measurement circuit for the XZZX code. This figure chooses
a lattice of size dy = 3, d; = 4 for encoding, where all the checks (except for
the three-qubit checks on the boundary) follow the same form. The coupling
order of the data qubits and the ancillary qubit (located at the center of each
face) is indicated by the arrows. We use the same order for every stabilizer.
Before measurement, the four data qubits are coupled to an ancillary qubit,
which is initialized in the |+) state and measured in the X basis.

3.2. Mapping algorithm from syndromes to graph

The graph structure mapping of the XZZX code (as
shown in Fig. 4) converts the stabilizer measurement results
of the qubits into a graph structure that the neural network can
process. In the process, each detected error event is repre-
sented as a node on the graph,[**71 and its feature vector is
defined as

X = (x,y,1), (6)

where x and y represent the distances from the nodes on the
graph to the north and west boundaries, respectively, while ¢
represents the round of stabilizer measurement.

The experimental design is as follows. First, Pauli-X and
Pauli-Z errors are randomly introduced according to the speci-
fied noise model. Then, the data qubits and auxiliary qubits are
initialized. Next, multiple rounds of stabilizer measurements
(rounds=1, 2, ..., n) are performed to extract the syndrome.
In each round, we analyze the differences between the current
and previous round measurement results to determine if a new
error has occurred, and these differences are treated as nodes
in the graph. Finally, during the data qubit rounds, the data

qubits are measured to record the final quantum state.
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Qubit round
initialization

First stabilizer
measurement round

Second stabilizer

Qubit round
measurement round

Fig. 4. Quantum error syndrome extraction and graph structure construction process. The figure first configures the stabilizer results based on the initial
errors, the numbers on the faces indicate that 0 means no error was detected by the stabilizer, and 1 means an error was detected. Then, two rounds of
stabilizer measurements are performed to extract the syndrome. The error information generated by each stabilizer measurement is recorded as a node,
and the edges represent possible error propagation paths. The final measurement rounds of the data qubits are also shown.

The graph is constructed as a complete graph where all
nodes are initially connected. To optimize computational effi-
ciency, connections between each node and its distant neigh-
bors are removed, only up to three neighbors are retained.
This ensures that the number of operations per layer in the
neural network scales linearly with the number of detected
events, thereby improving computational efficiency. The edge
weights are initially set based on the distance between the two
connected nodes, represented by the following formula:

1

(max (|[pi —pjl,€))
where p; and p; are the position vectors of nodes i and j, and

5, %

€ is a small positive constant to prevent division by zero. By
configuring edge weights in this way, the analysis of compre-
hensive data can be performed more effectively, aiding in the
identification of error patterns and providing efficient solutions
for quantum error correction, thereby enhancing the network’s
ability to detect and correct errors.

3.3. Decoding algorithm using graph neural network

In the quantum error correction for the XZZX code, this
paper designs a decoder based on a graph neural network
(GNN) and introduces a multi-head attention mechanism to
handle the complex graph structures, as shown in Fig. 5. The
graph structure of the error patterns is constructed based on
stabilizer measurement results. In the graph convolutional lay-
ers, the GNN updates the node states by gathering features
from neighboring nodes and applying weights. However, the
correlations between nodes are not equally important. To ad-
dress this, an attention mechanism!“8->!1 is introduced to dy-
namically adjust the edge weights . The formula for updating
the node features is as follows:

hl(k-H) =0 W1 hl(»k) + Z eijOCijWZhﬁ»k) s (8)
JEN ()
where hl(k) represents the feature vector of node i at layer k,

W), and W, are learnable weight matrices, N(i) is the set of
neighbors of node i, ¢;; is the edge weight between nodes i
and j, and ¢; is the attention coefficient between nodes i and

Jj. The function ¢ represents a nonlinear activation function.
The attention coefficient ¢;; is calculated as

oo (a7 winlwin))
Zke/\/(i) exp (G (aT [W] h,gk) [|W h](ck)])> )

where a is a learnable attention vector and ¢ is a nonlinear

©))

activation function. To better handle disconnected nodes, the
attention coefficients can be adjusted by introducing the adja-
cency matrix

ai; = Softmax (o (aT Wik Wy hﬁ"’]) A; j) . (10)

where the matrix A; ; is the adjacency matrix. In this paper,
we use a multi-head attention mechanism, where each atten-
tion head independently computes attention weights between
nodes and their neighbors. The final node feature is obtained
by aggregating the outputs of multiple heads, as expressed by

K

k+1 1 k), (k ) vx 7 (k) 4 (k

mU =2y o(Wf B+ Y el wih! ’),(11)

K=1 JEN(D)

where K is the number of attention heads, and Wl(k), 2(/()
k

o

k-th attention head. By introducing multi-head attention,

, and
are the weight matrices and attention coefficients for the
[41,42]
GNN can capture more diverse relationships and patterns
within the graph structure. Each attention head independently
learns different feature representations, increasing the model’s
robustness, reducing the bias produced by a single attention
head, and ultimately improving the overall performance of the
model.

In each GNN layer, multiple hidden channels are used
to enhance the model’s representation ability. The number of
hidden channels gradually increases in each layer, allowing
the model to extract more local and global graph structure fea-
tures. In the final layer of the model, 256 hidden channels
and a single attention head are used to generate more defini-
tive prediction results. The multi-head attention mechanism
allows each node to learn different neighbor relationship pat-
terns through multiple attention heads, enhancing the model’s
robustness.
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Fig. 5. Graph neural network architecture with multi-head attention mechanism. This diagram illustrates the architecture of a graph neural
network (GNN) with a multi-head attention mechanism designed for quantum error correction. The input data are initially mapped onto a graph
structure and then processed through multiple convolutional layers. Each convolutional layer extracts different features, and the multi-head
attention mechanism enhances the information flow between nodes. A global pooling layer aggregates the node features into a global feature

vector, which is then fed into the multi-class classifier.

After several layers of graph convolution, the model uses
a global pooling layer to extract the most important node fea-
tures and aggregates them into a global feature vector for sub-
sequent classification tasks. Then, the model uses a multiclass
classifier to compute the probabilities of each type of logical
error. Typically, a multiclass classifier uses a Softmax acti-
vation function, which converts the raw classification scores
into a probability distribution, ensuring that the sum of prob-
abilities for all classes equals 1. The specific formula for this
classification process is given by the following equation:

) N
P = Softmax (Wé’u'{al -tanh (a “hpooted + B - Z W,hg”)
i=1

+A- ||W£::““|2>, (12)

where W(f{}}al is the final weight matrix, /pooleq is the pooled
node feature vector, W; is the weight matrix of node i, hEL) is
the output feature of node i at layer L, a, 3, and A are hyper-
parameters, and ||[W/inal[|2 is the L, regularization term. P is
the probability distribution of the classification results, repre-
senting the probabilities of the Pauli-X, Pauli-Y, and Pauli-Z
operations.

To ensure the effectiveness of the model, binary cross-
entropy loss is used during training to measure the difference
between the predicted results and the true labels:

L=—- Z (0cyclog(Pe) + B (1 —yc)log(1 —P.))
ce{X,v,z}

1 N
A 5 LIwilE ) (13)
i=1

where @, and B, are hyperparameters controlling the impor-
tance of positive and negative class predictions, y. is the true

label for class ¢, P. is the predicted probability for class ¢, A
is the regularization parameter, N is the total number of nodes,
and ||W;|| represents the L, norm of the weight matrix for the
i-th node. This formula calculates the cross-entropy loss, mea-
suring the difference between the true labels and the predicted
probabilities for each sample. By minimizing this loss, the
model learns to predict the correct class (X, Y, or Z) for each
sample more accurately. The model weights are updated using

the Adam optimizer, dynamically adjusting the learning rate.

3.4. Training process

In the XZZX code quantum error correction task, the
main software environment is Python 3.9, with model con-
struction and training using the PyTorch Geometric li-
brary, running on Ubuntu 20.04 LTS, and utilizing CUDA-
accelerated GPUs to enhance training efficiency.

For data generation in the XZZX code, different noise
bias levels are first set to control the relative frequencies of
Pauli-X and Pauli-Z errors. For example, when the bias is 1,
Pauli-X and Pauli-Z errors occur with equal probability; when
the bias is 200, the frequency of Pauli-Z errors is significantly
higher than Pauli-X errors. During the execution of the quan-
tum system, these Pauli-X or Pauli-Z errors are randomly in-
troduced. To detect these errors, multiple rounds of stabilizer
measurements are performed. Since errors occur randomly,
points that show different results in the next stabilizer mea-
surement compared to the previous round are defined as error
nodes. For example, with a bias of 1 and a physical error rate
of 0.15, 5000 to 10000 graphs are generated, each containing
hundreds of nodes.

Once the graph structure data is generated, the graph neu-
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ral network decoder model enters the training phase. First, the
generated graph dataset is encapsulated into “Data” objects
supported by PyTorch Geometric and loaded in batches for
training. During model initialization, multiple layers of graph
convolutional networks and multi-head attention mechanisms
are used to update node features and capture relationships be-
tween adjacent nodes in the graph. During training, the model
receives batches of graph data, propagates them through lay-
ers, and updates node features, ultimately outputting predic-
tions of logical error probabilities. A binary cross-entropy
(BCE) loss function is used to measure the error between the
model’s predictions and actual labels. The optimization pro-
cess is managed by the Adam optimizer, which updates the
model’s weights through backpropagation after each loss cal-
culation to minimize the error. The initial learning rate is set to
0.01, and a learning rate scheduler dynamically adjusts the rate
to ensure stable convergence throughout the training process.
To prevent overfitting, Dropout is introduced during training.
The entire training process is conducted over multiple epochs,
and after each epoch, the model is evaluated on the validation
set, adjusting the learning rate based on the evaluation results
until the model parameters are fully optimized.

4. Results
4.1. Analyzing decoder performance

In the process of quantum error correction, error syn-
dromes are extracted to identify the errors. During the decod-
ing process of the XZZX code, the decoder analyzes all pos-
sible error patterns and generates an error model based on the
observed syndrome probabilities, outputting the correspond-
ing correction operations. The decoder utilizes the relationship
between the total physical error rate P, the logical error rate
Piogical, and the code distance d to determine the threshold in
order to effectively correct errors. And the threshold is usually
defined as the value at the intersection of the physical error
rate and the logical error rate curve.

In the experimental design, we simulated different physi-
cal error rates and biased noise to evaluate the error-correction
performance of multiple decoders on the XZZX code. Simul-
taneously, each data point was based on different experimental
parameters and independently simulated 10°~10* times, with
t = d repetitions. This experimental setup covered multiple
biased noise conditions (bias = 1, 20, 200) and different code
distances (d = 3, 5, 7, 9, 11). The bias noise parameter de-
termined the relative occurrence probability of different types
of quantum bit errors, such as the frequencies of Pauli-X and
Pauli-Z errors. We used various physical error rates to simu-
late diverse noise environments. The results showed that the
logical error rate of the XZZX code is particularly sensitive to
changes in physical error rates under high bias conditions.

As shown in Fig. 6, as the physical error rate increases,
the logical error rate also rises. However, under larger code
distance conditions, the error correction performance signifi-
cantly improves, resulting in better suppression of the logical
error rate. Specifically, under the condition of bias =200, be-
fore the threshold, a larger code distance demonstrates a clear
advantage in reducing the logical error rate. It can be seen that
increasing the code distance not only effectively reduces the
logical error rate but also enhances the stability and robustness
of the decoders under different noise conditions.
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Fig. 6. Logical error rate performance of XZZX code decoders under
different bias conditions. This figure illustrates the variation of the log-
ical error rate of XZZX code decoders under different bias conditions
(bias =1, 20, 200) and code distances (d =3, 5, 7, 9, 11) as the physi-
cal error rate increases. The figure shows that as the physical error rate
increases, the logical error rate also rises. Under high bias conditions
(such as bias = 200), the logical error rate increases more significantly
with the rise in physical error rate. However, GAT-based decoders
demonstrate better error correction performance, especially under high
physical error rates and high bias conditions, effectively suppressing
Pauli-Z errors.

To further demonstrate the performance of the decoders,
we present Fig. 7, which provides a detailed analysis of the
logical error rates of various decoders under different bias con-
ditions. Figure 7 illustrates the logical error rate performance
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of multiple decoders (such as GNN and MWPM) under vary-
ing bias conditions (bias = 1, 20, 200). The MWPM decoder
is based on the minimum weight perfect matching algorithm,
which infers errors by analyzing the error chain probabilities
between qubits. It uses the probability of each error chain as a
distance and infers the most likely error pattern based on these

distances to perform error correction.
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Fig. 7. Performance comparison of decoders for XZZX code. This
figure illustrates the comparative performance of decoders under three
different bias values (bias = 1, 20, 200). Different colors and symbols
denote various decoder types and different distance (d =7, 9, 11). The
trends in the curves suggest that as the bias increases, the performance
of the system varies across different error rates.

In low-bias conditions (such as bias=1), all decoders
exhibit a similar trend in logical error rates at lower physi-
cal error rates. However, as the physical error rate increases,
the GAT-based decoder gradually demonstrates superior error-
correction performance, maintaining a lead in suppressing log-
ical error rates. In high-bias conditions (such as bias =20 and
200), the logical error rates increase significantly, but the GAT-
based decoder continues to perform well, particularly in miti-

gating Pauli-Z errors, effectively reducing the logical error rate
in the high physical error rate region. These results clearly in-
dicate that as the bias conditions intensify, the performance
gap between decoders widens, with the GAT decoder standing
out prominently in high-bias and high physical error rate envi-
ronments, proving its significant advantage under biased noise
conditions.

4.2. Analysis decoder accuracy

To further explore the accuracy trends across different
code distances, figure 8 provides a detailed comparison of
the training accuracy and validation accuracy for GNN (graph
neural network) decoders with code distances d =3, 5, 7, 9,
11 under bias =200. From the figure, it can be observed that
as the training process progresses, the logical accuracy gradu-
ally improves, indicating that the decoder is learning to correct
errors more effectively. Across all code distances, the training
accuracy steadily increases with more training epochs, but the
validation accuracy tends to stabilize in certain cases. This
suggests that the model is able to memorize the error patterns
present in the training set during the training process. To quan-
tify the performance of the model, accuracy can be calculated
as follows:

Number of correct predictions
Total predictions

Accuracy = x 100%, (14)

where accuracy represents the proportion of correctly pre-
dicted instances to the total number of predictions. This is
helpful for evaluating the decoder’s performance across dif-
ferent code distances.

Logical accuracy over training epochs with validation data

0.914 —— Training d =3
—Training d=5
—— Training d=7
0.912 —— Training d=9
— Training d =11
Validation d =3
0.910 « Validation d=5
Validation d =7
0.908 Validation d =9 » .

* Validation d =

0.906

Logical accuracy

0.904

0.902

100 150 200 250 300 350 400 450 500
Training epoch

Fig. 8. Training and validation accuracy for different code distances. This
figure presents the training and validation accuracy trends for GNN decoders
across different code distances (d =3, 5, 7, 9, 11). As the training epochs
increase, the logical accuracy improves, demonstrating the decoder’s abil-
ity to correct errors more effectively. The differences between the training
and validation accuracies highlight the model’s generalization capability for
different code distances.

To gain a deeper understanding of the impact of differ-
ent model parameters on performance, we added a sensitivity
analysis in the experimental section, evaluating the model’s
performance under different learning rates and layer numbers.
Regarding the learning rate, the results showed that with a
learning rate of 0.01, the model converged slowly but achieved
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stable convergence. As the learning rate increased, the conver-
gence speed improved, but some instability occurred during
training. As for the number of layers, increasing the layers
from 4 to 6 improved the accuracy, but further increasing the
layers resulted in diminishing returns, with signs of overfitting.

5. Conclusion

We proposed an advanced decoding framework based
on the XZZX quantum error-correcting code, combined with
graph neural networks (GNN) and attention mechanisms.
Through this approach, the GNN can adaptively learn error
patterns, enabling the decoder to achieve better robustness and
accuracy when facing different types of quantum errors. Fur-
thermore, the introduction of the attention mechanism allows
the model to dynamically adjust the importance of features,
optimizing the decoding process. This flexibility is particu-
larly crucial in addressing complex noise conditions.

Future research directions can focus on several key ar-
eas to further enhance the performance of the quantum error
correction decoding framework based on graph neural net-
works (GNN). First, integrating temporal graph neural net-
works could be considered to capture the temporal dynam-
ics of quantum errors. Additionally, exploring the potential of
combining this framework with other machine learning tech-
niques, such as reinforcement learning, could assist the de-
coder in optimizing its decoding strategies based on real-time
feedback, thereby improving performance in high-noise en-
vironments. Furthermore, applying this framework to other
types of quantum error correction codes, such as low-density
parity-check (LDPC) codes, may expand its applicability and
enhance its versatility.
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