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Abstract

In the NISQ era, implementing practical quantum ma-001
chine learning faces challenges due to limited resources. A002
recent advancement involves a novel single-qubit methodol-003
ogy, allowing for the execution of numerous operations on004
a single qubit. However, its applicability to complex neural005
network architectures remains uncertain. This study focuses006
on graph data, known for its intricate structure and inher-007
ent challenges for machine learning. Utilizing the quan-008
tum walk, we introduce a graph embedding approach to re-009
duce network parameters, resulting in the design of a novel010
architecture called the single-qubit Quantum Graph Neu-011
ral Network (sQGNN). Experimental assessments, includ-012
ing simulations, demonstrate the adaptability of sQGNNs013
to graphs of varying dimensions and compositions. The014
resource-efficient nature of sQGNNs is showcased through015
practical executions on quantum computers, using only one016
qubit. This capability highlights the efficient utilization of017
limited qubit resources, paving the way for expansive quan-018
tum graph neural networks on resource-constrained Varia-019
tional Quantum Circuits (VQCs). This breakthrough opens020
up new possibilities for practical applications within the021
current NISQ regime.022

1. Introduction023

As information technology continues to advance and the024
density of information increases exponentially, innovative025
approaches to the complexity of machine learning have be-026
come imperative [30]. Quantum algorithms have demon-027
strated an exponential acceleration advantage over classi-028
cal solutions in high-dimensional data processing [30]. The029
combination of quantum computing and machine learning030
has resulted in the development of quantum machine learn-031
ing (QML), which has the potential to improve classical ma-032
chine learning algorithms [15]. However, QML faces hard-033
ware and software implementation challenges in the current034
NISQ era of quantum computing [26].035

Quantum computers have made impressive progress036
[30], though several major limitations remain in the NISQ037

era [26]. These include limited qubit numbers and architec- 038
tural and programmability restrictions. Additionally, high 039
noise levels [5] and the prospect of fault-tolerant quantum 040
computers in years or decades [26] prevent the realization 041
of quantum supremacy [25], that is, the acceleration of real- 042
world applications. Therefore, the present key question is 043
how to make the most of current NISQ devices to achieve 044
quantum advantages, taking into account the limited num- 045
ber of qubits, limited qubit connectivity, and coherent and 046
incoherent errors which limit the depth of quantum circuits. 047
Variational Quantum Algorithms (VQAs) [4] are widely 048
used in quantum machine learning, but still have many lim- 049
itations, such as trainability, accuracy, efficiency, and espe- 050
cially, the ”barren plateau” [19]. 051

A notable example is the quantum convolutional neu- 052
ral network introduced by Cong et al. [6], which pioneers 053
the integration of convolutional concepts from classical ma- 054
chine learning into quantum machine learning. However, 055
in the current landscape of quantum computers during the 056
Noisy Intermediate-Scale Quantum (NISQ) era, deploying 057
quantum convolutional neural networks poses challenges 058
due to the substantial requirements for qubits and quantum 059
volumes. This limitation hinders their practical application. 060
Taking image tasks, such as the MNIST dataset [? ], as an il- 061
lustration, even for this relatively smaller-sized dataset, pro- 062
cessing with a quantum convolutional neural network de- 063
mands 784 qubits—an impractical expense for both current 064
and foreseeable future quantum computers. 065

The present scenario is marked by the high cost of quan- 066
tum computers, making them accessible to only a few re- 067
searchers, and the limited availability of public quantum 068
computing resources [18]. The expansion of quantum re- 069
sources is limited in the near future. Consequently, the effi- 070
ciency of quantum resource utilization becomes crucial for 071
the development of quantum models. Consequently, current 072
quantum machine learning research predominantly focuses 073
on smaller or specially designed datasets tailored for spe- 074
cific experiments. As a result, there is currently limited ex- 075
ploration of more complex neural networks in the quantum 076
domain, with minimal involvement in real-world tasks that 077
serve as benchmarks for classical machine learning. 078
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(a) Graph Embedding

(b) Single-Qubit

Figure 1. (a) The diagram of the graph embedding based on the quantum walk. (b) The Single-Qubit quantum circuit. The elements in the
representation vector of the graph are in units of 3, and are encoded onto the qubits using a quantum rotation gate. Every three quantum
rotation gates constitute a unitary operation, and the Single-Qubit method uses this unitary operation as the basic unit of encoding and
parameter training.

Research [22] proposed a simple multi-layer perceptron079
on single qubits through the data-reuploading method. An-080
other research [7] further applied this method to more com-081
plex deep convolutional neural networks. The research082
[23, 36] confirms the good expressivity of the Single-Qubit083
method. In our work, we apply the Single-Qubit method to084
graph neural networks to process the graph data to avoid the085
complex graph structure problems faced by previous work.086

This paper proposes a novel method for implementing087
an entire quantum graph neural network on a single qubit088
[8, 22], allowing for the analysis of complex graph data089
on resource-constrained NISQ VQCs, called Single-Qubit090
Quantum Graph Neural Network (sQGNN). Firstly, a graph091
embedding method based on discrete-time quantum walks092
is used to convert a graph data sample into a vector, as093
shown in Figure 1. Secondly, a new encoding scheme is094
used to easily encode the vectorized graph data onto quan-095
tum circuits, taking advantage of quantum computing to re-096
duce the number of parameters required by classical neu-097
ral networks, often to several tens from thousands and be-098
yond. This drastically reduces the quantum volume occu-099
pancy. Thirdly, the uploaded quantum graph data is fed into100
a novel quantum graph neural network classifier that uses101
only a single qubit, which can be trained to fit the objective102
function through a variety of quantum rotation gates.103

2. Related Work 104

Graph-structured data has become a highly active research 105
topic in the field of machine learning. However, classical 106
neural networks are designed to process data with regular 107
structures in Euclidean space, and their efficiency is con- 108
sequently reduced when dealing with complex graph data. 109
Quantum computing has been suggested as a potential so- 110
lution to address this computational complexity, as data in 111
quantum machine learning is often represented in a high- 112
dimensional Hilbert space by quantum states, which has 113
been demonstrated to be beneficial for classification tasks 114
[29]. 115

A study [34] first proposed a quantum graph neural 116
network. On this basis, quantum graph recurrent neu- 117
ral networks and quantum graph convolutional neural net- 118
works were proposed, and experiments were conducted us- 119
ing quantum-based graph data. The limitation of this re- 120
search is that when building a model, it is necessary to use 121
prior knowledge of the known data structure to adjust the 122
model, and there are certain requirements for the specifi- 123
cations of the input graph data. In the same way, there is 124
Quantum Graph Convolutional Neural Networks proposed 125
by [37]. This work is inspired by convolutional neural net- 126
works, but it also has strict requirements on the structure 127
size of the input graph data. In addition to the above two 128
models whose main parts are entirely composed of quan- 129
tum circuits, there are also quantum-classical hybrid mod- 130
els. For example, [33] uses a hybrid model for particle 131
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tracking, but only adds an additional quantum circuit after132
the classical neural network, it is difficult to reflect the ad-133
vantages of quantum computing. Therefore, when applying134
quantum machine learning to some larger graph data, the135
required quantum resources will increase accordingly.136

3. Single-Qubit Graph Neural Network137

Figure 1 illustrates the workflow of our proposed sQGNN138
method, which consists of three steps. First, the quantum139
walk graph embedding method is applied to convert raw140
graph data into a vector form that can be processed. Sec-141
ond, the processed graph representation vector is input into142
the single-qubit circuit in a predefined order of unitary op-143
erations, as depicted in Figure 1. This single-qubit method144
can encode all data with a single qubit, thus reducing the145
total number of qubits necessary for the NISQ era and ef-146
fectively avoiding the ”barren plateau” phenomenon [19]147
caused by excessive qubits in VQA. Finally, we measure148
the single-qubit circuit, calculate the fidelity and the loss149
of the model, and update the parameters of the quantum150
circuits to perform the training of the neural network. The151
training process provides us with the desired model. Further152
details on these three steps can be found in the Methods sec-153
tion. Subsequently, experiments were conducted to evaluate154
our sQGNN method on several real-world datasets from the155
chemistry and biology domains.156

In summary, our method has the following advantages:157
Save quantum resources. Our approach requires only158
one qubit, which is significant in the NISQ era of quan-159
tum computing resources. Anti-noise. Our model exhibits160
good noise immunity on simulated depolarization errors as161
well as real quantum computers. The good robustness of162
the quantum method itself can save the extra quantum re-163
sources required by the Quantum Error Correction (QEC)164
algorithm. Avoid the ”barren plateau”. Our method only165
needs one qubit, effectively avoiding the ”barren plateau”.166
The amount of parameters is small. Our quantum ap-167
proach has significantly fewer model parameters than the168
classical approach. Extensibility. Our quantum model can169
be combined with other quantum or classical structures to170
form a hybrid neural network. Easy to deploy. Our model171
requires only one qubit and can be easily deployed on real172
quantum computers.173

3.1. Quantum Walk based Graph Embedding174

In order to embed a graph onto a single qubit, classical175
graph data needs to be processed. Our method is inspired176
by [2]. When given a group of graphs, the method employs177
discrete-time quantum walks [9] to analyze them. Com-178
pared to classical walks, quantum walks possess remarkable179
features due to their dependence on unitary matrices instead180
of random ones. As they evolve, quantum walks create pat-181
terns of destructive interference, leading to improved graph182

representations [9]. Additionally, quantum walks operate in 183
the state space of directed edges rather than vertices, allow- 184
ing for enhanced detection of the graph’s structure. A co- 185
ordinate wave function can be used to describe the particle 186
position: 187

|ψp⟩ =
∑
x

cx|x⟩ (1) 188

Where |x⟩ is the wave function of particle in position x and 189
cx is the complex amplitude. So the probability of finding a 190
particle at x is: 191

p(x) = |cx|2 (2) 192

The particle is in a superposition state of various posi- 193
tions during the process of walking. Considering the ran- 194
dom walk of particles, we need to introduce the flipping 195
operator C and moving operator S: 196

C = H ⊗ Ix (3) 197

S = |0⟩ ⟨0 |⊗ |x+ 1⟩ ⟨x |+ |1⟩ ⟨1 |⊗
∑
x

|x− 1⟩ ⟨x | (4) 198

Where H is the Hadamard gate and Ix is the identity matrix 199
of wave function of x. Apply these two operators to the ini- 200
tial state |ψ0⟩ where the position is 0 and the state is upspin, 201
the next state is: 202

|ψ1⟩ =
1 + i

2
|0⟩| 1x⟩+

1 + i

2
|0⟩| −1x⟩ (5) 203

The state |ψ1⟩ is in superposition of position x = −1 204
and x = 1. This process can obtain a different probability 205
distribution than the classical process. 206

To begin, we apply the commute time spanning tree 207
(CTST) representation of the input graphs. Next, we exe- 208
cute simulations involving the evolution of a discrete-time 209
quantum walk across the CTSTs. With access to the CTST 210
representations of the graphs, we proceed to simulate the 211
evolution of a discrete-time quantum walk on each of the 212
trees, employing the Perron-Frobenius operator [27]. Af- 213
terwards, we calculate the associated time-averaged density 214
matrix for each quantum walk. This matrix captures the sta- 215
tistical set of quantum states resulting from the time evolu- 216
tion of the quantum walk. Each element along the main di- 217
agonal of this matrix represents the time-averaged probabil- 218
ity of the walk occupying an edge in the underlying graph. 219
These probabilities effectively characterize the likelihood of 220
the walk moving along specific arcs throughout the course 221
of its evolution. Based on this, we can obtain a represen- 222
tation vector for each graph. The specific work embedding 223
process is shown in Figure 1(a). 224
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3.2. Single-Qubit based Quantum Encoding of225
Graph Data226

Data encoding for many Machine Learning (ML) tasks is227
often presented as column vectors of classical data. Single-228
qubit encoding, introduced in [22], is a strategy for encod-229
ing a vector of classical data into a characteristic Hilbert230
space through a series of single operations acting on each231
input data dimension, applied to a single qubit as shown in232
Figure 1(b). The unitary operation of single-qubit encoding233
can be expressed by the following formula:234

U = RZ(β)RY (γ)RZ(δ) = eiβσzeiγσyeiδσz (6)235

Where σ is the Pauli matrix. With Euler angles β, γ, δ ∈ R236
that define the extent of each rotation (R) around the Z, Y237
and Z axes respectively. Within this method of encoding,238
these Euler angles are parameterized further and defined as:239

β = θi + xi · ϕi (7)240

γ = θi+1 + xi+1 · ϕi+1 (8)241

δ = θi+2 + xi+2 · ϕi+2 (9)242

Where θi and ϕi are trainable weight parameters assigned to243
xi, the value of the input vector x at dimension i. Therefore,244
the extent of rotation β, γ, δ is with respect to the weighted245
value of the input. Combining three rotation gates into a246
unitary operation, there is:247

U
(
→
ω
)
= ei

→
ω ·→σ (10)248

Where
→
ω = (ω(β), ω(γ), ω(δ)). And respectively:249

ω(β) = c
(√

1− cos2c
)−1

sin

(
γ − δ

2

)
sin

(
β

2

)
(11)250

ω(γ) = c
(√

1− cos2c
)−1

cos

(
γ − δ

2

)
sin

(
β

2

)
(12)251

ω(δ) = c
(√

1− cos2c
)−1

sin

(
γ + δ

2

)
cos

(
β

2

)
(13)252

Where cos c = cos
(

γ+δ
2

)
cos

(
β
2

)
. The single-qubit en-253

coding method can be employed to encode up to three input254
dimensions per unitary operation. The input vector is thus255
cycled through in order to encode three-dimensional values256
until the entire input has been encoded. This method can be257
flexibly implemented on quantum circuits that process data258

of different structures and can increase the data capacity per 259
qubit. 260

For classic models, there is Universal Approximation 261
Theorem (UAT) [14] to support its approximation capabil- 262
ities. Similarly, for quantum models, UAT can be used to 263
demonstrate approximation capabilities. According to [24], 264
a quantum analogue can be constructed on the basis of UAT. 265
Let f and ϱ be a pair of functions, with f ∈ Rm → [0, 1] 266
and ϱ ∈ Rm → [0, 2π ) , there is: 267

∣∣∣∣∣f (→
x
)
eiϱ(

→
x ) −

〈
1

∣∣∣∣∣
N∏
i=1

U

(
→
x,

→
θ i,

→
ϕ i

)∣∣∣∣∣0
〉∣∣∣∣∣ < ϵ (14) 268

Where ϵ > 0. Based on this quantum UAT, it can be con- 269
sidered that the Single-Qubit method is able to approximate 270
the functions. 271

3.3. Measurement and Loss Calculation in Our 272
Single-Qubit GNN 273

In the measurement phase, we observe the quantum circuit 274
to obtain its final state. Due to the relatively special step of 275
measurement in quantum circuits compared with classical 276
methods, we can use the characteristics of measurements to 277
construct an evaluation method similar to entropy. As op- 278
posed to traditional direct measurement of the qubit state, 279
we adopt a fidelity-based measurement method for classi- 280
fication tasks. In quantum information theory, fidelity is a 281
measure of the ”closeness” of two quantum states. It rep- 282
resents the probability of a state being identified as another 283
state by a measure. Fidelity is defined as follows: 284

F (ρ, σ) =

(
tr
√√

ρσ
√
ρ

)2

(15) 285

Where ρ and σ are two quantum state. The goal of this 286
method is to minimize the fidelity between a set of data 287
encodings and their respective target states. For the Single- 288
Qubit method, we only need to measure once for each graph 289
data. For binary classification, we assign each image from 290
the set size D with class values in 0,1 to the target states 291
|0⟩ or |1⟩. This approach can be applied to any number of 292
classes, provided that the target states are maximally distin- 293
guishable. Fidelity F is a metric for the similarity or prox- 294
imity between two quantum states, in which 0 ≤ F ≤ 1. 295
The higher the fidelity, the more similar the states are in the 296
direction. The highest class fidelity value given is then con- 297
sidered the classification result. The formula of fidelity is 298
shown as follows: 299

F

(
→
x,

→
θ ,

→
ϕ

)
=

∣∣∣∣〈→
ψ l

∣∣∣∣ψoutput

(
→
x i,

→
θ ,

→
ϕ

)〉∣∣∣∣2 (16) 300

The role of the loss function is to quantify the discrep- 301
ancy between the predicted output of the model and the true 302
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value. In our model, fidelity is used to measure the simi-303
larity between the results and the labels, and hence the loss304
function is also designed accordingly. The formula is as305
follows:306

L
(

→
x,

→
θ ,

→
ϕ

)
=

M∑
i=1

(
1− F

(
→
x,

→
θ ,

→
ϕ

))
(17)307

Where
→
ψ l is the correct label state of the data point.308

Having obtained the loss, we can use the optimizer to309
maximize the sum of the fidelity of all data points and find310
the best weight for classification, the parameters θi and ϕi311
in the unitary operation above. The optimization strategy312
we use is Quantum Natural Gradient, based on [32]. A dis-313
tinctive feature of the quantum state space is its possession314
of an intrinsic metric tensor known as the Fubini-Study met-315
ric tensor. By capitalizing on this property, we can develop316
quantum natural gradient descent:317

ωt+1 = ωt − ηg+ (ωt)∇L(ω) (18)318

Where g+ is the pseudo-inverse of the Fubini-Study metric319
tensor. The following is a variational quantum circuit:320

U(ω)|ψ0⟩ = Vl (ωl)Vl−1 (ωl−1) · · ·V0 (ω0)|ψ0⟩ (19)321

Where Vl (ωl) are layers of quantum gates with parameters.322
ω represents the parameters, including the above mentioned323
β, γ and δ. Considering that only rotation gates are used in324
the Single-Qubit method, these quantum gates can be trans-325
formed into the following form:326

X
(
ω
(l)
i

)
= eiω

(l)
i K

(l)
i K

(l)
i (20)327

The block-diagonal submatrix of the Fubini-Study tensor328
is:329

g
(l)
ij = ⟨ψl−1|KiKj |ψl−1⟩−⟨ψl−1|Ki|ψl−1⟩ ⟨ψl−1|Kj |ψl−1⟩

(21)330

|ψl−1⟩ = Vl−1 (ωl−1) · · ·V0 (ω0)|ψ0⟩ (22)331

Based on this, through quantum backpropagation, we332
can train the quantum model at a faster speed.333

4. Experiments334

We chose the MUTAG dataset and PTC series dataset as335
experimental data. The MUTAG dataset contains 188 nitro336
compounds. The graph data belongs to the isomer graph.337
The full name of PTC is Predictive Toxicology Challenge,338
which is used to develop advanced SAR technology pre-339
dictive toxicology models. According to the experimental340

rodent species, there are a total of 4 datasets: PTC FM, 341
PTC FR, PTC MM, and PTC MR. The specific parame- 342
ters of the dataset are shown in the table below. We use 343
PennyLane [3] and PyTorch [21] to perform experiments. 344
The quantum computer we use is the ibm manila node pro- 345
vided by IBM [16]. The number of qubits available to this 346
quantum computer is 5, the Quantum volume is 32, it can 347
perform 2800 Circuit layer operations per second, and the 348
processor model is Falcon r5.11L. 349

4.1. Experiments in the Simulated Quantum Envi- 350
ronment 351

We configured two simulation setups for our sQGNN 352
models: an ideal quantum environment and a noisy en- 353
vironment involving noise interference in the simulated 354
NISQ devices. To evaluate the robustness of the sQGNN 355
model, we conducted multiple experiments under both 356
simulated environments and tested the classic models 357
with edGNN[17], R-GCN[28], GIN[35], RW-GNN[20], 358
TOGL[13] and sQGNN. The tested quantum models in- 359
clude GBS[31], QJSK and QJSKT[1]. To verify the Single- 360
Qubit method, we set up a control model composed of two 361
quantum bits. The two qubits of the sQGNN-Dual model 362
are the same. The input data is encoded once in the two 363
qubits, and there is a quantum entanglement between the 364
two qubits. 365

Ideal simulated environment. Table 1 presents the test 366
results of the sQGNN model in an ideal simulated quan- 367
tum environment. The best result is underlined and the sec- 368
ond result is bolded. The results indicated that the sQGNN 369
model achieved the best performance on the four datasets of 370
PTC datasets[11]. As a research [7], increasing the number 371
of processing layers (i.e., unitary operations) of the single- 372
qubit method improves the model’s performance, especially 373
when the number of unitary operations is below three. This 374
could be attributed to the relatively low number of fea- 375
ture elements in the graph representation vector of MUTAG 376
data. 377

The comparison of the results in the ideal quantum envi- 378
ronment revealed that the overall accuracy of our sQGNN 379
model was superior. Moreover, the sQGNN method has the 380
advantage of a compact model structure. Classical graph 381
neural networks tend to be complex in terms of the model 382
structure due to the complexity of graph data itself. By con- 383
trast, our model, which employs a graph embedding method 384
without hyperparameters and Single-Qubits QGNN quan- 385
tum circuits, obtains a huge advantage in the total number of 386
parameters. For instance, in the MUTAG dataset, our model 387
requires only 12 parameters, whereas a classical neural net- 388
work such as GIN has 13,000 parameters. 389

The performance of sQGNN and sQGNN-Dual models 390
did not show a significant difference. The standard devia- 391
tion of the sQGNN-Dual model is relatively small, but this 392
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Table 1. The average accuracy of the models over different real-world graph datasets.

Model MUTAG PTC FM PTC FR PTC MM PTC MR
edGNN 86.9±1.0 59.8±1.5 65.7±1.3 64.4±0.8 56.3±1.9
R-GCN 81.5±2.1 60.7±1.7 65.8±0.6 64.7±1.7 58.2±1.7
GIN 85.4±3.5 64.4±6.7 65.1±5.3 64.8±5.4 64.6±7.0
RW-GNN 88.3±4.1 60.9±2.7 63.1±1.3 63.2±1.4 57.1±1.4
TOGL 87.2±3.8 64.9±4.6 64.8±3.8 63.1±4.1 60.3±4.7
GBS 86.4±0.3 53.8±1.0 - - -
QJSK 83.4±0.5 - - - 58.2±0.8
QJSKT 81.6±0.5 - - - 57.4±0.4
SQGNN 87.3±4.8 66.2±7.3 66.9±5.5 65.9±4.2 65.9±5.5
SQGNN-Dual 87.2±4.2 66.2±6.9 66.4±4.8 66.0±4.1 65.9±5.1

Table 2. The average accuracy of the models with depolarizing error.

depolarization
probability MUTAG PTC FM PTC FR PTC MM PTC MR

0.001 87.3±3.3 65.0±7.2 66.5±9.1 65.3±4.2 65.8±4.4
0.01 86.7±4.9 65.1±8.6 66.1±5.6 65.7±4.5 65.8±5.1
0.1 84.8±6.4 64.0±7.7 65.0±8.4 63.7±4.8 64.5±4.5

is foreseeable, because the input data of the sQGNN-Dual393
model has been entered once more once, and the number394
of parameters increases. In the task set in the experiment,395
the number of quits increased significantly, but the quantum396
resources used were doubled.397
Noisy simulated environment. To verify the robustness of398
sQGNN against noise when running on NISQ devices, we399
train and test the models in a noisy simulated environment.400
As shown in Table 3, the depolarization error was set as401
the noise in the environment for the sQGNN model. The402
depolarization error applies a random Pauli (e.g. X, Y, Z)403
to each qubit in a group of qubits and is described by the404
following formula:405

E(ρ) = (1− ε) ρ+ εTr[ρ]
I

2n
(23)406

Where ε is the depolarizing error param, n is the number of407
qubits for the error channel and I is the Pauli matrix.408

We set three levels of the depolarization parameter to as-409
sess the tolerance of sQGNN to depolarization errors. The410
test results are shown in Table 2 and reveal that sQGNN411
is almost unaffected by depolarization errors at 0.001 and412
0.01, and slightly affected at 0.1. Despite the functional lim-413
itations of quantum devices in the NISQ era, the influence414
of noise is unavoidable, resulting in significant degradation415
of performance on real quantum computers. However, the416
results of this experiment show that the sQGNN model can417
stably maintain good performance in the presence of noise.418

Figure 2 displays the distribution of graphs from the419
PTC FM dataset in Hilbert space on the surface of Bloch420
spheres. Red points correspond to Class 0 and blue points to421

Class 1. Class 0 is mainly concentrated in the upper hemi- 422
sphere, while Class 1 is mainly concentrated in the lower 423
hemisphere. This suggests that the model’s classification 424
ability for Class 0 is stronger than for Class 1, with some 425
outliers distributed in the upper hemisphere. This may be 426
due to the initial state of the quantum circuit being set to |0⟩ 427
or the structure of the graph data. 428

4.2. Real Quantum Device Test Experiment 429

We evaluated the performance of our single-qubit sQGNN 430
model on the MUTAG dataset using a real quantum com- 431
puter provided by IBM. The model was deployed in a simu- 432
lated quantum environment to an IBM online quantum com- 433
puter, facilitated by IBM Quantum Lab. 434

Figure 3 demonstrates the test results of two samples on 435
the real IBM quantum computer and the corresponding sim- 436
ulated quantum environment. The accuracy obtained on the 437
MUTAG dataset was 88.89%, with no degradation in accu- 438
racy compared to the simulation environment. Furthermore, 439
the measurement results of |0⟩ and |1⟩ are shown in Figure 440
3(a), leading to the observation that Class 0 is better clas- 441
sified than Class 1. This phenomenon can be attributed to 442
the fact that the initial state is |0⟩ and the difference in the 443
graph data structure of the two classes, which is consistent 444
with the results obtained in the simulated environment in 445
Figure 2. 446

Figure 3(b) presents the visual image of the Wigner 447
quasi-probabilistic equations [12], which relate the wave 448
function to a probability distribution in phase space. The 449
results in the figure illustrate that the model can effectively 450
differentiate between the two classes, and is less affected 451
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(a) PTC FM (b) PTC FR (c) PTC MM (d) PTC MR

Figure 2. This figure is a demonstration of all graph data of the PTC dataset in Hilbert space. The red dot is class 0 and the blue dot is class
1.

Figure 3. (a) Results of testing the effects of the model on IBM’s quantum computer, ibm manila. Here are the measurements of two
graphs with classes 0 and 1 in the test data. The ordinate represents the number of occurrences of a particular state in the measurement.
(b) Visualization of the Wigner quasi-probability function for Class 0 and 1. Our model discriminates between the two classes clearly on a
quantum computer.

by noise generated from NISQ devices. Generally, the ini-452
tial state of available quantum computers is set to |0⟩. If453
the initial state is set to |1⟩, the outcome may differ. Due to454
the physical limitations of the system, the initial state of |0⟩455
may remain the norm of quantum computers for a period456
of time, thus requiring the optimization of the algorithm to457
address this issue.458

5. Discussion459

In the NISQ era, the implementation of quantum algorithms460
on noisy devices is limited by unavoidable device noise. To461
address this issue, single-qubit method has been proposed462
as an efficient solution for exploiting the limited qubits463
available in the NISQ era. Their simple structure and high464
efficiency suggest that our sQGNNs could be extended to465

other tasks in the near future. This method has the potential 466
to economize quantum resources in the NISQ era, where 467
quantum computing resources are scarce. 468

In the Noisy Intermediate-Scale Quantum (NISQ) era, 469
the implementation of quantum algorithms on noisy de- 470
vices is limited by unavoidable device noise. Neverthe- 471
less, experimental evidence in indicates that the single-qubit 472
method employed in our proposed model exhibits robust- 473
ness to noise in both simulated and actual quantum com- 474
puting environments. While the Quantum Error Correction 475
(QEC) algorithm is often used to address the errors result- 476
ing from device noise, it requires additional resources. In 477
this sense, the intrinsic robustness of our algorithm can save 478
valuable resources from the expensive QEC mechanisms in 479
the NISQ era. 480
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Nevertheless, experimental evidence indicates that the481
single-qubit method utilized in our proposed model demon-482
strates resilience to noise in both simulated and real-world483
quantum computing settings. Although the Quantum Error484
Correction (QEC) algorithm is a common approach to miti-485
gate errors arising from device noise, its implementation de-486
mands supplementary resources. In this regard, the inherent487
robustness of our algorithm offers a means to conserve valu-488
able resources, alleviating the need for costly QEC mecha-489
nisms in the NISQ era.490

Implementing complex neural networks with intricate491
data on Variational Quantum Circuits (VQCs) has peren-492
nially posed a formidable challenge. To address this chal-493
lenge, we adopted a graph embedding technique grounded494
in discrete-time quantum walks. This approach effectively495
extracts the structural information of the graph while ensur-496
ing a balanced utilization of computing resources during the497
graph embedding phase. In comparison to classical meth-498
ods, our quantum circuit boasts a significantly reduced pa-499
rameter count, rendering it an efficient model. Moreover,500
the quantum circuit architecture can seamlessly integrate501
with both quantum and classical models, facilitating a ver-502
satile array of tasks.503

It is obvious that, due to the inherent coherence of quan-504
tum systems, the single-qubit method theoretically makes505
sQGNN less prone to quantum decoherence. However, re-506
cent theoretical analysis on single qubit methods [36] has507
raised questions about whether such implementations might508
limit the model’s expressivity of multivariate functions and509
weaken its robustness. To address these concerns, we con-510
ducted experiments that included a dual-qubit implementa-511
tion of sQGNN for comparison. The results, as displayed512
in Table 1, indicate that sQGNN demonstrated slightly bet-513
ter accuracy than sQGNN-Dual. This finding suggests that514
there is no significant difference in performance whether515
one or two qubits are used, thus alleviating concerns regard-516
ing the efficacy of single-qubit methods.517

Furthermore, we included a dual qubit version of518
sQGNN for comparison. In experiments, In this study, we519
tried to increase qubits, but the performance of the model520
did not significantly improve, but it reflected better robust-521
ness. The tasks set by our experiments are limited, and we522
may not be able to reflect the benefits of increasing qubits.523
Increasing qubits in more complex and larger tasks still524
has its potential and is worthy of further research. Single-525
Qubit method renders sQGNN less prone to quantum deco-526
herence due to the inherent coherence of quantum systems527
[36] demonstrated the general approximation power of the528
Single-Qubit method. [23] used the Fourier series to prove529
the approximation ability of the Single-Qubit method for530
any univariate function though unsure about its expressivity531
of multivariate functions. Our work instead offers a prac-532
tical case to demonstrate the power of single qubit based533

quantum neural networks on complex graph data, and hope- 534
fully can help alleviate some of the concerns in this regard. 535

Given the efficient utilization of the sQGNN method 536
with a single qubit, we are able to keep the total number 537
of qubits at a minimal level, thus circumventing the training 538
difficulties of the “barren plateau” induced by VQC. While 539
some studies [10, 19, 32] have proposed methods to ame- 540
liorate the “barren plateau”, a fundamental solution to this 541
issue has yet to be discovered. In the current state of quan- 542
tum machine learning methods applying VQA, the “barren 543
plateau” may persist for a while. The Single-Qubit method 544
can be an effective way at this stage. 545

6. Conclusion 546

In conclusion, to address the challenges on the constraints 547
of limited quantum resources facing the current VQCs of 548
NISQ era, we successfully leveraged single qubit strategy 549
and developed a novel quantum graph neural network ar- 550
chitect on a single qubit by integrating a quantum walk 551
graph embedding method with sQGNN quantum circuits 552
that can successfuly reduce the required parameters from 553
over 10k to only 12 parameters (for MUTAG dataset). Our 554
new method forms a concise structure suitable for deploy- 555
ment on quantum devices during the NISQ era. Our exper- 556
imental results underscore the model’s robustness on both 557
quantum computing simulators and real quantum comput- 558
ers, showing its great potential on overcoming resource bot- 559
tlenecks, achieving robust performance, withstanding quan- 560
tum noises, mitigating the ”barren plateau” issues, etc., 561
showing a groundbreaking step toward harnessing quantum 562
machine learning for real-world applications within the cur- 563
rent NISQ era, where quantum hardware resources are con- 564
strained. 565

References 566

[1] Lu Bai, Luca Rossi, Lixin Cui, Zhihong Zhang, Peng 567
Ren, Xiao Bai, and Edwin Hancock. Quantum kernels for 568
unattributed graphs using discrete-time quantum walks. Pat- 569
tern Recognition Letters, 87:96–103, 2017. 5 570

[2] Lu Bai, Luca Rossi, Lixin Cui, Jian Cheng, and Edwin R. 571
Hancock. A quantum-inspired similarity measure for the 572
analysis of complete weighted graphs. IEEE Transactions 573
on Cybernetics, 50(3):1264–1277, 2020. 3 574

[3] Ville Bergholm, Josh Izaac, Maria Schuld, Christian 575
Gogolin, Shahnawaz Ahmed, Vishnu Ajith, M Sohaib 576
Alam, Guillermo Alonso-Linaje, B AkashNarayanan, Ali 577
Asadi, et al. Pennylane: Automatic differentiation of 578
hybrid quantum-classical computations. arXiv preprint 579
arXiv:1811.04968, 2018. 5 580

[4] Marco Cerezo, Andrew Arrasmith, Ryan Babbush, Simon C 581
Benjamin, Suguru Endo, Keisuke Fujii, Jarrod R McClean, 582
Kosuke Mitarai, Xiao Yuan, Lukasz Cincio, et al. Variational 583
quantum algorithms. Nature Reviews Physics, 3(9):625–644, 584
2021. 1 585

[5] Aashish A Clerk, Michel H Devoret, Steven M Girvin, Flo- 586
rian Marquardt, and Robert J Schoelkopf. Introduction to 587

8



CVPR
#1758

CVPR
#1758

CVPR 2024 Submission #1758. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

quantum noise, measurement, and amplification. Reviews of588
Modern Physics, 82(2):1155, 2010. 1589

[6] Iris Cong, Soonwon Choi, and Mikhail D Lukin. Quan-590
tum convolutional neural networks. Nature Physics, 15(12):591
1273–1278, 2019. 1592

[7] Philip Easom-Mccaldin, Ahmed Bouridane, Ammar Bela-593
treche, and Richard Jiang. On depth, robustness and per-594
formance using the data re-uploading single-qubit classifier.595
IEEE Access, 9:65127–65139, 2021. 2, 5596

[8] Philip Easom-McCaldin, Ahmed Bouridane, Ammar Bela-597
treche, Richard Jiang, and Somaya Al-Maadeed. Efficient598
quantum image classification using single qubit encoding.599
IEEE Transactions on Neural Networks and Learning Sys-600
tems, 2022. 2601

[9] David Emms, Simone Severini, Richard C Wilson, and Ed-602
win R Hancock. Coined quantum walks lift the cospectrality603
of graphs and trees. Pattern Recognition, 42(9):1988–2002,604
2009. 3605

[10] Edward Grant, Leonard Wossnig, Mateusz Ostaszewski, and606
Marcello Benedetti. An initialization strategy for addressing607
barren plateaus in parametrized quantum circuits. Quantum,608
3:214, 2019. 8609

[11] Christoph Helma, Ross D. King, Stefan Kramer, and Ashwin610
Srinivasan. The predictive toxicology challenge 2000–2001.611
Bioinformatics, 17(1):107–108, 2001. 5612

[12] BJ Hiley. Phase space descriptions of quantum phenom-613
ena. In Proc. Int. Conf. Quantum Theory: Reconsideration614
of Foundations, pages 267–86, 2004. 6615

[13] Max Horn, Edward De Brouwer, Michael Moor, Yves616
Moreau, Bastian Rieck, and Karsten Borgwardt. Topolog-617
ical graph neural networks. In International Conference on618
Learning Representations (ICLR), 2022. 5619

[14] Kurt Hornik. Approximation capabilities of multilayer feed-620
forward networks. Neural Networks, 4(2):251–257, 1991.621
4622

[15] Hsin-Yuan Huang, Michael Broughton, Masoud Mohseni,623
Ryan Babbush, Sergio Boixo, Hartmut Neven, and Jarrod R624
McClean. Power of data in quantum machine learning. Na-625
ture communications, 12(1):2631, 2021. 1626

[16] IBM. Ibm quantum. https://quantum-computing.ibm.com/,627
2023. [Online; accessed 1-March-2023]. 5628

[17] Guillaume Jaume, An-phi Nguyen, Marı́a Rodrı́guez629
Martı́nez, Jean-Philippe Thiran, and Maria Gabrani. edgnn:630
a simple and powerful gnn for directed labeled graphs. arXiv631
preprint arXiv:1904.08745, 2019. 5632

[18] Sebastian Krinner, Simon Storz, Philipp Kurpiers, Paul633
Magnard, Johannes Heinsoo, Raphael Keller, Janis Luetolf,634
Christopher Eichler, and Andreas Wallraff. Engineering635
cryogenic setups for 100-qubit scale superconducting circuit636
systems. EPJ Quantum Technology, 6(1):2, 2019. 1637

[19] Jarrod R McClean, Sergio Boixo, Vadim N Smelyanskiy,638
Ryan Babbush, and Hartmut Neven. Barren plateaus in quan-639
tum neural network training landscapes. Nature communica-640
tions, 9(1):4812, 2018. 1, 3, 8641

[20] Giannis Nikolentzos and Michalis Vazirgiannis. Random642
walk graph neural networks. Advances in Neural Informa-643
tion Processing Systems, 33:16211–16222, 2020. 5644

[21] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, 645
James Bradbury, Gregory Chanan, Trevor Killeen, Zeming 646
Lin, Natalia Gimelshein, Luca Antiga, et al. Pytorch: An im- 647
perative style, high-performance deep learning library. Ad- 648
vances in neural information processing systems, 32, 2019. 649
5 650
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