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ABSTRACT Identifying community structures in complex networks is foundational to graph theory,
but classical algorithms struggle with scalability and the “curse of dimensionality” in high-dimensional
embedding, while existing quantum methods lack unified architectures or compatibility with practical
hardware. Here we present Embedded Quantum Density-based Spatial Clustering (EQDSC), an end-to-end
quantum framework for community detection with key theoretical and technical advances over state-of-
the-art approaches: it integrates discrete-time quantum walks (DTQW) augmented with Grover diffusion
operators for efficient topological feature extraction, and adopts quantum fidelity to quantify similarity—
mitigating dimensionality issues inherently. We validated EQDSC on 11 real-world and synthetic datasets
via Qiskit simulations. It achieved up to 0.855 modularity and 0.887 NMI (DBLP), outperforming classical
methods by 18-35% on large networks. The achieved gains stem from quantum superposition and accelerated
quantum walk diffusion, with small-dataset performance restricted by constrained parameter optimization.
Simulated performance confirms practical applicability, laying the groundwork for future deployment on
real NISQ devices.

INDEX TERMS Community detection, quantum computing, quantum walk, quantum machine learning,

quantum clustering, graph embedding.

I. INTRODUCTION

The field of network science has made substantial contribu-
tions to our understanding of complex systems by elucidating
the intricate structures and dynamics that underpin their
behaviors. One of the core challenges within this discipline
is community detection, a process aimed at identifying
cohesive subgroups or communities within networks. These
communities serve as functional modules and reveal hidden
patterns critical for comprehending both the organization
and functionality of the network. Consequently, community
detection is recognized as an essential tool with a wide array
of applications across various fields.

The identification of communities within social networks
is essential for comprehending user activities, examin-
ing the dissemination of information, and investigating
social relationships. By recognizing clusters of users with
common interests, preferences, or behaviors, one can devise
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personalized recommendations, execute targeted marketing
strategies, and analyze social influence [1]. In the context
of biological networks, community detection facilitates the
discovery of protein complexes and functional pathways,
thereby advancing our knowledge of cellular processes [2].
The deployment of community detection methodologies
within the financial technology sector stands as an imperative
yet commonly undervalued tool [3], particularly for the
meticulous identification of anomalous transaction patterns
and the subsequent exposure of complex networks associated
with credit card fraud, cash-out schemes, and illicit financial
flows, thereby facilitating robust risk management and fraud
detection frameworks.

A variety of proficient community detection algorithms
have recently been developed to unravel the complex
connectivity structures present in networks [4], [5], [6],
[7], [8], [9]. Within this domain, graph embedding is
recognized as a fundamental technological method, par-
ticularly when integrated with clustering techniques that
rely on Euclidean distance [10], [11]. Graph embedding
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involves the transformation of graph-structured data into a
low-dimensional vector space, wherein nodes are represented
as vectors that encapsulate their relational and attributive
properties [12]. This process enables the application of
clustering algorithms to discern communities based on the
geometric proximity of nodes within the embedded space.
Among the myriad of graph embedding methodologies, those
based on random walks have garnered significant attention
due to their ability to capture the graph’s topology and
node attributes effectively [13], [14]. However, traditional
community detection algorithms, while efficacious in certain
contexts, encounter substantial limitations in large-scale
networks [15]. Notably, their accuracy dwindles as networks
swell in size and complexity, rendering it increasingly
arduous to precisely identify communities. Therefore, the
computational demands of these algorithms escalate with
network scale, leading to protracted processing times that are
impractical for real-time applications.

The advent of quantum computing marks a seminal
milestone in the realm of computational science, usher-
ing in a new era of possibilities for solving complex
problems. Quantum computing harnesses the principles of
quantum mechanics, such as superposition and entanglement,
to execute computations that are infeasible for classical
computers [16]. The advantage of quantum computing has
introduced a novel paradigm for graph embedding, which
utilizes the concept of quantum walks to provide a more
sophisticated and efficient means of exploring the graph’s
structure compared to classical random walks [17], [18].
The application of quantum walk-based graph embedding
algorithms has extended to various graph-related tasks, with
notable successes in network alignment [19], link prediction
[20] and node proximity estimation [21].

In anticipation of the imminent realization of quantum
devices’ full potential, we endeavor to establish a comprehen-
sive quantum network embedding learning paradigm. While
classical methods have advanced large-scale community
detection, their reliance on high-dimensional embeddings
and Euclidean metrics limits performance on ultra-large
or high-complexity networks. Existing quantum methods,
though promising, fail to provide a unified, practical solution
tailored for community detection—either lacking optimiza-
tion for embedding-clustering integration or being restricted
to specialized hardware/ tasks. To fill this gap, we pro-
pose Embedded Quantum Density-based Spatial Clustering
(EQDSC), an end-to-end quantum framework that integrates
discrete-time quantum walks (DTQW) with Grover operators
for graph embedding and quantum fidelity-based density
clustering, specifically designed for community detection
on noisy intermediate-scale quantum (NISQ) computers.
We summarize our contributions as follows:

(1) Grover-Enhanced Quantum Embedding for Com-
munity Detection: EQDSC introduces a DTQW-based
embedding mechanism augmented with Grover diffusion
operators to project network topology into high-dimensional
Hilbert space. Unlike prior quantum walk methods, the
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Grover operator accelerates state diffusion, enabling more
efficient extraction of fine-grained topological features. This
embedding uses exponentially fewer qubits compared to
classical embedding dimensions, addressing the scalability
limitations of classical graph embedding.

(2) End-to-End Fully Quantum Architecture: Unlike
hybrid quantum-classical methods or disjoint quantum
modules with separate quantum walk and classical clustering,
EQDSC seamlessly integrates quantum embedding and
quantum density clustering into a single quantum pipeline.
By eliminating classical preprocessing/postprocessing,
it reduces hybrid system overhead and leverages intrinsic
quantum parallelism— a unique advantage, as few fully
quantum approaches exist for network applications with
minimal qubit requirements.

(3) NISQ-Compatible Design for Practical Deployment:
EQDSC is tailored for immediate implementation on existing
programmable quantum hardware. Building on demonstrated
DTQW feasibility in superconducting [22] and photonic [23]
quantum computers, we design custom quantum gate/circuit
architectures that align with NISQ device constraints. This
distinguishes it from quantum annealing methods [24], which
are limited to optimization tasks and incompatible with
universal quantum circuits.

(4) Superior Performance on Large-Scale Real-World
Datasets: We validate EQDSC on 11 datasets, achieving
up to 0.855 modularity and 0.887 normalized mutual
information (DBLP)—outperforming classical SOTA (e.g.,
Louvain, DeepWalk) by 18-35% on large networks. Unlike
classical methods, EQDSC maintains stability on ultra-large
datasets, confirming its robustness for practical large-scale
applications.

Difference to existing works: While quantum mechanics
has been increasingly integrated into community detection
algorithms [25], existing approaches suffer from criti-
cal limitations in methodological unity, scalability, and
alignment with practical quantum computing architectures.
Our proposed EQDSC algorithm addresses these gaps
through fundamental methodological innovations, distin-
guishing itself from three major categories of state-of-the-art
quantum-related methods as follows:

(1) Comparison to Other Quantum Walk Approaches
[26], [27], [28], [29]: Quantum walks have shown promise in
capturing network topology, but existing community detec-
tion methods leveraging quantum walks suffer from two core
drawbacks: they either treat quantum walks as auxiliary tools
for similarity measurement or rely on heuristic parameter tun-
ing, and none have systematically exploited quantum walks
as a dedicated graph embedding mechanism. Most notably,
prior methods are validated only on small-scale networks and
fail to scale to large-scale real-world datasets. In contrast,
EQDSC pioneers the integration of discrete-time quantum
walks into an end-to-end quantum embedding pipeline:
quantum walks transform graph data into high-dimensional
Hilbert space, preserving topological structures via quantum
superposition, and the resulting quantum states directly
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serve as inputs for quantum clustering. This design not
only eliminates classical pre-processing but also leverages
the exponential state space expansion of quantum systems
to capture fine-grained community structures, addressing
the scalability bottleneck of existing quantum walk-based
methods and ensuring stability across diverse network sizes.

(2) Comparison to Quantum Annealing Methods [24]:
Quantum annealing approaches for community detection [24]
are constrained to optimization-centric frameworks, limiting
their applicability to networks with irregular topologies or
non-uniform community structures. In contrast, EQDSC
adopts a programmable quantum circuit architecture, which
confers three pivotal advantages tailored to community
detection: (1) Universality: Quantum circuits support arbitrary
unitary transformations, enabling EQDSC to adapt to diverse
network types without redefining optimization objectives.
(i1) Scalability: The processing power of quantum circuits
scales exponentially with the number of qubits, allowing
EQDSC to handle ultra-large-scale networks — a capability
unattainable by quantum annealers, whose scalability is
limited by physical hardware constraints. (iii) Maturity:
Quantum circuit-based architectures have advanced signifi-
cantly in NISQ-era hardware support, enabling EQDSC to
be deployed on existing quantum devices, whereas quantum
annealing remains confined to specialized hardware with
narrow application scopes.

(3) Comparison with Quantum-Inspired Techniques
[31]: Quantum-inspired algorithms augment classical learn-
ing frameworks with quantum-inspired heuristics but do
not leverage genuine quantum mechanical phenomena.
As such, they remain bound to classical computational
limits: they cannot exploit exponential state space represen-
tation, nor can they mitigate the “curse of dimensionality”
in high-dimensional graph embedding. In stark contrast,
EQDSC is a fully quantum method: it encodes graph nodes
into quantum states, uses quantum fidelity for similarity
quantification, and implements density clustering entirely
within the quantum domain. This architecture enables
EQDSC to effectively handle high-dimensional embedding
spaces while utilizing a minimal number of qubits and
leveraging advancements in quantum error correction. These
benefits are not achievable by quantum-inspired approaches
based on classical computational frameworks. Further-
more, EQDSC’s compatibility with NISQ devices ensures
immediate practical relevance, whereas quantum-inspired
techniques offer no path to leverage future quantum hardware
advancements.

The organization of this paper is structured as follows:
Section II provides an introduction to the essential concepts
of quantum computing. Section III offers an extensive review
and analysis of current community detection techniques that
utilize quantum walks. In Section IV, we detail the conceptual
framework and methods underlying our proposed algorithm.
Section V showcases the effectiveness of our approach
via simulation experiments, emphasizing its benefits in
comparison to conventional methods. The paper concludes
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with Section VI, where we discuss potential future research
avenues.

Il. PRELIMINARIES OF QUANTUM COMPUTING

Quantum computing marks a revolutionary shift in the com-
puting landscape by harnessing the fundamental principles of
quantum mechanics to execute complex calculations. Unlike
classical computing, which relies on binary digits or bits that
are strictly in a state of 0 or 1, quantum computing introduces
the concept of qubits. These qubits have the remarkable
ability to exist in multiple states simultaneously, known
as superposition. This unique property allows quantum
computers to process a vast amount of information in parallel,
offering the potential for exponential speed-up in solving
certain types of computational challenges. In this section,
we present an introductory overview of quantum computing
and quantum machine learning, specifically catering to
readers possessing a foundation in linear algebra yet lacking
familiarity with quantum paradigms. Our objective is to
facilitate a comprehensive understanding of the quantum
technologies utilized within the context of this paper.

A. QUNTUM COMPUTING BASICS

A qubit serves as the elementary unit of quantum information.
In contrast to classical bits, qubits possess the extraordinary
capability to exist in a superposition of two states, typically
designated as |0) and |1). Dirac notation |) is a unique
representation of state vectors in quantum mechanics.
Mathematically, the base state vectors are represented as:

0) = m ) = m M

In the column vectors, the elements O and 1 denote the square
roots of the probabilities associated with the qubit being
in different states. The state of a qubit can be depicted by
a vector within a two-dimensional complex vector space,
referred to as the Hilbert space. The overall state of a qubit
is articulated as a linear combination of the basis states:

V) = «|0) + BI1) @

where |Y) is the quantum state, @ and B are complex
coefficients, and |0) and |1) are the orthonormal basis states.
The complex coefficients satisfy the normalization condition
la|>+|B|*> = 1, ensuring that the state is properly normalized.
The ability of a qubit to be in a superposition of states is a
cornerstone of quantum computing’s computational power.
When a quantum system is measured, it undergoes a collapse
into one of the basis states. The probability of measuring a
qubit in the state |0) is |«|?, and the probability of measuring
it in the state |1) is |B|%. The superposition of qubits is
a fundamental phenomenon in quantum mechanics, which
is consistent with the Born rule for probability amplitudes
and the Copenhagen interpretation’s view of quantum states.
Therefore, Equation (2) can be also reformulated as follows:

I G R
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Given that a single qubit has the potential to represent two
states at the same time, a system comprising n qubits can col-
lectively embody 2" unique states concurrently. These states
are characterized by their respective probability amplitudes,
which are conveniently represented as a 2"-dimensional
column vector. An n-qubit system represents the most general
form of quantum computation and information processing.
Mathematically, the state space of an n-qubit system is a 2"-
dimensional Hilbert space, denoted as H®" = H ® H ®
-+ ® H, where H is the two-dimensional Hilbert space of a
single qubit. A general state |) of an n-qubit system can be
expressed as a linear combination of the computational basis

states:
W)= D A lsis2...s) )
§1,52,-,5p€{0,1}
where Zsl’sz 11111 sael0.1) |ozm2msn|2 = 1. Here, |5152...5,) =

Is1) ® |$2) ® --- ® |s,) represents the tensor product
of the individual qubit states, and oy, 5, are complex
amplitudes satisfying the normalization condition. This rep-
resentation encapsulates the superposition principle, allowing
qubits to simultaneously explore an exponential number of
computational paths.

B. QUANTUM OPERATIONS
Quantum computing is fundamentally reliant on quantum
gates, which serve a role similar to classical logical gates,
albeit operating on qubits. These gates alter the states
of qubits by implementing unitary transformations in a
complex vector space, thus preserving norms due to their
intrinsic reversibility, a feature characterized by unitary
matrices. These transformations are crucial to quantum
theory as they represent the temporal evolution of quantum
systems, providing quantum computing with a unique benefit
compared to irreversible classical computations, namely,
enhanced error correction capabilities.

Quantum circuits, mirroring classical counterparts, provide
a visual framework for designing and analyzing quantum
algorithms. Two widely utilized unitary transformations are
the X and H gate. The X gate, akin to the classical NOT
gate, flips the state of a qubit, transforming |0) to |1) and
vice versa. It plays a crucial role in qubit manipulation and
state inversion. The H gate, also known as the Hadamard
gate, creates an equal superposition of the basis states when
applied to a qubit in a computational basis state, mapping |0)
to %(|0> +]1))and |1) to J%UO) —|1)). This gate is essential
for creating quantum superpositions, enabling quantum
interference, and is a fundamental component in various
quantum algorithms. The mathematical representations of X
and H are as follows:

01 I (11
CEeg()

Quantum circuit diagrams serve as a powerful visual tool
for representing quantum operations, facilitating the design
and analysis of quantum algorithms. They comprise qubits
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depicted as wires and quantum gates as operational boxes,
with time progression from left to right. In quantum circuits,
X and H are represented as shown below:

—x}-
—H -

Utilizing the X and H gates, we can construct the swap-
test circuit [40], a powerful tool for measuring the similarity
between two quantum states.

C. QUANTUM CIRCUIT
Quantum circuits constitute the core architectural framework
for executing quantum algorithms, encompassing a register of
qubits and a sequence of unitary operations that manipulate
the quantum state of these qubits. Formally, a quantum
circuit is defined as a tuple (Q, Useq ), where Q =
{q1, q2, - .., qn} denotes a set of n qubits-typically initialized
in the computational basis state |/p) = [0)®" = |0) ® |0) ®
-+ ® |0) and Useq = {U1, Uz, ..., Ur} represents a finite
sequence of unitary quantum gates. Each gate U; € Useq
acts on a subset of qubits (ranging from 1 to n ) and is
characterized by a unitary matrix U; € C"*", satisfying the
unitarity condition U,T U, = U, U,T = I; here, U)L denotes
the Hermitian conjugate of U;, and I is the identity matrix of
appropriate dimension.

Multi-qubit gates extend manipulation to entangled states-
a unique quantum phenomenon where qubits exhibit cor-
related behavior regardless of distance-with the controlled-
NOT (CNOT) gate being the most fundamental. The CNOT
gate acts on two qubits: a control qubit g, and a target qubit g;.
It flips the target qubit’s state if and only if the control qubit
is in |1); for control qubit g1 and target qubit g3, its matrix
representation in the two-qubit basis is:

1000
0100
0001 ©)
0010

Ucnor =

A critical property of quantum circuits is their universality:
any unitary transformation on n qubits can be approximated
to arbitrary precision using a finite sequence of single-qubit
gates and CNOT gates. The approximation error decreases
exponentially with the number of gates, enabling the imple-
mentation of complex quantum operations via elementary
building blocks. For a circuit with 7" gates, the overall unitary
evolution of the quantum state is the product of the individual
gate unitaries (applied in the order of the sequence), i.e.,
Ui = UrUr_;---Uj. This transformation maps the
initial state |i{g) to the final state |Y7) = Uiowl |V0),
which encodes the result of the quantum computation before
measurement.

IlIl. RELATED WORKS
In the domain of community detection, quantum walks have
emerged as an innovative and promising paradigm, offering
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TABLE 1. Notations and definitions.

Notation  Definition

The graph

The vertex set of G

The edge set of G

The number of vertices in G

The adjacency matrix of G

The number of qubits

The quantum state of vertex v;

The quantum state of vertex v; at time step ¢

5T >zm<Q

AR
B

| The quantum state of G

Uqw The unitary transformation of quantum walk
F The fidelity of two quantum states

r The radius of quantum clustering

P The density of quantum clustering

unique insights into the intricate structures of networks.
Mukai [26] adopt the Fourier coin-driven discrete-time quan-
tum walk algorithm, exploiting the asymptotic eigenvalue
distribution of the evolution operator along the unit circle
in the complex plane to delineate community boundaries
within networks. Nonetheless, the algorithm’s reliance on
averaging over an extensive number of quantum walks poses
a significant computational challenge for large-scale network
analysis. Faccin [27] et al. introduced a framework utilizing
continuous-time quantum walks for community detection.
Their method optimizes temporal dynamics to enhance
probability fluctuations at intracommunity nodes while sup-
pressing them at extracommunity nodes. Despite its promise,
the determination of an optimal time parameter remains a
non-trivial challenge, introducing instability into the resulting
community structures. Song [28] proposed a quantum walk
algorithm for detecting simplicial communities, a higher-
order community structure within networks, using a Fourier
coin to create entangled states among adjacent simplices. Roy
and Chakrabarti [29] introduced a graph clustering method
employing Discrete-Time Quantum Random Walk on graphs,
wherein the walker’s transitions, governed by a shift operator
contingent on the coin operator’s results, iteratively generate
new superposition states via the unitary operator, ultimately
converging to a stable node visit probability distribution.
Cluster assignment is then determined by the proximity of
nodes in terms of their visit probabilities, grouping those
with similar values into the same cluster. Umeano et al. [30]
proposed the deteQt quantum protocol for community and
botnet detection, using modularity matrix/graph Laplacian
ground states, encoding community info in qubits, signing
via quantum signal processing to mimic hypergraph states,
and deterministic elimination to reduce sample scaling from
exponential to polynomial. However, a notable limitation
of both aforementioned methodologies is that, while their
effectiveness has been demonstrated on only a single,
relatively small network (the Zachary Karate Club network),
the scalability and generalizability of these methods to larger
and more complex networks still await rigorous validation
and optimization.
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IV. METHODOLOGY

The EQDSC algorithm formalizes the input network as
a graph, then projects its topology into high-dimensional
Hilbert space via discrete-time quantum walks with Grover
operators for quantum state embedding. It employs quantum
density clustering, using quantum fidelity to quantify state
similarity, thereby partitioning quantum-state nodes into
communities, forming an end-to-end quantum framework.
Figure 1 schematically illustrates the holistic workflow of
EQDSC, encompassing graph construction, discrete-time
quantum walk embedding, and quantum density clustering.
Table 1 summarizes the key notations and definitions
used throughout the methodology of EQDSC, including
graph-related symbols, quantum state representations, and
clustering parameters.

A. GRAPH CONSTRUCTION

Let G = (V, E) denote a graph, wherein V = {vi, ..., vy}
constitutes the set of vertices with cardinality N = |V|,
and E represents the set of edges. We define the adjacency
matrix A € RV*N associated with graph G such that
the entry A;j, positioned at the i-th row and j-th column,
encodes the existence of an edge connecting vertex v; to
vertex vj:

ooty eE -
Yl ooif i) ¢ E

The degree of a node, quantifying the number of edges
incident to it in the graph, is defined for node v; as d; =
Zf/: 1 Aij, which corresponds to the sum of all elements in
the j-th column of matrix A.

The Markov process is a stochastic process endowed
with the memoryless property, implying that the system’s
next state is contingent solely upon the current state,
independent of preceding states. This attribute permits a
concise representation of the graph structure through state
transitions, as each node considers only those directly
connected to it, disregarding others. The probability transition
matrix, denoted P € CV*N for graph G, characterizes the
transition probabilities in a Markov process and is represented
as:

[ ®)

where P; j signifies the probability of transitioning from node
v; to node v;, mathematically expressed as P;; = P(X; =
sjlX;—1 = s;), with the row sum of the probability transition
matrix being unity: Zf;l Pij=1.

Quantum state encoding refers to the procedure of embed-
ding classical data into quantum states. Any node v; within
the transaction graph G can be represented by a quantum state
|i), an N x 1 dimensional column vector with a 1 in the i-th
position and 0O elsewhere, adhering to the one-hot encoding
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vy —

(a) Graph Construction

FIGURE 1. Overview of EQDSC. (a) Establish black edges c

(b) Discrete-time Quantum Walk

(¢) Quantum Density Clustering

cting red nodes, There are two distinct communities: (1,3,4,5) and (2,4,6). (b) Apply a

discrete-time quantum walk on the network for embedding purposes, where dashed arrows depict quantum transitions. Green squares signify the
quantum state of each vertex after this embedding. (c) Utilize quantum density clustering to categorize quantum vertices into respective clusters.

principle:
1 0
1 0
m=|. 2= m=] ©)
0 0 1

Given a graph G with N nodes, a minimum of n > log, N
qubits are requisite to represent the quantum state |i) of an
individual node v;.

B. QUANTUM WALK

The notion of random walk, which describes the erratic and
unpredictable movement of an entity within a constrained tra-
jectory or spatial domain, has found widespread application
in the realm of graph structures. In this context, a random
walk entails the stochastic navigation of a particle across the
nodes of a graph, guided solely by the edges that delineate
the connectivity of the network. This process is particularly
adept at capturing the subtle topological intricacies inherent
in complex graphs, rendering it an indispensable tool for a
myriad of graph analysis tasks, including but not limited to
graph embedding [13], [14] and node ranking [33].

The advent of quantum walk, as introduced by
Aharonov [34], represents a paradigm shift from the
classical random walk framework. Leveraging the principle
of quantum superposition, the particle in a quantum walk
is endowed with the extraordinary capability to exist
in a state of ‘“bifurcation,” wherein it probabilistically
propagates along all feasible pathways simultaneously.
This departure from deterministic traversal enables the
concurrent exploration of multiple, divergent trajectories.
The probability amplitudes of the wave function encapsulate
the likelihood of the particle’s presence at various nodes,
evolving dynamically with each step of the walk. This
unique attribute facilitates the translation of intricate graph
data into quantum states, while preserving the underlying
topological characteristics of the network. Notably, quantum
walk exhibits an exponentially accelerated diffusion rate
compared to its classical counterpart, achieving O(+/N) steps
to reach node N, as opposed to the O(N) steps required by
classical random walk [32].

206552

Quantum walk can be delineated into two primary cat-
egories: discrete-time and continuous-time quantum walks.
Within the discrete-time domain, further distinctions are
made between coin quantum walk and scattering quantum
walk. Coin quantum walk primarily unfolds at the nodes of
the graph, necessitating a coin space with a dimensionality
commensurate with the degree of the node. This makes it
particularly well-suited for regular graph structures, where
node connectivity is uniform [35]. Conversely, scattering
quantum walk encodes all graph edges as quantum basis
states, eliminating the need for a coin operator and rendering
it more versatile in the context of irregular graphs [36].

In the formulation of quantum algorithms, individuals are
typically represented as independent standard basis states
within a Hilbert space. The problem is then transformed into
a specific quantum state through the superposition of these
basis states. Within the framework of scattering quantum
walk, the standard basis state |i, j) is defined for graph G, with
the corresponding Hilbert space H spanned by the set of all
edges in the graph. For two nodes, v; and v;, interconnected
by an edge in graph G, the quantum basis state |i, j) signifies
the current position of the walker at node v;, with the
subsequent intended destination being v;. Conversely, the
state |j, i) represents the walker’s current position at node
vj, with the intended next stop being v;. The state [i, ) is
constructed as the tensor product of the column vectors |i)
and |j) (]i) ® |j) = li,Jj)), implying that |i, j) constitutes an
N x N matrix with a single entry of 1 at the intersection
of the i-th row and j-th column, and all other entries
being 0.

Each edge in the graph corresponds to two different ground
states, and for each node v;, there exist two non-overlapping
subspaces: the subspace C,, spanned by the ground states
starting from v;, and the subspace €2,, spanned by the ground
states ending at v;. Quantum walks can be seen as mappings
from C,, to Q,,. Firstly, the graph G is transformed into the
quantum state |®) by superposing the standard basis states

li,j):

N N
1) = D" ¢ijli) (10)

i=1 j=1
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where ® € CN*N_ and the element in the i-th row and
J-th column is ¢; ; = (%) , satisfying the normalization
requirement of quantum superposition. This represents the
superposition of all possible paths starting from v;:

N
6i) = D V/Pijli) (11)
j=1

Mathematically, |¢;) can be regarded as the transpose of
the square root of the i-th row of the transition matrix P.
Specifically, |¢) = [/Pi1 /Pia -+ /Pin] - By taking
the tensor product of the state |i) and the corresponding |¢;),
we obtain the projected state |;) of the Markov chain:

N N
) =1 @ [ DoVPi i) | =D VPijliiy - (12)
j=1 j=1

In the context of quantum mechanics, a collection of
orthogonal and normalized vectors denoted as {|;) : i =
1, ..., N} has the capacity to span an N-dimensional Hilbert
space labeled W. The unitary operator IT serves the purpose
of projecting any vector residing in the Hilbert space H onto
the space W:

N
m=>" 1) (il (13)
i=1

Central to the Grover quantum search algorithm is the Grover
diffusion operator. This operator amplifies the quantum state
by employing a reflection transformation, which is analogous
to a qubit rotation operation. Utilizing the projection operator
IT, itis possible to formulate the Grover operator C as follows:

C=20-1 (14)

Among all operators that satisfy unitarity and permutation
symmetry, the Grover operator is the farthest from the identity
operator, which intuitively can speed up the diffusion process
[37]. The swap operator S can be used to exchange the
memory of two quantum registers, such that S |i, j) = |, i):

N N
S=> D 1ij) (il (15)
i=1 j=1
The mathematical representation of the quantum walk
process is the unitary evolution operator Ugy € CN*V.
Applying Ugw to the initial state |®) achieves the unitary
evolution of the walk state. Combining equations (13)
and (14), the expression for Upw is constructed as:

Ugw = SC = ST — 1) (16)

After Ugw applys on each node, the incoming edge state is
mapped to the outgoing edge state. The state obtained after
one step of quantum walk evolution from |, j) is:

w 2 2
i) 2 (— - 1) i+ D kA

dj T ki, k)eE
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FIGURE 2. Discrete-time Quantum Walk. The solid arrows represent the
current walk state, while the dashed arrows indicate potential states for
the next walk step.

Equation (16) represents that after one step of quantum walk
(Figure.2), the walker has moved from v; to v;. In the next

2
step, starting from v;, there is a probability of (% — 1) to

return to v;, and a probability of (%) to reach another node
vk that is adjacent to v; but different from v;.

In a quantum computer, quantum walk does not require
a real physical particle to move between nodes. Instead,
it simulates the probability changes of a walker at different
nodes by altering the states of qubits through quantum
circuits. As the fundamental operation unit in quantum
computation, quantum gates function similarly to logic gates
in classical computation, both operating on basic units of
information to change their states. Quantum walk utilizes
quantum gates to implement unitary evolution on n qubits,
thereby adjusting the probabilities of the qubit superposition
states and simulating the dynamic effect of the walker moving
in a graph. The quantum walk at step ¢ is a unitary evolution
operation applied to the current state |®'~!), expressed as
follows:

Uow |9'71) = |@') (18)

When t = 0, |®%) represents the initial quantum state
of graph G, i.e., before the quantum walk begins. The
preparation of the initial quantum state involves using
quantum gates U(6) to convert multiple low-energy state
qubits |0) into a uniform superposition state as |<p? ), as shown
in formula (2). The Ugw quantum gate directly acts on the
node | ') as follows:

Uow lo! ™"y = 19} (19)

The process of performing ¢ quantum walks on |(p?) is as
follows:

Uow Uow _ Uow
l9)) — lp}) — - lpi™hy = [¢)  (20)

By repeatedly performing unitary evolution, the probability
transition matrix P also changes with each unitary evolution

(P° — P"), allowing the quantum computer to simulate the
process of a walking particle moving in a graph. The quantum
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FIGURE 3. The n-qubit quantum circuit for ¢t-step quantum walk from
|<pf) to |<p= ). The repeated Uqgyy, blocks represent multiple steps of the
quantum walk.
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FIGURE 4. Quantum circuit for Swap-test with single (n = 1, left) and
double qubits (n = 2, right).

circuit outputs the quantum states of all nodes sequentially,
with the quantum states corresponding to nodes vy, ..., vy

represented as |¢]) , |§0§> e |<P;tv>'

C. QUANTUM FIDELITY

Aimeur proposed using fidelity F' to measure the similarity
between two independent quantum states [39]. For example,
the similarity between v; and v; can be measured by the
fidelity F(v;,v;) of their quantum states, mathematically
represented as:

Fi,v) = (g} loh)? @1

The inner product (¢! |(pjf ) of two quantum states refers to
their scalar product in Hilbert space, calculated as the sum of
the complex conjugate products of the two state vectors. The
absolute value of the inner product represents the modulus
of the cosine of the angle between the two pure states |¢!)
and |g1); ) in the complex vector space. |{¢] |<p; )|? represents
the overlap probability of the two states, i.e., the intensity
of the projection of one state onto the other. For |¢]) and
|<p; ) represented by n-bit qubits, the fidelity ranges from
0 < F(vi,vj) < n, with a larger F' value indicating greater
similarity between the two quantum states. If the two states
are identical, the fidelity is 7.

The Swap-test quantum circuit serves as an elegant
mechanism for determining the squared modulus of the inner
product between two arbitrary quantum states, as depicted
in Fig.4 [40]. This circuit incorporates a Hadamard gate,
designated by H, and operates on inputs |g;) and |g;),
supplemented by / € Z* ancilla qubits, with the constraint
[ > 1+ log,n.

In the realm of quantum computing, direct inspection
of qubits by classical means is infeasible; rather, qubits
are subjected to the process of quantum measurement.
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Quantum states manifest as superpositions of basis states,
each endowed with a specific probability amplitude. Conse-
quently, the outcome of any single measurement is inherently
probabilistic, necessitating repeated measurements to accu-
rately estimate the probabilities associated with each basis
state.

At the circuit’s output, multiple measurements are exclu-
sively performed on a single ancilla qubit, denoted ¢g;. The
probability that g; is observed in the |0) state is given by the
following expression:

1 1 2
Plai =100 =5 + 5. |} 16 22)

From this probability, we can derive the fidelity between
the two quantum states, a measure of their similarity, using
the formula:

F(i,vj)=2n-P(qr =10)) —n (23)

D. QUANTUM DENSITY CLUSTERING

Exploiting quantum computation to enhance and refine
artificial intelligence algorithms is a prominent area of
contemporary research. Clustering, as a vital component of
traditional machine learning algorithms, can divide datasets
into several groups, maximizing the similarity of data points
within the same group while minimizing the similarity
between data points in different groups. This method is
widely applied in various fields such as data analysis,
data mining, and image processing [38]. However, as the
dimensionality of data (i.e., the number of features) increases,
data points become more sparsely distributed in high-
dimensional space, and the distance between any two points
tends to be equal. The traditional Euclidean distance metric
ceases to be an effective means of distinguishing data
points, leading to the potential failure of machine learning
algorithms that rely on distance metrics, such as clustering.
This phenomenon is known as the “curse of dimensionality”
[41].

Quantum similarity is not deduced from numerical manip-
ulations of vectors; instead, it is extracted through the process
of measuring qubits. This act of measurement is funda-
mentally a physical procedure, distinct from mathematical
computation, thereby dispelling the concept of computation
in this context. Regardless of the dimensionality of the
vectors that mathematically represent the two quantum states,
the similarity between them can be determined through
repeated measurements of an auxiliary bit within the Swap-
test circuit. Therefore, the adoption of quantum fidelity in lieu
of the conventional Euclidean distance measure eliminates
the necessity for complex mathematical computations and
mitigates the “curse of dimensionality” often encountered in
high-dimensional vector analysis.

The EQDSC introduces an innovative density clustering
algorithm that leverages quantum fidelity to group similar
quantum nodes into the same “state cluster”. The logical
framework of this algorithm bears resemblance to traditional
density clustering algorithms [42], yet it diverges in its
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approach to measuring the distance between data points.
Specifically, it replaces the conventional Euclidean distance
with the ‘quantum distance’ in Hilbert space. A notable
advantage of this algorithm is its ability to determine the
clusters without the need for presetting the number of state
clusters. Instead, it ascertains the clusters through a rigorous
analysis of the local density of data points that represent
quantum state nodes. Before density clustering begins, two
parameters need to be set: radius r and density threshold
p.r € (0,1) is the ratio of the fidelity and the number of
qubits, defining the range of a point’s neighborhood; p is the
minimum number of data points required in a neighborhood
to be considered as a dense region. The neighborhood N (v;)
of node v; refers to the set of all points with a distance from
vj not exceeding r, mathematically represented as:

N@j) ={vi € VIF(vj,vj)/n < r} (24)

Before the algorithm starts, each data point is marked as
unvisited. The algorithm sequentially selects an unvisited
data point from the dataset and identifies all nearby points
within a distance r. If a point has p or more neighbors
within this range, indicating a dense area around it, the point
is marked as a “core point”; if the total number of nearby
points within distance r from the visited point is less than p,
it is marked as a “noise point”. Two points are considered
density-reachable if one can reach the other through a series
of intermediate points, each of which is a core point. After
defining these concepts, the following steps are executed:

1) Starting from any unvisited core point, find all data
points that are density-reachable from this core point
to form a state cluster;

2) Within the current state cluster, starting from each core
point, find all points that are density-reachable from it
and add them to the current cluster until no new core
points can be added;

3) When all core points within the state cluster have been
visited, find another unvisited core point in the dataset
and repeat steps (1) and (2) to form a new state cluster.
This process continues until all core points have been
visited, i.e., all state clusters have been formed, and the
algorithm ends.

The pseudo code of the overall algorithm can be described in
Figure 5.

V. EXPERIMENTAL EVALUATION

A. EXPERIMENT ENVIRONMENT

All experimental procedures were executed on IBM Qiskit
v1.0 quantum framework, utilizing a high-performance
personal computer, equipped with an Intel Core 19 processor,
NVIDIA GeForce RTX 4090 graphics card, 64GB of
DDR5 RAM, and an ultra-fast I TB NVMe SSD.

B. DATASETS
Public real-world datasets for community detection problems
provide a unified benchmarking platform for community
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Algorithm: Embedded Quantum Density-based
Spatial Clustering (EQDSC)
Input: Graph G, radius r, density threshold p
Output: The community detection result of G (list of
clusters)
1 for each v; € G do
2 Mark v; as “unvisited”
3 | 1e0) « S, VP
4 for t =1 to T do
s %) = Uqw e ™)
6
7
8
9

p.append(|}))
end
end
Initialize clusters
10 Function QuantumClustering (¢, 7, p):

11 Initialize C' = 0 for each quantum vertex p in ¢ do

12 if p is "unvisited” then

13 NearPts = regionQuery(p, 1)

14 if sizeof(NearPts) <p then

15 ‘ Mark p as “noise”

16 end

17 else

18 C+—C+1

19 clusters.append() Mark p as “visited”

20 expandCluster(p, NearPts, C' — 1,
r, p, clusters)

21 end

22 end

23 end

24 return clusters

25 Function expandCluster (p, NearPts,
current_cluster_idx, r, p, clusters):

26 Add p to clusters|current_cluster_idz]

27 for each quantum vertex q in NearPts do

28 if g is “unvisited” then

29 Mark ¢ as visited”

30 NewNearPts = regionQuery(q, 7)

31 if sizeof(NewNearPts) > p then

32 ‘ NearPts = NearPts U NewNearPts

33 end

34 end

35 if q is not in any cluster and q is not "noise”
then

36 | Add q to clusters[current_cluster_idz]

37 end

38 end

39 return

40 return

41 Function regionQuery (p, r):
42 | return points within distance 7 from p
43 return

FIGURE 5. The pseudo code of EQDSC.

detection algorithms. Researchers can apply their algorithms
to these datasets and compare the results against known
ground-truth partitions or widely accepted community struc-
tures, thereby assessing the accuracy of their algorithms.
Synthetic datasets such as LFR also prove highly beneficial
for assessing the performance of community detection
algorithms. In this paper, we have selected 11 widely-used
datasets for testing purposes (TABLE 2).
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TABLE 2. Dataset information.

No. Dataset V] |E| Communities

1 Karate 34 78 2

2 Dolphins 62 159 4

3 Les Mis 77 508 11
4 Polbooks 105 441 3

5 Football 115 613 12
6 Jazz 198 2743 4

7 Email 1133 10903 10
8 Facebook 3622 72964 130
9 Amazon 13178 33767 4517

10 DBLP 114095 466761 4559

11 | LFR-200k | 200000 | 2003578 8000

1) Zachary Karate Club Network: [45] A social dataset
derived from observations of a karate club, where nodes
signify members and edges denote friendships.

2) Dolphin Social Network: [46] Comprising 62 bot-
tlenose dolphins in New Zealand, nodes are dolphins
and edges representing frequent interactions.

3) Les Misérables Network: [47] Based on Victor
Hugo’s novel, nodes are characters, and edges indicate
their co-occurrences in scenes.

4) Polbooks Network: [48] This dataset explores politi-
cal book purchases on Amazon, with nodes represent-
ing books and edges signifying co-purchases.

5) American College Football Network: [2] Featuring
data on college football matches, nodes are teams, and
edges represent matches played between them.

6) Jazz Network: [49] Depicting jazz dance scenarios,
nodes are dancers, and edges signify partnerships
where they have danced together.

7) Email Communication Network: [50] nodes repre-
sent email addresses, and edges denote at least one
instance of communication between them.

8) Facebook Social Network: [51] nodes represent users
of the social media platform Facebook, and edges
signify friend relationships between them.

9) Amazon Product Co-purchase Network: [52] Nodes
are products on Amazon, and edges connect those
frequently purchased together.

10) DBLP Dataset: [53] A widely-used computer science
research paper database, where nodes are authors and
edges represent co-authorships.

11) LFR: [54] synthetic benchmark dataset.

C. EVALUATION METRIC

Modularity [9] and NMI (Normalized Mutual Information)
[43] are established evaluation metrics utilized to assess the
efficacy of community detection algorithms [44]. Due to
the substantial classical resources required to simulate qubit
behavior, the time complexity in our simulation experiments
exceeds the inherent complexity of the quantum algorithms
themselves [17]. Therefore, we do not consider the runtime
comparisons among different algorithms in this study.
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Modularity provides a quantitative measure of the quality
of the community structure division within a network,
by comparing the density of intra-community connections to
that of inter-community connections. In the realm of commu-
nity detection algorithms, a high modularity score indicates
a network wherein nodes are more densely interconnected
within their respective communities, while exhibiting rela-
tively sparse connections with nodes belonging to different
communities. The formula for calculating modularity is as
follows:

1 [ did;
0 A

- C— —L s, v 25
20E] <" 2|E|} i) )

where |E| is the total number of edges in the graph; 6(v;, vj)
is the step function, which equals 1 if v; and v; belong to the
same community, and 0 otherwise.

NMI employs information entropy to gauge the discrep-
ancy between the community partition produced by an
algorithm and the ground-truth community partition:

F: F, Fi-
2301 3 Fitog (727 )

F Fi F Fs,'
>l Figlog (T) + ijcl Fjlog (TJ)
(26)

NMI(T, C) =

where T = {Ty, Ty, ..., T} denotes the actual community
partition, while C = {Cy, Ca, ..., Cy} represents the com-
munity partition detected by the model. F is the confusion
matrix, where F; indicates the number of nodes that belong to
both community C; and community 7}, reflecting the number
of correctly identified nodes. F; ; is the sum of elements in
the i-th row of matrix F; Fy j is the sum of elements in the j-
th column of matrix F. A higher NMI value signifies greater
similarity between the detected community structure 7" and
the true community distribution C; NMI = 1 implies perfect
alignment between 7 and C, whereas NMI = 0 indicates
complete dissimilarity.

D. BASELINE METHODS

To assess the efficacy of our proposed method, we incorporate
two distinct categories of baseline approaches: random
walk-based techniques and other established community
detection algorithms. For the random walk-based methods,
we undertake a comprehensive comparative analysis utilizing
four distinct algorithms:

1) Infomap [4]: optimizes community partitions by
minimizing an objective function that is defined as the
Huffman coding length of random walk paths.

2) Walktrap [5]: evaluates node similarities based on
random walks, where nodes frequently co-visited
across multiple walks are likely to be classified within
the same community.

3) DeepWalk [13]: adopts a uniform random walk
strategy and the skip Skip-Gram language model for
embedding, emphasizing the capture of local structural
features of the network.

VOLUME 13, 2025



S. He et al.: EQDSC: Embedded Quantum Density-Based Spatial Clustering for Community Detection

IEEE Access

TABLE 3. Modularity(Q) comparison of different algorithms on various real-world datasets.

No. Dataset ‘EQDSC ‘ Deepwalk [13] Node2Vec [14] Infomap [4] Walktrap [5] | Louvain [7] Leiden [8] Fastgreedy [9] LPA [6]

1 Karate 0.437 0.372 0.404 0.179
2 Dolphins 0.562 0.305 0.514 0.052
3 Les Mis 0.473 0.393 0.450 0.083
4 Polbooks 0.485 0.337 0.455 0.346
5 Football 0.601 0.595 0.428 0.016
6 Jazz 0.493 0.349 0.423 0.015
7 Email 0.772 0.228 0.517 0.537
8  Facebook 0.625 0.497 0.532 0.327
9 Amazon 0.814 0.783 0.722 0.640
10 DBLP 0.855 0.632 0.684 0.665
11 LFR-200k | 0.894 0.752 0.693 0.794

0.429 0.445 0.445 0.427 0.402
0.408 0.504 0.578 0.536 0.773
0.453 0.496 0.507 0.303 0.457
0.475 0.528 0.531 0.395 0.327
0.427 0.589 0.575 0.495 0.602
0.438 0.411 0.428 0.439 0.429
0.423 0.696 0.68 0.527 0.554
0.423 0.434 0.531 0.328 0.339
0.591 0.795 0.776 0.746 0.727
0.611 0.722 0.714 0.655 0.673
0.541 0.783 0.646 0.678 0.567

TABLE 4. NMI comparison of different algorithms on various real-world datasets.

No Dataset ‘ EQDSC ‘ Deepwalk [13] Node2Vec [14] Infomap [4] Walktrap [5] | Louvain [7] Leiden [8] Fastgreedy [9] LPA [6]
1 Karate 0.839 0.574 0.733 0.146 0.563 1.000 1.000 0.577 0.703
2 Dolphins 0.689 0.269 0.557 0.019 0.554 0.697 0.697 0.438 0.635
3 Les Mis 0.662 0.631 0.632 0.429 0.602 0.533 0.701 0.635 0.569
4 Polbooks | 0.682 0.419 0.628 0.556 0.574 0.642 0.685 0.593 0.497
5 Football 0.923 0.887 0.922 0.275 0.245 0.903 0.886 0.596 0.935
6 Jazz 0.541 0.372 0.391 0.476 0.415 0.587 0.532 0.579 0.569
7 Email 0.680 0.492 0.524 0.437 0.445 0.548 0.596 0.656 0.625
8  Facebook | 0.814 0.540 0.523 0.673 0.614 0.785 0.536 0.447 0.477
9  Amazon 0.761 0.750 0.493 0.539 0.331 0.629 0.581 0.672 0.535
10 DBLP 0.887 0.588 0.563 0.731 0.572 0.813 0.522 0.757 0.470
11 LFR-200k | 0.903 0.467 0.357 0.823 0.476 0.724 0.433 0.829 0.565

4) Node2Vec [14]: as an improved version of Deepwalk,
uses biased random walks enhances the model’s
flexibility and capability in exploring both local and
global network structures by adjusting the return and
in-out parameters during walks.

DeepWalk and Node2 Vec are first utilized to transform graph
nodes into embedding vectors, then Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) [42] are
applied to group similar vectors into clusters, where each
cluster signifies a community. Additionally, there are four
other approaches to community detection that are also worth
comparing:

5) Louvain [7]: optimizes modularity by iteratively
aggregating nodes into communities based on greedy
principles.

6) Leiden [8]: an improved version of the Louvain
algorithm specifically designed to address its lim-
itations by ensuring that detected communities are
well-connected and internally cohesive.
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7) FastGreedy [9]: optimizes modularity by iteratively
merging pairs of communities that result in the largest
increase in modularity until no further improvement is
possible.

8) LPA [6]: discovers community structures by iteratively
propagating labels among nodes based on neighbor
majority.

By contrasting these methods, we aim to provide a compre-
hensive understanding of their strengths and limitations in
community detection tasks.

E. OVERALL EVALUATION

The detailed examination of the results presented in Table 3
and Table 4 leads to several pivotal conclusions regarding
the performance of EQDSC, in comparison to classical com-
munity detection algorithms. Across all datasets analyzed,
the quantum algorithm surpasses the performance of all
classical algorithms based on random walks. This observation
underscores the robustness and adaptability of the quantum
algorithm in diverse network environments, indicating its
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capacity to uncover more accurate and meaningful commu-
nity partitions.

Significantly, when utilized with extensive datasets like
Facebook, Amazon, and DBLP, the quantum algorithm
demonstrates impressive stability and consistently sur-
passes all traditional community detection algorithms, even
those that do not rely on random walks. This obser-
vation underscores the algorithm’s extraordinary capabil-
ity to manage intricate and large-scale networks with
notable accuracy and efficiency, even under demanding
conditions. The the LFR-200k experiment further vali-
dates EQDSC’s status as a superior community detection
algorithm. In an ultra-large-scale synthetic network with a
large number of small, potentially overlapping communities,
EQDSC retains its advantages over classical methods—
reinforcing its scalability, robustness, and quantum-driven
efficiency.

However, it is important to note that in certain smaller
datasets, the performance of the quantum algorithm may
not exceed that of some classical community detection
algorithms which are not based on random walks. The
Quantum Density Clustering demonstrates considerable sen-
sitivity to parameter selection. Within the context of small
datasets, the scope for parameter optimization is severely
restricted, consequently resulting in substantial instability
in algorithmic performance. Despite not attaining optimal
efficacy across all datasets, quantum algorithms consistently
demonstrate performance within the upper-middle tier when
juxtaposed against the majority of classical counterparts.

F. PARAMETER SENSITIVITY STUDY
This part focuses on the meticulous calibration of three
pivotal parameters that are integral to the functionality
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of the proposed algorithm: the quantum walk step count
t, the quantum clustering radius r, and the quantum
density p. These parameters play a crucial role in dictating
the algorithm’s performance. We embark on a systematic
exploration of the parameter space, aiming to identify config-
urations that optimize the algorithm’s performance metrics.
The potential quantum advantage in handling large datasets
is evident and warrants further investigation. Therefore,
we utilized the DBLP dataset, which is the largest among
all datasets considered in our experiments, to illustrate the
sensitivity of hyperparameters.

A crucial hyperparameter in our analysis is the number of
steps involved in the quantum walk stage. Traditional network
embedding techniques often limit their consideration to one-
hop information, while more recent methods have begun
to incorporate multi-hop information. The quantum walk
approach we employed facilitates the extraction of structural
data from multiple steps, making it essential to determine
the optimal number of steps for our model. As depicted
in Fig. 5 and 6, we conducted experiments by varying the
number of steps ¢ from 1 to 3. Our findings reveal that
precision does not necessarily improve with an increase in
steps; instead, the best results were obtained at t = 2.
This outcome can be attributed to the fact that as the walk
lengthens, more irrelevant information is introduced, leading
to an averaging effect in the embedding of the target vertex.
Therefore, we selected a walk length of + = 2 for our
subsequent experiments.

Figure 6 illustrates a pattern where community detec-
tion metrics initially escalate as p increases, achieving a
maximum point before declining. Figure 7 demonstrates
an oscillatory behavior in the performance of community
detection, marked by variations as the density r elevates.
A larger r generally expands community boundaries, which
may compromise coherence by including unrelated elements;
conversely, a smaller r restricts these boundaries, improving
precision but potentially disrupting natural connections.
In a similar vein, a higher p conservatively identifies
fewer but denser communities, possibly missing more
subtle ones, while a lower p enhances sensitivity to
smaller communities but risks inaccurately dividing cohesive
ones.

The pattern observed highlights the presence of an ideal
parameter setup that enhances the algorithm’s performance.
Notably, setting the quantum walk step ¢ to 2 results in
peak performance when r = 0.8 and p = 7. Under
these conditions, an optimal balance is reached between
cohesion within clusters and separation between clusters,
which corresponds to the highest modularity and NMI scores
obtained in our experiments.

G. ADVANTAGES OF EQDSC
Based on the numerical results presented above, we highlight
the quantum advantages of the proposed approach.

The first advantage is efficiency of quantum super-
position. Real-world networks often encompass billions of
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vertices, making them extremely challenging for classical
computers to process. In our experimental setup for the
DBLP dataset, we set the vector dimensions for Deepwalk
and Node2Vec to 512. However, to attain comparable
effectiveness as the quantum method, specifically regarding
the dimension of |¢!), the embedding representations would
require vectors with dimensions up to 114,095, which is
equivalent to the number of vertices in DBLP. On traditional
computing systems, each floating-point number occupies
4 bytes, meaning that a 114,095-dimensional vector would
require approximately 456,380 bytes, for storage. In contrast,
quantum computing demands merely 17 qubits to encode
114,095 distinct vector states.

The second advantage is the accelerated performance
of the quantum walks compared to the sampling inherent in
classical random walks. As documented in [55], quantum
walk demonstrate exponentially faster hitting times [25]
and quadratically faster mixing times [56] on certain
networks against classical random walk. Moreover, the
progression of quantum walk is not predominantly gov-
erned by the low-frequency components of the Laplacian
spectrum, thereby granting them an enhanced capacity to
discern and extract distinctive structural features of the
network [57].

VI. CONCLUSION

In summary, the EQDSC algorithm presents a novel
and promising approach for community detection in
large-scale and complex networks. By embedding graphs
into high-dimensional Hilbert space via quantum walks
and utilizing quantum fidelity for clustering, EQDSC
mitigates the “curse of dimensionality”” and enables precise
community identification. The discrete-time quantum walk
eliminates the need for classical preprocessing, thus reduc-
ing computational overhead and improving performance.
The experimental results on diverse real-world datasets
demonstrate the robustness and scalability, particularly in
large networks where classical methods struggle. For future
work, we aim to provide an extensive evaluation of EQDSC
on real quantum devices, exploring its performance and
limitations in Noisy Intermediate-Scale Quantum (NISQ)
computers. Another promising direction for future research
involves investigating the potential of leveraging the
Gaussian Boson Sampling algorithm on photonic quantum
computers to enable efficient and scalable graph-theoretic
community detection, thereby exploring new paradigms at
the intersection of photonic quantum computing and network
science.
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