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Abstract—Edge topologies usually comprise many different
computational nodes, each with limited resources. Moreover,
they manage varying workloads that can access the system
from different entry points. These key characteristics make the
problem of selecting the nodes dedicated to a specific workload
quite heavy. In this context, clustering, that is, organizing nodes
into smaller, more manageable groups, is a critical first step to
support effective decision making.

This paper introduces Min-Distance Based Clustering (M-
DBC), a novel quantum-based model for clustering edge topolo-
gies that utilizes quantum annealing. By recasting the clustering
task as a quantum optimization problem, we can easily identify
the appropriate clusters of edge nodes and nearby demand
sources in a spatially aware manner. Our approach enables
fast, periodic clustering executions, allowing the edge topology
to adapt quickly to continuously changing conditions. We thor-
oughly evaluate the proposed method and demonstrate clear
gains in scalability and execution times while maintaining almost
optimal solution quality.

Index Terms—Quantum annealing, edge computing, topology
clustering

I. INTRODUCTION

Edge computing shifts data processing and storage from
centralized data centers to the periphery of the network. By
processing information near its source [1], one can reduce
latency, conserve bandwidth, and enhance data privacy. Edge
computing is designed to support emerging applications such
as autonomous driving and industrial IoT, where rapid re-
sponse times and local data processing are critical [2].

The execution of computation in edge environments is chal-
lenged by limited resources. Edge servers typically offer far
less computational power and memory than traditional cloud
data centers. Moreover, in many cases, they can exploit only
small and limited amounts of energy to operate. The dynamic
nature of workloads, coupled with user mobility and fluctuat-
ing network conditions, compounds the difficulty of ensuring
that all tasks are executed under optimal conditions without
violating the Quality of Service (QoS) requirements [3]. Poor
resource allocation, misaligned application placement, or in-
efficient task scheduling can lead to performance degradation
and increased latency, reducing the benefits of edge computing.

Proper techniques for identifying nodes capable of serv-
ing user demand, and for clustering demand sources around
nearby nodes, can significantly mitigate the complexity and
overhead associated with managing distributed edge environ-
ments. These techniques contribute to improving workload
distribution and overall system response [4]-[6].

However, classical clustering algorithms are not fully suit-
able for addressing two important characteristics of edge com-
puting. The first is the size of the topologies, which are made
up of hundreds or even thousands of edge nodes and an even
significantly higher number of source nodes connected to the
former [1]. The second is that user mobility patterns are highly
dynamic and determine continuous changes in how traffic is
distributed across the edge topologies. These two aspects clash
with the fact that classical iterative clustering approaches can
become computationally expensive, especially when repeated
frequently to adapt to changing conditions [7]. This implies
delayed decisions that can degrade system performance, lead
to higher latency, reduce quality of service, and violate service-
level agreements [1], [8].

Quantum computing has recently emerged as a viable
approach to tackle combinatorial optimization and other
resource-intensive problems [9], [10]. In particular, Quantum
Annealing stands out as a specialized metaheuristic technique
that can show promising speed-ups compared to its classical
counterparts in complex optimization problems [11], [12].

Only a limited number of studies have explored how quan-
tum computing can be used in the context of edge computing
to enhance real-time decision-making capabilities [13]-[16].
Yet, the literature on practical implementations of quantum-
driven approaches for edge management and, in particular,
edge clustering remains mostly unexplored.

This paper presents a novel quantum clustering formulation
called Min-Distance Based Clustering (M-DBC) tailored to
the edge computing context. It addresses the problem of
identifying a subset of edge nodes to handle user demand,
given the locations of both users and edge nodes. M-DBC
balances proximity constraints and spatial distribution, and it
is designed for quantum executions through a Quadratic Un-
constrained Binary Optimization (QUBO) [17] representation.

We demonstrate the practical applicability of this model in
a realistic edge computing scenario involving a fleet of taxis
operating in an urban area and dynamically interacting with
a 5G antenna network topology. A comprehensive evaluation
using real-world datasets shows that our quantum-based ap-
proach performs similarly to an optimal approach in terms
of solution quality while completing the task in significantly
less time and scaling effectively with increasing demand. The
experimental analysis also includes another quantum-based
clustering approach, outperformed by M-DBC in terms of
solution quality.



The remainder of the paper is organized as follows. Sec-
tion II reviews related work. Section III provides an overview
of the problem we consider. Section IV presents our M-DBC
proposal. Section V presents the set up for our evaluation and
Section VI the experimental results. Section VII discusses the
findings, and Section VIII concludes the paper.

II. RELATED WORK

As mentioned, our work relies on Quantum Annealing
(QA). It operates utilizing two key Hamiltonians: the problem
Hamiltonian Hp, whose ground state encodes the solution
to the optimization problem, and an initial Hamiltonian Hg,
which has a simple and easily prepared ground state. The
system evolves under a time-dependent Hamiltonian that in-
terpolates between Hg and Hp, governed by a schedule
function p(t). This function depends on time and satisfies
the boundary conditions p(t9) = 1 and p(tena) = 0. The
resulting time-dependent Hamiltonian is expressed as: H(t) =
p(t)Hs + (1 — p(t))Hp. In QA, the goal is to guide the
system toward the ground state of Hp as it evolves, typi-
cally making use of both quantum fluctuations and thermal
relaxation effects. Through quantum tunneling, QA can escape
local minima more efficiently than classical thermal methods
such as simulated annealing, making it well-suited for complex
optimization landscapes with many local minima and sharp
energy barriers.

This section reviews both approaches that employ clustering
in edge computing and early applications of quantum comput-
ing in the edge domain.

A. Clustering in edge computing

Edge computing exploits clustering for three main activities.
First, node deployment and placement involve deciding
where to deploy edge nodes and/or how to distribute the com-
putation (components, services, functions) onto them. Zhang
et al. [4] tackle the joint problem of edge server deployment
and service placement by first clustering, using K-Means [18]
and user demand patterns; then they solve an optimization
problem for placement within the clusters. A similar approach
based on machine learning is presented in [4]. Xiang et
al. [19] instead adopt a game-theoretic approach to deploy
edge servers in large-scale networks. They apply clustering
to group candidate locations and deploy edge nodes at the
centroids of these clusters. Baresi et al. [5], [20] exploit the
SLPA algorithm [21] to group nearby edge nodes into clusters
and manage resource allocation and function placement more
effectively by partitioning the global problem. Vali et al. [6]
introduce a custom clustering algorithm based on linear integer
programming and a greedy procedure to determine the optimal
locations of edge servers in a city-wide mobile edge network.
They cluster user locations and place an edge server in the
center of each cluster to place servers close to users.

Second, clustering similar tasks or nodes can simplify task
scheduling and offloading decisions. For example, Long et
al. [22] uses K-Means to group nearby nodes. The scheduling
problem assigns tasks only considering the nodes in a single

cluster, thus reducing the solution space of the problem. Pan et
al. [23] introduce a custom multi-objective evolutionary algo-
rithm to schedule workflows on mobile edge nodes. They first
cluster tasks in different workflows according to similarities
(e.g., common data or deadline sensitivity), and then make the
scheduling of these task clusters evolve to optimize objectives
like execution cost and energy consumption. Also Ullah et
al. [24] use K-Means to group the incoming tasks with respect
to the resources they need (CPU, I/O or network). The system
then schedules each group of similar tasks at the different
nodes. Having similar tasks on appropriate nodes improves
load balancing and reduces the chance of node overloading.

Third, data placement and replication are also key. Pop-
ular data must be replicated on different nodes to serve users
quickly (i.e., low latency). This task can be formulated as
a clustering problem by grouping users with similar content
interests or contents based on access patterns. For example,
Zhang et al. [25] propose a cluster-based caching strategy in
which users are grouped using a custom spectral clustering
algorithm based on social ties and physical locations. They
assign each cluster of users to a nearby edge node and
proactively cache content that is likely to be requested by
those users. Chen et al. [26] introduce a weighted clustering
approach based on K-Means for content popularity prediction
that informs caching decisions. Instead of treating each content
item in isolation, the method groups content items that exhibit
similar popularity trends or usage contexts.

The reviewed literature highlights that most approaches
adopt algorithms like K-Means, which are known to struggle
in dynamic or large-scale environments [27].

B. Initial quantum-based solutions for the edge

Recent studies have begun investigating quantum-based
approaches for managing edge topologies. Dong et al. [13]
propose a quantum particle swarm optimization algorithm
for task offloading. The integration of quantum principles
and classical particle swarm optimization allows for a more
efficient exploration of the search space, aiming to balance
energy consumption and latency. Similarly, Bey et al. [16]
present a quantum-inspired particle swarm optimization tech-
nique for service placement in edge environments based on
IoT. The solution focuses on minimizing both service latency
and resource usage through an efficient distribution of services
on the different nodes. Ansere et al. [14] introduce a quantum
machine learning framework that combines quantum circuits
with classical neural networks to improve energy efficiency
in mobile edge computing. Ansere et al. [15] also propose
a quantum deep-reinforcement learning model for dynamic
resource allocation in IoT-based edge systems; the use of
quantum-enhanced policies helps adapt to varying network
conditions. These studies demonstrate the potential of quantum
computing, but none of them addresses clustering specifically.

III. PROBLEM OVERVIEW

Figure 1 shows an edge topology as a pair of sets £T =
(DP,CSP). DP is the set of demand points (dp), that is, the
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Fig. 1: Edge topology representation.

nodes from which requests are introduced in the system. CSP
is the set of candidate service points (csps), which represent
the nodes that could be used to serve incoming requests. Each
node (either dp or csp) is characterized by its position in the
reference space (it might be the geographical space or any
other space where a notion of distance is defined). Moreover,
csps are connected to a broadband network while dps can
reach csps at a close distance (e.g., through wireless chan-
nels). In addition, for simplicity, we assume that all requests
generated by dps have a uniform weight and computational
complexity, which means that each request requires roughly
the same amount of resources.

The objective we want to achieve with a clustering approach
is to select an optimal subset ASP of CSP, which contains
the assigned service points (asps) in charge of serving re-
quests generated by the dps. This corresponds to a placement
problem, where the goal is to determine the most effective
deployment of nodes within the edge network. Each asp
should be located close to dps to minimize response time
and maximize efficiency. However, excessive concentration of
asps can lead to redundancy, leaving other regions under-
served. The achievement of a proper balance between these
two factors is the primary goal of this work. It requires
an optimization approach that is inherently spatially aware,
incorporating both proximity to demand and spatial separation
constraints to ensure robust coverage. More formally, the goal
of our optimization is to select a given number %k of nodes in
ASP in such a way that:

1) The selected asps are spatially well distributed, maxi-
mizing their mutual distance to promote coverage across
the reference space.

2) The selection is guided by an importance weighting
factor that favors csps located near those dps that
generate a high volume of requests.

3) The set comprises exactly k nodes. .

After identifying the members of ASP, the dps are clustered
around them based on the chosen proximity criterion. If a
dp were “close” to more than one asp, the asp is chosen
randomly.

The ASP selection problem, in its most general form,
occurs in multiple scenarios where resources should be strate-
gically placed to maximize their effectiveness and can be
framed within the research line related to facility location
problems (FLP) [28], a fundamental branch of operations

research. Such problems become intractable in closed-form
formulations very quickly, since their asymptotic size grows
proportionally to the cardinality of DP and CSP (e.g., in
scenarios involving a large number of users and/or large-
scale edge topologies). Nowadays, they are mainly approached
with the help of heuristic algorithms that cannot effectively
capture all the different facets of these complex multi-objective
problems. This is why, in the near future, quantum computing
can represent a viable option to tackle these problems. In
addition to its natural inclination towards high-dimensionality
data, it can also offer a way to explore the problem landscape
more efficiently, offering different solutions that incorporate
distinct trade-offs between set goals.

IV. MIN-DISTANCE BASED CLUSTERING (M-DBC)

The problem of selecting among csps that can serve dps
optimally could be approached using optimization-based meth-
ods or classical clustering methods.

P-Center [29] and maximal coverage location [30] are
examples of optimization approaches that could be adapted
to the problem at hand, but would not take into account the
magnitude of demand characterized by the quantity of dps
in a specific location. P-Median [31] would be intrinsically
dependent on the size of DP, thus limiting its ability to
handle realistic edge topologies with numerous dps. Moreover,
it would tend to overfit the specific DP.

Analyzing the classical clustering algorithms, a plausible
starting point could be the K-Medoids algorithm, which has
also already been implemented as a QUBO model in [32]. The
objective of K-Medoids is to identify cluster centers, called
medoids. As such, it could be applied directly to the set of
candidate service points (CSP) with the goal of selecting
k csps to act as medoids, that is, asps, so that the sum of
distances from the remaining unselected csps to their nearest
selected asp is minimized. However, the disadvantage of K-
Medoids is that it lacks knowledge of dps, which is critical
for effective service placement in edge computing.

To combine the strengths of optimization and classical clus-
tering methods, we propose Min-Distance Based Clustering
(M-DBC), an approach that naturally adapts to changes in
demand distribution without requiring explicit optimization
over individual demand points. Our formulation is inherently
spatially aware. It incorporates a factor that accounts for the
importance of a csp relative to the distribution of nearby dps.
It also includes a penalty for configurations where asps are
positioned too closely —i.e., within a minimum operational
distance— balanced by a complementary factor that encourages
broader geographical spread of the asps. We build the math-
ematical foundations of M-DBC by describing it as a QUBO
model suitable for running in a quantum context.

A. Distance Matrix and Normalization

Let D € R™ "™ be the distance matrix, where D;; rep-
resents the pairwise distance between csp; ¢ and csp;, with
n = |CSP|. We normalize this matrix as follows:

Ajj =1 —exp (—yDyj) (1)



where v = In (2)/D is a scaling parameter and D is the mean
pairwise distance value. We call the matrix A, resulting from
all Ai, j» mean pairwise normalized distance. By construction,
all its values are in the range [0,1) (0 when D; ; = 0, while
it approaches 1 as D; ; — 00).

The minimum distance allowed d,,;;, is a parameter that can
be used to model the operating range of csps and is normalized
on the same scale of the distance matrix as:

&min =1- exXp (_’Ydmzn) (2)

This kind of normalization ensures that at the mean value of
the distance matrix D, the transformation reaches 50% of its
full range (A = 0.5), while maintaining a good resolution
on distances smaller than D, allowing these distances to be
easily distinguishable. Obtaining a good normalization of the
range of values is essential for a model that seeks to penalize
distances between csps that are below a certain threshold.

B. Optimization Model

Given binary decision variables z; each stating whether csp;
has been selected, the general objective function

O(z)|z € {0,1}™ to be minimized comprises four terms:
P (Min-Distance Penalty), S (Spread Reward), I (Importance
Reward), and C' (Constraint on the cardinality of ASP):

0(z)

1) Min-Distance Penalty Term (P): penalizes pairs of se-
lected csps that are closer than dmin.

P = szzj 7 (

i<J

=P+8S+1+C 3)

Ay) )

m1n -

where 7 is a penalty weight term defined as:
(e AY
= ()
with:

« A being the mean pairwise normalized distance.

e k = |ASP| being the number of csps that must be
selected at the end of the optimization process.

o Npenaity being the number of csp pairs with distances
below dpin.-

e Ngpreaq being the number of csp pairs with distances
above szin.

e ¢, being a tuning coefficient; modifying its relative
magnitude enables explicit manipulation of the tradeoff
between term P and term S.

o 1076 serving to avoid division by zero while computing

Nspread
Npenalty + 10-6

®)

.
2) Spread Term (S): encourages selected csps to be far
apart. 3
S=> zz-(—p-Ay) (6)
i<j

where p is a spread term defined as:

)

with n being the cardinality of the set CSP and ¢, a coefficient
similar to c,,.

Since p > 0 and Ai]‘ increase with distance, minimizing
this term favors pairs (i,) with larger A;;.

3) Importance Bias Term (I): encourages selection of csps
with high importance scores.

I= Zzl =X w;) (8)

where A is a non-negative weight controlling the influence of
the importance score with a range in [0, 10] found empirically,
and w; is the importance value of csp;. The definition of
importance values is application-specific. For example, impor-
tance can reflect the average distance from csp to nearby dps,
the expected request load, the available computing capacity,
or a combination of such factors. The definition of impor-
tance values in the context of our experiments is reported in
Section V-B).

4) Constraint Violation Term (C'): enforces the selection of
exactly k csps.

2
C =X <qu;—k> )

where ). is a tunable Lagrange multiplier coefficient.

C. QUBO formulation

To use a quantum annealer as a solver, M-DBC should be
mapped on a common QUBO formulation [17]:

ZQZJZZZJ +ZQ1221 +Zczzz +Xx

1<j
(10)
where x represents a constant term, ();; represents the
quadratic interaction between z; and z;, (J;; represents the
coefficient of the 2?(= 2;) term, and ¢; is the coefficient of
the purely linear z; term.
P contributes to the off-diagonal QUBO coefficients:

min O
2€{0,1}n qupo(z

QY = 1 (i — Ayy)  (for i < j) an
S contributes to the off-diagonal QUBO coefficients:
QY =—p- Ay (fori<j) (12)
I is purely linear and contributes to the c; vector:
0= X wy (13)

C contributes to all terms in (10). More specifically, ex-
panding the quadratic penalty in (9):

Zz —l—Zzzz] —2k221+k2

i#]
To map this to the QUBO form (10), we use the binary
property z? = z; and identify coefficients:

Q) =, Q) =2 (fori<j), =2k



Note the presence of a factor 2 in the coefficient Ql(-jc), given
the necessity of representing symmetrical contributions in the
expansion of the square: imposing 7 < 7 we would, in fact,
neglect the contributions of z;z; with 4 > j, which we are,
instead, considering with the factor 2.

We assemble the final QUBO coefficients:

o Off-diagonal coefficients (i < j5):
P s c 7 X x
Qij = Q)+ Q) +QY) = (dumin—Aij) — pAij +2)

17 17
« Diagonal coefficients (i = j): Qi = Qgic) =Ac)

o Linear coefficients: ¢; = CEI) +c; )= ). w; — 2k
Of course, in the minimization of Ogypo(z) the constant
term  is ignored.

V. VALIDATION SET-UP

The objective of the validation is threefold: (i) to confirm
the effectiveness of the M-DBC model introduced in Section
IV, (ii) to assess the suitability of quantum annealers as an
execution platform for the model, and (iii) to compare the
performance of M-DBC with that of two other state-of-the-
art approaches, one executed on a classical solver and another
both on classical and quantum solvers.

The analysis is performed on the use case of an edge
network in Beijing (Section V-A) with the importance values
w; defined in Section V-B. The metrics used in our experi-
ments are presented in Section V-C). The approaches used for
comparison with M-DBC (Section V-D) have been selected
for their ability to address the problem at hand and for the
variety of execution environments they can cover.

A. The Beijing taxis use case

The use case presented here addresses the need for modern
taxis to access services provided by an edge computing plat-
form. In this scenario, taxis represent the set of dps that require
access to software services, which are hosted on computational
resources located at mobile network antenna sites, represented
as csps. Our goal is to apply clustering approaches to identify
a subset of csps that minimizes the service delay experienced
by taxis. To realistically model taxi mobility and antenna
distribution within the target area, we rely on data from the
following two main datasets:

o Taxi Trajectories [33] contains the GPS positions of
10,357 taxis sampled, on average, every 177 seconds,
during the period of February 2 to February 8, 2008,
within Beijing. It contains a total of 15 million data
points.

o Antenna Locations [34] provides information about the
location of 5G antennas in Beijing.

We use the Taxi Trajectories dataset to estimate a realistic
distribution of taxi positions when requests are issued to an
edge-based taxi application running on the edge topology.
Each of these positions is treated as a demand point (dp).
Since the dataset includes a large number of GPS points per
taxi, and assuming that requests are issued only from a subset
of these positions, we created a pipeline to filter and split the

data. The goal is to generate plausible dp distributions over
time and space. The process consists of the following steps:

1) Time Splitting. To consider a manageable amount of
data, we divided the dataset into time splits of T hours
each. In our experiments, we used a subset of these time
splits 7S = 10. The duration 7" of each split has been
set to 4 hours for a total observation period of 40 hours.

2) Taxi Selection. In each time split, 77X taxis are ran-
domly selected. In our main experiments, we used
TX = 30, generating an average of 2212 dsp for each
split, while in the scalability experiments, we increased
this number to a maximum of 15230.

3) Selecting dps. For each selected taxi within a time split,
we choose a number of GPS positions from the dataset
to represent the locations of edge requests. This number
is drawn from a Poisson distribution Poisson(Aiqz:)
where A:,.; is the average request rate per taxi per hour.
If the available data are insufficient, new positions are
generated by interpolation. In our experiments, we used
Atazs = 20

B. Use case-specific importance values

In Section IV we have introduced the concept of importance
values as application-specific terms. For our use case, they
are computed taking into account the density of demand via

w;-adlus, while considering the antennas serving demand not
covered by other antennas via w;"*":
radius unique
W + (- w;
: : , (14)
i unique
MaXmeCsP (wifldms +¢wm )

wj; =

where w;nique counts taxis that are uniquely covered by antenna
7 w;-adius counts the number of taxis within a given radius r
from each antenna, capturing the localized density of demand:
wrgdius _ ‘{Z € DP | dij < T}| (15)
! maxgecsp(|{i € DP | di, <1}
where d;; is the distance between taxi ¢ and antenna j. Finally,
in Equation 14 is a parameter that balances the two terms
q p

and is comprised in the range [0, 1].

C. Evaluation Metrics

To assess the effectiveness of the proposed solutions, we
consider a range of evaluation metrics that capture service
placement, demand coverage, spatial distribution, demand
fairness, and the average and standard deviation of execution
times. These metrics comprehensively evaluate the set of
selected service points and their ability to serve demand points
effectively; the objective was to evaluate the solution with a
test infrastructure unbiased with respect to specific services
offered by the edge platform to evaluate the intrinsic optimality
of the resulting specific edge topology.

Service Placement. To evaluate the quality of clusters, we
considered two metrics. First, the Average Distance to Service
Point (ADSP) measures how close dps are to the nearest asp
on average:



|DP]
ADSP = P ; d(z;, s7) (16)
where z; is the location of a dp, s; is its assigned asp,
and d(z;,s;) is the distance between them. A lower ADSP
indicates better centrality. Second, the Maximum Distance to
Service Point (MDSP) ensures that no dp is extremely far from
the closest asp, representing worst-case performance:

MDSP = maxd(x;, s;) (17

where x; is the location of a dp and s; is its assigned asp.

Demand Coverage. Coverage assesses how well the solu-
tion ensures that requests generated by dps are served within
a specific range r (mapped in our model to dy,in). A dp (z;)
is said to be covered if its distance to the nearest asp is less
than or equal to r. The metric Coverage(r) expresses the
percentage of covered dps on the total (higher is better).

Let DPeoy(r) = {z; € DP | ming,casp d(xi,55) <}

- |DP00V(T)|
B M

Spatial Distribution. We consider three spatial metrics to
evaluate the geographical spread of the locations of selected
service points. First, metric Convex Hull Area computes the
total area covered by the convex hull of the selected service
points. A small area may indicate an over concentration in a
single region.

Second, metric Service Points Density per unit of measure
assesses whether the asps are distributed efficiently, that is,
the operating ranges of asps are not overlapping:

Coverage(r) x 100 (18)

# of asps
Convex Hull Area
A high density suggests redundancy, whereas a low density
may indicate gaps in coverage.

Third, the Standard Deviation of Assignment Distances
(04ssign) measures the variability in distances between de-
mand points and their assigned service points. A lower value
indicates more consistent service distances among all demand
points. Let ADS P be the mean distance calculated in Eq. 16.

Density = (19)

IDP|
1 -
Oasp = w lzzl (d(xusl) - ADSP)2 (20)

Demand Fairness. We evaluate how demand is distributed
among the asps using two metrics.

First, metric Maximum Demand per Service Point measures
whether some asps are overloaded with a large number of dps,
leading to an imbalanced demand distribution.

MaxDemand = max |DP(s;)]

j=1...k (2])

where DP(s;) is the set of dps assigned to asp s;.

Second, metric Demand-to-Service Point Ratio Standard
Deviation computes the standard deviation in the number of
demand points assigned to each service point:

TABLE I: Execution environments and clustering approaches.

Exec. env. / approaches KM IBP-M M-DBC

Classical solver (C) v v

Simulated Annealing (SA) v v

Hybrid (H) v v

Quantum Annealing (QA) v

1 |ASP|
Odemand = \A7877| Z (nz - ﬁ)Q (22)
1=1

where n; is the number of demand points assigned to service
point ¢, and 7 is the average demand per service point. A high
variance suggests an imbalanced allocation of demand points
to service points.

D. Competitor approaches

We compare M-DBC with K-Medoids [32] and a variant
of P-Median [31] we have developed specifically to adapt the
approach to the problem at hand.

K-Medoids (KM in the following) has been selected for the
following reasons:

1) It represents a standard, well-understood, classical clus-
tering approach applicable to the CSP set.

2) It focuses solely on the spatial distribution and represen-
tativeness of the candidate service points themselves,
completely ignoring the locations and distribution of
the dps. This helps quantify the benefit gained by our
approach, which, instead, explicitly incorporates demand
information.

3) The existence of a QUBO formulation [32] offers the
possibility of a direct comparison using annealing-based
solvers.

P-Median has been chosen for its extensibility that has
allowed us to introduce in its formulation the concept of
importance values that we have already used for M-DBC,
biasing the general model toward the selection of the most
important csps. We call the new variant Importance Based P-
Median (IBP-M). In its formulation, we use a demand-service
distance matrix F' = [f;;], where f;; is the distance between
dp; and asp;, and a set of importance values w; for each
csp; € CSP. The objective is to minimize the total assignment
cost, that is, the sum of the distances between each dp and
its asp, weighted using the importance values w; defined in
Section V-B:

n

Dy = Z Z ﬁxm
J

i=1 j=1 Wj

(23)

where z;; € {0,1} indicates whether dp; is assigned to asp;
and ¢ is a tunable exponent that controls the influence of the
importance values (e.g., ¢ = 1 for direct weighting, ¢ > 1 to
amplify the effect of importance values).

IBP-M allows us to i) favor antennas located in high-
demand regions rather than treating all locations equally, ii)



adapt to different urban layouts by dynamically adjusting to
the spatial distribution of taxi calls, and iii) maintain a balance
between distance minimization and demand concentration, en-
suring a practical deployment strategy. This model is expected
to serve as a valuable benchmark that represents a classical
optimum for our problem. For this reason, we use it as a target
reference to evaluate the quality of our quantum-based model.
However, it does not scale. In fact, it requires optimization
variables not only for selecting the N candidate service points
(z;) but also for assigning each of the M demand points
to a selected service point (x;;). This results in a model
complexity, represented by the number of variables, that scales
with O(N 4+ N M), with M that tends to be very large in real
scenarios. In contrast, our M-DBC formulation defines the core
optimization problem primarily on the selection variables z;,
leading to a QUBO model whose size scales with O(N?),
where N is typically significantly smaller (at least one order
of magnitude) than M. Therefore, given an edge infrastructure
that tends to be stable over time (and, therefore, a fixed V),
the number of variables for IBP-M tends to grow linearly and
rapidly with the growth of the number of demand points, while
this number remains constant for M-DBC. This implies that
IBP-M becomes computationally intractable for scenarios with
a very large number of demand points, which is common in
realistic, dynamic edge environments (e.g., tens or hundreds
of thousands of users/devices).

During the analysis, to allow the IBP-M baseline to execute
within a reasonable timeframe, we decided to keep the number
of demand points per time split relatively small (e.g., typically
in the order of hundreds to a few thousand). In such datasets,
IBP-M, by directly optimizing the assignment of every demand
point, can achieve very good performance, particularly on
metrics like ADSP. However, this may represent an overfitting
to the specific and limited set of demand points present in the
sample, potentially lacking robustness to variations in demand
patterns.

Our goal for M-DBC is not necessarily to strictly outper-
form IBP-M on every metric within this limited, potentially
overfitted scenario. Instead, we aim for M-DBC to achieve
comparable high-quality results thus demonstrating the utility
of a quantum-based approach for the considered problem,
while offering the crucial advantage of scalability with the
growth of the number of demand points, where IBP-M would
be computationally infeasible. The results presented in Sec-
tion VI should be interpreted in light of this scalability trade-
off.

KM and IBP-M have been compared with our M-DBC
approach using the execution environments shown in Table I.
IBP-M has been executed only on a classical solver, PuLP.
Given its scalability problems, we did not consider adapting
its implementation to a quantum environment. KM is available
both as a classical algorithm (using the scikit Python library)
and as a QUBO formulation [32]. The latter is presented
in a simulated annealing and in a hybrid context (we have
performed the experiments using the parameters in [32]). We
tried to execute it also on a pure quantum annealer, but
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Fig. 2: Box plot of ADSP across runs.

could not obtain a correct execution because we experienced
a high number of chain breaks. Finally, M-DBC has been
conceived as a quantum-based approach and, therefore, has
not been executed in the classical context. Quantum, hybrid,
and simulated annealing executions utilized the D-Wave Ocean
SDK [35].

In the following, the different combinations of approaches
and execution environments are identified by concatenating the
acronym of each approach with the capital letter suffixes that
in Table I indicate the execution environments.

Finally, to execute the experiments, the clustering objective
for all the methods was to select & = 20 asps from the
set of csps. Moreover, we set d,,;, = r = 4000m unless
otherwise specified, ¢, = 6.0,¢, = 1, A = 3.0, Ac = 1.0, and
¢ = 0.2 (for IBP-M), while for the QUBO implementation
of K-Medoids (KM_SA/H) presented in [32] we used the
configuration of parameters suggested by the authors.

VI. EXPERIMENTS

Our evaluation focuses on two main aspects: i) the quality
of generated solutions and ii) the scalability of the approaches.
The implementation of M-DBC, along with the replication
package for the experiments, is available at [36].

A. Solution Quality

To evaluate solution quality in a setup where IBP-M_C
could deliver significant results, we restricted the analysis to
individual dataset splits, ensuring that the input size remained
manageable for IBP-M_C.

Service Placement. Figure 2 shows the results for the
metric ADSP averaged over the results obtained in each split.
As expected, IBP-M_C provides the best performance, achiev-
ing the lowest average distances with minimal variability
among runs. This was anticipated, as IBP-M_C serves as the
reference for optimal clustering quality, being based on an
assignment model that directly minimizes total distances, as
discussed in Section V-D. Both M-DBC_SA and M-DBC_H
approaches achieve results close to IBP-M_C, demonstrating
their ability to approximate high-quality clustering while main-
taining scalability. In contrast, KM_C and KM_SA, which
ignore the demand distribution, perform significantly worse,
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Fig. 3: Box plot of MDSP across runs.

showing much higher average distances and greater variability.
M-DBC_QA shows a clear performance drop compared to
M-DBC_SA and M-DBC_H, suggesting that pure quantum
annealing, under the tested conditions, is not yet able to match
hybrid and simulated annealing performance.

Figure 3 reports the results for metric MDSP aggregated
in all the 10 splits. IBP-M_C again establishes the best per-
formance, with the lowest maximum distances and moderate
variability. M-DBC_SA and M-DBC_H closely follow, con-
firming their robustness not only in average but also in worst-
case scenarios. KM-based approaches (KM_C and KM_SA)
perform poorly, exhibiting very high maximum distances,
indicating their inability to ensure acceptable service quality
for all demand locations. Also, for MDSP, M-DBC_QA shows
inferior results compared to its hybrid and simulated annealing
counterparts, confirming the observations made on ADSP.

Table II reports detailed MDSP results for three randomly
selected dataset splits, providing additional insights beyond
the aggregated box plots. As expected, IBP-M_C consistently
achieves the best results in terms of average MDSP across all
splits, confirming its role as a reference model for clustering
quality. In Split 1, IBP-M_C achieves an average MDSP of
1531.59 meters. M-DBC_SA and M-DBC_H show compet-
itive results, achieving average MDSP values close to IBP-
M_C across all splits while often providing better maximum
MDSP values. For example, in Split 1, M-DBC_SA limits the
maximum MDSP to 3774.20 meters, significantly lower than
IBP-M_C. Moreover, M-DBC approaches maintain good dis-
tance performance despite covering larger convex hull areas,
confirming their ability to create well-distributed topologies
while preserving proximity between users and service points.
In Split 1, M-DBC_SA limits the maximum MDSP to 3774.20
meters, significantly better than IBP-M_C’s 6154.95 meters.
Similarly, in Split 3, M-DBC_SA and M-DBC_H maintain
maximum distances around 10000 meters, slightly better than
IBP-M_C. This indicates that M-DBC formulations are not
only close in average quality but can outperform IBP-M_C in
Wworst-case scenarios.

Demand Coverage. Table III reports the average coverage

results among all dataset splits. M-DBC_H, M-DBC_SA, and
IBP-M_C achieve very similar coverage values, all above 95%.
M-DBC_H shows the highest mean coverage, closely followed
by M-DBC_SA and IBP-M_C, with minor differences and low
variability. In contrast, M-DBC_QA exhibits a clear drop in
performance, achieving around 79.6% coverage, highlighting
the current limitations of pure quantum annealing.

Spatial Distribution. Table III reports the results for the
spatial distribution metrics. M-DBC_H, M-DBC_SA, and IBP-
M_C show very similar behavior in terms of Convex Hull
Area, all covering around 700-750 km?2, confirming that
the service points selected by M-DBC maintain a spatial
spread comparable to the reference model IBP-M_C. In con-
trast, KM_C and KM_SA cover much smaller areas (around
300 km?), suggesting a concentration of service points in
limited regions and reflecting their poor coverage performance.
Interestingly, KM_H achieves a Convex Hull Area of approx-
imately 943 km?, comparable or even larger than M-DBC
variants, indicating a more balanced spatial spread in this case.

The density values further confirm these trends: KM_C and
KM_SA exhibit much higher densities due to clustering in
small areas, while M-DBC variants, IBP-M_C, and KM_H
maintain balanced, lower densities.

The standard deviation of the ASP distances highlights
additional differences. M-DBC_H, M-DBC_SA, and IBP-
M_C show low variability (around 800-900 meters), indicating
a uniform spatial distribution of service points. KM_H also
achieves better results than other KM-based methods, with a
moderate standard deviation (1876 meters), whereas KM_C
and KM_SA display extremely high variability, suggesting
uneven and inefficient service point placement. M-DBC_QA
deviates from the other M-DBC variants, showing a signif-
icantly higher standard deviation and more compact Convex
Hull Area, consistent with its worse performance across the
other quality metrics.

Demand Fairness. Regarding demand fairness, all meth-
ods based on demand-aware clustering (M-DBC variants and
IBP-M_C) achieve balanced results, with similar maximum
demand per ASP and comparable demand ratio standard
deviations. KM_SA achieves very good fairness, obtaining
the lowest demand ratio standard deviation (23.18), slightly
better than M-DBC and IBP-M_C. This suggests that despite
its limitations in coverage and spatial distribution, KM_SA is
able to distribute demand more evenly across service points.
KM_C, instead, shows higher variability, and KM_H presents
moderate results.

B. Execution Time

Table IV presents the execution time of our experiments
concerning the classical solvers and simulated annealing ap-
proaches. The experiments were conducted on a DELL Lat-
itude 5440 equipped with a 13th Gen Intel(R) Core(TM) i7
CPU and 16 GB of DDR5 RAM. As shown in the table, IBP-
M_C exhibits a strong dependency on the number of consid-
ered demand points. Although it completes in approximately
42 seconds for 2122 demand points and around 488 seconds



TABLE II: MDSP across different methods and splits. Best overall values per column are bolded for each split.

Split Method Min MDSP (m) Avg MDSP (m) Max MDSP (m) Convex Hull Area (km2)
IBP-M_C 22.30 1531.59 6154.95 488.19
KM_C 18.45 3169.20 23724.87 202.34
KM_H 18.45 3416.96 6896.61 637.24
Split 1 KM_SA 18.45 3169.20 23724.87 202.34
M-DBC_H 99.05 1696.94 5859.30 577.51
M-DBC_QA 18.45 2700.54 22775.72 425.64
M-DBC_SA 18.45 1723.99 3774.20 553.84
IBP-M_C 16.94 1483.27 6936.75 763.66
KM_C 16.94 2729.67 31449.82 217.07
KM_H 93.62 3131.88 7794.06 1017.67
Split 2 KM_SA 16.94 2729.67 31449.82 217.07
M-DBC_H 16.94 1679.24 12137.71 852.93
M-DBC_QA 38.58 2132.77 7604.10 717.27
M-DBC_SA 16.94 1657.59 12137.71 864.86
IBP-M_C 18.46 1475.86 9818.36 629.01
KM_C 28.71 4948.39 29864.95 169.29
KM_H 40.36 2910.88 7458.30 824.43
Split 3 KM_SA 28.71 4948.39 29864.95 169.29
M-DBC_H 28.71 1605.53 9899.01 635.71
M-DBC_QA 18.40 3059.60 23218.02 494.31
M-DBC_SA 28.71 1558.49 10818.34 632.97

TABLE III: Coverage, Spatial Distribution and Demand Fairness Metrics (Mean £ Std Dev)

Method Coverage Convex Hull Density Std Dev ASP Max Demand  Demand Ratio
(%) Area (km?) (ASPs/km?) Distance (m) per ASP Std Dev

M-DBC_H 96.68 £ 1.81 703.3 +£167.0 0.0305 =+ 0.0069 807.2 £16.5 99.0 +£29.3 25.39 £9.71

M-DBC_SA 96.19 £2.27 | 746.8 +180.6 0.0288 £ 0.0077 869.3 £+ 321.3 99.7+£29.3 26.12 £8.12

M-DBC_QA | 79.58+£7.90 | 489.2+144.9 0.0591 +£0.0187 4454.8 +2346.7 | 109.1 £45.4  26.88 £8.54

IBP-M_C 95.75 £ 1.67 741.2 +£184.0 0.0297 £ 0.0073 892.1 + 88.5 107.8 £ 36.8 25.47 +6.76

KM_C 65.99 £10.38 | 318.9+112.8 0.0807 £0.0261 5780.1 £1541.8 | 131.1+51.2 29.28 £11.02

KM_SA 68.00 £11.90 | 298.8 +101.5 0.0868 £ 0.0242  5619.0 + 1624.4 93.1 +£35.5 23.18 +8.48

KM_H 54.59 +12.49 | 943.0 +205.7  0.0231 £ 0.0052 1876.3 + 418.0 98.5 £33.3 27.72 +6.80

TABLE IV: Execution Time Comparison.

Metric \ IBP-M_C |  KM.C KM_SA | M-DBC_SA
|DP| 2122 7575 14187 all cases all cases all cases

Execution time | 42.39£0.18 s 488.22+17.46 s Timeout 15 min | 124+0.06s 65.3£24s | 289+1.2s

for 7575 demand points, it exceeds the set timeout limit of
15 minutes when the number of demand points rises above
14,000. This clearly demonstrates that IBP-M_C does not scale
well with increasing demand size.

In contrast, the execution times of KM_C, KM_SA, and M-
DBC_SA are effectively independent of the number of demand
points, highlighting the scalability of these approaches. M-
DBC_SA, in particular, maintains a stable execution time
at around 29 seconds across all tested scenarios, making it
suitable for large-scale dynamic edge environments.

Hybrid approaches are not included in the table, as their
execution time is fixed to 5 seconds, after which the best
solution found is retrieved. For pure quantum executions, the
reported time to solution includes the model creation time,
QPU programming time, and annealing time, with model cre-
ation being the dominant factor (in the order of seconds), while
QPU programming and annealing occur in microseconds.

The D-Wave system provides a detailed breakdown of QPU
timings. For example, in our M-DBC_QA runs, representative

values indicate a QPU access time (QPU_ACCESS_TIME)
ranging approximately from 290 ms to 305 ms for a single
call to the QPU. This total access time is made up of the
following main components:

e QPU_PROGRAMMING_TIME: Approximately 18.6 ms
(consistent across runs).

e QPU_SAMPLING_TIME: Ranges from 273 ms to
287 ms. This time is for collecting all samples (typically
1000 in our configuration) from the QPU. The breakdown
per individual sample is as follows:

Component per Sample Duration
QPU_ANNEAL_TIME_PER_SAMPLE 20.0 ps
QPU_READOUT_TIME_PER_SAMPLE 230-245 us
QPU_DELAY_TIME_PER_SAMPLE ~20.6 us

The TOTAL_POST_PROCESSING_TIME (on QPU side)
is negligible, typically in the range of tens to a hun-
dred microseconds. This detailed timing data under-



scores that while the quantum annealing process itself
(QPU_ANNEAL_TIME_PER_SAMPLE) is extremely fast, the
overheads associated with programming the QPU, repeated
readouts for sampling, and system access latencies constitute
the bulk of the QPU interaction time for a single problem
submission.

VII. DISCUSSION

This section analyzes the experimental results presented in
Section VI, interpreting their implications for clustering edge
topologies. We focus on the performance of the proposed M-
DBC formulation across different solvers (Hybrid, Simulated
Annealing, Quantum Annealing) and compare it against the
classical IBP-M and K-Medoids baselines.

a) Performance Analysis of M-DBC Results: The re-
sults provide valuable insights into the performance of our
M-DBC model using different optimization approaches:

Hybrid (M-DBC_H): the D-Wave hybrid CQM solver
consistently delivered high-quality solutions among nearly all
metrics. It achieved low ADSP, the best (lowest) median
MDSP, excellent coverage, wide spatial spread (large con-
vex hull, low density), and good demand fairness (low max
demand and ratio std dev). This demonstrates the practical
effectiveness of current hybrid quantum-classical techniques
for solving complex, constrained optimization problems like
M-DBC at a relevant scale.

Simulated Annealing (M-DBC_SA): SA proved to be
a very strong classical heuristic for the M-DBC QUBO. It
achieved results comparable to M-DBC_H in ADSP, coverage,
and spatial distribution (area/density). Its MDSP was slightly
higher and more variable than M-DBC_H, and its demand
fairness metrics were similar. This confirms that SA can find
high-quality solutions for M-DBC, serving as a robust baseline
for the QUBO formulation.

Quantum Annealing (M-DBC_QA): the pure quantum
annealing approach, using the parameters specified, yielded
suboptimal results compared to hybrid and SA methods for
M-DBC on most key metrics (ADSP, MDSP, coverage, spatial
area). Although still outperforming the variants of K-Medoids
in some aspects (e.g. ADSP), its performance indicates chal-
lenges that include the difficulty of embedding the specific
M-DBC QUBO structure into the QPU using the minorminer
tool included in the D-WAVE Ocean SDK [35], noise impact,
or the need for more customized parameter tuning (annealing
schedules, chain strengths adjusted specifically for M-DBC).
It is useful to note that in our analysis we did not adapt
the parameters to each specific dataset split, so it is probable
that with an ad-hoc setup for each split, better results can be
obtained. The most relevant limiting factor is surely related to
the frequency of chain breaks, also with relatively high chain
strength parameter, due probably to the presence of long qubit
chains in the embedding.

A. Comparative Analysis: M-DBC vs. Baselines
When comparing the M-DBC family with the baselines:

Importance Based P-Median (IBP-M_C): The compari-
son between the results shown by M-DBC_H/SA and IBP-
M_C highlights the trade-off between the two: IBP-M_C
minimizes the average, while M-DBC offers a more balanced
solution considering the spread and worst-case distances.

K-Medoids: the K-Medoids objective, even when solved
effectively by the hybrid engine (KM_H), fails to adequately
capture the core requirements of placing service points near
demand points in the edge context (low ADSP, high coverage).
This strongly validates the necessity of a custom formulation
like M-DBC, which explicitly incorporates demand proximity,
importance, and coverage aspects into its objective function,
leading to superior overall performance when run on the same
hybrid platform (M-DBC_H vs. KM_H).

VIII. CONCLUSIONS

This work presents and validates the M-DBC formulation
as an effective approach to edge topology clustering, offering
a good balance between cluster quality properties, worst-
case guarantees, spatial distribution, and demand fairness.
M-DBC, when used with hybrid quantum-classical methods
(M-DBC_H) or simulated annealing (M-DBC_SA), clearly
outperforms traditional K-Medoids and offers a more robust
and spatially aware alternative to classical P-Median methods
like IBP-M_C. While quantum annealing (M-DBC_QA) still
needs improvement, the results highlight the effectiveness of
M-DBC for building efficient edge computing systems.

M-DBC can be applied to various dynamic edge-computing
scenarios where rapid user demand shifts and mobility require
frequent reconfiguration of service clusters. For example, in
emerging 6G networks [37], Al-based services are expected
to migrate toward user hotspots via micro-data centers [38].
M-DBC supports this by enabling fast re-clustering with
execution times independent of demand size. Similar needs
arise in vehicular edge computing [39], [40], where nodes must
adapt to changing traffic to maintain low-latency services. In
industrial IoT [41], [42], M-DBC helps dynamically reassign
resources to meet fluctuating demands without manual control,
ensuring stable performance.

Future work may explore capacity-augmented variants of
P-Median models and introduce a pre-processing step that
clusters demand points to improve scalability for edge com-
puting. Additionally, validating solutions in realistic simulation
environments would help assess their practical applicability.
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