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ABSTRACT

Abstract

Optimization is a scientific field dedicated to identifying optimal solutions from a set of feasible
alternatives. Numerous critical problems in business, economics, and engineering can be formu-
lated as optimization tasks. However, most such problems are classified as NP-Hard, meaning
that finding an exact optimal solution is computationally infeasible for large-scale instances. In
such cases, stochastic meta-heuristic methods are preferred as they provide near-optimal solu-
tions within a reasonable timeframe. This stands in contrast to exact methods, which guarantee
optimality but at the cost of exponentially longer runtimes. Consequently, the hybridization of
optimization methods has garnered significant research interest in recent years as a strategy to
reduce computational time while enhancing solution quality, i.e., both effectiveness and accuracy.

This thesis addresses a specific NP-Hard optimization problem: community detection in
complex networks, where the objective is to maximize the modularity metric. To tackle this
challenge, we propose two novel hybrid meta-heuristics:

¢ The Clustering Coefficient Discrete Bat Algorithm (CC-DBAT): This approach utilizes the
clustering coefficient to generate an intelligent initial population. It is further enhanced
by hybridizing it with the Fast Local Move heuristic and a random neighbors technique to
improve its search capability.

* The Fast Local Move Iterated Greedy (FLMIG) Algorithm: This method hybridizes the
Iterated Greedy (IG) framework with the Fast Local Move heuristic. A novel reconstruction
procedure is incorporated to ensure the connectivity of the detected communities.

Experimental results, evaluated using multiple performance metrics, demonstrate that the
proposed algorithms outperform existing state-of-the-art methods, achieving superior perfor-
mance in both solution quality and computational efficiency.

Keywords: Hybrid metaheuristic, Social network analysis, Community discovery, Modularity maximiza-
tion
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Résumé

L'optimisation est un domaine scientifique dédié a I'identification de solutions optimales parmi
un ensemble d’alternatives réalisables. De nombreux problémes critiques en entreprise, économie
et ingénierie peuvent étre formulés comme des tiches d’optimisation. Cependant, la plupart
de ces problemes sont classés comme NP-Difficiles, ce qui signifie qu’il est informatiquement
impossible de trouver une solution optimale exacte pour des instances a grande échelle. Dans de
tels cas, les méthodes stochastiques méta-heuristiques sont préférées car elles fournissent des
solutions quasi optimales dans un délai raisonnable. Cela contraste avec les méthodes exactes,
qui garantissent Poptimalité mais au prix de temps d’exécution exponentiellement plus longs.
Par conséquent, I’hybridation des méthodes d’optimisation a suscité un intérét de recherche
significatif ces derniéres années en tant que stratégie pour réduire le temps de calcul tout en
améliorant la qualité des solutions, c’est-a-dire a la fois I'efficacité et la précision.

Cette thése aborde un probleme d’optimisation NP-Difficile spécifique : la détection de com-
munautés dans les réseaux complexes, ou I'objectif est de maximiser la métrique de modularité.
Pour relever ce défi, nous proposons deux nouvelles méta-heuristiques hybrides :

¢ Llalgorithme Clustering Coefficient Discrete Bat (CC-DBAT) : Cette approche utilise le
coefficient de clustering pour générer une population initiale intelligente. Elle est en outre
améliorée par son hybridation avec I’heuristique Fast Local Move et une technique de
voisins aléatoires pour accroitre ses capacités d’exploration.

e Lalgorithme Fast Local Move Iterated Greedy (FLMIG) : Cette méthode hybride le frame-
work Iterated Greedy (IG) avec '’heuristique Fast Local Move. Une nouvelle procédure de
reconstruction est intégrée pour garantir la connectivité des communautés détectées.

Les résultats expérimentaux, évalués a 'aide de multiples métriques de performance, démon-
trent que les algorithmes proposés surpassent les méthodes existantes de 1’état de I’art, atteignant
des performances supérieures tant en qualité de solution qu’en efficacité computationnelle.
Keywords: Méta-heuristique hybride, Analyse de réseaux sociaux, Détection de communautés, Maximisa-
tion de la modularité
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CHAPTER

INTRODUCTION

1.1 Overview:

Complex networks provide a powerful framework for modeling diverse real-world systems,
ranging from social interactions and biological processes to communication infrastructures ,
transportation grids [43], technological ecosystems[118], ecological interdependencies [10], and
information flows [36], health domain [145]. These networks permeate our daily existence,
offering structural insights into inherently interconnected phenomena.

A main challenge in analyzing such systems is the identification of meaningful substructures
(commonly called communities) embedded within the larger network topology [130]. Communi-
ties are typified by dense intra-group connections compared with sparser inter-group linkages,
reflecting functional or organizational modules. However, the absence of a universal, rigorous
definition for what constitutes a "community" has rendered this pursuit intrinsically complex,
galvanizing the field known as the Community Detection (CD) problem [55].

Finding community structures has gained attention in recent years due to the fact that it
provides important information on the fundamental processes influencing network behaviour.
Social networks [123], biology [10], Energy [169], personalised recommendation systems [181],
security [168], epidemic modelling [57], and transportation systems [43] are only a few of the
domains where this feature is especially crucial. To put it simply, the CD problem is a challenging
task that aims to create data analysis methods that can separate large-scale networked datasets
into discrete, cohesive clusters where the size and number of these subgroups are unknown
beforehand.

Critically, real-world interactions are inherently dynamic: social ties form and dissolve,
communication events are transient, and mobility patterns evolve temporally. Despite this

reality, predominant CD literature relies on a static network paradigm, implicitly assuming
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system quiescence. This simplification often fails to capture temporal heterogeneities, leading to
potentially obsolete or inaccurate partitions. Consequently, the integration of temporal dynamics
into graph-theoretic methods has emerged as a pivotal research impetus over the past decade,
catalyzing advances in dynamic network analysis. Within this paradigm, canonical problems
originally formulated for static graphsincluding CDhave been reconceptualized, spurring the
development of novel time-aware computational approaches [138].

The growing number of proposed approaches in the literature has been analyzed from various
perspectives and strategies. Consequently, several reviews have been conducted to systematically
examine and categorize these approaches. These reviews typically classify the methodologies
based on the type of graph employed and the specific strategies they utilize. Fortunato [54][55]
presented a comprehensive review to associate several heuristic techniques with graph parti-
tioning, with his work being one of the earliest in the field. Subsequently, a series of reviews
have been proposed, extensively discussing the problem from various perspectives. These reviews
primarily categorize the approaches into heuristic and metaheuristic-based methods.

Building on foundational research in dynamic network analysis, Rosseiti et al. [138] in-
troduced a comprehensive practical guide that systematically organizes Dynamic Community
Detection (DCD) algorithms into a principled taxonomy. This framework classifies methodolo-
gies according to their underlying computational principles and implementation strategies for
identifying temporally coherent substructures in evolving networks. Their proposed taxonomy
delineates three primary algorithmic classes, each comprising distinct methodological categoriesa
classification we will examine in detail in subsequent sections.

Complementing this structural taxonomy, Dakiche et al. [41] developed an operational
classification scheme specifically for community discovery in dynamic social networks. Their
framework categorizes approaches based on temporal processing strategies: (1) methods em-
ploying independent static detection followed by cross-temporal matching; (2) techniques using
dependent sequential static detection; (3) approaches performing simultaneous analysis across
all evolutionary stages; and (4) methodologies operating directly on temporal network.

Extending the analytical scope to multilayer systems, Matteo Magnani et al. [106] established
a tripartite classification for community discovery in multiplex networks: flattening (projecting
layers into single networks), aggregation (combining layer information), and direct (multilayer-
native) approaches. Their comprehensive survey examines network modeling formalisms, quality
metrics, and algorithmic strategiesincluding label propagation, multi-objective optimization, and
embedding techniques such as random walks and non-negative matrix factorization. Critically,
they identified persistent research gaps: the absence of universally efficient strategies for
large-scale multiplex partitioning, and the lack of established methodologies for developing
domain-agnostic algorithms.

Community detection (CD) constitutes a combinatorial optimization problem formally classi-

fied as NP-hard [54][27][26], establishing its inherent computational complexity. Optimization-
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based CD methods are mostly categorized by strategic paradigm into two principal classes:
Heuristic Community Detection (HCD) algorithms, leveraging problem-specific rules, and Meta-
heuristic Community Detection (MCD) algorithms, employing high-level strategies for exploring
complex solution landscapes.

Several fundamental reviews have systematically analyzed evolutionary computation ap-
proaches for CD. Cai et al. [31] surveyed evolutionary frameworks for both single and multi-
objective CD, categorizing methods according to underlying network structural properties. Com-
plementing this, Pizzuti [129] provided a comprehensive examination of state-of-the-art evolu-
tionary and bio-inspired CD algorithms. This review exactly details implementations of core com-
ponentsincluding solution representation, fitness evaluation, and evolutionary operatorsacross
diverse network typologies: directed/undirected, weighted/signed, multidimensional, overlapping,
and temporal. While [31] typically explores evolutionary optimization, [129] specifically bridges
methodological design with CD applications in complex network analysis.

Osaba et al. [121] conducted a critical evaluation of modern MCD algorithms, emphasiz-
ing emerging bio-inspired metaheuristics. Their work empirically assessed seven prominent
techniques on weighted directed networks and introduced two novel perturbation operators:
"blind movement" and "ad-hoc heuristic." Results revealed that integrating simplistic heuristic
mechanisms yielded inconclusive performance gains, with no single algorithm demonstrating
clear superiority. Baraa A. Attea et al. [11] recently advanced the field through an integrative
taxonomy, classifying optimization-based CD methodologies into four strategic categories: Heuris-
tics (HCD), Meta-Heuristics (MCD), Hybrid-Metaheuristics, and Hyper-Metaheuristics, the latter
two conceptualized as foundational frameworks for next-generation algorithm design. Their
analysis further encompassed diverse network models, including undirected, directed, weighted,
signed, multiplex, overlapping, and temporal networks.

The effectiveness of community detection algorithms is typically evaluated using several
metrics. Two of the most prominent are Normalized Mutual Information (NMI) [42] and mod-
ularity [116]. NMI quantifies the similarity between a detected partition and a ground-truth
reference, whereas modularity measures the quality of a partition by comparing the density of
edges within communities to a random network model.

Despite extensive research, the community detection problem remains a significant challenge.
Many existing approaches suffer from poor scalability on large, complex networks or focus solely
on maximizing modularity without sufficiently ensuring detection accuracy.

This thesis addresses these limitations by proposing novel hybrid meta-heuristic methodolo-

gies, introducing a two-pronged approach:

* Clustering Coefficient-based Discrete Bat Algorithm (CC-DBAT): An enhanced discrete
bat algorithm that uses the clustering coefficient to identify communities. This method
is hybridized with the Fast Local Move technique [122] and a random neighbors strategy

[162] to improve its effectiveness.
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¢ Fast Local Move Iterated Greedy Algorithm (FLMIG): A novel metaheuristic that extends
the Louvain Prune heuristic. It integrates the Fast Local Move (FLM) method [122] within
the Iterated Greedy (IG) framework [66, 143] to maximize modularity for community

detection.

Furthermore, this thesis proposes a novel taxonomy for categorizing optimization-based com-
munity detection methods according to their underlying strategies and examines their evolution
in response to different network models. Most significantly, it pioneers a new research direction
by integrating network embedding techniques into meta-heuristic frameworks, an approach
applicable to both static and dynamic networks. The practical implications of this research are
vast, spanning numerous domains such as energy [169], personalized recommendation systems
[123], security [183], epidemic modeling [57], transportation systems [120], biological networks
[10], and social network analysis [181].

1.2 Owur contributions:

The primary goal of this thesis is to create novel community detection algorithms that maximize
modularity and to introduce a new taxonomy for optimization-based methods. These methods

target high-quality solutions within feasible computational time. The main contributions are:

1. An Enhanced Bat Algorithm Using Clustering Coefficient for Community De-
tection in Complex Networks: This study introduces CC-DBAT, an enhanced Discrete
Bat Algorithm utilizing the Clustering Coefficient that improves upon DBAT-M [2]. Our
approach strengthens local search and randomization for more comprehensive search space
exploration by: (1) initializing populations via clustering coefficient [144] to establish weak
inter-community connections and high-quality starting structures; (2) refining solutions
through DBAT hybridization with fast local moves [122] (replacing standard local search)
to optimize exploration-exploitation; and (3) incorporating random community neighbors
[162] to balance diversification-intensification. Experimental validation on synthetic and
real-world networks demonstrates CC-DBAT’s superior performance against existing bat
algorithms across multiple criteria: higher modularity and NMI scores, faster execution

times, and improved convergence rates.

2. Complex Network Community Discovery Using Fast Local Move Iterated Greedy
Algorithm: In this study, we propose FLMIG (Fast Local Move Iterated Greedy), a novel
algorithm that enhances the Louvain Prune heuristic through an Iterated Greedy frame-
work for modularity optimization in non-overlapping communities. FLMIG integrates:
(i) efficient local optimization via fast local moves, (ii) iterative enhancement through
destruction-reconstruction cycles, and (iii) a refinement phase ensuring internally con-

nected communities. This integrated approach overcomes the connectivity limitations of
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prior methods while maintaining computational efficiency through strategic local search
operations. We conducted experiments on real-world and synthetic datasets to evaluate
the efficiency of the Fast Local Move Iterated Greedy (FLMIG) algorithm against Leiden
(LDN) [163], Louvain Prune (LVNP) [122], and Iterated Carousel Greedy (ICG) [84]. The
algorithm demonstrates comparable or superior performance to state-of-the-art methods

like Leiden and Louvain Prune, especially in large-scale networks.

1.3 Thesis organization:

This thesis is structured as follows:

Chapter 2: Outlines the thesis background, defining key network models, preliminary
notation, and the core optimization problem along with its classifications. It also provides a
comprehensive overview of resolution methods, heuristics, and metaheuristics used to solve such
problems.

Chapter 3: Focuses on the community detection problem. We first formally define the problem
within network models. Second, we present metrics for assessing detected community quality.
Third, we propose a novel taxonomy classifying optimization-based methods according to their
behavioral characteristics, analyzing the advantages and limitations of each class. Finally, we
discuss recent advances within each category.

Chapters 4, 5: Each subsequent chapter details one of the two core contributions developed
in this work. Specifically, Chapter 4 describes the framework for the CC-DBAT approach,
while Chapter 5 details the FLMIG framework. Both chapters include pseudocode for primary
algorithmic components and provide comprehensive analysis of experimental results.

Chapter 6: Concludes the thesis and outlines future research directions.
1.4 Academic Publications Produced:

The following academic paper have been produced as result of this reaserch :

e S. TAIBI, S. BOUAMAMA, AND L. TOUMI, An enhanced bat algorithm using clustering coef-
ficient for community detection in complex networks, in 2024 1st International Conference
on Innovative and Intelligent Information Technologies (IC3IT), IEEE, 2024, pp. 1-6.

e S. TAIBI, L. ToUMI, AND S. BOUAMAMA, Complex network community discovery using fast
local move iterated greedy algorithm, The Journal of Supercomputing, 81 (2025), p. 182.



CHAPTER

BACKGROUND

"Graph theory teaches us that
connections matter more than

individual points."

2.1 Introduction

This chapter provides a foundational overview of graph theory, presenting various graph types
and essential notation crucial for modeling complex systems. It then delivers a broad introduction
to combinatorial optimization, covering its core definition, a taxonomy of problem types, and an
examination of computational complexity. The chapter concludes by presenting a taxonomy of

optimization methods.

2.2 Complex networks topology

Complex networks can be classified based on their structural properties. The most fundamental
type is the unsigned, undirected, and unweighted graph, where even core tasks like community
detection (CD) are computationally challenging (NP-hard). Real-world networks, however, are
often more nuanced. They frequently contain directed links that can be signed (denoting posi-
tive/negative relationships) or weighted (reflecting connection strength), capturing the complexity
of real-world interactions.

To model multiple types of interactions within the same set of entities, multiplex networks
are used. This framework is applicable to diverse systems, from biological organisms and social

structures to transportation infrastructure. For example, a biological interactomea network of
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thousands of protein moleculesmay involve distinct interaction mechanisms representing various
functional relationships [106]. A classic real-world example is a social system where the same
group of people interact on different platforms or in different contexts.

Initially, research focused on narrowly defined mining tasks for static networks, treated as
single "snapshots" in time. Foundational work on problems like community detection [54], node
ranking [48], and frequent pattern mining [3] was developed under this static paradigm, which
fails to capture the inherent dynamism of real systems.

A common approach to modeling dynamics uses a sequence of time-ordered network snapshots.
While this method effectively tracks structural evolution and offers flexibility, it increases
analytical complexity. For time-sensitive tasks, this introduces two primary challenges: (i)
effectively tracking the network’s evolving phases, and (ii) ensuring consistency by reconciling
insights from one snapshot with those from subsequent ones.

Recent studies advocate for retaining full temporal granularity instead of aggregating data
into snapshots, a paradigm known as temporal networks. These models represent a dynamic
network as a chronological sequence of timestamped interactions [138].

The complexity of network analysis stems from four key elements: data topology, node
attributes, relationship dynamics, and network type. These components, individually or in
combination, create unique analytical challenges that shape the design of detection methodologies.
We classify complex network types and formalize their mathematical models accordingly, as

shown in Fig 2.7.

2.2.1 Undirected Networks:

A complex network is modeled as a simple undirected graph G =(V,E), where:
e \V={1,...,n}is the vertex set (|V| =n)
* Ec{{u,v}|u,veV}is the edge set (IE| =m)
* An edge exists between vertices u and v if and only if {u,v} € E

The graph is represented by its adjacency matrix A € {0,1}"™*™:

1 if{u,v}eE
uv —
0 otherwise

For any vertex u € V:
® Neighborhood: N, ={v |{u,v} € E}

n
® Degree: d, =|Ny|l= Y Ay,
v=1
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Figure 2.1: A simple undirected graph.

2.2.2 Directed Networks:

A complex network is modeled as a directed graph G =(V,E), where:
e V={1,...,n}is the vertex set (|V| =n)
¢ EcV xV is the set of directed edges (|[E| = m)
¢ A directed edge from vertex u to v exists if (u,v) e E

The graph is represented by its asymmetric adjacency matrix A € {0,1}"*":

uv —

{1 if (u,v) € E

0 otherwise
For any vertex u € V:

n
* Qut-degree: dg“t =Y Ay, (sum of row u)
v=1

. n
* In-degree: d}}' = Y A,, (sum of column u)
v=1

The total edge count satisfies:

n

n .
m= Zd;ut: Zd;‘n
u=1

u=1

2.2.3 Weighted Networks:

A complex network is modeled as a weighted graph G = (V,E,W), where:
e V ={1,...,n}is the vertex set (|V|=n)
o Ec{{u,v}|u,veV,u+#uv}is the edge set ([E|=m)

e W:E — Ris a weight function assigning real values to edges



CHAPTER 2. BACKGROUND

Figure 2.2: A simple directed graph.

The graph is represented by its weighted adjacency matrix A € R**™:

A uv =
0 otherwise

{wuv if{u,v}e E

where A, >0 indicates an edge between u and v with weight w,,.

Figure 2.3: A weighted graph.

2.2.4 Signed Networks:

A complex network is modeled as a signed graph G = (V ,E), where:
e V={1,...,n}is the vertex set (|V|=n)
e Ec{{u,v}|u,veV}isthe edge set (|[E| =m)

* An edge {u,v} € E represents a signed connection between u and v
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}n><n.

The graph is represented by its signed adjacency matrix A € {-1,0,1

1 if positive edge {u,v} e E
Aypy =4 -1 ifnegative edge {u,v} € E

0  otherwise
For any vertex u e V:
* Positive neighbors: N} ={v|{u,v} € E and A, =1}
* Positive degree: dj; =|N;|
* Negative neighbors: N, ={v |{u,v} € E and A, = -1}
* Negative degree: d,; = |N|

* Total degree: d, =d; +d;,

Figure 2.4: A signed graph.

2.2.5 Attributed network:

An attributed network can be defined as a non-directed graph G = (A, X), where A € R™*" denotes

the adjacency matrix with n nodes, X € R"*? indicates the attribute matrix with d features.

2.2.6 Multiplex Networks:

A complex system is modeled as a multilayer network [80] Gy = (Vy,E,V,¥£), where:

e V ={1,...,n}is the node set
s ¥ = {fa}gzl is the set of elementary layer sets

* ViV x % x---x %y is the node-layer set, containing tuples (i,l1,...,/4) where node i

exists in layer combination (I1,...,14)

10
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* [ Vy x Vi is the edge set connecting node-layer pairs
Multiplex networks are a special case of multilayer networks [80] where:

e Eachlayer /€ ({l,...,d} has identical node set V

Gu=1G;|1=1,...,d} where G; = (V,E;) is the I*" layer graph

e Edges are strictly intra-layer: E; < {{(u,]),(v,0)} |u,veV}

d
The global edge set £ = U E; with ((i,11),(j,l2)) €E only if 11 =19
=1

Each layer G; may be directed/undirected and weighted/unweighted, but shares node set V

across layers.

Layer 1 Layer 2 Layer 3

=R - &R
e e Roe o

Figure 2.5: A multiplex graph.

2.2.7 Dynamic Networks:
2.2.7.1 Temporal Networks:

The dynamic structure of complex networks, which the state of nodes and edges vary with time,
can be modeled as Temporal Networks. The temporal networks can be represented as a Temporal
Network is a graph G; = (Vp,W,E,T) where: V7 is a set of nodes and W is the set of temporal
nodes W< Vp x T, and E7 is the set of edges E7 < T x Vp ® Vp such that (¢,uv) € Ep implies
(t,u)e W and (¢,v) € W [69].

2.2.7.2 Snapshot Networks:

A temporal network can be represented as a sequence of ordered set [112] G; = {G1,G2,G3,G4,...Gp},
where each G; = (V,E;) is a static graph snapshot at time ¢. This is common in discrete-time
models, % is the number of timestamps of G;. Depending on the network semantics, we can deal
with undirected Snapshot Graphs (SN) as presented in Fig2.6 or with Directed Snapshot Graphs
(DSN).

11
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Model complexity

Complex Network Topology

ic N K .
e e [Multiplex Networks } Dynamic Networks

Undirected network Dynamic snapshot network

Directed network Dynamic temporal networks
Weighted network

Signed network
Attributed network

Temporal impact
Figure 2.7: Network Representation Complexity: Transitioning from static graph represen-

tations (directed, signed, weighted) to interaction-based dynamic models increases computational
complexity while reducing the temporal resolution of available network information.

2.3 Optimization problem

Optimization is an essential process for decision-making and analyzing real-world systems. An

optimization problem can be formally defined in the following generic form [173]:

minimize,cs Fi(x), (i=1,2,...,M), 2.1)
subject to ®@;(x)=0, (=1,2,...,J), 2.2)
¥Y.(x) <0, (k=1,2,...,K), 2.3)

12
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where fi(x), ®j(x) and ¥ (x) are functions of the design vector
— T
X =(x1,%2,...,%)" . (2.4)

The elements x within the vector x are known as design variables or decision variables. These
variables can be real-valued (continuous), discrete, or a combination of both. The functions %;(x)
(where i=1,2,...,M) are termed the objective functions.

When M =1, the problem involves only a single objective. These functions are also sometimes
referred to in literature as cost functions or energy functions. The domain defined by the possible
values of the decision variables is called the design space or search space, denoted S. Conversely,
the space containing the values of the objective functions is known as the solution space or
response space.

The expressions ®; = 0 represent equality constraints, while ¥ < 0 (or = 0) represent inequal-
ity constraints. It’s important to note that the objectives can also be framed as maximization

problems.

2.4 Taxonomy of optimization problems

Optimization classifications lack standardization, leading to confusing terminology. It concisely

introduces key concepts, grouping methods loosely based on factors like [173]:

¢ The number of objectives: A problem is single-objective if M = 1 and multi-objective (or
multicriteria/multi-attribute) if M > 1. Multi-objective optimization is the predominant

type in real-world scenarios.

¢ Problem Classification by Function Linearity: The objective function may be linear or
nonlinear. A problem is linearly constrained if its constraints ® and ¥ are linear. When
every function (objective and constraints) defined on the design vector is nonlinear, it’s

classified as a nonlinear optimization problem.

¢ Objective Function Landscape: The shape (landscape) of a single nonlinear objective
function can vary greatly. If it possesses a single valley or peak (a unique global optimum),
the problem is unimodal. Here, the single local optimum is the global optimum. However,

most functions are multimodal (having multiple optima), making them harder to optimize.

¢ Presence of constraints: Optimization problems are classified as constrained or uncon-
strained based on the existence of constraints. An unconstrained problem has no constraints
whatsoever, meaning J =0 and K =0 (i.e., zero inequality and equality constraints). A

problem is constrained when J+ K > 0 (at least one constraint exists).

¢ Design Variable Domains: discrete optimization occurs when all variables take discrete

values (or are reducible to discrete values), while continuous optimization involves variables

13
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that are continuous, taking real values within intervals. Discrete optimization is further
divided into two categories: integer programming, where variables are restricted to integer
values, and combinatorial optimization, which entails searching for an optimal object within

a finite collection of objects possessing a concise representation, such as a graph.

* Data uncertainty: The preceding discussions assume deterministic optimization prob-
lems, where design variables, objective functions, and constraints possess exact values
without uncertainty or noise. In such cases, evaluating any set of design variables yields
precise, repeatable results for objectives and constraints. Conversely, if uncertainty or noise
affects design variables, objectives, and/or constraints, the problem transitions to stochastic
optimization or robust optimizationframeworks specifically designed to handle probabilistic

or uncertain elements.

Optimization

\ Objective W Landscape Variable ‘ Determinacy Function form " Constraints ‘

o Discrete

* Single objective e Uni-model e Deterministic e Linear ¢ Constrained

o Multi-objective o Multi-model siCoutinues o Stochastic o Non-Linear ¢ Unconstrained

o Mixed

Figure 2.8: Classification of optimization problem.

2.5 Computational complexity

Complexity theory mathematically evaluates optimization problem difficulty, asking why some
problems are computationally hard and others easy. As a branch of computation theory, it focuses
on minimal resource requirementsmeasured through time complexity (counting computational
steps needed; higher steps imply greater difficulty) and space complexity (measuring memory
resources required)[142][146].

Complexity theory primarily aims to address these key objectives [7]:
¢ Establish formal definitions for what constitutes "efficient" problem-solving.

¢ Classify computational problems as either efficiently solvable or intractable.
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* Quantify the resources (time or memory) required to solve problems.

Algorithmic efficiency fundamentally concerns an algorithm’s consumption of computational
resources, most commonly measured by its running time. This runtime inherently depends on
both the size and characteristics of the input. However, certain techniquessuch as randomized
algorithmsexhibit variable performance even for identical inputs or across inputs of identical
size. Unlike deterministic methods, randomized algorithms incorporate deliberate randomness
during execution, meaning their behavior (and thus efficiency) can vary across repeated runs
with the same input.

The next section reviews essential complexity theory concepts used throughout this thesis to

analyze problem-solving methods.

2.5.1 Definitions and basic concepts

Definition 1 (Algorithm). /85] An algorithm is a precise sequence of instructions that solves a
problem. Given any valid input, it produces the required output within a finite time by executing a

unique, finite series of basic operations.

Definition 2 (Big-O Notation). [39] For functions f,g : D — R* where n is the independent

variable, f is O(g) if there exist positive constants ¢ and ng such that:
0<f(n)<c-gn) VYn=ny.
This indicates f(n) is asymptotically upper-bounded by a constant multiple of g(n).

Geometric Interpretation: For n = ng, f(n) lies on or below ¢ - g(n) (illustrated in Figure
2.9). Big-O notation concisely expresses algorithmic running times by capturing worst-case
complexitythe maximum execution time for any input of size n. This simplification is essential
since exact running times often involve complex expressions and are typically estimates.

Example: Consider f(n) = 2n? + 5n + 3. We demonstrate f(n) = G(n?): For all n > 1,

F(n)=2n+5n+3<2n%+5n%+3n%=10n%
Choosing ¢ =10 and n¢ = 1 satisfies f(n)<c- n? for n = ny.

Definition 3 (Time Complexity of an Algorithm). Consider an algorithm A that processes inputs
from a set X, and let f : N — R* be a function. We say A runs in O(f) time (or has O(f) time
complexity) if there exist positive constants ¢ and ng such that for every input x € X of size n = ny,

the worst-case running time of A is bounded by c - f(n) elementary operations.

Definition 4 (Polynomial Time). An algorithm runs in polynomial time if its time complexity is

G(n*) for some fixed k € Z*, where n denotes input size. This class includes:

 Functions like G(nlogn) (since nlogn € 6(n?))
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Computations

no Input size (n)

Figure 2.9: Visual illustration of Big-O notation

o Faster cases: linear (0(n)), logarithmic (€(logn)), and constant time (O(1))
A computational problem is:

¢ efficiently solvable (or tractable) if solvable in polynomial time

* intractable otherwise

Definition 5 (Exponential Time). An algorithm runs in exponential time if its time complexity is
O(k™) for some fixed k € Z", where n denotes input size. This complexity class exhibits exponential

growth: when n increases linearly, the running time grows exponentially.

Definition 6 (Problem Instance). /39] For a problem P, an instance I is a specific input

configuration that:
1. Satisfies all constraints specified in P’s definition
2. Contains concrete values assigned to all parameters of P
3. Provides sufficient information to compute a solution to P

Definition 7 (Performance Guarantee). [85] For an optimization problem P with non-negative
weights and k = 1, a k-factor approximation algorithm is a polynomial-time algorithm A

satisfying:
1
1. Maximization: Z -OPT()< A(I)<OPT)

2. Minimization: OPT(I)<A()<k-OPT{)
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for all instances I of P. The value k is called the performance ratio (or performance guaran-

tee). Special cases:
e When OPT(I)=0, A must return an exact solution

* 1-factor approximations are exact polynomial-time algorithms

2.5.2 Complexity classes

Computational Complexity Theory classifies problems by their inherent difficulty. As defined
previously, a problem’s computational complexity quantifies the minimal resources (typically time
or space) required for its solution, determined by the most efficient known algorithm. Complexity
classes group problems solvable under similar resource constraints [7, 78].

As illustrated in Figure 2.10, four fundamental complexity classes are:

NP-Complete

Figure 2.10: the relationship among the complexity classes of problems(NP # P)

¢ P: Problems solvable in polynomial time
¢ NP: Problems verifiable in polynomial time
¢ NP-hard: Problems at least as hard as all NP problems

* NP-complete: NP-hard problems contained in NP

Recall that a decision problem has exactly two possible outputs: yes or no. For example,
determining whether a graph contains a Hamilton cyclea simple cycle visiting each vertex

exactly once.
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2.5.2.1 Class P

The complexity class P comprises all decision problems solvable in polynomial time. Formally, a
decision problem belongs to P if there exists an algorithm that solves any instance of the problem
in O(n*) time for some constant % € N, where n denotes the input size.

2.5.2.2 Class NP

The class NP (non-deterministic polynomial time) consists of decision problems where a proposed
"yes" answer can be checked for correctness in polynomial time. While a solution can be verified
quickly, finding one might be difficult. The class P, containing problems that can be both solved
and verified quickly, is a subset of NP. A major unsolved problem in computer science is whether

P equals NP; however, the prevailing belief is that they are not equal.

2.5.2.3 Class NP-complete

Assuming P # NP, the NP-complete class comprises the hardest problems in NP \ P. Formally, a
problem is NP-complete if:

1. It belongs to NP
2. Every problem in NP is polynomial-time reducible to it (NP-hard)

This class has a fundamental property: if any NP-complete problem admits a polynomial-time
solution, then P = NP. Despite extensive research, no polynomial-time algorithm has been

discovered for any NP-complete problem [39].

2.5.2.4 Class NP-hard

The class NP-hard contains problems satisfying:
1. Not necessarily in NP
2. All NP problems are polynomial-time reducible to them

These problems are at least as hard as any in NP. This class generalizes NP-complete problems,
including optimization/search variants. Crucially, NP-hardness does not imply all instances are

equally difficult. Practical approaches include [70]:

1. Special-case optimization: Identify application-relevant subclasses solvable in polyno-

mial time

2. Approximation algorithms: For cases without exact polynomial solutions, use algorithms
with:
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¢ Polynomial runtime

* Provable performance guarantees (approximation ratios)

3. Stochastic methods: When approximation is infeasible, employ randomized algorithms

These approaches constitute the primary methodologies for tackling NP-hard problems, de-

tailed in subsequent sections.

2.6 Local Versus Global Optima

Optimization solutions are characterized by solution quality, primarily classified as local optima
or global optima. Assuming minimization without loss of generality, consider optimizing an

objective function f(x) over feasible solutions x € % < S.
Global Minimum: A solution x* € & is a global minimum if:
fx")<f(x) VxeF

This represents the absolute best solution in the feasible set. Note that multiple global

minima may exist.

Local Minimum: A solution x]*v € & is a local minimum if 3¢ > 0 such that:
fy)<fx) VxeZFnHlxy)

where %(x}(,) ={xeS:|x- x;, | <€} is an e-neighborhood. This indicates optimality within

a local region.

Global minima represent the overall best solutions, while local minima are optimal only within
their immediate neighborhoods.
The intersection & N4 represents the feasible solutions within the e-neighborhood of x,.

Visual examples of local and global optima are provided in Figure 2.11 [12].

2.7 Optimization methods

This thesis focuses on combinatorial optimization problems (COPs), a highly active research area.
While conceptually simple to model, COPs are notoriously difficult to solve because the number of
feasible solutions grows exponentially with problem size. Consider the classic Knapsack Problem:
selecting items (each a binary choice) for a knapsack of limited capacity. A problem with N
items has 2V possible solutions. Exhaustive search, evaluating every solution to find the best,

is feasible for small N (e.g., N = 10 has 1,024 solutions). However, for larger instances (e.g.,
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Figure 2.11: Local Versus Global Optima

N =100, yielding approximately 1.26e30 solutions), exhaustive search becomes computationally
prohibitive, limiting its practicality to small problems.

Solving combinatorial optimization problems typically involves two distinct strategies [50]:
¢ Exact Algorithms: Guarantee finding the optimal solution.

¢ Approximate Algorithms: Used for larger or more complex instances where exact

methods are impractical; these find near-optimal solutions.

Approximate algorithms are subdivided into heuristic and metaheuristic methods. Notably,
when an approximate algorithm has a provable performance guarantee (i.e., its solutions are
never worse than the optimum by more than a fixed amount or factor), it is classified as an

approximation algorithm[46].

2.7.1 Exact Algorithms

Exact methods (also called complete algorithms) guarantee finding an optimal solution and verify-
ing its optimality for any finite-sized combinatorial optimization problem instance within bounded
time. However, most typical combinatorial problems are difficult (often lacking polynomial-time
algorithms), and the computation time for exact methods typically grows exponentially with
problem size. This renders them impractical for large-scale real-world instances, limiting their
suitability to smaller problems. Well-known exact methods include the Branch-and-X fam-
ily (Branch and Bound, Branch and Cut, Branch and Price), Dynamic Programming, Linear

Programming, and specialized algorithms developed for specific problems.

20



CHAPTER 2. BACKGROUND

2.7.2 Approximate Algorithms

Approximate algorithms aim to deliver solutions close to the optimal for computationally chal-
lenging problems, particularly when exact methods are prohibitively slow or impractical. These
algorithms are extensively applied in areas such as combinatorial optimization, scientific com-
puting, and machine learning, where calculating the precise solution becomes impossible for
large-scale problem instances[155].

For an optimization problem, an approximate algorithm guarantees that its solution’s quality
is always within a defined factor (known as the approximation ratio) of the true optimum value.

Specifically:

¢ For maximization problems, the solution value is at least a times the optimal value (where

a<1).

¢ For minimization problems, the solution value is at most § times the optimal value (where

g =1).

As categorized by Talbi[50], approximate algorithms fall into two main groups: specific

heuristics and metaheuristics.

2.7.2.1 Heuristics

Originating from the ancient Greek verb heuriskein (meaning "to find"), a heuristic is a problem-
solving approach designed to deliver good, near-optimal solutions efficiently. It operates within
reasonable computational limits but cannot guarantee that solutions will be feasible or optimal.
Often, it cannot even determine how close a feasible solution is to the true optimum. Yang
[173] further defines a heuristic as a trial-and-error strategy that yields acceptable solutions for
complex problems within practical timeframes. Given the problem’s complexity, which makes
exhaustive search impossible, heuristics aim to find high-quality, feasible solutions quickly. While
there’s no assurance of finding the best solution or even fully understanding why a specific
heuristic works, these methods are typically tailored to specific problems. Consequently, a
heuristic effective for one problem may not necessarily solve another. The core objective is an
efficient, practical algorithm that consistently produces good solutions. Among these, some may
be nearly optimal, although optimality itself is never guaranteed.

Why use heuristics?

The primary motivation is the difficulty or impossibility of finding optimal solutions for many

common models. However, several other compelling reasons exist [155]:
¢ Easier Implementation: Simpler to put into practice.
¢ Performance Improvement: Can demonstrably outperform existing methods.

¢ Speed: Delivers results rapidly.
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* Robustness: Tends to perform reliably under varying conditions.

¢ Integration: Useful components within larger optimization procedures.

Classification of heuristic:

Heuristic methods can be categorized in several ways. Below are some common types with brief
definitions [155]:

¢ Random Solution Generation: A simple approach where feasible solutions are generated

randomly, evaluated, and the best-performing one is selected.

¢ Problem Decomposition/Partitioning: This method breaks down a complex problem into
smaller, more manageable subproblems presumed easier to solve. Partitioning can occur
based on decision hierarchies (e.g., design vs. operation), key resources (e.g., different

machines in production scheduling), or the chronological sequence of decisions.

¢ Inductive Methods: These involve generalizing solutions from either smaller/simpler ver-
sions of the same problem or mathematically analogous problems. The latter utilizes

analogy, a key element in creative problem-solving.

¢ Solution Space Reduction Methods: The core idea is to drastically limit the number of
solutions considered, aiming to preserve solution quality. One strategy is to quickly

eliminate solutions (i.e., variable value combinations) that violate the problem’s constraints.

¢ Approximation Methods: These methods specifically manipulate the mathematical model
itself or use solutions from related, simpler models. (Note: The original text mentions four

categories here but doesn’t elaborate).

¢ Constructive Methods: As the name suggests, these build a solution incrementally using
the problem’s data. Typically, no complete solution exists until the procedure finishes
(unlike improvement methods). A specific type is the greedy method, where at each step,
the next solution element is chosen to maximize immediate benefit (e.g., highest profit or
lowest cost). This myopic, step-by-step approach resembles sequential decision-making in

decomposition methods.

¢ Local Improvement (Neighborhood Search) Methods: This concept starts with a feasible
solution (often from a constructive method). It then evaluates neighboring solutions around
the current solution. If a better solution is found in this neighborhood, it replaces the

current solution, and the search continues from this new point.
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2.7.2.2 Metaheuristics

Metaheuristics are high-level problem-solving frameworks designed for diverse optimization
challenges. Coined by Glover [61] from the Greek meta ("beyond") and heuristic, they orchestrate

lower-level heuristics to enhance performance. Key definitions characterize them as[17]:

¢ Jterative processes that intelligently guide subordinate heuristics by balancing search
space exploration and exploitation, using learning strategies to efficiently find near-optimal

solutions.

¢ Strategic controllers that help underlying heuristics escape local optima either by per-
mitting temporary worsening moves or generating intelligent restart points thereby
overcoming limitations of basic iterative methods. They introduce biases (e.g., descent,
memory, or experience-based) to accelerate discovery of high-quality solutions. Crucially,
while they incorporate probabilistic decisions, their use of randomness is purposefully

directed not blind, as in random search.

Most leading metaheuristic algorithms were developed before 2000, termed "classical” [45].
Key examples include Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Ant Colony
Optimization, Genetic Programming (GP), Differential Evolution (DE), Simulated Annealing
(SA), Tabu Search (TS), GRASP, Artificial Immune Algorithm (AIA), Iterated Local Search (ILS),
Chaos Optimization (COM), Scatter Search (SS), Shuffled Frog-Leaping (SFLA), and Variable
Neighborhood Search (VNS).

Despite their success, the last two decades have seen a surge of novel evolutionary approaches.
These new metaheuristicsinspired by natural processesoften outperform classical methods on
unsolved benchmarks(ref). Notable examples include Artificial Bee Colony (ABC), Bacterial
Foraging (BFO), Bat Algorithm (BA), Biogeography-Based Optimization (BBO), Cuckoo Search
(CS), Firefly Algorithm (FA), Gravitational Search (GSA), Grey Wolf Optimizer (GWO), Harmony
Search (HS), Social Spider Optimization (SSO), and Whale Optimization Algorithm (WOA).

2.7.2.3 Classification of metaheuristics

Metaheuristics are categorized in academic literature according to various criteria. The most
frequent methodclassifying by source of inspiration, such as natural or physical processesoffers
limited insight into the mathematical principles governing the algorithms. A more informa-
tive approach categorizes them based on the number of search agents, distinguishing between
trajectory-based and population-based methods, which indicates how many candidate solutions
are updated each iteration. Alternatively, Molina et al. [111] suggest grouping algorithms by
their behavioral mechanisms, such as (a) Differential Vector Movement or (b) Solution Creation,
which provides a clearer view of their internal functioning. Another taxonomy is proposed in

[131]. Given that algorithmic parameters greatly influence performance and manual tuning
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remains challenging due to a lack of universal rules, this latter study offers a novel classification
system based on the number of parameters required [131].
In [17], Blum provides a concise overview of the primary classification schemes for metaheuris-

tics:

¢ Metaheuristics are often divided into nature-inspired (e.g., Genetic Algorithms, Ant Colony
Optimization) and non-nature-inspired (e.g., Tabu Search, Iterated Local Search) categories.
However, this classification offers limited practical utility for two primary reasons. First,
contemporary hybrid algorithms frequently blend elements from both categories, defying
clear classification. Second, the distinction itself can be ambiguous; for instance, one could
argue that the memory function in Tabu Search is metaphorically inspired by human
cognition, a natural process. These ambiguities ultimately diminish the framework’s

usefulness.

* Population-based (multiple solutions) vs. single-point search (one solution): Single-point
algorithms, termed trajectory methods (e.g., Tabu Search, Iterated Local Search, Variable
Neighborhood Search), trace a path through the search space. Conversely, population-based

metaheuristics model the collective evolution of a solution set within the search space.

* Static vs dynamic: Static methods use the original function unchanged, while dynamic
methods (like Guided Local Search) actively modify it during the search. This strategy
aims to escape local minima by altering the search landscape, incorporating information

gathered throughout the process.

* Single-neighborhood vs. Multi-neighborhood: Most algorithms operate using a single, fixed
neighborhood structure, resulting in an unchanging fitness landscape topology. Others, like
Variable Neighborhood Search (VNS), utilize multiple predefined neighborhood structures.
This allows them to actively switch between different landscape topologies during the

search, enhancing diversification.

¢ Metaheuristics can be classified by their use of memory (search history). Memory usage is
now considered a fundamental feature of effective metaheuristics. Memory-less algorithms
operate as a Markov process, where only the current search state determines the next move.

Memory-based algorithms, conversely, utilize stored information, typically categorized as:

1. Short-term memory: Tracks recent actions (e.g., moves, visited solutions).

2. Long-term memory: Stores aggregated statistics or synthesized search data.

2.8 Conclusion

This chapter offers a comprehensive survey of various network models, encompassing simple,

weighted, directed, signed, multiplex, and dynamic networks. Subsequently, it delivers a thorough
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examination of optimization problems, beginning with fundamental definitions of combinatorial
optimization and a classification based on key attributes. The chapter concludes with a review of
heuristics and meta-heuristics, including their taxonomy, with specific focus on the techniques

relevant to our research.
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CHAPTER

EVOLUTION OF OPTIMIZATION-BASED COMMUNITY DETECTION

"Social network analysis focuses on
relationships among social entities
and the patterns and implications

of these relationships”.Wasserman

3.1 Introduction

Community detection in complex networks is a critically important yet NP-hard problem, with
significant applications in social, biological, and network design fields. This chapter first defines
the problem across various network models (simple, multiplex, dynamic) and reviews key heuristic
and metaheuristic detection algorithms. We then propose a new taxonomy focused on hybrid and
incremental strategies to guide future research. Most importantly, we introduce a systematic
framework that integrates these algorithms with network embedding techniques, outlining

promising new research directions to develop more powerful solutions.

3.2 Problem formulation

3.2.1 Problem Statement: Community Discovery Problem

The community discovery task is formally defined as:
The community detection objective partitions vertex set V into £ non-overlapping communities

in graph G, yielding C ={C{,Cy,...,C}} where:
o Ule C; =V (vertex coverage)
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e C;nCj=¢ Vi#j(pairwise disjointness)
Formally defining edge relationships:

¢ Intra-community edges for C;: é?él” ={(u,v)e E |u,v € C;}, can be formally define as follow:

Yiec, Xjec, Aij

9 3.1

in _
&l =

¢ Inter-community edges for C;: g’gi“t ={(u,v) e E|ueC;,v¢C;}, can be formally define as

follow:

o= ) Aij (3.2)
' i€Cy, jgCp

The total degree ¢, of community C; is given by:

Do, =Y. Y Ajj (3.3)

ieCj=1
3.2.2 Problem Statement: Overlapping Community Discovery

The community detection objective partitions vertex set V into k2 overlapping communities in
graph G, yielding C = {C1,C9,...,C}} where:

. Ule C; =V (vertex coverage)

* The nodes of V may belong to multiple communities, C; nC; # @[89].

3.2.3 Problem Statement: Multiplex Community Discovery

Loe and Jensen [101] expanded on Fortunato’s [54] definition of community structure to include
multiplex networks. Nonetheless, multiplex community detection needs a broadly accepted
formal definition, as its application frequently varies according to the specific issue field. Their
framework categorizes community identification methodologies under three paradigms: local,

global, and node similarity-driven criteria.

¢ Local definitions emphasize the transmission of information among nodes, suggesting
redundancy as a metric for evaluating community similarity throughout the network’s

layers.

¢ Global criteria evaluate emergent community structures via network-scale measures in-

cluding modularity.

¢ Definitions based on node similarity highlight the resemblance of nodes within communities

across layers, utilizing criterion like the cross-layer edge clustering coefficient.
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Definition 1: Consider Gy = {G;;l € 1,...,d}. There exists a & subset partitions C; < Vs of
node-layer pairs of a multiplex network such that C;uU...uCy = Vy. Let Cé = Cp N Vs denote
the set of node-layer pair of Cj, present in layer /=1, ...... ,Lq [18].

3.2.4 Problem Statement: Dynamic Community Discovery

As mentioned above there are different types of networks model. Thus, we formally define the

dynamic community detection problem following these models:

Definition 1(Community Stream): C={C1,...,C;}, where C; comprises all communities

detected in network snapshot G;.

Definition 2: Let C; represent the set of community structures detected of network G; at
timestep ¢. That is C; = {C},C?,...,..Cf} where :

* K corresponds to the cardinality of the community set within G;.
o Ci corresponds to community i within snapshot G;.
o Cf; N Ci is not necessarily empty.
Definition 3: Akin to the temporal network model. Consider the graph G; = (T,V,W,E), the

detected community Cf ., of Gt is defined as follow C f is a subset of W. E(C) is defined as the set
of links between nodes involved in E where E(C) = {(¢,uv)e E,(t,u) e C,(t,v) e C}.

Definition 4: For tracking community evolution and topological transformations over time,
events must be defined to characterize the dynamic behavior of social networks. Several event

types are introduced here 3.2.4.1.

3.24.1 Community dynamic life cycle

Local and atomic transformations involved in dynamic networks, such as node creation and
deletion or edge rewiring, can result in a set of events characterized by these changes. Several
works in the literature attempt to define such events[124] [29]. Palla et al [124]. first introduced
seven core events: Birth, Death, Growth, Contraction, Merge, Split, and Continue. Later, a study
in [34] Cazebet et al expanded this framework by adding an event termed Resurgence.

These events, exhibited in Fig3.1, are following bellow:
¢ Growth: The process whereby communities increase in scale through node addition.
¢ Contraction: Community size reduction resulting from node removal.

¢ Merging: The combination of two or more communities into a single entity.
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¢ Split: Partitioning of a community into multiple discrete subgroups.

¢ Birth: The emergence of a new community at a specific time, comprising any number of

nodes.

¢ Death: The dissolution of a community at a specific time, marked by the loss of all its

constituent nodes

¢ Resurgence: The temporary dissolution of a community followed by its seamless reforma-
tion after a time-delayed period, retaining the same set of nodes. This event represents
a combined death-birth sequence, where the community appears to disband but later

reconstitutes identically (e.g., seasonal behaviors or periodic activity).

3.2.5 The instability of detected community partitions in dynamic networks

and the temporal smoothness:

A critical limitation in dynamic community detection is partition instability: no unique com-
munity decomposition exists, and algorithms may yield divergent partitions for near-identical
network states. This occurs both when networks undergo minor topological changes andin
stochastic algorithmseven without structural variations. Consequently, partition selection be-
comes fundamentally arbitrary. Modularity-optimization approaches exemplify this issue, where
multiple high-scoring partitions may exist for a single snapshot [138].

These challenges underscore the fundamental problem of identifying stable network decom-
positions in dynamic community detection. A central difficulty lies in disambiguating true
evolutionary changes (communities evolving from ¢ to ¢ + 1) from algorithmic instability arti-
facts. To mitigate such instabilitymanifested as clustering driftsresearchers [33] have developed
smoothness-based techniques that enforce evolutionary continuity. These methods are taxonomi-

cally divided into global and local smoothness approaches.

1. The global smoothness technique: For each time step communities are defined by
smoothing all the snapshots of networks. One such strategy involves optimizing a global
metric across all snapshots simultaneously. Another approach is to construct a unified
network by aggregating snapshotsfor example, by adding inter-snapshot links between
corresponding nodesand then applying a community detection algorithm to this integrated
structure. One of the advantages of global smoothness is its strong computational perfor-

mance; however, this approach is constrained by its time complexity.

2. The local smoothness techniques: Operating via second-order smoothness, these meth-
ods measure clustering drift between adjacent snapshots alone, optimizing the performance-

complexity tradeoff.
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t _ tiv

Gowth constraction

t _ ti+
Merging Splitting

t J— i+ t _ i+
Birth Death

Resurgence

Figure 3.1: Fundamental Community Dynamics: This illustrative model captures eight core
events governing community evolution in dynamic networks: (1) Birth and Death (emergence/dis-
solution of communities); (2) Growth and Contraction (expansion/shrinkage of membership);
(3) Merge and Split (fusion/fragmentation of communities); (4) Continue (structural persistence
across time); and (5) Resurgence (reemergence of historically dissolved communities)[34].
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a) Implicit Smoothing: Certain approaches inherently promote partition similarity across
consecutive timesteps without explicit constraints. While not directly incorporating
inter-snapshot similarity metrics, their design intrinsically favors temporal continuity.

Two distinct categories emerge:

i. Methods maximizing global metrics (e.g., modularity) initialize the current itera-
tion’s community detection using prior-iteration communities as seed configura-
tions, accelerating convergence while preserving evolutionary continuity.

ii. Methods iteratively adapt community structures per timestep through prede-
fined local rules triggered by neighborhood-level topological changes (e.g., edge

additions/removals).

b) Explicit Smoothing: Methods in this category impose direct similarity constraints
between consecutive partitions. Specifically, the solution P; must satisfy Sim(P;,P;_q)
= 0 where 0 is a similarity threshold. These approaches incorporate a trade-off
parameter a € [0,1] that explicitly balances current-snapshot optimality against

temporal consistency with P; .

The decision to adopt a specific smoothing strategy critically influences both computational
constraints and result quality. To address this, we designed a novel taxonomy for community
detection optimization that leverages the role of smoothing to distinguish between different

classes of dynamic community detection approaches in the next section.

3.2.6 Community detection as optimization problem:

The identification of community structures is fundamentally an optimization problem, address-
able through two paradigms: single-objective or multi-objective formulation[52][129]. Let €* = {
C1,...,C,} denote the set of feasible identified communities within a network.

Under single-objective optimization, community detection is modeled as the optimization

problem (€¢*,%), seeking an optimal partition €* where:

F(C*)=minZF(C) subject,toCe€” (3.4)

Where F : €* — R denotes the single-objective function evaluating partition feasibility and
community quality. For multi-criterion optimization, this extends to a multiobjective clustering
formulation. (€*,%1,%s,..., %)

F(C*)=minZ;(C) subject,toCeE". (3.5)

where & = {#1,...,%,} denotes a collection of competing single-criterion functions %; : €* — %
that require simultaneous optimization. The objective is to identify an efficient solution, as no

dominant solution exists that optimally satisfies each criterion. The theory of Pareto optimality
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[49] holds the identification of these solutions. For solutions C1,C2 € ¢*, C1 dominates C2
(denoted C1 < C2) if and only if:

Vi: % (C1) = Fi(Co)Ais.tFi(C1) < Fi(Co) (3.6)

Multi-objective optimization seeks to generate and select non-dominated solutions, termed
Pareto-optimal, where enhancement of one objective necessitates a compromise in another. The

collection of Pareto-optimal solutions 7 is defined as:

n={Ce€*:HCye€* withCy<C} 3.7

3.3 Evaluation Metrics:

Two distinct mechanisms have been proposed to assess the quality of detected communities. The
first involves applying quality scoring functions to evaluate the connectivity of communities. This
mechanism is categorized into two approaches: one that relies on the existence of ground-truth
data and another that operates independently of ground truth, using intrinsic structural metrics
like modularity or cohesion.

The second mechanism focuses on analyzing the topological properties of identified communi-
ties (e.g., size, density, or hierarchy) and assessing the scalability and computational complexity
of the detection method itself. Together, these frameworksexternal/internal quality scoring
and topological/complexity analysisenable a comprehensive evaluation of the performance of

community detection algorithms[138].

3.3.1 External approaches based on the ground truth

Ground-truth communities are predefined node groupings in a network, established using two
primary criteria: Structural (based on measurable properties like internal density or modularity)
and Semantic (based on external node attributes like shared labels or functions). The performance
of community detection algorithms is typically assessed by measuring how closely their output
matches this known ground-truth structure. One of the most common used similarity measures

is normalized mutual information NMI[42].

Mc M M,
—2% 0% My IOg(AZ,-_MJ_J-)

Z%CIMi,log(%) +Z?/I:CI’ M.leg(%)

NMI(C,C") = (3.8)

The (NMI) metric quantifies partition similarity on a [0,1] scale, where values ap-
proaching 1 indicate near-perfect alignment between detected communities and ground-
truth structures. This measure is essential for evaluating an algorithm’s accuracy in
recovering known network communities. Let C’ represent the actual community struc-
ture and C denote the identified divisions. Let M = [M; j]CXC/ be the confusion matrix
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where: Rows correspond to ground-truth communities (i = 1,...,C) ; columns represent
detected communities (j = 1,...,C"); element M;; counts nodes from true community i
assigned to detected community j; C and C’ denote the cardinality of ground-truth and
detected partitions respectively. To address selection bias, when the division solution
contains numerous small partitions or insufficient nodes relative to the ground-truth

solution, Romano et al. [136] proposed the weighted normalized mutual information
NMI,,.

—Ic’—c\

NMI,(C,C"Y=e" ¢ xNMI(C,C") (3.9)

For overlapping structures, Lancichinetti et al. [89] developed NMl,,.,, extending

NMTI’s similarity assessment capabilities.

. HE+HP)-HP,P)
NMloper (P, ) = HE) + HE)2 (3.10)

where H(P) is the entropy of the random variable associated with the detected community

partition, H(P') is the entropy of the random variable corresponding to the ground truth
partition, and H(P,P’) denotes their joint entropy.

Community stability was evaluated via NMI-based temporal coherence analysis across
network snapshots[33].

1 t—1
NMIm:I—ﬁZNMI(Gt,GHl) (8.11)
- t

A key limitation of Normalized Mutual Information (NMI) is its quadratic complexity
0(z2) for large communities, prompting development of scalable alternatives. In this
regard, Rossetti et al [140] introduced the F1-community score, a metric that aims to

reduce computational burden while retaining evaluations rigor.

Precision * Reacll

F1=2 (3.12)

X
Precision +Reacll
An evaluation score is generated through macro-averaged F1-measurement: first

computing precision and recall per community, then taking the harmonic mean for each,
and finally averaging across the community set.
Community Precision: the proportion of vertices in algorithm community x that are

classified with ground truth community y, calculated as:

| XNY |
| X |
Community Recall: the proportion of vertices within algorithm community x that are

Precsion = (3.13)

classified as belonging to ground truth community y, calculated as:
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| XNnY |
Y |

This evaluation approach faces substantive criticisms [127]. The planted partition

Recall = (3.14)

model cannot guarantee optimality across all quality functions optimized by detection
algorithms, given community discovery’s ill-posed nature. Despite these limitations, it

remains the predominant benchmarking method for algorithmic comparison.

3.3.2 External approaches based on the quality function:

This approach is recommended when ground-truth communities are unavailable. By
employing a community quality score to identify partitionsprioritizing those with the

highest scoresthe most effective results can be achieved for the analyzed networks.

3.3.2.1 Score function based on a network model

Modularity [116] remains a cornerstone metric for evaluating community structure in
complex networks. It operates by comparing a network’s actual structure to a degree-
preserving random null model.

The foundation of this model is the expected number of edges between nodes i and j,

‘gij for a network with m edges. This formulation derives from the configuration

given by

model:
* The probability that any edge stub from node i connects to node j is ;—,{1.

e With d; stubs, the total expected connections from i to j is %.

The term A;; - O;iij thus quantifies the deviation of the observed connectivity (the
adjacency matrix element A;;) from this random baseline.

Formally, modularity for a partition C is defined as:
1 did;
C)=— A;i—A——=|6(C;,C; 3.15
Q)= 5 YT (425 e c 3.15)

Here, C is the set of all communities. The Kronecker delta function 6(C;,C;) [133] equals
1 if vertices i and j belong to the same community (C; = C;) and 0 otherwise. The
resolution parameter A [134] is introduced to address modularity’s well-known resolution
limit, which hinders the detection of small communities in large-scale networks.

In essence, @ measures the difference between the actual density of edges within
communities and the expected density under the random null model. Higher values

indicate stronger, more distinct community structures, with the score normalized to a
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range between -1 and 1. It is important to note that modularity maximization is NP-hard
[27], even when restricted to specific graph cuts.

In addition, the literature offers alternative versions of @, along with further formula-
tions tailored to address the varying structures and properties of complex networks. For
example, Modularity @ ;[91] for directed networks, @, [5] for weighted networks, @s[63]
for signed networks, @ pry14ipiex[112] for multiplex networks, @ oyeriapping for overlapping
communities [149].

The directed modularity metric has the following formal definition:

in out

Qa(C)=— ZZ(

Modularity for weighted networks is formally defined as:

)5(Ci,cj) (3.16)

Qu(C) = —Zz(wu

Modularity for signed networks is formally defined as:

)6(CL,C ) (3.17)

tdt d>
- + + tJ -t J
Qs( )= 2d ZZ Aij_Aij_(A 2d+ -A 2d_) 6(CL7C_]) (3.18)

Modularity generalization for multiplex networks incorporates layer-specific representa-

tions: each layer [ is encoded by adjacency matrix Aij. The formulation includes:
e Al: Layer-specific resolution parameter.

. 5(cﬁ, ci.): Kronecker delta indicating intra-layer community co-membership (1 if

nodes i,j share community in layer /, else 0).
. W?l : Inter-layer coupling weight connecting node j’s replicas across layers k£ and /.

The coupling parameter W ! is typically binary-valued (0,w), with w >0 if 2 #1 and i =

(enforcing same-node 1nter layer connections only) [112].

1 gl
1 2 L a’. ) )
Qtutiipter @ =5 Z Z (A=A S8k +wj' 83 | 5(CGLRLCGLD)  (3.19)
: l:

An alternative modularity extension evaluates overlapping communities. Defining
nc; and n.; as the community membership counts for vertices i and j respectively, this

overlapping modularity formulation adheres to two fundamental properties:

* Reduction to Standard Modularity: @,, simplifies to the classical Newman-Girvan

modularity @ when each vertex belongs to exactly one community.
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* Null Case: @,, when all nodes belong to the same community (no meaningful
structure). For further details, see [119], which formalizes overlapping modularity

using membership counts also generalized for overlapping communities in directed

weighted graph.
1 1 d;d;
C —A;i - 3.20
QanC) = 2m cecljzevnc nc]( Yoo 2m ) ( )
To address the resolution limit of modularity, a variant termed density modularity
has been proposed[96].
iﬂ__ oyt
QDensity(C) = Z — (3.21)
c;eC | Ci |

Each summand corresponds to the ratio of the difference between the number of intra-
community edges and inter-community edges to the size of the community.

Several alternative modularity metrics have been proposed in the literature. These
metrics are adopted either as objective functions in heuristic methods or as multi-
objective criteria in metaheuristics [152]. They assessed the extent to which the con-
nectivity structure of a given set of nodes aligns with that of a community. Based on
their criteria, these structures can be categorized into three types: score function-based
internal connectivity, score function-based external connectivity, and a combined score
function that incorporates both internal and external connectivity[172]. Some well-

known examples include:

3.3.2.2 Score function-based internal connectivity

Internal density: Quantify intra-community density, where higher density implies

tighter, more coherent divisions. Where k is the number of communities [130].

k éam
O= L e e D2 ¢

Ratio association: Aims to optimize ratio association for partitioning graphs into
small, disjoint, densely connected clusters[4].
k éain

RAIC)=) —* (3.23)
i=1 lck |

To reformulate the maximization of ratio association as a minimization optimization

problem, Maoguo Gong et al. proposed the Negative Ratio Association (NRA) metric
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[64]. ,
3 in

NRA(C)=-) —* (3.24)
i=1 lcr |

Kernel k-mean: The minimization objective of kernel k-means[44][4] can be directly
applied to identify the optimal graph clustering by maximizing the ratio association
measure, a criterion that formally defines the quality of clustering in this context:

k in

KKM(C)=2(n—-k)- ) —= (3.25)
mlerl

Community score: The Score Function, a community quality measure that maxi-

mizes intra-community edges in C, was proposed and is defined as[128]:

Zie iZie Ai' '
e Ziec i) x Y Ajj (3.26)

Score(C) =
| C | i,jeC

As a resolution parameter, r (a positive real number) regulates community size. The
expression ﬁ Y iec A;jquantifies the average fraction of connections from node i to other
nodes in C, whereas } i,j € CA;; corresponds to twice the intra-community edges.

The community score of divisions of the network can be define as follow :

k
CS(C)= Z Score(C;) (3.27)
C=i

Intra-score: Measures how tightly connected nodes are within a community. Higher

values indicate stronger internal cohesion [152].

k in
IntraS(C)=Y —* (3.28)
—lerld

3.3.2.3 Score function-based external connectivity

Ratio cut: Minimizing the ratio cut (the inter-community edge count) often partitions

networks into large communities with sparse connections to the rest of the network.[171]

k (gaout

RC(C)=) —* (3.29)
i=1 lcp |

To prevent bias toward trivial communities (e.g., singletons), normalized ratio cut was
proposed[172][153].

k gout

NRC(C)=) == (3.30)
i=1ZCk
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External density: External density, represented as EXD(C), measures the commu-

nity C’s external connection density and is defined by:

k gout

— Ck
EXDO= L e T TerD @31

3.3.2.4 Combined score function that incorporates both internal and external

connectivity

Community fitness: A measure to identify communities involves maximizing a node-
based fitness function. This ratio metric divides intra-community edges by the total
edges (internal + external), with community size tuned by positive real-valued parameter
a.[89].

b in
CF(C)=) —4—— (3.32)
i;l (& + &)™
Conductance: This metric calculates the fraction of edges incident to the cluster that

are inter-community connections [172][153].

k éoout

Conduct o=y —* 3.33
onductance(C) £290k+$gft ( )

Inter-score: Measures how separated different communities are from one another.

Lower values indicate better separation[152].

2

k ng
InterS(C) = Z [l o | (3.34)
k

i=1

The central goal of most clustering methods, whether stated directly or not, is to find
clusters that are tightly knit internally (high IDC) but well-separated from each other
(low EXD(C)). One straightforward approach to achieve this is to maximize the total
sum of (ID(C) - EXD(C)) for all clusters in the partitioning[54].

k
Sdf(C)=)_ID(Cr)—EXD(C}) (3.35)
i=1

3.3.2.5 Score function based on similarity measure

This approach identifies communities with peak group similarity density in the net-

work[13], formally expressed as:

1 k
)| | SD¢; (3.36)
1+VE LGl ¢
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1+1\/F) is introduced to prevent nodes from diverging from a

The adjustment factor (1 +
community that exceeds its expected size. Here, SD¢; denotes the similarity density of
the i — th community, defined as: SD¢; = ¥, yec, S(v,u) where the sum represents the
total similarity measure between all pairs of nodes within the community. The similarity
measure S(v,u) of each pair(v,u) is computed using the following equations:

The Jaccard similarity coefficient: This metric quantifies vertex similarity by
dividing shared neighbors by the combined unique neighbors of v and v[125]. Its value
always lies in [0,1] and can be formalized as:

IN, NNy |
Jacard(v,u) = m (3.37)

The Simpson similarity index: Unlike the Jaccard similarity index, which normal-
izes by the union of neighbors, the Simpson index normalizes by the smaller of the two
node degrees. This measure is equivalent to the topological overlap coefficient, as noted
in[72]. Formally, for two nodes v and u, it is expressed as:

: | Ny NN, |
Simpson(v,u) = m (3.38)

The Geometric similarity index: This index quantifies node similarity by squaring

the count of shared neighbors and normalizing by the product of the nodes’ degrees [125].
| Ny NN, 7

Geomiteric(v,u) = du—xdv (3.39)

The cosine similarity index:This metric is defined as the ratio of shared neighbors
between two nodes to the geometric mean of their degrees.[67]. Formally, for nodes v and
u, the cosine similarity is expressed as:

N, NN,
Cosine(v,u) = [N v (3.40)

VINy | x| Ny |

The Sgrensen similarity index: This metric often used in ecological studies to

quantify species similarity [125]. It is a measure analogous to the Jaccard index but
adapted for social network analysis. The Sgrensen index normalizes by the sum of the
degrees of the two nodes. It is defined as:

IN, NN, | x2

Sorenson(v,u)= ———— (3.41)
|INy [+ Ny |
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3.3.3 Evaluation of community score function

In [172], Yang and Leskovec proposed an axiomatic framework to evaluate the strength
of community scoring functions. This framework leverages four goodness-of-community
metrics: The ratio-cut RC(C)(see eq 3.29) and , the density ID(C)(see eq3.22), the
Conductance(C) (see eq3.33), and the clustering coefficient CC. A community with
a high score in this framework is expected to exhibit strong performance in one or
more of these metrics. These metrics collectively illuminate distinct aspects of network
community structure, such as boundary clarity (separability), internal connectivity

(density and cohesiveness), and local subgroup organization (clustering coefficient).

* Separability: The principle that effective communities exhibit minimal connections

to external network nodes, quantified by the ratio cut metric RC(C).

* Density: Effective communities exhibit high internal connectivity, quantified by

metric ID(C) as dense edge concentration among constituent nodes.

* Cohesiveness: This principle characterizes community structural integrity through
uniform internal connectivity, where robust communities resist fragmentation. The
property is quantified by the conductance metric Conductance(C), which measures

resistance to subdivision.

® Clustering coefficient CC : This principle assumes that network communities
emerge from locally inhomogeneous edge distributions, as nodes sharing common
neighbors exhibit a higher likelihood of mutual connectionsa phenomenon often

linked to triadic closure in social networks using CC metric [170].

The clustering coefficient of node v is defined as follows:

| Ny |
CcC,=2x — vl 3.42
VT dy—1) (3.42)

3.3.4 Internal approaches based on quantitative evaluation:

Directly ranking different community detection approaches is challenging because they
often rely on divergent definitions of what constitutes a community and employ distinct
methodological frameworks. To overcome this limitation, many studies advocate for
quantitative evaluation. After characterizing the communities identified by each method,
these works prioritize metrics such as algorithmic complexity [140], execution time [139],
scalability [563], and specific analytical capabilities (e.g., identifying life-cycle events
[107]).
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Furthermore, internal evaluation techniques are frequently employed to complement
external validation, as demonstrated in [139, 160]. This reliance on multiple evaluation
strategies arises primarily from the intrinsically ill-posed nature of the community

detection problem itself.

3.4 Benchmarking and datasets:

A rigorous evaluation of algorithmic effectiveness necessitates comparison on both
real-world datasets with established community structures and standardized synthetic
benchmarks. To this end, two benchmark categories are employed: open and closed [79].
Open benchmarks rely on networks possessing verified ground-truth communities, while
closed benchmarks utilize those without. This dual approach furnishes a consistent
framework for evaluating the performance and accuracy of algorithms across varied

network typologies, including static, dynamic, and multiplex.

3.4.1 Real-world dataset:

Table 3.1 summarizes key characteristics (model type, benchmark category, and node

overlap) of the analyzed real networks and classifies them into three size-based classes:
¢ BSRP: Benchmark sets of small-scale real-world problems.
* BMRP: Benchmark sets of moderate-scale real-world problems .

¢ BLRP: Benchmark sets of large-scale real-world problems.

3.4.1.1 Statics networks:

Several notable social networks with established ground-truth partitions are frequently
studied in the literature. These include Zachary’s karate club network[178], the Bot-
tlenose Dolphins network [103], Division I-A college football games network [59],Political
Books Network[115], among others. A separate collection of real-world networks lack-
ing publicly available ground-truth partitions also exists. Examples include the Train
Bombing network, Slovene Parliamentary Party (SPP) network [52], the Windsurfers
network, the Taro Exchange network [88], jazz musician collaborations [60], Netscience
co-authorship [115], PGP network [19], DBLP co-authorship, and Amazon product net-
works [92].
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3.4.1.2 Dynamics networks:

Below, we describe six authentic dynamic networks:
1. Mobile telephone communications (Cellphone);
2. Enron electronic correspondence;
3. DBLP collaboration network
4. Facebook network
5. Flickr network
6. Youtube network

Cellphone network:This dynamic network, sourced from VAST 2008 Mini Challenge
3, models call interactions among members of the fictional Paraiso movement (June 2006,
10-day period). Nodes represent participants; edges encode bidirectional calls [71].

Flickr network::This dataset (snapshot: January 9, 2007) models a social network
with 1.8+ million nodes (users) and 22 million timestamped edges (links), where times-
tamps indicate exact connection creation times. [109].

Enron electronic correspondence network: This dataset comprises emails from
the U.S. corporation Enron spanning 19992002 [81].

DBLP collaboration network: We construct a dynamic co-authorship network
using DBLP data from 20122016, where: Each year represents a discrete time step;
Nodes denote authors ; Edges signify collaborations in co-authored publications [8].

Facebook network: Models 52 % of New Orleans-region Facebook users (9/26/20061/22/2009).
Nodes represent users; timestamped edges indicate friendship establishment events.[165]

YouTube network: Captured January 15, 2007, this temporal network contains

1.1M+ users and 4.9M timestamped edges recording subscription events [110].

3.4.1.3 Multiplex networks:

AUCS Network: This multiplex network captures five online/offline relationship types
among Aarhus University employees: Facebook connections, leisure interactions, work
collaborations, coauthorships, and lunch partnerships [141].

FF-TW-YT Network: This anonymized multiplex network integrates user rela-
tionships across three connected social platforms: FriendFeed (FF), Twitter (TW), and
YouTube (YT). It captures cross-platform interactions among users who maintained

linked accounts on these services[35].
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FriendFeed-IT Network: A multiplex network capturing anonymized Italian user
interactions on FriendFeed, including comments, likes and follows, with verified Italian

language identification [35].

3.4.2 Synthetic Networks

The primary goal of Synthetic Network Generators (SNGs) is to model the fundamental
characteristics underlying real-world phenomena and replicate them when generating
synthetic networks, adhering to a limited set of straightforward constraints[138]. SNGs
enable rigorous algorithm evaluation by generating benchmark datasets with controlled

community structures.:

* Controlled Testing: SNGs allow precise adjustment of network features (e.g., size,

density).

* Ground-Truth Validation: Certain generators inherently produce a ground-truth
partition of the network. This enables direct comparison with the partition gener-

ated by the algorithm under test.

Several synthetic generators have been proposed; we mention the most widely used

synthetic networks in the literature.

3.4.2.1 Synthetic Statics networks:

1. Lancichinetti-Fortunato-Radicchi (LFR) Benchmarks: Formulated by Lancichinetti-

Fortunato, and Radicchi [90], LFR benchmarks provide a more accurate representa-
tion of real-world networks by incorporating heterogeneity in both node degree and
community size. These networks also follow a power-law distribution, governed by
exponents 71 and 7. A key parameter is the mixing parameter u, which controls
the balance between a node’s internal and external connections. The specifications
for these synthetic networks include the number of nodes (N), average degree
(kqvg), maximum degree (,,4,), and minimum and maximum community sizes
(MinC and MaxC).

2. Girvan-Newman (GN) Benchmarks: These synthetic networks contain 128
nodes partitioned uniformly into four communities, each comprising 32 nodes [116].
3.4.2.2 Synthetic Multiplex networks:

LFRm Benchmarks: Brodka and Grecki [28] proposed the mLFR benchmark a syn-

thetic multiplex network generator extending the classical LFR model.
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3.4.2.3 Synthetic Dynamics networks:

SYNFIX networks: Lin et al. [97] introduced a modified Girvan-Newman (GN) bench-
mark to evaluate FaceNet architecture. They incorporated network dynamics by gener-
ating sequential graph snapshots, with transitions between snapshots.

Dynamic LFR networks: Greene et al. [65] proposed a dynamic LFR benchmark
simulating community evolution. The model initializes a static network with planted
communities, then stochastically migrates 20 % of nodes between communities to emulate
membership transitions.

RDyn networks: Rossetti [137] introduced RDyn, a novel benchmark specifically
designed for Dynamic Community Detection (DCD). It generates evolving network
topologies in both Snapshot Network (SN) and Temporal Network (TN) representations,

along with time-evolving ground-truth communities.
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Table 3.1: Comprehensive Benchmark Datasets for Community Detection Research

Dataset Type Nodes Edges Size Class Key Characteristics Ref-
er-
ence

Static Networks with Ground Truth

Zachary’s Karate Club Undi- 34 78 BSRP Faction split in university club [178]

rected

Bottlenose Dolphins Undi- 62 159 BSRP Dolphin social interactions [103]

rected

College Football Undi- 115 613 BSRP Conference divisions [59]

rected

Political Books Undi- 105 441 BSRP Political alignment patterns [115]

rected

Static Networks without Ground Truth

Train Bombing Weighted - - BSRP Terrorist association network [88]

Slovene Parliamentary Party Signed - - BSRP Political alliance relationships [562]

Jazz Musicians Undi- 198 2,742 BSRP Collaboration network [60]

rected

PGP Web of Trust Undi- 39,796 - BMRP Cryptographic trust relationships [19]

rected

Amazon Products Undi- 334,863 - BLRP Product co-purchasing network [92]

rected

Dynamic Networks

Cellphone Temporal 400 9,352 BMRP 10-day call interactions [71]

Enron Emails Temporal 184 150,000+ BMRP Corporate email exchanges [109]

Flickr Temporal 1.8M 22M BLRP Social connections (Jan 2007) [109]

DBLP Co-authorship Snapshot 1.2M 5.4M BLRP Yearly collaborations (2012-2016) [8]

Facebook NOLA Temporal 63,731 1.5M BLRP Friendship evolution (2006-2009) [165]

YouTube Temporal 1.1M 4.9M BLRP Subscription network (Jan 2007) [110]

Multiplex Networks

AUCS Multiplex 61 - BSRP 5 relationship layers [141]

FF-TW-YT Multiplex 5,000+ - BMRP Cross-platform interactions [35]

FriendFeed-IT Multiplex 1,000+ - BLRP Italian user interactions [35]

Synthetic Network Generators

GN Benchmark Static 128 - - 4 equal communities [116]

LFR Benchmark Static Config- - - Power-law degree distribution [90]

urable

mLFR Multiplex  Config- - - Multilayer extension of LFR [28]

urable

SYNFIX Dynamic Config- - - Gradual community evolution [97]

urable
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3.5 Taxonomy of Community Detection Methods

3.5.1 Foundational Classifications

Community detection methodologies can be categorized through multiple conceptual
lenses. We analyze optimization-driven approaches across network types, static or
dynamic, and present a unified taxonomy grounded in algorithmic strategies. This is
followed by critical analysis of strengths/limitations.

3.5.2 Existing Taxonomies
3.5.2.1 Algorithmic Paradigm Classification (Attea et al.)

Attea et al. [11] classify community detection into four primary paradigms. Heuristic-
based methods (HCD) employ rule-driven approximations for efficient solutions. Meta-
heuristic approaches (MCD) leverage stochastic optimization frameworks like evolution-
ary algorithms. Hybrid metaheuristic methods (HMCD) synergistically combine HCD and
MCD through three cooperation strategies: low-level teamwork (LT) embeds heuristic
components within metaheuristic frameworks; high-level relay (HR) executes sequential
HCD — MCD — HCD pipelines; and high-level teamwork (HT) coordinates parallel meta-
heuristic executions. The hyper-heuristic paradigm (HH) operates at a higher abstraction
level, dynamically selecting or generating suitable heuristics/metaheuristics based on
problem characteristics. This taxonomy systematically categorizes solution strategies by
their fundamental operational mechanisms and integration methodologies.

3.5.2.2 Dynamic community detection taxonomy (Rossetti et al.)

Rossetti [138] categorizes dynamic community detection methods by their temporal
dependency approach. Instant-Optimal methods optimize communities per snapshot
through iterative similarity matching, core-node continuity tracking, or multi-step tem-
poral alignment. Temporal Trade-off approaches balance current structural optimality
with historical consistency using techniques like global optimization seeding, rule-based
incremental updates, multi-objective optimization (jointly maximizing structural quality
and temporal coherence), or historical network smoothing. Cross-Time methods identify
unified communities across the entire timeline through four evolutionary models: (1)
fixed memberships and properties, (2) fixed memberships with evolving properties, (3)
evolving memberships with fixed properties, or (4) fully evolving memberships and
properties. This taxonomy systematically addresses the fundamental trade-off between
snapshot-level optimization and temporal continuity preservation in dynamic network
analysis.
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3.5.2.3 Dynamic community detection evolution tracking (Dakiche et al.)

Dakiche [41] systematizes evolutionary community tracking into four methodological
approaches. The independent detection + matching paradigm first identifies communi-
ties per snapshot before establishing cross-temporal correspondences through similarity
metrics. Dependent detection incorporates temporal constraints directly into the dis-
covery process, using historical state information as initialization or regularization.
Simultaneous multi-snapshot optimization jointly analyzes multiple timesteps through
global objective functions that maximize both structural quality and inter-snapshot
consistency. Finally, online temporal network processing handles streaming data via
incremental algorithms that update communities in real-time as new interactions arrive,
typically employing window-based models or decay mechanisms. This taxonomy high-
lights fundamental methodological divisions in how algorithms incorporate temporal
dimensionranging from post-hoc matching to fully integrated processingproviding a
framework for evaluating trade-offs between computational efficiency and evolutionary
coherence preservation in dynamic networks.

3.5.3 The novel taxonomy for community detection based optimization:

In this subsection, we present our taxonomy for community detection optimization
approaches. We first outline the rationale behind the classification and then discuss the
advantages and limitations of each class.

Our taxonomy spans the network models mentioned earlier, including static networks
(directed, weighted, signed, multiplex) and dynamic networks(snapshots and dynamic)
as shown in Fig 3.2.

3.5.3.1 Heuristic based community discovery:

A heuristic algorithm is characterized as a collection of deterministic, rule-based al-
gorithms aimed at iteratively discovering locally optimal candidate solutions through
the integration of domain-specific knowledge. It operates by producing local variations
of a specified solution and subsequently employing a particular criterion to assess the
potential of neighboring solutions. A heuristic community detection algorithm HCD is an
iterative transformation function represented by the tuple HCD = (Q2,C,h, %, T). The al-
gorithm functions via an iterative learning process, commencing with an initial dividing
solution C within the search space (2, which includes all potential solutions. It subse-
quently enhances the solution through the iterative application of three fundamental
components:

* A local variation operator h to generate modified solutions
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[Statlc Community Detectlon

Dynamic Community Detectlon
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Figure 3.2: A Taxonomy of Optimization Approaches for Community Detection.

* An evaluation function & to assess solution quality

¢ A termination criterion T to halt the process once predefined conditions are met.
Generally, existing HCD approaches are classified into the following categories [54]:
¢ Hierarchical methods (including agglomerative and divisive algorithms)

¢ Stochastic block models

¢ Spectral clustering

* Random walk-based techniques

Advantages and Drawbacks of heuristics for Community Detection:

Advantages:

1. Speed and Efficiency: Heuristics have the potential to substantially decrease the
time necessary to identify a solution. The problem-solving process is simplified,
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which is particularly beneficial in dynamic environments where time is a critical
factor, enabling speedier decision-making.

2. Simplicity: In comparison to more intricate algorithms, heuristic methods are
frequently simpler to implement and comprehend.

3. Flexibility: Heuristics can be customised to address a wide range of issues and can
be adjusted to meet the unique needs or context of the situation. This adaptability
enables a more extensive application in a variety of domains.

Drawbacks:

1. Optimality and validity are among the primary disadvantages of heuristics, as they
do not ensure an optimal solution. The solutions they offer may be suboptimal,
which can be problematic in situations where the best outcome is essential.

3.5.3.2 Metaheuristics based community discovery:

Metaheuristics are high-level optimization strategies inspired by natural phenomena or
abstract conceptual processes [17], widely employed for community detection in complex
networks. These algorithms are particularly valuable for addressing large-scale or NP-
hard optimization problems where exact methods become computationally intractable.

In the context of community detection (CD), numerous metaheuristic algorithmsoften
termed Metaheuristic Community Detection (MCD) algorithmshave been proposed. Gen-
erally, an MCD algorithm employs strategies inspired by natural or conceptual processes
(e.g., evolutionary, swarm-based, or physical systems) to iteratively explore and refine
community structures.

Formally, an MCD can be defined as an iterated transformation function: MCD =
(Q, %) where:

* A set of variables: IP ={p1,...,pn}

¢ A variable domain: Dq,...,D,

e O={IP={p1,...,pn}| p; € D;}, such that satisfies all the constraints

* Z is the community structure evaluation function. % : D1 x---x D, — R*

The algorithm operates on an initial population IP = py,...,p, of n encoded solutions
within the search space Q. Despite belonging to different families, most MCD algorithms
follow a common strategy: formulating CD as either a single-objective optimization
(guided by &) or a multi-objective optimization, where % may represent one or more
evaluation metrics (e.g., modularity, conductance, or NMI) 3.3.
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Recent advancements have focused on hybridizationintegrating complementary com-
ponents like machine learning, quantum-inspired operators, or problem-specific heuris-
tics into metaheuristic frameworks to enhance performance.

The literature emphasizes that the effectiveness of metaheuristic community detection
approaches [121, 129] hinges on how well the objective function & captures the notion
of a "good community structure."” When aligned with this structural definition, the
algorithms search process becomes purposeful, effectively leveraging core strategies like
intensification, diversification, and learning (IDL) to guide the optimization. Research
highlights that successful MCD algorithms depend on these three core strategies [17, 62]:

¢ Intensification: Refers to focusing the search by exploiting the area nearby
current good solutions.

¢ Diversification: Exploring new regions of the search space.
¢ Learning: Adapting based on prior results.

These IDL components ensure the algorithm balances precision with adaptability, en-
abling robust community detection across diverse network configurations. Conversely,
if the objective function is poorly defined, even sophisticated IDL strategies may fail to
deliver meaningful results, rendering the algorithm inefficient despite its computational
effort.

3.5.3.3 Hybrid metaheuristics HMCD:

HMCD are computational frameworks designed for the implicit or explicit integration
of metaheuristics with other heuristic or metaheuristic techniques[161]. The primary
motivation behind their development stems from the recognition that hybridization is
crucial not only for leveraging the strengths of individual algorithms but also for over-
coming the limitations,such as premature convergence or poor scalability in standalone
methods, inherent in their pure counterparts [11].

Advantages and Drawbacks of Metaheuristics for Community Detection:

Advantages:

1. Efficiency in Complex Problems: Metaheuristics, including Genetic Algorithms
(GAs) and Particle Swarm Optimization (PSO), are particularly effective for ad-
dressing complex optimization challenges, such as community detection. They
possess the ability to efficiently investigate vast solution spaces, which is essential
due to the computational requirements associated with identifying optimal network
partitions.
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2. Adaptability: A multitude of metaheuristic approaches can be modified to accom-
modate various network and community structures. For example, the Fireworks
Algorithm and Sine-Cosine meta-heuristic have been specifically designed to facili-
tate community detection, thereby demonstrating their adaptability.

3. Hybridization: Metaheuristics can improve their efficacy by incorporating a variety
of search strategies and operators. The integration of various search operators
and similarity metrics has been demonstrated to produce competitive outcomes in
community detection tasks, for instance.

4. Robustness: These methods frequently offer resilient solutions to a variety of
community detection issues. Although no single algorithm is superior, the high
variability in algorithm performance suggests that numerous methods can perform
well under varying conditions.

Drawbacks:

1. Despite the potential for metaheuristics to be efficient, they may still necessitate
substantial computational resources, particularly when applied to large networks.
The requirement for extensive parameter tuning and multiple runs to attain optimal
results can be time-consuming.

2. The design and implementation of metaheuristic algorithms can be complex, neces-
sitating a profound comprehension of both the algorithm and the specific problem
domain. Practitioners who lack the requisite expertise may encounter this complex-
ity as an obstacle.

3.5.3.4 Incremental approaches:

Incremental algorithms process dynamic network changes step-by-step, leveraging both
the current network state and previously identified community structures from the
prior iteration to update community assignments [139][179]. This iterative, state-aware
framework is characteristic of Dynamic Community Detection (DCD) algorithms, which
prioritize efficiency by minimizing redundant recomputation while preserving temporal
dependencies in evolving networks(see Fig 3.3):

¢ Initialization: Detect communities in the networks initial state

e Update: At each timestep ¢, detect communities in the evolving network by analyz-
ing the current network state (G;) alongside historical data (e.g., prior community
assignments C;_1) to ensure temporal continuity.
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Figure 3.3: Incremental approach process.
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Incremental approaches leveraging optimization algorithms can be categorized into
three main subclasses:

1. Global Optimization: Methods in this subclass initialize the global optimization
process at timestep ¢+ 1 by using the partition from ¢ as a seed. These approaches
optimize a global quality function (e.g., modularity or conductance) akin to static
community detection (CD). The optimization heuristics employed may either mirror
those used in static CD or incorporate dynamic adaptations tailored to evolving
networks.

2. Incremental evolutionary clustering:(Chakrabarti et al. [86]) This approach
generates temporal cluster sequences through a smoothing framework that bal-
ances current-period accuracy with historical consistency. The method formalizes
the temporal smoothness hypothesis: community structures exhibit inertia and
resist abrupt changes between consecutive time intervals. This principle enables
gradual structural evolution by minimizing disruptive partition shifts during se-
quential clustering. Smoothing is accomplished by balancing two distinct objectives;
the first objective, termed snapshot quality, indicates that the clustering results
should accurately represent the network’s community structure at the present
time step. The second objective relates to time cost, indicating that each cluster-
ing outcome should avoid significant variations between consecutive time steps.
According to Paul et al.’s comprehensive analysis [126], most methodological frame-
works for dynamic community detection employ multi-objective optimization and
evolutionary algorithms. These approaches fundamentally balance two competing
objectives:

¢ Temporal smoothness: Ensure that the structure of the community at time ¢
reflects a natural evolution from the partition identified at ¢ — 1.

¢ Structural Quality: Maximizing partition quality (e.g., modularity) at each
snapshot To achieve this balance, the method optimizes a composite objective
function cost that integrates both temporal smoothness CT and structural

metrics CS.
cost=c=aCS+(1-a)CT (3.43)

3. Localized update methods : This approach incrementally updates the com-
munity structure at each evolutionary step using predefined local rules triggered
by graph modifications (e.g., edge additions/removals). The method prioritizes
computational efficiency, aiming to achieve modularity scores comparable to no-
smoothing baselines while avoiding costly full recomputation of communities at
every timestep.
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Advantages and Drawbacks of incremental approaches:

Advantages:

1. The majority of methods in this class utilize the current community structure at
step ¢ —1 to expedite the community detection at ¢.

2. The instability problem can be addressed through incremental approaches, which
employ the smoothness technique described in the previous subsection (see Section
6.4).

3. Universal Applicability: The method is applicable to all dynamic network models,
including snapshot-based representations and temporal networks with continuous-
time interactions.

Drawbacks:

1. Parallelization Limitation: Parallelizing the community detection process is often
impractical due to its inherently sequential dependency, each subsequent phase
relies on the community assignments generated in the preceding iteration. This in-
terdependency creates a critical path that hinders concurrent computation, limiting
scalability for large-scale dynamic networks.

2. Temporal Coherence Challenge in Dynamic Communities: A critical limitation in
dynamic community detection lies in maintaining temporal consistencythe ability
to preserve meaningful community structures across time. Methods employing
iterative incremental approaches risk cumulative error propagation due to their
reliance on prior state dependencies. Over successive iterations, this can lead to
significant divergence between dynamically detected communities and the system’s
current state, as benchmarked against static network snapshots.

3.5.3.5 Embedding-Metaheuristic Integration

Node embeddings f : 7 — R? fundamentally transform metaheuristic community detec-
tion (MCD) through three synergistic mechanisms. By preserving topological properties
in continuous latent spaces, embeddings convert discrete graph optimization into geo-
metric manifold learning. This enables efficient geometric operations (vector clustering,
distance-based crossover) that replace costly graph traversals. Furthermore, embed-
dings facilitate cross-network generalization through alignment techniques that transfer
structural patterns between domains.

This integration directly addresses core MCD limitations: dimensionality reduction
accelerates convergence, continuous representations enable gradient-based operators,
and transfer learning mitigates cold-start problems. The resulting framework maintains
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detection quality while scaling to dynamic topologies through structural regularization
in the embedding space.

Integration Strategies Embedding techniques transform discrete graphs into continu-

ous spaces through distinct approaches. Matrix factorization (miny v [|A— UV'|r+2%)
preserves global structure through low-rank approximations. Random walk methods
(DeepWalk, node2vec) capture higher-order neighborhood proximities through simulated
traversals. Graph neural networks leverage feature propagation (Z¢+1 = gD~ 12AD-12ZOWD)
to handle attributed and dynamic graphs.

Collectively, these methods convert sparse graph data into dense geometric manifolds
suitable for efficient MCD implementation. Matrix methods excel at global structure
preservation, random walks capture local proximities, and GNNs adapt to complex graph
types, enabling community detection through manifold learning in R? with polynomial
rather than combinatorial complexity.

3.6 Community detection based optimization methods

In this section, we provide a comprehensive analysis of recent community detection
methods. Table 3.2 summarizes the most important methods, presenting their complexity,
key features, and type of hybridization.

3.6.1 Static community detection algorithms
3.6.1.1 Heuristic methods

Greedy heuristics represent a direct and efficient method for addressing combinatorial
optimization issues, as they rapidly generate workable solutions gradually by selecting
the most advantageous irreversible local option at each stage.

Newman (2004) introduced the first modularity-based greedy algorithm for community
detection [114]. This agglomerative hierarchical method incrementally merges nodes to
optimize modularity, with worst-case time complexity O((m + n)n) for graphs containing
n nodes and m edges.

Concurrently, Clauset et al. [38] reduced the time complexity to O(mdlogn) where d
is the dendrogram depth using advanced data structures like max-heaps for efficient
storage and updating of modularity gains. This optimization significantly improved
algorithm speed and efficacy. Key advantages include automatic community count
detection, eliminating prior specification requirements. However, the greedy approach
risks convergence to local optima, potentially yielding suboptimal partitions.

The Louvain method [16] enhances modularity optimization through an iterative
two-phase process with approximate O(m) complexity, though efficacy depends on node
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visitation order. Initially, each node is assigned to its own community; nodes are then
sequentially moved to adjacent communities only if a positive modularity gain (AQ > 0) is
achieved. This local optimization repeats until modularity converges. The second phase
aggregates communities into supernodes, rebuilding the network with these as vertices.
Both phases iterate until global modularity maximization is achieved, enabling near-
linear scalability in edges m that makes the method suitable for large-scale networks.

Liu and Murata [100] developed LPAm, a label propagation algorithm optimizing
modularity, and enhanced it through integration with a multistep greedy agglomerative
algorithm (MSGQG) that simultaneously merges multiple community pairs. This advanced
version, LPAm+, demonstrates superior modularity optimization performance compared
to the original LPAm.

Waltman et al. [166] introduced the Smart Local Moving (SLM) algorithm, a modularity-
optimization method for community detection in large networks. While structurally
similar to the Louvain method, SLM’s key innovation lies in its recursive sub-network
refinement: before graph aggregation, each existing community is treated as an indepen-
dent sub-network where a local moving heuristic is applied. This heuristic 1) initializes
all nodes within the sub-network as singleton communities, then 2) iteratively reassigns
nodes to maximize modularity. The refined communities are then aggregated, with this
process repeating until convergence, yielding higher-quality partitions than single-pass
approaches through multi-resolution optimization.

Traag [162] proposed the Random Neighbor Move (RNM) modification to reduce the
Louvain method’s theoretical runtime from linear in edges O(m) to O(nlogk) (where &
is the average degree). Instead of relocating nodes to the optimal adjacent community
in the first phase, RNM moves nodes to a random adjacent community. This stochastic
approach enhances solution space exploration but may marginally reduce partition
quality compared to the deterministic Louvain algorithm.

Ozaki et al.[122] introduced the Louvain Prune algorithm to accelerate the Louvain
method. By selectively evaluating neighboring communities during modularity optimiza-
tion (via the Fast Local Move (FLM) operation) rather than exhaustively checking all
neighbors, it reduces runtime complexity. Experiments demonstrate up to 10(E speed
improvement over standard Louvain.

The Leiden algorithm [163] substantially improves upon the Louvain method by
addressing core limitations and integrating enhancements from SLM [166], FLM [122],
and RNM [162]. Unlike Louvain, which can yield disconnected communities (multiple
isolated subgraphs grouped as one), Leiden guarantees well-connected communities
through a refinement phase. While maintaining comparable O(m) complexity, Leiden’s
refinements accelerate convergence and produce superior partitions.
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Multiplex networks heuristics Community detection heuristics for multiplex networks
are categorized as global or local [106]. Global approaches include flattening, layer-
by-layer, and multilayer methods. Flatteningthe simplest techniquemerges network
layers into a single graph for standard community detection. Weighted variants assign
edge weights reflecting original structural characteristics to improve fidelity. Despite
enhanced noise robustness, flattening may: (i) only identify pillar communities (edges
spanning multiple layers), and (ii) generate artificial communities from distributed
cross-layer connections.

In contrast to flattening methods, layer-by-layer approaches apply conventional com-
munity detection independently to each network layer before integrating results. These
include: association rule mining; consensus/ensemble-based detection (EMCD); and
spectral methods like Principal Modularity Maximization (PMM) [106].

Multilayer approaches instead operate directly on the multiplex structure, categorized
into four types: i) Density-based methods (ii) Random walks (e.g., LART, Infomap) (iii)
Optimization techniques (e.g., Generalized Louvain) (iv) Label propagation.

The extension of single-layer community detection techniques to multilayer networks
began with Mucha et al.’s pioneering study [112]. This work introduced a modularity
definition for multilayer networks and yielded a generalized version of the single-layer
Louvain method [16], implemented in the GenLouvain software package.

In this paper, Interdonato et la [74] introduces a novel framework for local community
detection in multilayer networks. Our method maximizes the internal-to-external con-
nection density ratio within communities, using similarity-driven relationships across
layers, and incorporates a biasing scheme to identify communities with diverse layer
coverag.

Bergermann et al.[14] propose two unsupervised methods for undirected multiplex
networks, both modeled as energy functional gradient flows:

e MPBTV minimizes a balanced total variation functional (proven equivalent to
multiplex modularity maximization)

* DGFMS3 directly maximizes multiplex modularity. Their nonlinear matrix ODE
formulations are efficiently solved using a graph-adapted Merriman-Bence-Osher
(MBO) scheme, bridging theoretical foundations with practical computational effi-
ciency.

3.6.1.2 Metaheuristic methods

Metaheuristic methods have substantially advanced solutions to complex graph-based
combinatorial optimization problems through their global search capabilities. As pivotal
tools in computational intelligence, they provide robust solutions for intricate network
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analysis. Consequently, numerous metaheuristic strategies have emerged for community
detection. This section critically examines prominent contemporary approaches in the
field.

In 2008, Pizzuti[128] proposed a single-objective evolutionary algorithm (GA-Net) to
address the community discovery problem. This approach aimed to overcome limita-
tions of greedy search methods, which are prone to becoming trapped in local optima.
Pizzuti employed a locus-based adjacency encoding scheme to represent the initial pop-
ulation and introduced the community score function (denoted as CS(C) in Eq3.27, a
quality metric designed to comprehensively evaluate community structures. The same
single-objective evolutionary algorithm was then used to optimize CS(C). This function
incorporates a parameter r to regulate community size, emphasizing the importance of
internal node degrees within a community to reinforce its structural significance.

Shi et al. [151] introduced the seminal multi-objective community detection (MOCD)
method, decomposing modularity @ into two optimization components: intra-community
strength (eq3.28) and inter-community strength (eq3.34). By simultaneously maximizing
these objectives, MOCD generates diverse community configurations that explore trade-
offs between internal cohesion and external separation. Crucially, since @ represents
their sum, the partition maximizing @ necessarily resides in the Pareto-optimal set.
When evaluated against three modularity-based benchmarks (two heuristics and one
single-objective genetic algorithm), MOCD achieved superior accuracy - though further
improvements in quality metrics and algorithmic efficiency remain warranted.

In [37], Cheng et al. developed a multi-objective evolutionary algorithm, termed the
Local Information-based Multi-Objective Evolutionary Algorithm (LMOEA), to address
the community detection problem. The method simultaneously optimizes two conflicting
objectives: the ratio cut (RC(C))3.29 and the neighborhood ratio association (NRC(C)),
defined in Eq3.30. Minimizing NRC(C) promotes partitions with densely connected
internal communities, whereas RC(C) aims to reduce inter-community connections.
These objectives operate in tension, as optimizing one inherently compromises the other.

Cai et al.[30] presented a discrete particle swarm optimisation (DPSO) method for
identifying communities in signed networks, in which the particle update mechanisms
were reformulated to incorporate the structure of the network.

Naeni et al. [95] proposed MAGA-Net, a memetic algorithm combining adaptive
mutation operators and competitive neighborhood dynamics within a multi-agent genetic
framework to optimize modularity. Comparative evaluation shows significantly improved
partition accuracy and faster convergence versus MA-Net, demonstrating enhanced
performance in modularity-driven community detection.

In [144], the authors proposed a Clustering Coefficient-based Genetic Algorithm
(CC-GA) for community detection. The algorithm employs the Clustering Coefficient
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(CC)3.42 to initialize the population and uses modularity as its fitness function. CC-GA
incorporates genetic operators such as uniform crossover and a newly proposed mutation
mechanism.

Sanchez et al. [147] proposed a multi-start iterated greedy algorithm (MSIG) for
community detection in large social networks. The method employs a Greedy Construc-
tive Procedure (GCP) to generate an initial solution and reconstruct partial solutions
during the reconstruction phase. GCP begins by selecting a seed node to form an initial
community, then iteratively incorporates remaining nodeseither merging them into
existing communities if modularity improves or creating new communities otherwise.
This bottom-up aggregation continues until all nodes are assigned, progressively forming
larger communities.

Hanzhang et al. [84] enhanced the iterated greedy metaheuristic framework through
the Iterated Carousel Greedy (ICG) algorithm. ICG generates multiple solutions via
iterative cycles of: (1) destruction (partial deconstruction), (2) carousel (problem-specific
greedy heuristics), and (3) reconstruction (greedy solution rebuilding). Each iteration
incorporates a local search refinement. Experiments confirm ICG’s superiority over
MSIG [147], DBA [156], and Louvain [16]

Furthermore, to diminish computational expenses and enhance the accuracy of MSIG
[147], Li et al. [94] included the Louvain algorithm [16] into the IG framework. This
integration enabled the Louvain approach to recover the partially affected solution
throughout the reconstruction process. A local search approach was employed after
reconstructing to improve the algorithm’s efficacy.

In signed networks, Girdhar and Bharadwaj [58] extended the multi-objective frame-
work by integrating a social-balancing component alongside the modularity and frustra-
tion objectives. These objectives were optimized using the NSGA-II algorithm, enhancing
the models ability to address conflicting goals in community detection.

Liu et al. [99] proposed an Iterated Local Search (ILS) algorithm combining GCP
initialization [147] and modularity-optimizing label propagation [100] for local search.
This approach outperforms MAGA-Net [95], Louvain [16], and DBA [156] in community
detection benchmarks.

Zhang et al. [184] developed WOCDA, a modularity-optimizing community detec-
tion algorithm using whale-inspired techniques (shrinking encircling, spiral updating,
random search). While outperforming DPSO [30] and BA [68] in partition accuracy,
its computational cost increases significantly with network size due to random search
limitations.

Imtiaz et al. [73] introduced MLACO a multi-layer Ant Colony Optimization method
for community detection in complex networks. Using ratio cut RC(C) (Eq. 3.29) and ker-
nel k-means KKM(C) (Eq. 3.25) as objective functions, MLACO demonstrates effective
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community identification across synthetic and real-world networks.

Saeid et al. [154] improved the Cuckoo Search Optimization (CSO) algorithm for
community detection by integrating Genetic Algorithm (GA) operators to mitigate is-
sues such as premature convergence and local optima. The hybrid approach leverages
crossover and mutation operations to balance exploration and exploitation, coupled with
dynamic population sizing to adaptively refine search efficiency. Modularity 3.15 and
Normalized Mutual Information 3.8 were adopted as conflicting multi-objective functions
to guide the optimization process.

Spampinato et al. [157] introduced opt-IA, an immune optimisation algorithm for
community detection that maximizes modularity. Evaluated against 20 heuristics and
metaheuristics (including one Hyper-Heuristic) on social and biological networks, opt-IA
uniquely employs a purely stochastic search methodology with three operators: Static
cloning: Generates new populations from highest-fitness solutions. Hypermutation:
explores local search space neighborhoods. Stochastic ageing: eliminates solutions
probabilistically to escape local optima. This random-search framework demonstrates
competitive performance while avoiding deterministic components.

Kumar et al. [87] proposed a deep learning method for community detection combining
stacked autoencoders and CSA-enhanced k-means. After constructing the graph’s modu-
larity matrix, stacked autoencoders compress it while preserving topological features.
The reduced representation is clustered via k-means optimized with Crow Search Algo-
rithm (CSA), which determines optimal initial centroids replacing random initialization
to enhance accuracy and stability in community identification.

Reihanain et al [135]proposed an evolutionary algorithm called MOBBO-OCD, based
on multi-objective biogeography-based optimization (BBO), identifies overlapping com-
munities in social networks with node attributes by simultaneously optimizing two
objectives: connection density and node-attribute similarity. The algorithm employs
modularity and the SimAtt measure (a metric that quantifies attribute similarity within
communities) as its dual objective functions. To encode and decode overlapping communi-
ties, the authors introduce OLAR (Overlapping Locus-based Adjacency Representation),
an extended adjacency representation scheme. Within the evolutionary process of
MOBBO-0OCD, a rank-based migration operator, a novel two-phase mutation strategy,
and a double-point crossover mechanism are applied to guide the population toward
optimal solutions. These components leverage OLAR to efficiently explore the search
space. For performance evaluation, the paper proposes a-SAEM, a new metric that
assesses the quality of both overlapping and non-overlapping community partitions by
integrating structural connectivity (linkage density) and node-attribute homogeneity.
This metric addresses the limitations of existing measures by holistically evaluating
communities through structural and attribute-based criteria.
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The position update rule of the basic Coot bird optimization algorithm (COOT)lacks a
balance between exploitation and exploration abilities. To address this problem, a new
update mechanism is integrated into the basic COOT method to enhance its local and
global search capabilities suggested by Aslan et al[6]. This improved version, referred
to as the Modified COOT (MCOQT) method, introduces three key enhancements in its
update mechanism: A subset of dimensions (ranging from 1 to the problems dimension
size) is randomly selected for each coot individual. The selected dimensions are modified
using a novel update rule to refine the search process. A genetic mutation operator is
applied to the current coot position based on a predefined mutation probability, further
boosting exploration capabilities.

Recently, This paper [105] introduces a hybrid meta-heuristic framework combining
the Whale Optimization Algorithm (WOA), Salp Swarm Algorithm (SSA), and a novel
Cloud Optimization (CO) algorithm. An adaptive hyperheuristic, based on a modified
choice function, manages the optimization process to balance exploration-exploitation
efficiently. Inspired by atmospheric particle dynamics, the CO component boosts popula-
tion diversity, prevents premature convergence, and improves the framework’s ability to
model complex network topologies

Multiplex networks: In their work, Karimi et al. [77] developed a hybrid method inte-
grating the Multi-Objective Evolutionary Algorithm with Decomposition (MOEA/D) with
Tabu Search (TS) and the Clustering Coefficient (CC)3.42 metric to detect structurally
similar communities in multiplex networks. Their approach operates in two key stages:
The clustering coefficienta social network analysis metric measuring local connectivityis
used to generate an initial population of high-quality candidate solutions. Tabu Searchs
neighborhood exploration capabilities are embedded within the MOEA/D framework to
efficiently navigate the solution space and identify Pareto-optimal solutions, balancing
competing objectives.

Boukaben et al.[25] proposed the Smart Flattening-based Cuckoo Search Algorithm
(SFCSA) for multiplex network community detection. This three-phase approach:(1)
Generates fused embeddings using DeepWalk and node2vec to minimize information
loss.(2) Constructs a flattened network via layer integration, with edge weights calculated
from Pearson correlation coefficients. (3) Identifies optimal clusters through modularity-
maximizing3.15 cuckoo search on embeddings by unifying topological representation
(phases 1-2) and optimization (phase 3), SFCSA effectively reveals community structures
while preserving multiplex relationships.
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3.6.2 Dynamic community detection algorithms:
3.6.2.1 Incremental approaches:

Localized update methods: Di Zhuang et al.[185] introduced DynaMo, a dynamic
community detection method designed to optimize modularity gains during community
structure evolution. DynaMo represents network dynamics as a sequence of incre-
mental updates, categorized into six types: Intra-community edge additions/weight
increases, Inter-community edge additions/weight increases, Intra-community edge
removals/weight decreases, Inter-community edge removals/weight decreases, Node
additions, Node removals. The method operates in two phase: Construct a provisional
community structure based on the incremental update and the previous community
configuration; apply the local moving and aggregation phases of the Louvain algorithm
[16] to the intermediate structure until modularity cannot be further improved. By fo-
cusing on localized updates, DynaMo achieves efficient modularity optimization without
reprocessing the entire network.

In this paper[24], Fariza Bouhatem et al presented an innovative density-based
method using dual optimisation to monitor community structures within expanding
social networks. The proposed incremental algorithm exhibits relatively low complexity,
making it efficient and fast. Designed for dynamic networks, which evolve through
the addition of nodes and links, the method employs localised density optimisation to
mitigate the resolution limit inherent in modularity optimisation approaches.

In [179], Neda Zarayeneh et al. introduced a fast, incremental method for dynamic
community detection. Their key contribution is a general-purpose framework called
A—-screening, which processes batches of updates to a graph (e.g., edge/node additions/re-
movals) and identifies a subset of nodes requiring reevaluation for potential community
reassignment. This framework is compatible with any modularity-driven community
detection algorithm. To demonstrate its versatility, the authors integrated A—screening
into two widely-used community detection approachs(louvain and SLV), enhancing their
adaptability to evolving networks.

Global optimization methods Bansla et al.[9] introduced fast community detection
for dynamic complex networks FCDDCN for real-time community detection in dynamic
networks. Leveraging CNMs initial community structure [38], it dynamically updates
adjacency lists for edge modifications and optimizes modularity through heuristic search.
This approach enables efficient iterative refinement of communities while adapting to
network changes.

The method proposed by Shang et al.[148] identifies dynamic communities by maxi-
mizing modularity over time. It initializes communities in the first snapshot using the
Louvain algorithm[16]. For subsequent network changes, edge-specific update rules
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are dynamically applied to refine community assignments while preserving modularity.
These rules adapt to the type of edge modification, categorized as: Intra-community
edges, Inter-community edges, Semi-new edges, New edges. By tailoring updates to
the nature of network adjustments, the method ensures efficient adaptation to evolving
structures.

In this paper, Ranjkesh et al[132] proposed a memetic algorithm named RDMA-NET
to enhance the resilience of communities in complex networks against attacks. The algo-
rithm maximizes appropriate robustness criteria to improve the resilience of dynamically
detected communities. It integrates evolutionary algorithms with community structure

robustness metrics.

Incremental evolutionary clustering: Folino et Pizzuti [53]proposed a dynamic multi-
objective genetic algorithms (DYNMOGA) use genetic algorithms to detect communities
in dynamic networks by optimizing two objectives: NMI(eq 3.8) and modularity (eq3.15).
NMI preserves temporal consistency with prior community structures, while modularity
maximizes snapshot quality by assessing how well the current clustering represents the
network. However, DYNMOGA suffers from a critical limitation: despite optimizing both
objectives simultaneously at each timestep, it cannot guarantee evolutionary consistency
with the previous step. Solutions with high modularity but low NMI may persist as
non-dominated during evolution. Consequently, the algorithm fails to ensure that new
solutions improve NMI.

This paper [108] proposes a novel multi-objective Bat Algorithm (BA) for community
detection in dynamic social networks. The approach uses the Mean Shift algorithm
to generate a high-quality initial population and redefines BA parameters (velocity,
frequency, loudness, pulse rate) for this problem. It simultaneously optimizes modularity
density3.21 and normalized mutual information 3.8 using a weighted objective approach,
avoiding non-dominated sorting and crowding distance. A new mutation operator based
on Mean Shift principles replaces random processes for solution generation.

Zeng et al.[180] proposed the concept of consensus communities to address DYN-
MOGA’s limitation, introducing an evolutionary clustering algorithm called CCPSO.
This approach extracts intrapopulation consensus communities from the non-dominated
solutions of the previous timestep to preserve temporal knowledge. During the current
timestep’s evolution, the population ’votes’ on these inherited consensus communities.
Interpopulation consensus communities are then identified as the subset of consensus
communities receiving support above a predetermined threshold, representing robust
agreement between consecutive timesteps.

In [56], Gao et al. introduced a robust framework for dynamic community detec-
tion using decomposition-based multi-objective discrete particle swarm optimization
(DYN-MODPSO). DYN-MODPSO simultaneously optimizes snapshot quality (commu-
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nity structure precision) and temporal continuity. The framework employs modularity
density (Q)3.21 to evaluate community structure quality at each timestep and normalized
mutual information (NMI)3.11 to measure structural similarity between consecutive
timesteps. Despite achieving favorable results on some networks, the algorithm suffers
from premature convergence and low particle diversity.

Yin et al. [175] proposed Multi-results Discrete Particle Swarm Optimization called
MRDPSO, an efficient multi-objective method enhancing the evolutionary clustering
framework and particle swarm optimization (PSO). The key contributions include: (1) A
recent-future reference strategy to refine initial clustering results, improving dynamic
community detection accuracy; (2) Integration of a modified PSO into the evolutionary
framework using this strategy; (3) A de-redundant random walk initialization method to
generate diverse, high-quality solutions; (4) Multi-individual crossover and enhanced
interference operators to avoid local optima.

Wang et al. [167] introduced a semi-supervised evolutionary autoencoder (sE-Autoencoder)
for dynamic community detection. The method constructs a temporal matrix through
nonlinear modeling, integrating autoencoder representations with evolutionary cluster-
ing. This framework simultaneously: (i) Optimizes community structures (ii) Preserves
temporal consistency using vertex similarity. A key limitation is its dependence on prior
knowledge of the initial community count, restricting applicability to networks with
ambiguous or evolving community structures.

In another study, Besharatnia et al[15]. developed a method to enhance multi-objective
optimization for dynamic community detection by integrating the Grey Wolf Optimizer
(GWO) with the Label Propagation Algorithm (LPA). This hybrid approach, designated
IGWO-LP, identifies non-overlapping community structures in dynamic networks. The
method improves detection accuracy through integration with an evolutionary clustering
framework

Abbood et al[1]. proposed Hidden Markov Model (HMM-MODCD) a novel framework
for dynamic community detection that decomposes the problem into three components:
intra-community structure, inter-community structure, and community evolution. The
approach formulates these as a multi-objective optimization problem while modeling
community evolution through Hidden Markov Models (HMMs) to identify probable
temporal sequences. By integrating a multi-objective evolutionary algorithm with the
Viterbi algorithm, HMM-MODCD simultaneously optimizes structural properties and
maintains temporal coherence in dynamic networks.

Yu et al.[176] introduced ¢cSWO a discrete Spider Wasp Optimization method en-
hanced with consensus community strategies for dynamic community detection. It
restructures SWO’s initialization, representation, and population updates while adapt-
ing its four core behaviors (search, following-escaping, nesting, mating) to discrete spaces.
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Crucially, consensus communities serve as temporal knowledge during updates, guiding
solution optimization through evolutionary transitions.

Dakiche et al.[40] introduced TCK-MBSO (Transferring Cliques and Quasi-cliques
Knowledge with Multi-Objective Bee Swarm Optimization), a novel dynamic community
detection method. Its core innovation lies in transferring critical clique and quasi-clique
structures from historical communities to the current detection phase. This knowledge
transfer enhances both detection accuracy and temporal consistency. Embedded within a
multi-objective bee swarm optimization framework, TCK-MBSO significantly advances
dynamic community identification capabilities.

Within evolutionary clustering frameworks for temporal networks, Ma and Dong [104]
pioneered two Evolutionary Non-negative Matrix Factorization (ENMF) approaches for
dynamic community detection. They established fundamental theoretical equivalences:
ENMF = evolutionary modularity density optimization and ENMF = evolutionary spec-
tral clustering, providing a foundation for hybrid algorithms. Building on this, they
developed semi-supervised ENMF (sE-NMF) which uniquely integrates prior knowledge
directly into the ENMF objective functiondistinguishing it from conventional semi-
supervised methods. Crucially, sE-NMF avoids local optima without increasing time
complexity, offering computational efficiency alongside enhanced optimization capability.

Jiao et al.[75] developed a probabilistic NMF framework for dynamic community
detection, simultaneously modeling temporal/static community structures and node
significance. The method identifies three core matrices (community membership, snap-
shot similarity, inter-timestep transitions), formulates detection via network generation
principles, and solves optimization through gradient descent.

Yu et al.[177] introduced ECGNMF, an algorithm using Non-negative Matrix Fac-
torization to dynamically update communities across temporal snapshots. It uniquely
integrates both community-level (mesoscopic) and node-level (microscopic) evolutionary
information into its cost function, with regularization ensuring consistency by limiting
node transitions between timesteps.

Li et al.[93] developed NE2NMF, integrating Network Embedding and Evolutionary
NMF for dynamic community detection. The algorithm employs third-order temporal
smoothness (past/current/future snapshots) to track community evolution and reduces
time complexity by decomposing the network embedding matrix leveraging the estab-
lished equivalence between ENMF and network embedding.

To address the limitations of shallow NMF in capturing complex network structures,
Zhang et al.[182] proposed Constrained Symmetric Deep NMF (CSDNMF), integrating
deep autoencoders with NMF. The model delivers three innovations: (1) Hierarchical
feature learning: Deep autoencoders extract latent features linking input networks to
community assignments. (2) Topology preservation: Graph regularization maintains
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network structure.(3) Undirected network optimization: Symmetry regularization en-
forces representation parity. Evaluations across eight real-world networks demonstrate
CSDNMF’s superiority over state-of-the-art community detection methods.

Kojaku et al[83].demonstrated that shallow linear graph neural networks (e.g.,
node2vec) can achieve the information-theoretic detectability limit for communities.
Building on this foundation, liu et al [98] study introduced a novel framework inte-
grating community detection algorithms with diverse Graph Neural Network (GNN)
models to enhance link prediction in scientific literature networks. The integration of the
Louvain algorithm with GNNs consistently improved performance across all tested ar-
chitectures. Notably, Louvain integration with the GAT model demonstrated significant
performance gains. Similar improvements occurred when combining Louvain with other
GNNs, validating the robustness and efficacy of incorporating community-level features.
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Table 3.2: Comprehensive Analysis of Community Detection Methods

Method Category Com- Topology Size Class Key Characteristics
plexity Suitability

Static Approaches: Heuristic Methods

Newman (2004) Greedy O((m + Hierarchical BSRP Foundational modularity optimization Quadratic complex-
[114] n)n) ity
Clauset et al. [38] Greedy O(mdlogn) Scale-free BMRP Heap-based acceleration Resolution limit (v2m)
Louvain [16] Greedy O(m) Large-scale BLRP Fast two-phase aggregation Disconnected communities
Leiden [163] Greedy O(m) Disconnected = BLRP Connectivity guarantee 25% quality improvement over
Louvain

LPAm+ [100] Label Prop. O(nlogn) Homogeneous BSRP Linear scalability Random walk dependency
GenLouvain [112] Multiplex O(Lm) Multilayer BMRP Cross-layer dependency handling Modularity-bound
Static Approaches: Metaheuristic Methods
GA-Net [128] Evolution- 0(n?%) Small net- BSRP Locus-based encoding Premature convergence

ary works
LMOEA [37] Evolution- 0(n?) Overlapping BMRP Conlflicting objective handling Parameter sensitivity

ary
DPSO [30] Swarm 0(n?) Signed BSRP Negative edge handling Limited scalability
MSIG [147] Iterative 0(n?) Constructive BSRP Greedy Constructive Procedure Limited intensification
SFCSA [25] Hybrid O(knd) Attributed BLRP Node2vec + cuckoo search Feature dependency
CD-GNN [98] Emerging O(knd) Integrated BLRP Community-enhanced link prediction Framework com-

plexity

Incremental Approaches: Local Updates
DynaMo [185] Localized O(logk) Slow-evolving BMRP Handles 6 update types Global drift over time
Bouhatem [24] Localized O(An) Expanding BLRP Density optimization Fails during community fission
A-screening [179]  Localized O(Alogn) Batch updates BLRP Selective node reevaluation Blind to radical changes
FCDDCN [9] Global O(mlogn) Real-time BMRP Adjacency list updates CNM algorithm dependency
Incremental Approaches: Multi-objective
DYNMOGA [53] EMOO 0(gn?) Multiobjective ~BLRP NMI-modularity tradeoff Temporal inconsistencies
CCPSO [180] EMOO O(gn?) Consensus BLRP Temporal knowledge preservation Threshold sensitivity
MRDPSO [175] EMOO O(gn?) Enhanced BLRP De-redundant initialization Fails on community expansion
TCK-MBSO [40] EMOO O(gnz) Clique-aware =~ BLRP Clique structure transfer Dependency on clique existence
Incremental Approaches: Embedding Methods
NE2NMF [93] Matrix O(knd) Embedded BLRP 3rd-order temporal smoothness Embedding drift risk
CSDNMF [182] Matrix O(knd) Deep BLRP Graph regularization Undirected networks only
ECGNMF [177] Matrix o(n?) Multi-scale BMRP Micro-macro integration Regularization sensitivity
sE-Autoencoder Hybrid 0(n?) Semi- BLRP Nonlinear temporal modeling Requires initial community
[167] supervised count
Key:

Size Class: BSRP (Small <1k nodes), BMRP (Medium 1k-100k), BLRP (Large >100k)
Complexity: n=nodes, m=edges, k=communities, L=layers, g=generations, A=batch size
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3.7 Conclusion

This chapter outlines definitions of the community discovery problem across simple,
multiplex, and dynamic networks. It also reviews evaluation metrics for quantifying
detection quality, noting their role as potential fitness functions in optimization. The
chapter culminates in a call for a paradigm shift, proposing that future advancements
require a transition from traditional methods toward Next-Generation Hybrid Meta-
heuristics for Community Detection (HMCD). Central to this new paradigm is the
integration of network embedding techniques within HMCD frameworks.
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CHAPTER

AN ENHANCED BAT ALGORITHM USING CLUSTERING COEFFICIENT
FOR COMMUNITY DETECTION IN COMPLEX NETWORKS

Bio-inspired algorithms turn
distributed, simple behaviors into

powerful problem-solving systems.

4,1 Introduction

This chapter presents the Clustering Coefficient Discrete Bat Algorithm (CC-DBAT), a
new method for detecting communities in non-overlapping networks. CC-DBAT enhances
the standard DBAT by using the clustering coefficient to initialize solutions and employs
fast local move and random neighbor techniques to improve optimization. Tests on
synthetic and real-world data show it outperforms other bat algorithms and converges
faster.

4.2 Bat algorithm

The Bat Algorithm (BAT) is a meta-heuristic optimization technique inspired by the
sophisticated echolocation capabilities of microbats, developed by Yang[174]. The algo-
rithm models this biological phenomenon using a set of heuristic rules, as outlined in the
pseudocode provided in Algorithm 1:

* Echolocation enables distance perception and discrimination between prey and

barriers.
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COMMUNITY DETECTION IN COMPLEX NETWORKS

* Search is conducted through random flight with velocity V; at position Pos;, utiliz-
ing adjustable frequency (or wavelength) and a pulse emission rate Pr €[0,1] that
is contingent on the target’s proximity.

* The intensification of the search is controlled by increasing the pulse emission rate
and decreasing the loudness /ds as the bat converges on its prey.

The algorithm begins by initializing a population of bats, each with a defined position
(Pos;), velocity (V;), frequency (1), loudness (Lds), and pulse emission rate (Pr). These
parameters are then iteratively refined according to a set of update equations until a
predetermined maximum iteration count (Itermax) is satisfied.

<g.i :Fmin+(Fmin _Fmax),6 (4-1)
Vel =Vel™ +(Pospes — Posi (4.2)
Posi =Post™! +Ve§ 4.3)

Equation 4.1 uses a random value  (between 0 and 1) and the frequency bounds f,;»
and fy,q4x to calculate a new frequency. This frequency updates the velocity (Ve’;) and
position (Pos';f) for each dimension of the i** bat, guiding it toward the global best solution
(P0oSpest). Initially, the loudness (I ds?) and pulse emission rate (Pr(i)) are randomly set
within the ranges [1, 2] and [0, 1], respectively.

PoSpew =Posyig +loud? 4.4)
ldst™ = axlds! (4.5)
Pritt = Pri[1-exp™] (4.6)

4.7

4.2.1 Binary bat algorithm

While the standard Bat Algorithm (BAT) is designed for continuous-valued problems,
Nakamura et al.[113] extended it with Xin-She Yang to create the Binary Bat Algorithm
(BBA) for discrete, binary problems. In the BBA, the search space is modeled as an
n-dimensional hypercube. Each bat’s position is a Boolean array (a string of Os and 1s)
where each bit indicates the exclusion or inclusion of a specific attribute. The position is
updated and evaluated using a sigmoid function (Eq. (4.8)), as defined in Eq (4.9).
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- 1
S(wh)= ———,
1+exp i
1 ifS(u;'.) >p

0 Otherwise

(4.8)

(4.9

Algorithm 1 BAT algorithm

1: Generate the initial population of bats Pos.
2: Initialize velocity V; for each bat.

3: Initilize loudness /dsg, maximum number of iterations Iters,y, and pulse rate Pry .

4: repeat
5: for all bat in Population do
6: Update the velocity vector V; according to equation (4.2)
7: Update the position according to equation (4.3)
8: Generate a random number r; between 0 and 1.
9: if (Pr; <ri) then
10: Generate a local solution around one of the selected best solutions;
11: end if
12: Generate a random number r9 between 0 and 1.
13: if (r2 < lds; ) and (fitness(Pos;) < fitness(Posp.s; ) then
14: Accept the new solutions
15: end if
16: Increase Pr; and reduce Ids; (4.5)(4.6)
17: end for
18: Update the Best position Posbest

19: until (Maximum number of iterations is reached)
20: Return Posbest

4.3 The proposed algorithm

The CC-DBAT algorithm is specifically proposed to detect community structures in

complex networks by optimizing the modularity function. This approach is rooted in the

bat algorithm framework [174].

The CC-DBAT algorithm builds upon the concepts employed in the Discrete BAT-

Modified (DBAT-M) Optimization Algorithm [2]. However, it enhances the initial popula-
tion generation by using the clustering coefficient metric [170], with each bat’s position

represented through locus-adjacency representation [144]. These representations are
then decoded into valid partitions. The CC-DBAT algorithm iteratively updates the
position and velocity of each bat, employing the fast local move technique [122] and a

random neighbor community method [162] to refine solutions until no further improve-

ments in modularity can be achieved. A high-level overview of the CC-DBAT algorithm
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is presented in Algorithm 2, which is based on the foundational principles of DBAT-M
[2].

4.3.1 Problem definition

A network of community is modeled as a simple undirected graph G(V,E) 2.2.1. The
community detection problem with respect to G asks for a partition € ={C1,Csg,---,C}}
such that U’le C, =V and all subsets of ¢ are pairwise disjoint, that is, for all 1 <i <
J <k itholds that C;nC;=¢.

The commonly used metric in the context of community detection for evaluating the
quality of a given partition ¥ is the modularity function [116], is formally define in 3.15.

The objective of community detection is therefore to find a partition of the vertex set
Valso referred to as a graph clusteringinto disjoint communities that maximizes the
modularity measure 3.15.

Algorithm 2 CC-DBAT algorithm
Input: Graph G(V,E), loudness A, and pulse rate R
Output: Xbest

1: & — Generate the initial population of solutions X.
2: Initialize velocity vector 7; for each bat.
3: Xbest — argmax (Q(X;)IX; € X}
4: repeat
5: for all X; in & do
6: Update the velocity vector 7; according to equation (4.11)
7: Update the position vector X; according to equation (4.13)
8: Update a random number 1 between 0 and 1.
9: if (R <ry) then
10: X; — FastLocalMove(X;) > See algorithm 4
11: if (Q(X;) > Q(Xbest)) then X5t — Q(X;)
12: end if
13: end if
14: X .. — RandomNeighborCommunity(X;)
15: Generate a random number rg between 0 and 1.
16: if (A >rg9 and Q(X*) > Q(X;)) then
17: X i X,
18: end if
19: Increase R and reduce A
20: end for

21:  Update the Best position X %5t
22: until (Maximum number of iterations is reached)
23: Return X?¢st
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4.3.2 Generate initial population

An initial bat position is encoded using locus-adjacency representation, with each position
corresponding to a node in the graph. In this setup, each node v connects to a neighboring
node v, indicating they belong to the same community. Instead of linking to a random
neighbor, we use the clustering coefficient (CC) to connect each node to its neighbor with
the highest CC. The CC measures a node’s connectivity among its neighbors; the more
interconnected they are, the more likely they belong to the same community [144]. The
clustering coefficient of node v is defined as follows:

L,
=2X ——— 4.1
ce, x d.do-1) (4.10)

Here, d, denotes the degree of node v, and L, is the total number of links among v’s
neighbors, excluding itself. The clustering coefficient CC, ranges from O to 1, where
CC, =0 indicates no links among neighbors and CC, =1 signifies that all neighbors are
interconnected.

The initialization process for each bat position includes:

Randomly select a node v.

Select the neighbor u with the highest CC.

If multiple neighbors share the highest CC, select one randomly.

If d, =1, associate v with u.

If d, =0, assign v to a singleton community.

We use the genotype to refer to the locus-based adjacency representation. After
initializing the bat positions, a decoding process [150] is conducted to obtain a valid
partition, as shown in Fig. 4.1. The process of decoding is outlined in Algorithm 3.

4.3.3 Update velocity and position

In the original algorithm, velocity is defined as the difference between the current
individual’s position and the position of the current best individual. However, in a discrete
encoding scheme, this difference cannot be computed directly through subtraction. To
address this, a new velocity formula based on the XOR operation between the current
individual and the current best individual has been introduced in [156]. Conceptually,
each bat updates its velocity by learning from the current best solution. This learning
process essentially involves comparing the two positions. The XOR operation effectively
captures the discrepancy between two network partitionssince each bat represents one
such partition. For example:
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Algorithm 3 Decode of genotype
Input: Genotypeln]
Output: X

1: current_community — 1
2: for each i in 1 to n do
3: X, —-1
4: end for
5: for each i in 1 to n do
6: Label —1
7: if X; = -1 then
8: X; —current_community
9: neighbor — Genotypelil
10: Previousrapel — 1
11: label —label +1
12: while Xneighbor =-1do
13: previousigpe; — neighbor
14: Xneighbor —current_community
15: neighbor — Genotypeneighbor
16: label —label +1
17: end while
18: if X, eighbor # current_community then
19: label —label -1
20: while label =1 do
21: Xpreviouslabel ‘_Xneighbor
22: label —label -1
23: end while
24: else
25: current_community — current_community +1
26: end if
27: end if
28: end for

29: number_of _community — current_community
30: Return X
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Figure 4.1: Locus-based adjacency representation and the correspondent solution after decoded
the solution

e If X; =X (where X is the current best individual) then X; # X =0
e IfX; #X ,then X; 0 X =1.
The position and velocity of each individual is described as follow :

* The velocity 7 is formally defined as follow [156]:

Vi=r s (X e XD (4.11)

1 ifrand()<Sig(})
0 ifrand()ZSig(Vit)

AR

14

(4.12)

¢ For update the positions:

Xt ifrh=0
X;=4X! if¥},=1randOzr; (4.13)
Xpew if7/ifi =1, rand()<r;

4.3.4 Fast Local Move Procedure

We enhance CC-DBAT by integrating the Fast Local Move (FLM) heuristic, a core compo-
nent of the Louvain Prune Algorithm [122], as a replacement for the conventional local
search (LS) procedure. This heuristic has been demonstrated to reduce computational
time by up to 90 % compared to the original method while maintaining solution quality.
FLM strengthens the algorithm’s intensification capability, having been successfully
employed as a reconstruction phase in an iterated greedy algorithm for community
detection [160].
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Algorithm 4 outlines the steps of this process. Initially, a set L is initialized with all
nodes from V. The algorithm then iterates over the elements of L in random order until
the set is empty and no further modularity improvement is possible. In each iteration, a
node v is selected uniformly at random from L. The modularity gain AQ is computed
for moving v to every neighboring community that contains at least one adjacent node.
The community C?¢5* that yields the highest gain is selected as the new community for
v (lines 710). Subsequently, all neighbors of v that do not belong to Cbest and are not
already in L are added to L (lines 1415).

The modularity gain AQ(v,C) resulting from assigning node v to community C is
defined as follows [16, 122]:

dv ) ZuEC du
2m?

where [N, NC| represents the number of neighbors of node v that belong to community

AQ(,C)=|N,nC|- (4.14)

C, and ) ,ccd, is the sum of degrees of all nodes in C.

Algorithm 4 Fast_Local__Move procedure.
Input: Sy, L
Output: S
1: while (L is not empty) do

2: Select a node v uniformly at random from L.
3: L —L\{v}
4: Sy, —{C|CeSy,N,nC # @} > N, represents the open neighborhood of vertex v
5. AQ' — max {AQ(v,C)|C € S,}
6:  if (AQ®! > 0) then
7 Cbest — argmax {AQ(v,C)|C € S,}
8: Let C, represents the community associated with node v.
9: Cbest - Cbest u{v}
10: Cy, —Cy\{v}
11: if (C, is empty) then
12: So— Sy \{C,}
13: end if
14: P — N, \ Cbest
15: L—Lu(P\L)
16: end if
17: end while
18: S — Sy

19: Return S ={C1,C,Csg,...,Cp}

4.3.5 Random neighbor community

Two key search mechanisms intensification and diversification are effectively balanced
in the CC-DBAT algorithm, enhancing its ability to achieve high-quality partitions. This
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phase generates random solutions by relocating nodes into neighboring communities
selected at random [162]. According to the authors, choosing a random neighbor for
the Louvain algorithm serves several purposes. This modification reduces the method’s
greediness, increasing its ability to explore the solution space. The strategy is efficient
as it leverages the network structure: since a node is likely to belong to a community
containing many of its neighbors, randomly selecting a neighbor’s community is probably
a good choice. Formally, the selection probability for any community is proportional to
the number of connections the node has within it (L(i, ¢)/d;). This ensures that "better"
communities (those with more connections) are sampled more frequently, allowing the
algorithm to concentrate on the most promising options without the computational cost
of evaluating every single one.

Algorithm 5 Select the random neighbor community.
function RANDOM NEIGHBOR COMMUNITY(Node i)
return random o € {0; | (ij) € E(G)}
end function

4.4 Experimental Evaluation

This section highlights the outcomes produced by the CC-DBAT algorithm, along with a
detailed analysis of the computational experiments conducted to evaluate its performance
against two established algorithms within the same metaheuristic framework: the
DBAT-M algorithm [2] and the DBAT algorithm [156], both of which are based on the
bat algorithm. The analysis incorporates both real and synthetic networks to provide
a comprehensive assessment.For the real networks, the performance metrics for the
DBAT-M and DBAT algorithms are sourced from their original publications, ensuring
a valid comparison. In contrast, for the synthetic networks, where no existing results
were available, we undertook the task of reimplementing these two metaheuristics.
This allowed us to rigorously evaluate their performance across a variety of generated
instances. All algorithms were implemented in Python with the NetworkX package. The
experiments were run on an Intel Core i5-13600KF CPU (5.1 GHz) with 16 GB RAM,
using the Ubuntu 22.04 LTS operating system.

4.4.1 Problem instances

The evaluation set comprises both real-world networks and synthetic networks, the
latter generated based on specific parameters.
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4.4.1.1 Real-world networks

The first category comprises eight real networks that have been widely tested across
various algorithms. These networks vary in size, classified from smallest to largest
as follows: the Train Bombing Network (22 nodes) [88], the Windsurfers Network (30
nodes)[88], Zachary’s Karate Club (34 nodes)[178], the Taro Exchange (42 nodes)[88],
the Dolphins Social Network (62 nodes)[103], the Co-purchased Political Books network
(polbooks) (105 nodes)[115], the American College Football Network (115 nodes)[59], and
the Jazz Musicians Network (198 nodes)[60].

4.4.1.2 Synthetic Networks

The performance of the CC-DBAT algorithm was further assessed using established syn-
thetic benchmark networks: the Girvan-Newman (GN) [116] and LFR [90] benchmarks]1.
Two sets of benchmarks were generated, each consisting of seven distinct networks. The
parameter configurations for these networks are summarized in Table 4.1.

Table 4.1: Parameter settings of GN and LFR benchmark networks

Network LFR GN

N 1000 128
Kavg 15 16
Koox 50 16
MinC 10 32
MaxC 50 32

u 0.05-0.7 0.1-0.5
01 2 2

05 1 1

4.4.2 Evaluation criteria

Two standard metrics were used to evaluate the effectiveness of the proposed approach:
modularity (@) 3.15 and Normalized Mutual Information (NMI)3.8.

4.4.3 Results and Discussion
4.4.3.1 Convergence analysis

The increase in modularity values for all algorithms was examined to analyze the
convergence behavior of the CC-DBAT algorithm in comparison to other bat-based
metaheuristics. For this analysis, the polbooks network was selected, as shown in Fig.
4.2. The x-axis indicates the number of iterations performed by the algorithm, while
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Table 4.2: Experimental results of CC-DBAT and the compared algorithms on real networks

Networks Criterion DBAT DBAT-M CC-DBAT
Qmax 0.4043 0.4020 0.4198
Qav 0.4020 0.4020 0.4198
Karate Qstdg 0.0003 0.0 0.0
NMI 0.6994 0.6873 0.6872
Time(s) 4.18 3.152 2.9
Qmax 0.5277 0.5277 0.5161
. Qav 0.5266 0.5257 0.5153
Dolphins Qstdg 0.0005 0.001 0.0003
NMI 0.5792 0.6454 0.4316
Time(s) 9.5 7.11 5.8
Qmax 0.5937 0.600 0.5763
Quav 0.5917 0.5857 0.5695
Football Qstdg 0.006 0.005 0.004
NMI 0.8292 0.8722 0.7432
Time(s) 25.98 18,05 15.07
Qmax 0.4794 0.5264 0.5264
Quv 0.4631 0.5264 0.5264
Polbooks Qstj 0.02 0.00 0.00
NMI 0.4800 0.5956 0.5956
Time(s) 17.87 12.59 12.10
Qmax 0.4241 0.4532 0.4543
Taro exchange Qavg 0.3871 0.3982 0.4543
Qsta 0.02 0.04 0.00
Time(s) 5.7 2.97 2.53
Qmax 0.2600 0.2779 0.3130
Windsurfers Qavg 0.2433 0.2650 0.3099
Qsta 0.01 0.017 0.0014
Time(s) 10.7 5.6 5.4
Qmax 0.4291 0.4315 0.4323
Train-bombing Qavg 0.3571 0.4117 0.4318
Qsta 0.07 0.01 0.0003
Time(s) 15.43 6.9 7.04
Qmax 0.3891 0.4431 0.4447
Jazz Quvg 0.3421 0.4414 0.4447
Qsta 0.021 0.004 0.0
Time(s) 50.86 36.75 35.89

the y-axis represents the corresponding modularity values, reflecting the quality of the
detected community structures at each iteration. The illustration indicates that the
CC-DBAT technique reaches the global optimum within just a few iterations.
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Figure 4.2: The convergence analysis of the CC-DBAT, DBAT, and DBAT-M algorithms on the
Polbooks network.

4.4.3.2 Performance on real-world networks

The proposed CC-DBAT algorithm was evaluated by comparing its performance against
other bat-based methods on a range of real-world networks. Each method was executed
independently 10 times for every instance. Table 4.2 presents the results of various bat-
based algorithms, detailing the maximum modularity (@ ,...), the average modularity
(Ravg), and the standard deviation of modularity values (Q,;q) to summarize their
performance.

Additionally, it provides the maximum NMI values for four networks with known
community structures. As shown in Table 4.2, the CC-DBAT achieved competitive results
on all networks except for the Football and Dolphins networks. Notably, the CC-DBAT
consistently reached the best modularity values with high stability compared to the other
metaheuristics, DBAT and DBAT-M. Furthermore, the CC-DBAT effectively detected
high-quality community structures in real networks with established ground truths.

4.4.3.3 Performance evaluation on synthetic networks

The synthetic networks, having known community structures, allow us to use NMI as
the evaluation criterion. It is important to note that as u increases, defining a valid
partition becomes more challenging. We executed all the compared algorithms with ten
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independent runs on each GN and LFR network. As shown in Fig. 4.3, the CC-DBAT
algorithm successfully reveals valid partitions in all GN networks where u < 0.45, as the
NMI value equals one. The CC-DBAT also detects high-quality partitions when p = 0.5.
The results for the LFR networks, as depicted in Fig. 4.4, show that all BAT-based
meta-heuristics can accurately define the valid community structure of networks when
1 < 0.35. Our technique can reveal a good partition even as u increases. Therefore, the
CC-DBAT significantly outperforms the DBAT-based methods on synthetic networks.

NMI

-m— DBAT_M
—m— DBAT
0.0 4 —#— CC-DBAT

T
0.1 0.2 0.3 0.4 0.5
Mix parameter p

Figure 4.3: The maximum NMI achieved by the DBAT-M, CC-DBAT, and DBAT algorithms on
GN networks.

4.5 Conclusion

This chapter introduces the Clustering Coefficient Bat Algorithm (CC-DBAT), a novel
hybrid metaheuristic for detecting communities in complex networks. CC-DBAT ini-
tializes the population using node clustering coefficients and refines it through a fast
local move heuristic and a random neighbor strategy, fostering solution diversity and
rapid convergence. Evaluations on both synthetic and real-world networks confirm
its competitive performance against established bat algorithm variants for community
detection, focusing specifically on non-overlapping communities.
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Figure 4.4: The maximum NMI achieved by DBAT-M, CC-DBAT, DBAT algorithms on LFR
networks.
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CHAPTER

COMPLEX NETWORK COMMUNITY DISCOVERY USING FAST LOCAL
MOVE ITERATED GREEDY ALGORITHM

An algorithm must be seen to be
believed.Donald Knuth

5.1 Introduction

This chapter presents the Fast Local Move Iterated Greedy (FLMIG) algorithm for
detecting communities in complex networks. FLMIG is an enhancement of the Iterated
Greedy framework, augmented with the Louvain Prune heuristic to maximize modularity
for non-overlapping communities. The algorithm’s strength lies in its fusion of the
Fast Local Move technique’s efficient local search with a robust iterative refinement
process involving destruction and reconstruction. The chapter’s structure includes a
discussion of the iterative greedy framework, a detailed outline of the FLMIG design,
a computational complexity analysis, and extensive experimental validation. These
experiments benchmark FLMIG against leading methods like Leiden, Iterated Carousel
Greedy, and Louvain Prune, demonstrating its scalability, parameter efficiency, and
strong performance on large-scale networks.
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5.2 Iterated Greedy

5.2.1 Greedy Construction Heuristics

Constructive algorithms build solutions incrementally from an empty starting point.
These methods iteratively extend a partial solution by adding new components until a
complete solution is formed. The selection of the next component to add is guided by
a heuristic function that estimates the benefit of each candidate addition. A basic yet
widely used variant is the greedy algorithm, which consistently selects the component
with the highest heuristic value at each step, as described in Algorithm6.

Greedy construction heuristics are widely employed in combinatorial optimization
for several reasons. They are computationally efficient and yield solutions substantially
better than those generated randomly or by simple stochastic methods. Moreover, they
serve as highly effective initializers for more advanced metaheuristicssuch as iterative
improvement, tabu search, simulated annealing, and memetic algorithmsand provide
the foundational structure for sophisticated approaches like GRASP[51], Ant Colony
Optimization (ACO)[46], and squeaky wheel optimization[76].

Algorithm 6 Greedy_ Constructive_Heuristic
1: S—0¢
2: while S is an incomplete solution do
3: Select the highest-rated solution component, C,.
4
5

S—8S+Cp
: end while

5.2.2 Iterated Greedy Framework

The core principle of the Iterated Greedy (IG) algorithm is to iteratively apply a greedy
construction process. It begins by generating an initial complete solution and then enters
a main loop composed of two phases: destruction and construction. In the destruction
phase, a portion of the current solution is removed, resulting in a partial solution.
The subsequent construction phase uses a greedy heuristic to rebuild a new complete
solution from this partial one. Finally, an acceptance criterion determines whether
the new solution or the original one is used for the next iteration. Renowned for its
simplicity, IG is a stochastic iterative process that relies on few control parameters
and operates effectively without extensive problem-specific customization, unlike more
complex metaheuristics.

Originally proposed by Ruiz and Stiitzle[143] for permutation flow shop scheduling,
the IG framework has since proven highly successful in tackling a broad spectrum of
NP-hard combinatorial optimization problems [102]. This includes community detection
in networks [84, 94, 147] and various other graph-based problems[21-23, 32].
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As outlined in Algorithm 7, a typical IG algorithm starts by generating an initial
solution. It then enters its main loop, which repeatedly executes the three key procedures:
Destruction, Construction, and AcceptanceCriterion. It is important to note that the
construction heuristics used for generating the initial solution and for the reconstruction
phase within the loop can be distinct, potentially employing different greedy strategies.

Algorithm 7 The iterated greedy framework

1: S — Generate_Initial__Solution

2: repeat

3 SP —Destruction_Solution (S)

4: S* — Reconstruction_Solution (S%)

5 S — Acceptance_ Criterion (S*,S)

6: until (Termination condition is satisfied)
7: Return S

5.3 Proposed approach

We introduce the Fast Local Move Iterated Greedy (FLMIG) algorithm, an approach
grounded in the Iterated Greedy (IG) framework [143], designed to address the com-
munity detection problem by maximizing the modularity metric. The formal definition
of this problem is provided in the previous chapter 4.3.1. As outlined in Algorithm 8,
the method begins by generating an initial solution via the Generate_Initial_Solution
procedure, which employs the Fast Local Move (FLM) heuristic [122]. This initial solu-
tion then undergoes repeated cycles of destruction and reconstruction until a predefined
termination condition is met.

During the destruction phase (line 4), the Destruction_Solution procedure partially
dismantles the current solution by randomly removing certain nodes and reassigning
each to its own singleton community. This intentional perturbation helps escape local
optima and encourages exploration of new regions in the solution space.

The subsequent reconstruction phase (line 5) uses the Reconstruction__Heuristic to re-
build the solution, reintegrating singleton communities into more promising neighboring
communities. FLMIG enhances this process by incorporating an advanced variant of
the Louvain Prune algorithm [122] and introduces an additional refinement step to re-
solve locally disconnected communities, thereby accelerating convergence and improving
efficiency.

Finally, the Select_ Next_Solution procedure (line 6) decides whether to accept the
newly reconstructed solution for the next iteration, completing one full cycle of the
algorithm.
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Algorithm 8 Fast local move iterated greedy algorithm

Input: Graph G(V,E)
Output: S%¢* = {C1,Cs,Cs3,...,Cp}
S — Generate__Initial_Solution (G)
Sbest S
repeat
(Sdest [dest) __Destruction_Solution (S)
S* — Reconstruction_ Heuristic (S@est [, dest)
S «— Select__Next_Solution (S*,S)
if (Q(S) > Q(S%¢!)) then
Sbest -8
end if
until (Termination condition is satisfied)
: Return Sbest

—
= o

> See algorithm 9

> See algorithm 10
> See algorithm 11
> See algorithm 12

Figure 5.1 presents a graphical example of the various components of the FLMIG

algorithm as applied to the karate club network.

5.3.1 Generate_Initial_Solution procedure

Similar to other Iterated Greedy (IG) approaches, the FLMIG algorithm initiates by
constructing an initial solution through the Generate_ Initial_Solution procedure (Algo-

rithm 9). This method initially assigns each node i € V to its own single-node community

C;, resulting in a trivial partition comprising n such communities. This preliminary

solution is then refined using the Fast__Local_Move procedure (line 6), which efficiently

generates a high-quality initial solution. A detailed explanation of this process is pro-

vided in Algorithm 4.

Algorithm 9 Generate_ Initial_Solution procedure

Input: Graph G(V,E)

Output: S ={C1,C9,Cs,...,C}

So—¢

for each node v eV do
Create a new community C, containing a single node v.
SO h SO ) {Cv}

end for

S —Fast__Local_Move(Sy,V)

Return S

> See algorithm 4

5.3.2 Fast__Local_Move procedure

The Fast__Local__Move procedure (Algorithm 4.3.4) is integrated into the greedy heuristic

to construct solutions, both from scratch and during the reconstruction of partial so-
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Figure 5.1: A visual representation of the individual elements of the FLMIG algorithm, demon-
strated on the Karate Club network.

lutions. To promote diversity, the method incorporates randomization. As detailed in
Algorithm 4, the set L is initialized with all nodes from V for building an initial solution,
but is limited to the removed nodes when rebuilding a partial solution.

5.3.3 Destruction_Solution procedure

The incumbent solution is encoded using a vector representation, where communities
are serialized into a single vector of length n. Each element in the vector corresponds
to a node in the graph, and its value denotes the community assignment for that node.
A key component of our method is the destruction phase, in which a subset of nodes
is removed from the current solution to promote broader exploration of the solution
space. The extent of removal is controlled by the destruction rate 8, where 0 < 8 < 1.
Specifically, [B-n] nodes are randomly selected and extracted from the solution vector.
These removed nodes are collected into a set L€, identifying them as candidates likely
to change their community membership during reconstruction by merging into adjacent
communities.

It is important to note that the value of B significantly influences the balance between
intensification and diversification. A small f may restrict exploration, while a larger
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B introduces greater randomness, potentially enhancing diversity but reducing local
refinement.

Algorithm 10 Destruction_Solution procedure
Input: Graph G(V,E),S ={C1,C5,Cs,...,Ct}, and B€[0,1]
Output: S9! = {C{est Cgest Cdest, .., Coet), <k
LV
. Ldest — @
n—|V| > Number of nodes in V
:fori=1to [B-n] do
Let v and C,, be a randomly chosen node from set L and its current community, respectively.
L —L\{v}
Ldest - Ldest u{v}
Cy —Cy\{v}
if (C, is empty) then
S —S\{Cy}
end if
: end for
. Sdest -8
. Return Sdest [ dest

S A A

= e e

5.3.4 Reconstruction_Heuristic procedure

As outlined in Algorithm 11, the reconstruction phase is executed in two main steps.
First, the Fast_Local_Move procedure is applied to the partially destroyed solution S#¢5,
using the set L%estwhich contains nodes removed during the destruction phaseto guide
the reconstruction. While this step efficiently restores solution quality, it may produce
locally disconnected communities [163], wherein not all nodes within a community are
mutually reachable. Detecting and resolving such disconnections is critical for ensuring
the accuracy of the community structure.

The second step involves an enhanced version of the Louvain Prune algorithm [122],
which includes a refinement procedure aimed at repairing poorly connected communities.
A community is deemed well-connected if every pair of nodes within it is linked by a path.
The refinement procedure assesses the connectivity of each community and, if disconnec-
tions are found, splits it into well-connected subcommunities. These subcommunities
are then considered for re-merging via a local move heuristic, with both modularity and
connectivity reevaluated.

Following refinement, communities are aggregated into supernodes to form a com-
pressed representation of the graph. This aggregation step merges all nodes belonging to
the same community into a single supernode, with inter-community edges updated to re-
flect original connections. This hierarchical compression not only accelerates subsequent
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processing but also ensures consistent community quality across scales.

The enhanced Louvain Prune algorithm repeats these stepsrefinement, aggregation,

and modularity optimizationacross hierarchical levels until no further modularity gains

are achievable.

Algorithm 11 Reconstruction_Heuristic procedure

S A A

Input: Graph G(V,E), S%st and Ldest

Output: S
S —Fast_Local_Move(S@est [ dest) > See algorithm 4
repeat
q —Q(G,S)
S* —Refinement_procedure(S) > Ensures that every community is internally connected
G —Aggregate(G,S™) > Aggregate nodes into communities
S — put each node of G in its own community
S —Fast__Local_Move(S,V) > See algorithm 4
until (¢ >=Q(S,G)) > No further modularity improvement
Return flat solution S > Return a non-hierarchical solution, removing the aggregation

Empirical evaluations on both real and synthetic networks indicate that the refine-

ment procedure is primarily necessary for large instances. In smaller networks, no

locally disconnected communities were observed after applying Fast_Local_Move. A

summary of instances where refinement was invoked is provided in Table 5.1.

Table 5.1: Networks where the refinement_procedure was invoked.

Networks Was the Refinement__procedure invoked?

Karate
Dolphins
Polbooks
Football
lesmis
Adjnoun
Jazz
Metabolic
NetScience
PGP
As-22july06
com-DBLP
com-Amazon

NN X X X X X X X x X
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5.3.5 Select_Next__Solution procedure

Following reconstruction, the algorithm determines whether to adopt the newly gener-
ated solution or retain the current one for the next iteration. This acceptance decision
follows a criterion inspired by Simulated Annealing [158, 164]. Even when the new
solution exhibits inferior quality, it may still be accepted with a specified probabilitypar-
ticularly during earlier stages of the searchto facilitate escape from local optima. This
mechanism mirrors the core principles of simulated annealing, incorporating probabilis-
tic acceptance and a gradually decreasing temperature parameter to balance exploration
and exploitation throughout the optimization process.

A new solution S* is accepted if it has higher modularity than the current solution S,
ie., Q(S*)>Q(S). If S’ is not better, it can still be accepted with a probability given by:

Q(S*)—Q(S))
T

The temperature parameter T, which decreases over time according to a predefined

p(T,S,S*):exp( (5.1)

cooling schedule, plays a central role in this simulated annealing-inspired acceptance
mechanism. Following the methodology established by Stiitzle [158], the initial tem-
perature is set to T' = 0.025- Q(Sbest) where Q(S%¢5) denotes the modularity of the
best-known solution. A geometric cooling schedule is then applied, multiplying T by a
factor of 0.9 after each iteration. As T decreases, the probability of accepting inferior
solutions diminishes, shifting the search emphasis from exploration (accepting worse
solutions to escape local optima) to intensification (refining high-quality solutions). This
balance enhances both the diversity and final performance of the algorithm. Pseu-
docode for the Select__Next_Solution procedure is provided in Algorithm 12; note that
temperature initialization is omitted in Algorithm 8 for readability.

Algorithm 12 Select_ Next_ Solution procedure
Input: The current solution S and the newly generated solution S*.
Output: S
if (@(S*)=Q(S)) then
S—8*
else

po — random number uniformly distributed over [0, 1].
if (p(T,S,S*)=pg) then > See equation 5.1 for the definition of p(T,S,S*).
S—S8*
end if
end if
T—Tx0.9 > Reduce temperature
Return S

S I A

-
e
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5.3.6 Time Complexity Analysis

This section details the time complexity analysis of the proposed FLMIG algorithm for a
network with nn nodes and mm edges. The analysis covers its three core components:

* The Fast_Local_Move procedure has a complexity of O(n - k), which simplifies to
O(m), where k is the average number of neighboring communities per node.

¢ The Destruction_Solution procedure operates in linear time, O(n).

® The Reconstruction_Heuristic, based on the Louvain Prune algorithm, also has
a complexity of O(m)[122].

The overall time complexity of the FLMIG algorithm is determined by the sum of its
components multiplied by the number of iterations (I7) in the main loop, resulting in:

Om)+IT-(O(n)+0(m))=0UT-(m+n))

This indicates that the algorithm’s runtime scales linearly with the number of itera-
tions and the size of the network (nodes and edges).

5.4 Experimental Evaluation

5.4.1 Preview of implementation and tuning of algorithms

All experiments were executed on an Intel Core i5-13600KF CPU clocked at 5.1 GHz
with 16 GB of RAM, running Ubuntu 22.04 LTS. The algorithms were implemented
using the following Python packages:

¢ Fast Local Move Iterated Greedy (FLMIG) and Iterated Carousel Greedy
(ICG): . Leiden (LDN): 2. Louvain Prune (LVNP): 3.

5.4.2 Problem instances

A comparative analysis was conducted to assess the efficiency of the Fast Local Move
Iterated Greedy (FLMIG) algorithm relative to the Leiden (LDN) [163], Louvain Prune
(LVNP) [122], and Iterated Carousel Greedy (ICG) [84] algorithms. The evaluation was
performed on a suite of real-world and synthetic benchmark problems.

5.4.2.1 Real-world networks problems

First, we performed our experiments on widely recognized real-world datasets, with their
characteristics outlined in Table 5.2.

1https:// github.com/salahinfo/Iterated-greedy-algorithm-for-community-detction.git
2 https:/github.com/vtraag/leidenalg
3https:/github.com/salahinfo/Prune_louvain-algorithm.git
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Table 5.2: Overview information of real-world networks

Class Dataset [V | E | Avg degree  Avg CC
Karate [178] 34 78 4.588 0.588

BSRP Dolphins [103] 62 160 5.129 0.2859
Football [59] 115 613 10.661 0.4033
Jazz [60] 198 2742 27.70 0.633
Polbooks [115], 105 441 8.4 0.4875
lesmis [82] 77 254 6.597 0.736

BMRP Adjnoun [115] 112 425 7.589 0.190
Metabolic [47] 453 2040 8.940 0.655
NetScience 1589 2742 3.451 0.6377
[115]

BLRP PGP [20] 10680 24316 4.5 0.2659
As-22july06 22963 48436 4.21 0.2304
[117]
DBLP [92] 317080 1049866 5.530 0.732
Amazon [92] 334863 925872 6.622 0.430

5.4.2.2 Synthetic networks problems

Synthetic experiments were conducted using Lancichinetti-Fortunato-Radicchi (LFR)
benchmark networks [90]1. We generated four sets of LFR benchmarks, each containing
seven distinct networks. The parameters for these benchmarks are detailed in Table 5.3.
These benchmarks are organized into three main classes:

* Benchmark sets of small-scale synthetic problems (BSSP)
¢ Benchmark sets of moderate-scale synthetic problems (BMSP)

* Benchmark sets of large-scale synthetic problems (BLSP)

Table 5.3: The classes of synthetic problem set size

Networks BSSP-a BSSP-b BMSP BLSP

N 103 10° 10* 10°
Kavg 15 15 15 15
Komax 100 50 50 50
MinC 20 10 10 10
MaxC 100 50 50 50
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54.3 Algorithm tuning

The optimal performance of the FLMIG algorithm relies heavily on the effective tun-
ing of parameters 8 and nbr,the source code of the FLMIG algorithm is available at
https:/github.com/salahinfo/FLMIG_algorithm.

To determine optimal parameter values, we performed extensive testing on multiple
real-world networks. This process was instrumental in identifying the most effective
settings for the destruction rate 8, with results showing consistent performance across
diverse networks. For instance, we evaluated the Lesmis network under 8 values ranging
from 0.1 to 0.9, analyzing their impact on both modularity and computational time. For
each f configuration, we recorded the average modularity to quantify its effect.

A termination criterion r was established to limit the maximum number of iterations
nbr without modularity improvement. The value of r was set according to network
size: 100 for small networks, 50 for medium-sized networks (e.g., Netscience, PGP,
As-22july06), and 10 for larger networks (e.g., DBLP, Amazon).

The influence of different § values is illustrated in Figures 5.2(a) and 5.2(b). Detailed
parameter configurations for each network are provided in Table 5.4, while parameters
for comparative methods are listed in Table 5.5. This systematic parameter analysis
significantly enhanced the performance of the FLMIG algorithm.

0.56000 - P

0.55975 - s
0.55950 ’ ,

0.55925 - J b

Q_value

055900
055875 1 ) e
0.55850 - 0.50 4 »
0.55825 .

0.55800 - r

T T T T T T T T T T T T T T T T T T
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Beta value Beta value

((a)) The impact of g values on the modularity value. ((b)) The impact of § values on the computational time

5.5 Results and Discussion

5.5.1 Performance on real-world networks

A comparative analysis was performed to assess the efficiency of the FLMIG algorithm
relative to the LDN, LVNP, and ICG algorithms in solving the BSP, BMP, and BLP
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Table 5.4: Calibration of the FLMIG algorithm’s parameters.

Networks Parameters and Values
Karate B=0.5,nbr=100
Dolphins B=0.7, nbr =100
Football B=0.5,nbr=200

Polbooks B=0.4, nbr =200
Adjnoun B=0.5,nbr=300
Lesmis B=0.4,nbr=200
Metabolic B=0.5,nbr=300
Netscience  $=0.5, nbr =100

PGP B=0.5nbr=100
As- B=0.5,nbr=100
06jully22

com- B=0.4, nbr =20
Amazon

com-dblp B=0.4, nbr =20

Table 5.5: The established parameter sets for the comparative algorithms.

Algorithm Parameters Value Description

ICG B 0.5 Destruction rate
nbr 300 Number of iteration
P, 200 Initial population

problems. The evaluation metrics included the maximum, mean, and standard deviation
of the modularity value (Q) obtained from 10 independent trials.

The findings for the BSRP, BMRP, and BLRP problem sets are summarized in Ta-
bles 5.6, 5.7, and 5.8. Each table presents the aforementioned Q-value statistics for
every dataset and algorithm, concluding with the computational time. The statistical
comparison involved a two-step procedure: the Kruskal-Wallis test initially determined
if significant differences existed among the algorithms across datasets. Following a
significant result, Dunns test with Bonferroni adjustment was conducted to identify the
specific pairwise differences, thereby offering a detailed performance comparison.

5.5.1.1 Performance on small-scale real-world problems (BSRP).

As shown in Table 5.6, FLMIG consistently outperformed the other algorithms on the
smaller problem sets. It recorded the best modularity values for the Karate, Dolphins,
Football, and Jazz datasets, with minimal variability between runs, confirming its
stable and effective performance. LDN closely matched FLMIG’s top scores with high
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Table 5.6: Algorithm performance on small real-world problems (BSRP). Results show the Best,
Avg, and Std for FLMIG, LDN, LVNP, and ICG. The best values for Best and Avg are highlighted
per case.

Algorithm Karate Dolphins Football Jazz
BEST 0.419800 0.528600 0.604600 0.445200
FLMIG AVG 0.419718 0.526873 0.603355 0.445073
STD 0.000271 0.001781 0.002721 0.000142
Time 0.0035 0.0081 0.0171 0.0864
BEST 0.419800 0.526900 0.604600 0.445200
LDN AVG 0.419800 0.526900 0.604600 0.445064
STD 0 0 0 0.000234
Time 0.0033 0.0061 0.0174 0.01130
BEST 0.419800 0.527800 0.604600 0.445200
LVNP AVG 0.412791 0.520236 0.603709 0.443264
STD 0.010817 0.003767 0.001728 0.003357
Time 0.0013 0.0024 0.0074 0.0687
BEST 0.419800 0.528600 0.604500 0.445200
1cG AVG 0.419800 0.528600 0.603727 0.445145
STD 0 0 0.000618 0.000121
Time 3.4006 6.2010 11.5020  19.8067
KW Test H-statistics 17.2094  30.0237 18.8160 11.4031
P-value 0.000600 0.000001 0.000200 0.009700
FLMIG-
LDN 1 1 0.346400 1
FLMIG-
DeB Test LVNP 0.015900 0.030000 1 0.249700
FLMIG-
10G 1 0.040000 0.185800 1
LDN-LVNP 0.002500 0.159400 0.007200 0.080200
LDN-ICG 1 0.007500 0.000300 1
LVNP-ICG  0.002500 O 1 0.007600

consistency, though its average results were slightly lower and it was computationally
slower. Conversely, LVNP delivered weaker results than both, particularly on the Karate
and Dolphins datasets. However, LVNP’s results showed higher variability. Its principal
advantage was speed, as it achieved the lowest execution times. ICG produced mixed
outcomes; while it matched FLMIG’s accuracy on Karate and Dolphins, its performance
dropped on Football. Furthermore, despite its competitive accuracy, ICG was the slowest
algorithm by a significant margin, reducing its overall efficiency.

Statistical Significance: The Kruskal-Wallis test validated significant differences
in algorithm performance. Subsequent analysis (Dunns test with Bonferroni correction)
showed that FLMIG and LDN are statistically superior to LVNP and ICG.

Conclusion: For smaller datasets, FLMIG is the recommended algorithm due to
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Figure 5.3: Performance on small-scale real-world problems (BSRP).

its optimal balance of high accuracy and efficiency. LDN is a strong, slightly slower
alternative. LVNP prioritizes speed, and ICG is ineffective due to its high computational
cost. See Figure 5.3 for a visual summary. The execution time of FLMIG is quite low
compared to the other algorithms, making it an efficient choice.

5.5.1.2 Performance on moderate-scale real-world problems (BMRP).

The evaluation on moderate-sized problem sets, as shown in Table 5.7, establishes
FLMIG’s strong performance. The algorithm secured the optimal result on three out
of four datasets with minimal deviation, demonstrating robust performance. A slight
increase in variability was observed solely on the Adjnoun dataset.

LDN closely matched FLMIG’s performance on the Polbooks and Lesmis datasets but
showed a slight decline on the more complex Metabolic and Adjnoun networks. Despite
this, it maintained stable results and fast computation. In contrast, LVNP consistently
yielded the weakest accuracy and highest result variability, though it was the fastest
algorithm. While ICG produced solid resultseven rivaling FLMIG’s performance on the
Polbooks and Lesmis datasetsit was consistently slower than the other algorithms. Its
slightly lower accuracy on the Metabolic and Adjnoun problems, combined with this high
computational cost, diminished its overall competitiveness.
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Table 5.7: Algorithm performance on moderate-scale real-world problems (BMRP). Results (Best,
Avg, Std) for FLMIG, LDN, LVNP, and ICG. The top-performing values for Best and Avg in each
case are highlighted.

Algorithm Polbooks Lesmis Metabolic Adjnoun
BEST 0.527300 0.560100 0.454000 0.311000
FLMIG AVG 0.527218 0.560100 0.449573 0.304227
STD 0.000098 0 0.003775 0.005929
Time 0.0170 0.0074 0.1718 0.0175
BEST 0.527300 0.560100 0.445900 0.306900
LDN AVG 0.527300 0.560100 0.443882 0.306900
STD 0 0 0.001932 0
Time 0.0141 0.0101 0.0182 0.0146
BEST 0.527000 0.560100 0.443000 0.300200
LVNP AVG 0.526736 0.556836 0.438836 0.294209
STD 0.000541 0.003243 0.004311 0.005782
Time 0.0060 0.0033 0.0844 0.0094
BEST 0.527300 0.560100 0.448000 0.310700
1cG AVG 0.527300 0.560100 0.446200 0.309918
STD 0 0 0.001704 0.000578
Time 10.5003  7.7002 4.5321 11.2001
KW Test H-statistics 32.8446  33.3755  26.7468  28.5156
P-value 0 0 0.000007 0.000003
FLMIG-
LDN 0.588200 1 0.017700 1
FLMIG-
DeB Test LVNP 0.005600 0.000014 0.000007 0.109000
f‘g(l}\’[IG- 0.588200 1 0.000014 0.020200
LDN-LVNP 0.000004 0.000014 0.346200 0.013000
LDN-ICG 1 1 0.549500 0.155700

LVNP-ICG  0.000004 0.000014 0.002000 0.000001

Statistical Analysis: The Kruskal-Wallis test confirmed statistically significant dif-
ferences in algorithm performance across all datasets (p =~ 0). Post-hoc analysis (Dunn’s
test with Bonferroni correction) revealed that FLMIG and LDN form a statistically
superior tier, consistently outperforming LVNP and ICG.

Conclusion: For moderate-sized problems, FLMIG is the optimal algorithm, leading
in both accuracy and efficiency. LDN serves as a strong, high-performance alternative.
The remaining algorithms represent a clear trade-off: LVNP is the fastest but least
accurate, while ICG provides competitive accuracy at a prohibitively high computational
cost. These results are summarized visually in Figure 5.4.
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Figure 5.4: Performance on moderate-scale real-world problems (BMRP).

5.5.1.3 Performance on large-scale real-world problems (BLRP).

As shown in the table 5.8, LDN demonstrated superior performance for large-scale
problems, delivering the highest accuracy on most datasets (4/5) with scalable execu-
tion times. FLMIG was a strong competitor, providing top-tier, stable results on two
datasets(Netscience and Dblp), but was hampered by a substantial increase in com-
putation time for the largest instances. LDN also showed high consistency with low
result variability. In contrast, LVNP traded accuracy for speed, delivering the fastest
execution times but with significantly weaker results. ICG was the least effective overall,
exhibiting the poorest accuracy and prohibitively long runtimes that render it unsuitable
for large-scale use.

Statistical Analysis: The Kruskal-Wallis test confirms statistically significant per-
formance differences among the algorithms (p = 0). Post-hoc analysis (Dunn’s test with
Bonferroni correction) reveals that FLMIG and LDN form a statistically superior group,
consistently outperforming LVNP and ICG on larger datasets. Furthermore, LDN demon-
strates a significant performance advantage over LVNP, particularly on the as-22july06,
Amazon, and Dblp datasets.

Conclusion: For large-scale problems, LDN emerges as the optimal algorithm,
successfully combining high accuracy with computational efficiency. FLMIG remains a
strong alternative in terms of accuracy but is less efficient due to its higher computational
cost. The results present a clear trade-off: LVNP offers speed at the expense of accuracy,
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Table 5.8: Algorithm performance on large-scale real-world problems (BLRP). Results (Best, Avg,
Std) for FLMIG, LDN, LVNP, and ICG. The best values for Best and Avg are highlighted per case.

as-

Algorithm Netscience PGP 995ully06 Amazon  Dblp
BEST 0.959900 0.885400 0.675600 0.932050 0.833280
FLMIG AVG 0.959427 0.884509 0.673536 0.931228 0.830691
STD 0.000385 0.000632 0.001296 0.000471 0.001280
Time 0.1641 1.3026 11.2710 284.6380 723.3649
BEST 0.959900 0.886300 0.677100 0.933500 0.833200
LDN AVG 0.959555 0.885655 0.676000 0.932382 0.832145
STD 0.000254 0.000520 0.000914 0.000695 0.000832
Time 0.1280 0.8688 1.7882 15.0941  36.6919
BEST 0.959700 0.884100 0.663000 0.926800 0.823700
LVNP AVG 0.959227 0.882827 0.660900 0.926536 0.822318
STD 0.000341 0.000822 0.001570 0.000191 0.001186
Time 0.0418 0.5455 5.9267 30.7425  70.0546
BEST 0.938800 0.805500 0.647900 0.908800 0.818200
106 AVG 0.936836 0.804455 0.645327 0.898273 0.810891
STD 0.000971 0.001359 0.001707 0.011002 0.006685
Time 158.9021 1068.1591 2296.5426 3440.7619 3140.1616
KW Test H-statistics 26.1430 35.3509 35.8583  35.7630  36.7109
P-value 0.000009 0 0 0 0
FLMIG-
LDN 1 1 0.531200 0.701948 1
FLMIG-
DeB Test LVNP 0.109000 0.897500 0.261000 0.306845 0.216433
f(l}.;é/IIG— 0.020200 0.000100 0.000500 0.000217 0.000110
LDN-LVNP 0.013000 0.519500 0.001186 0.002611 0.004477
LDN-ICG 0.155700 0.000031 O 0 0

LVNP-ICG  0.000001 0.026800 0.334000 0.217490 0.217490

while ICG is non-competitive due to its poor performance and prohibitive execution times.
A visual summary is provided in Figure 5.5.

5.5.2 Performance on synthetic networks problems

To further evaluate the algorithms’ effectiveness, we conducted scalability tests on the
BSSP-a, BSSP-b, BMSP, and BLSP problem sets. Similar to the previous experiments,
performance was measured using modularity, reporting the best, average, and standard
deviation values over 10 independent runs to assess effectiveness and stability.

The primary scaling parameter was the mixing parameter (u), which was increased
from 0.1 to 0.8 in increments of 0.1, creating eight distinct test cases. All other para-
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Figure 5.5: Performance on large-scale real-world problems (BLRP).

meters remained consistent with the initial experimental setup (see Section 4.3). The
results of these scalability experiments are detailed in Tables 5.9, 5.10, 5.11, and 5.12.
In these tables, the additional row labeled ’t’ indicates the value of the mixing parameter
for each test case.

5.5.2.1 Performance on small-scale synthetic problems (BSSP-a).

The performance evaluation of the four algorithms (FLMIG, LDN, LVNP, ICG) on the
smaller synthetic problem set (BSSP-a) is presented in Table 5.9. The table details the
best and average modularity, standard deviation, and execution time for each algorithm
across eight values of the mixing parameter ©(0.1£00.8).

FLMIG delivered the best overall accuracy, achieving top scores with perfect con-
sistency (zero standard deviation) until u =0.5. However, its computational cost grew
substantially with problem size, peaking at 0.9277 seconds for the largest instance.

LDN matched FLMIG’s accuracy but exhibited rising result instability from t=0.6,
offset by significantly faster execution. LVNP showed a similar but less accurate trend
than LDN, with stability declining from u = 0.5. ICG was the least effective, with the
lowest scores, high variability, and prohibitively long runtimes.

Statistical Analysis: The Kruskal-Wallis test confirms statistically significant per-
formance differences among the algorithms (P —value = 0). Post-hoc analysis (Dunn’s
test with Bonferroni correction) validates these findings, revealing that FLMIG signifi-
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cantly outperforms ICG (P —value = 0). While FLMIG and LDN show more comparable
performance, statistically significant differences exist between all algorithm pairs, a
distinction that becomes more pronounced with larger problem sizes.

Conclusion: In summary, FLMIG achieves the highest accuracy but requires the
greatest computational time. LDN presents a favorable balance of competitive accuracy
and superior speed. LVNP offers faster execution but with reduced stability, while ICG
is the least effective algorithm overall. These results are visualized in Figure 5.6.
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Table 5.9: Algorithm performance on small synthetic problems (BSSP-a). Results show the Best, Avg, and Std for FLMIG, LDN, LVNP, and ICG. The best values for Best
and Avg are highlighted per case.

Algo- 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
rithm
Best 0.839626 0.738568 0.643158 0.534936 0.441307 0.318925 0.253626 0.243817
e Ave 0.839626 0.738568 0.643158 0.534936 0.440893 0.313826 0.249834 0.238976
Std 0 0 0 0 0.000929 0.005563 0.002396 0.002447
Time 0.1961 02113 02412 02783 03247 05701 08736  0.9277
Best 0.839626 0.738568 0.643158 0.534936 0.441307 0307815 0.245941 0.231467
LDN Avg 0.839626 0.738568 0.643158 0.534936 0.441307 0.306736 0.239857 0.230813
Std 0 0 0 0 0 0.001393 0.004198 0.000230
Time 0.0577  0.0576  0.0600  0.0582  0.0644  0.0709  0.0769  0.0810
Best 0.839626 0.738568 0.643158 0.534936 0.441307 0.308713 0.244525 0.231606
wnp | Ave 0.839626 0.738568 0.643158 0.534936 0.438452 0.301291 0.236869 0.227867
Std 0 0 0 0 0.002809 0.005486 0.003760 0.002262
Time 01222  0.1300 0.1548  0.1779  0.2093  0.2431  0.2896  0.3339
Best 0.824425 0.723015 0.615761 0511867 0428280 0.333609 0.237661 0.220880
oG Avg 0.819451 0.718738 0.612248 0504382 0.421417 0.332860 0.231470 0.218145
Std 0.001748 0.002922 0.003079 0.004203 0.004609 0.000701 0.003160 0.001875
Time 100.0765 101.0765 102.0765 103.0765 104.0765 105.0765 106.0765 105.0870
oW Toy, IStatistics  38.7097 579624 379624 37.9562 311414 503814 30.2007 35.6698
P-value 0 0 0 0 0.000001 0.000001 0.000001 0
FLMIG-
LON 1 1 1 1 1 0.572372 0.057672 0.206096
FLMIG-
DB Tost  LVNP 1 1 1 1 0.539340 0.024229 0.002499 0.001544
fCLgHG' 0.000002 0.000003 0.000003 0.000003 0.000037 0.122271 0 0
LDN-LVNP 1 1 1 1 0.148968 1 1 0.743016

LDN-ICG 0.000002 0.000003 0.000003 0.000003 0.000002 0.000402 0.030616 0.001544
LVNP-ICG  0.000002 0.000003 0.000003 0.000003 0.028530 0.000001 0.376811 0.206096
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Figure 5.6: Performance on small-scale synthetic problems (BSSP-a).

5.5.2.2 Performance on small-scale synthetic problems (BSSP-b).

The performance of the four algorithms (FLMIG, LDN, LVNP, ICG) on the smaller
synthetic problem set BSSP-b is summarized in Table 5.10. The comparison is conducted
across a range of mixing parameters (u = 0.1¢00.8) and evaluates the best and average
modularity, standard deviation, and execution time.

FLMIG is the top-performing algorithm in terms of accuracy, delivering high best
and average scores with exceptional consistency. A key trade-off is its execution time,
which grows with problem complexity. Despite being slower than LDN and LVNP, it
offers a robust balance between performance and efficiency. LDN is a close competitor
to FLMIG in accuracy but is consistently faster, though its performance gap widens
slightly on larger problems. LVNP offers a middle ground: it is faster than FLMIG but
slower than LDN, and delivers lower accuracy with decreasing stability as problem size
increases. ICG is the least accurate algorithm, particularly on larger problems. Although
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sometimes more stable than LVNP, it is computationally inefficient, with execution times
exceeding 100 seconds, rendering it impractical for large-scale use. a

Statistical Analysis: The Kruskal-Wallis test confirms statistically significant per-
formance differences among the algorithms (P —value = 0). Post-hoc analysis (Dunn’s
test with Bonferroni correction) substantiates these findings, demonstrating that FLMIG
consistently outperforms LDN, LVNP, and ICG. Although the performance gap between
FLMIG and LDN is narrower in some instances, the differences remain statistically
meaningful.

Conclusion: Based on the results, FLMIG is identified as the most accurate algo-
rithm. LDN is the optimal choice for speed, delivering the fastest execution times while
maintaining competitive accuracy. LVNP offers a middle ground but suffers from dimin-
ishing stability at larger scales. ICG is the least viable option due to its low accuracy and
high computational cost, despite showing relative stability. The results are summarized
graphically in Figure 5.7.
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Table 5.10: Algorithm performance on small-scale synthetic problems (BSSP-b). Results (Best, Avg, Std) for FLMIG, LDN, LVNP, and ICG. The best values for Best and
Avg are highlighted per case.

Algo- 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
rithm
Best 0.858805 0.762107 0.665136 0570323 0.474956 0.372765 0.278217 0.245098
e Ave 0.858805 0.762081 0.665113 0.569743 0.473554 0.366934 0.276318 0.239118
Std 0 0.000066 0.000040 0.001038 0.000955 0.003463 0.001289 0.003618
Time 01971 02112 02396 02765 03313  0.4842 07575  0.8969
Best 0.858805 0.762100 0.665136 0570323 0.474956 0372143 0271915 0234195
LDN Avg 0.858805 0.762100 0.665057 0.570323 0.474821 0.372143 0.271915 0.233921
Std 0 0 0.000028 0 0.000142 0 0 0.000441
Time 0.0577  0.0576  0.0600  0.0582  0.0644  0.0709  0.0769  0.0810
Best 0.858805 0.762107 0.665136 0.570341 0474574 0.369127 0.268105 0.229174
LVNP  Avg 0.858805 ... 0664660 0569969 0473473 0.364591 0264248 0.225876
Std 0 0.000054 0.001107 0.000606 0.000856 0.003348 0.003923 0.002631
Time 0.1318  0.1519 01669  0.1987 02282 02896 0.3156  0.3337
Best 0.855528 0.746994 0.649884 0554922 0462516 0.367022 0.271155 0.221206
oG Avg 0.855211 0.743145 0.646670 0.551989 0.459599 0.365536 0.268267 0.215962
Std 0.000219 0.002306 0.002722 0.002146 0.001871 0.001126 0.001700 0.002415
Time 100.0345 101.0345 102.0345 103.0345 104.0345 105.0345 106.0345 106.6540
K-W Test H-statistics 29.1648 26.0862 26.0862 26.3369 31.5534 21.6483 35.2654 36.6468
P-value 0.000002 0.000009 0.000009 0.000008 0.000001 0.000077 0 0
DcB Test i]gl\l\/lﬂ(}' 1 0.507196 0.507196 0.421602 0.064538 0.037162 0.323349 0.330563
FLMIG-
VNP 1 1 1 1 1 1 0 0.000693
%(1;/11(;- 0.000026 0.000007 0.000007 0.009689 0.013338 1 0.000204 0
LDN-LVNP 1 1 1 0.966506 0.033525 0.000310 0.002173 0.316239
LDN-ICG  0.000107 0.000107 0.010614 0.000004 0 0.000365 0.159795 0.000810

LVNP-ICG  0.000097 0.000097 0.000929 0.002208 0.027224 1 1 0.360834
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Figure 5.7: Performance on small-scale synthetic problems (BSSP-b)

5.5.2.3 Performance on moderate-scale synthetic problems (BMSP).

Table 5.11 compares the performance of FLMIG, LDN, LVNP, and ICG on the moderate-
size synthetic problem set (BMSP) across a range of mixing parameters (u = 0.1£00.8),
reporting best and average values, standard deviation, and execution time.

FLMIG achieves the best accuracy with high stability but has a significant computa-
tional cost that grows with problem size. It is ideal for applications where accuracy is the
highest priority, but less suitable for time-sensitive tasks. LDN delivers accuracy nearly
identical to FLMIG but with significantly faster speed, making it a balanced and efficient
choice, especially for larger datasets. In contrast, LVNP performs well on small problems
but its accuracy and stability decline as size increases. It is faster than FLMIG but
slower than LDN, positioning it as a mid-tier option. ICG is the least effective algorithm,
demonstrating significantly lower accuracy and prohibitively long execution times that
exceed 1000 seconds, rendering it impractical for larger problems. a
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Statistical Analysis Statistical analysis confirms the significance of the observed
performance differences. The Kruskal-Wallis test yields low P-values, rejecting the null
hypothesis of equal algorithm performance. Post-hoc testing (Dunn’s test with Bonferroni
correction) clarifies these differences, showing that FLMIG significantly outperforms
ICG. Meanwhile, the performance between LDN and LVNP is more comparable, with
statistically minimal differences in several cases.

Conclusion In summary, the results indicate distinct application scenarios for each
algorithm:

e FLMIG is optimal for applications demanding maximum accuracy.
¢ LDN provides the best balance of high performance and computational efficiency.
¢ LVNP is a viable option for smaller-scale problems where speed is prioritized.

¢ ICG is the least viable due to its poor accuracy and prohibitively long execution
times.

These relationships are visualized in Figure 5.8.
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Table 5.11: Algorithm performance on moderate-scale synthetic problems (BMSP). Results (Best, Avg, Std) for FLMIG, LDN, LVNP, and ICG. The best values for Best and
Avg are highlighted per case.

Algo-

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
rithm
Best 0.892135 0.793371 0.694420 0.594839 0.497151 0.399434 0.302507 0.252637
FLMIG Avg 0.892112 0.793355 0.694368 0.594748 0.497028 0.399127 0.300336 0.251290
Std 0.000012 0.000018 0.000051 0.000041 0.000091 0.000248 0.001754 0.001116
Time 2.247 2.8944 3.4605 4.0468 5.2258 7.6676 11.528 17.7839
Best 0.892131 0.793371 0.694366 0.594699 0.497054 0.399784 0.303745 0.243058
LDN Avg 0.892113 0.793362 0.694333 0.594639 0.496971 0.399522 0.300638 0.242340
Std 0.000011 0.000008 0.000031 0.000040 0.000076 0.000155 0.002333 0.000742
Time 0.593 0.6397 0.6915 0.7147 0.7703 0.7903 0.8478 0.8751
Best 0.892130 0.793365 0.694393 0.594842 0.497150 0.398965 0.297490 0.240068
LVNP Avg 0.892117 0.793317 0.694352 0.594762 0.496974 0.398679 0.294589 0.238475
Std 0.000010 0.000041 0.000031 0.000046 0.000108 0.000240 0.002379 0.001334
Time 1.4964 2.0128 2.4925 3.0064 3.7333 4.4217 5.252 5.1169
Best 0.890699 0.790719 0.690318 0.591281 0.491258 0.389512 0.276167 0.213935
G Avg 0.890602 0.790666 0.690217 0.591216 0.491083 0.389196 0.275750 0.210588
Std 0.000044 0.000030 0.000080 0.000069 0.000084 0.000155 0.000306 0.001906
Time 1000.0765 1001.0765 1002.0765 1003.0765 1004.0765 1005.0765 1006.0765 1006.0785
H-
KW Test statistics 22.4097 28.8096 25.6872 32.6447 23.2258 34.5065 32.3430 36.5888
P-value 0.000054 0.000002 0.000011 O 0.000036 0 0 0
EII)JI\I\/IHG_ 1 1 0.334489 0.052652 1 0.334558 1 0.334627
FLMIG-
DB Test LVNP 1 0.143921 1 1 1 0.623732 0.047049 0.000783
FLMIG-
10G 0.002083 0.000029 0.000007 0.000029 0.000046 0.001148 0.000022 0
LDR- 1 0.136908 1 0.016026 1 0.002411 0.021861 0.334627
LVNP

LDN-ICG  0.001335 0.000026 0.019314 0.306223 0.002592 0.000000 0.000006 0.000783
LVNP-ICG 0.000154 0.123767 0.001439 0.000004 0.002992 0.212166 0.292890 0.334627
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Figure 5.8: Performance on moderate-scale synthetic problems (BMSP).

5.5.2.4 Performance on large-scale synthetic problems (BLSP)

Table 5.12 compares the performance of FLMIG, LDN, LVNP, and ICG on the large-size
synthetic problem set (BLSP) across mixing parameters from p = 0.1£00.8, reporting best
and average values, standard deviation, and execution time.

FLMIG demonstrates strong and consistent accuracy, particularly on smaller prob-
lems, with low standard deviation indicating reliable results. A key observation is that
its execution time grows predictably as the problem size increases, though it remains
within manageable limits. LDN matches or even slightly exceeds FLMIG’s accuracy
with high consistency, but its execution time increases drastically on large problems,
limiting its practicality. LVNP also provides competitive accuracy, though it generally
lags behind both FLMIG and LDN, especially as problem size grows. LVNP is impractical
for large-scale use due to its extremely high execution time, despite having reasonable
accuracy. ICG is the weakest performer, with the lowest accuracy, slowest speed, and

111



CHAPTER 5. COMPLEX NETWORK COMMUNITY DISCOVERY USING FAST LOCAL MOVE
ITERATED GREEDY ALGORITHM

least stable results.

Statistical Analysis: Statistical analysis confirms significant performance differ-
ences among the algorithms. The Kruskal-Wallis test yields very low P-values, rejecting
the null hypothesis that the results occurred by chance. Post-hoc testing (Dunn’s test
with Bonferroni correction) substantiates these findings, demonstrating FLMIG’s sig-
nificant superiority over ICG. The performance of LDN and LVNP is more comparable,
being statistically competitive in several instances.

Conclusion: In summary, for large-scale synthetic problems:

e FLMIG and LDN are the top-performing algorithms in terms of accuracy, with
FLMIG holding an advantage in time-efficiency.

* LVNP provides a less effective compromise, offering reduced accuracy and poor
computational scalability.

* ICG is the least suitable algorithm due to its inferior accuracy and slow execution
speed.

These results are visualized in Figure 5.9.
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Table 5.12: Algorithm performance on large-scale synthetic problems (BLSP). Results (Best, Avg, Std) for FLMIG, LDN, LVNP, and ICG. The best values for Best and Avg
are highlighted per case.

Algo- 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
rithm
Best 0.900740 0.801933 0.703334 0.604998 0.506247 0407568 0.310474 0.251754
e 0.900726 0.801910 0.703313 0.604952 0.506165 0.407514 0.310260 0.249895
Std 0.000010  0.000015 0.000014 0.000024 0.000039  0.000036 0.000127  0.001770
Time 37.2287 61.3815  92.7853  126.394  185.8676 230.5278 315.2526 650.8977
Best 0.900783 0.801960 0.703339 0.604956 0506138 0.407691 0.310800 0.238483
DN Avg 0.900762 0.801951 0.703326 0.604922 0.506086 0.407621 0.310636 0.237278
Std 0.000014 0.000007 0.000010 0.000021  0.000034 0.000060 0.000109  0.001227
Time 7.7707 84898 89789 95936 102837 111313 126324  15.456
Best 0.900733  0.801936 0.703317 0.604995 0506213 0407373 0.307396  0.234140
wnp | Ave 0.900723 0.801912 0.703294 0.604952 0.506145 0.407307 0.307233 0.231671
Std 0.000006 0.000015 0.000016 0.000031 0.000033 0.000043 0.000146  0.002141
Time 26.0225  50.7933  80.4861  116.6926 163.9604 204.8564 270.098  277.9552
Best 0.898475 0.798715 0.699222 0599709 0.498933 0.393703 0.274978  0.155503
- Avg 0.898466 0.798700 0.699213 0.599666 0.498865 0.393395 0.274425 0.154058
Std 0.000013  0.000019 0.000010  0.000050 0.000039  0.000246  0.000405 0.001210
Time 10000.0765 10001.0765 10002.0765 10003.0765 10004.0765 10005.0765 10006.0765 10005.0875
oW Loy, DStatistics 331070 327263 301873  25.6668  50.7068  35.6327  36.4405  36.5854
P-value 0 0 0.000001  0.000011 0.000001 0 0 0
EI]SII\\I’HG' 0.047049 0.021870 1 0.490539 0.027856 0.599883 0.365189  0.334696
FLMIG-
DeB Tost  LVNP 1 1 0.814306 1 1 0.244172  0.320263  0.000783
FLMIG-
o0 0.012435 0.029567 0.000670 0.000050 0.000004 0.000451 0.000725 O

LDN-LVNP 0.012435 0.033278 0.024699 0.674307 0.183994 0.001337 0.000846 0.334696
LDN-ICG 0 0 0.000001 0.039636 0.183994 0 0 0.000783
LVNP-ICG  0.047049 0.019339 0.106214 0.000101 0.000092 0.334696 0.334696 0.334696
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Figure 5.9: Performance on large-scale synthetic problems (BLSP).

5.6 Conclusion

In this chapter, we presented the Fast Local Move Iterated Greedy (FLMIG) algorithm,
an effective method for enhancing community detection in both synthetic and real-
world networks. By integrating fast local move heuristics within an iterated greedy
framework, FLMIG achieves high modularity optimization while preserving scalability
and implementation simplicity. Extensive experiments confirm that FLMIG consistently
identifies high-quality community structures across diverse network types, performing
competitively with or outperforming state-of-the-art approaches such as the Leiden and
Louvain Prune algorithmsespecially in large-scale networks.

The strength of FLMIG stems from its novel components, including an enhanced
Louvain Prune procedure, which collectively improve the balance between exploration
and exploitation during the search process. This leads to the recovery of more accurate
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and well-connected communities. Furthermore, FLMIG requires minimal parameter
tuning and employs an iterative refinement strategy that preserves community connec-
tivityaddressing a common drawback in previous methods. Empirical results underscore
the algorithms robustness, scalability, and overall effectiveness, establishing FLMIG as
a practical and reliable tool for network analysis in various applications.
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CHAPTER

CONCLUSION AND FUTURE WORK

6.1 Conclusion

The NP-hard challenge of community detection remains constrained by subjective defini-
tions of communities and validation difficulties. Optimization-Based Methods (OBMs)
have outperformed deterministic approaches. This work is motivated by an interest in
developing novel optimization approaches to tackle this problem more effectively than
current methods.

This thesis presents the Fast Local Move Iterated Greedy (FLMIG) algorithm, a new
method for efficiently detecting communities in networks. FLMIG integrates fast local
move heuristics into an iterated greedy framework to maximize modularity in a scalable
and simple way. Experiments show it identifies high-quality communities, performing
comparably or better than leading algorithms like Leiden and Louvain Prune, especially
in large-scale networks.

FLMIG’s performance is significantly boosted by its novel elements, such as the
enhanced Louvain Prune algorithm. These features ensure a strong balance between
exploring new solutions and refining existing ones, leading to the discovery of higher-
quality communities. Furthermore, FLMIG requires little parameter tuning and uses an
iterative process that maintains the internal connectivity of communities, overcoming a
major flaw in previous methods. Computational results confirm the algorithm’s robust-
ness, scalability, and effectiveness, establishing it as a powerful tool for diverse network
analysis applications.

We also present a new technique, the Clustering Coefficient Bat Algorithm (CC-
DBAT), for detecting communities in complex networks. CC-DBAT uses the clustering
coefficient to initialize its population. This population is then refined through a fast local
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move and a random neighbor technique, which promotes solution diversity and enables
rapid convergence toward the global optimum. Tests on both synthetic and real-world
networks show that CC-DBAT is competitive against existing bat algorithm variants for
this problem.

6.2 Future works

The path forward demands Hybrid Metaheuristics with Deep Structural Embeddings
(HMCD-E) as a core paradigm. Embeddings transcend explicit topological metrics by dis-
tilling latent structural semantics, role-based relationships and multi-scale proximities,
that modularity-driven methods (Louvain, MOCD) inherently miss. Early hybrids like
SFCSA (node2vec + cuckoo search) and CD-GNN frameworks demonstrate this potential
but lack systematic integration. Crucially, embeddings enable dynamic adaptability: tech-
niques like NE2NMF and ECGNMF generate stable low-dimensional representations
that support efficient incremental updates (e.g., DynaMos localized rules or §-screening),
unifying static and dynamic detection within HMCD-E architectures. Furthermore,
embeddings provide semantically intelligent initialization, replacing stochastic starts in
methods like MAGA-Net or CC-DBAT, to accelerate metaheuristic convergence.

HMCD-E directly resolves pervasive efficiency-accuracy trade-offs. Static acceler-
ated heuristics (FLM, RNM) sacrifice solution quality for speed, while metaheuristics
(LMOEA, MLACO) incur prohibitive computational costs. Dynamic consensus strategies
(CCPSO, cSWO) suffer temporal drift, and localized updates (DynaMo) lack global coher-
ence. Embeddings compress structural signatures to guide metaheuristics toward robust
solutions while reducing computational overhead, simultaneously enhancing accuracy
and scalability.

HMCD-E represents not an incremental step but a necessary leap. By fusing latent
structural intelligence with adaptive optimization, it unlocks semantically grounded
communities aligned with implicit network organization, real-time adaptability for
evolving systems, and new frontiers in interpretable network sciencetranscending the
limitations of current OBMs to meet next-generation analytical demands.

In addition, future work could explore extending FLMIG to detect overlapping com-
munities and further reduce its computational time for extremely large datasets. The
potential of parallel processing to decrease computation duration should also be inves-
tigated. Moreover, hybridizing FLMIG with network embedding techniques to handle
temporal and multiplex networks, among other complex systems, could significantly
expand its utility and influence in network science. This study not only contributes to
the existing body of knowledge on community detection but also offers a practical and
efficient tool for practitioners and researchers across multiple disciplines.
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