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Abstract

The rapid expansion of Internet of Things (IoT) devices has redefined computing demands,
necessitating low-latency, real-time, and bandwidth-efficient solutions. Although cloud com-
puting offers scalability and processing power, its centralized nature introduces latency and
bottlenecks—issues especially critical in applications like autonomous systems, smart health-
care, and industrial IoT.

Edge computing addresses these limitations by relocating computation closer to data
sources, reducing transmission delays and supporting real-time processing. However, the
shift from monolithic to microservice-based applications introduces new challenges for or-
chestrating workloads across distributed, heterogeneous edge environments.

Existing orchestration methods are often static or tailored for centralized systems, lack-
ing adaptability to mobile contexts, dynamic resource availability, and network fluctuations.
This work proposes a heuristic-driven dynamic partitioning algorithm designed to orchestrate
microservice-based workloads intelligently across edge nodes. It considers real-time factors
such as node proximity, energy constraints, and task dependencies to optimize latency, re-
source utilization, and responsiveness.

The approach is evaluated using PureEdgeSim, a simulation toolkit supporting mobility,
energy-awareness, and microservice orchestration. Results show a clear reduction in end-to-
end latency, improved load balancing, and better adaptability under dynamic conditions.

These outcomes demonstrate the promise of heuristic-based orchestration in enabling ef-

ficient, scalable, and context-aware edge computing.

Key words: Edge Computing, Heuristic Algorithms, Workload Orchestration, Dynamic

Partitioning, Microservices, IoT.



Résumé

L’expansion rapide des dispositifs de I'Internet des objets (IoT) a redéfini les exigences en
matiere de calcul, imposant des solutions a faible latence, en temps réel et économes en bande
passante. Bien que 'informatique en nuage offre évolutivité et puissance de traitement, sa
nature centralisée engendre une latence et des goulets d’étranglement — des contraintes parti-
culierement critiques dans des domaines comme les systemes autonomes, la santé intelligente
et I'loT industriel.

L’edge computing répond a ces limitations en rapprochant le traitement des données de
leur source, réduisant ainsi les délais de transmission et améliorant la réactivité. Toute-
fois, la transition vers des applications modulaires basées sur les microservices complique
I’orchestration des charges de travail dans des environnements distribués et hétérogenes.

Les méthodes d’orchestration actuelles, souvent statiques ou concues pour des systemes
centralisés, manquent de flexibilité face a la mobilité, a la variabilité des ressources et aux
fluctuations du réseau. Ce travail propose un algorithme de partitionnement dynamique,
fondé sur des techniques heuristiques, pour orchestrer intelligemment les microservices a
travers les noeuds de 'edge. Il prend en compte des facteurs en temps réel tels que la proximité
des nceuds, les contraintes énergétiques et les dépendances entre taches afin d’optimiser la
latence, I'utilisation des ressources et la réactivité.

L’approche est évaluée avec PureEdgeSim, un outil de simulation prenant en charge la
mobilité, la consommation d’énergie et 'orchestration de microservices. Les résultats mon-
trent une réduction significative de la latence, une meilleure répartition de la charge, et une
adaptation accrue aux conditions dynamiques.

Mots clés: Edge Computing, Algorithmes Heuristiques, Orchestration de Charges, Parti-

tionnement Dynamique, Microservices, [oT.
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Chapter 1
General Introduction

The widespread and rapid proliferation of Internet of Things (IoT) devices has brought
about a true revolution in modern digital ecosystems, enabling the development of advanced
applications in various domains such as smart healthcare (e-health), autonomous vehicles,
and smart cities. These applications are characterized by stringent requirements, including
ultra-low latency, high reliability, and substantial real-time data processing capabilities [6].
Although traditional cloud computing remains a powerful solution capable of handling mas-
sive amounts of data due to its centralized architecture, this very architecture introduces
significant challenges. It often results in noticeable latency because of the physical distance
between data-generating devices and processing centers. Moreover, relying entirely on cloud
connectivity reduces the system’s ability to respond effectively to urgent events and increases
the risk of network bottlenecks.

To address these limitations, edge computing has emerged as a promising paradigm that
overcomes the structural shortcomings of cloud computing. This model brings computing
and storage resources closer to where data is generated, significantly reducing latency, im-
proving network efficiency, and enhancing data security by enabling local processing [26]. As
[oT applications become increasingly complex, the need for intelligent solutions to dynami-
cally manage workloads at the edge has grown substantially. This opens the door to smart
orchestration algorithms and modular, partitionable architectures as key areas of research in
this evolving field.

Edge computing fundamentally transforms the traditional computing model by decentral-
izing data processing and bringing computational capabilities closer to the data sources—typically
sensors, 0T devices, or user terminals. Unlike the cloud-centric approach, where raw data
must travel long distances to centralized data centers for processing, edge computing min-

imizes the need for such transmissions by enabling localized analysis and decision-making.



General Introduction

This proximity significantly reduces end-to-end latency and alleviates bandwidth consump-
tion, which is particularly beneficial in scenarios with limited or intermittent connectivity.

By processing data at or near the edge of the network, this paradigm supports real-
time responsiveness, allowing systems to act almost instantaneously on the information they
receive. This is critical in environments where delays can lead to performance degradation or
even safety risks, such as in autonomous driving, industrial automation, or remote healthcare
monitoring [6, 26]. Furthermore, edge computing distributes the computational load, easing
pressure on central servers and enabling more scalable and resilient architectures.

In addition to performance benefits, edge computing also contributes to enhanced data
privacy and security. By keeping sensitive information closer to its source and limiting its
exposure to external networks, the risk of data breaches or unauthorized access is reduced. As
applications continue to evolve toward higher levels of interactivity and context-awareness,
the ability of edge computing to facilitate intelligent, localized, and adaptive computing
becomes increasingly indispensable.

While a significant body of research has addressed workload orchestration within both
cloud and edge computing environments, the majority of these efforts operate under the
assumption that applications are monolithic in nature—i.e., designed as single, indivisible
units that must be deployed and executed as a whole [25].

Such assumptions simplify orchestration strategies by reducing the complexity of compo-
nent distribution and interdependencies. However, this traditional model no longer reflects
the architecture of modern software systems.

Contemporary applications are increasingly modular, built as loosely coupled microser-
vices that can be independently deployed, scaled, and updated. These microservices often
span across heterogeneous nodes—from centralized cloud data centers to resource-constrained
edge devices—and are interconnected through dynamic communication channels [25].

This architectural shift, while improving scalability and flexibility, introduces a new di-
mension of complexity in workload orchestration. Specifically, orchestrators must now man-
age not only where to place services, but also how to maintain service continuity and inter-
service communication under changing conditions.

Factors such as user mobility, device heterogeneity, fluctuating network latency, and lim-
ited edge resources further complicate orchestration.

Moreover, orchestrating modular applications requires awareness of service dependencies,
latency sensitivity, and load balancing, often under highly constrained or volatile environ-

ments.

Univ-Ouargla/fondamental computing : 2025 2



General Introduction

Thus, the challenge lies in designing dynamic, context-aware, and efficient orchestration
mechanisms that can adapt in real time to changing conditions while meeting Quality of
Service (QoS) requirements.

The primary objective of this research is to design and implement a dynamic parti-
tioning mechanism that leverages heuristic algorithms to efficiently orchestrate distributed,
microservice-based applications within edge computing environments.

Unlike static or rule-based partitioning methods, the proposed approach dynamically
adapts to changes in network conditions, resource availability, and application-specific con-
straints.

By utilizing heuristic algorithms—such as greedy methods, genetic algorithms, or ant
colony optimization—the system can explore a large solution space and identify near-optimal
deployment strategies within a reasonable computational time.

The key goals of the proposed dynamic partitioner include:

e Minimizing end-to-end latency.

o Improving load balancing across heterogeneous edge nodes.

o Adapting to user mobility and dynamic network topologies.

e Reducing energy consumption and communication overhead.

» Ensuring service continuity and QoS even in volatile environments.

The dynamic partitioner will be evaluated through simulations in PureEdgeSim, validat-
ing its effectiveness under various realistic edge computing scenarios.

This paper is structured as follows:

o Chapter 2: Introduces the edge computing paradigm, related concepts like fog and
mist computing, and presents the main simulation tools used for edge computing re-

search, with a focus on PureEdgeSim.

o Chapter 3: Reviews existing literature on workload orchestration and service manage-
ment techniques in edge environments, with a focus on heuristic and Al-based solutions,

and highlights existing gaps.

o Chapter 4: Details the design of the dynamic partitioning system, the heuristic algo-

rithm employed, the decision-making criteria, and the overall system architecture.

Univ-Ouargla/fondamental computing : 2025 3
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o Chapter 5: Describes the experimental setup, including parameters, evaluation met-
rics, and test scenarios. Presents and discusses the results obtained using PureEdgeSim

compared to baseline orchestration techniques.

o Chapter 6: Summarizes the findings, contributions, and implications of the research.
Outlines potential extensions, such as integrating machine learning for predictive par-

titioning or validating the model in real-world edge environments.

In conclusion, edge computing offers a transformative approach to handling the growing
demands of modern applications by decentralizing data processing and bringing computa-
tional resources closer to the data source. This model is particularly well-suited for real-time,
latency-sensitive applications, such as those in IoT, autonomous vehicles, and smart cities.
The dynamic partitioning mechanism proposed in this research aims to address the challenges
associated with modular, microservice-based applications in edge environments. By leverag-
ing heuristic algorithms for efficient orchestration, the system ensures improved performance,
load balancing, and service continuity, even under changing conditions. The results of this
research, evaluated through simulations in PureEdgeSim, will contribute to advancing the
field of edge computing and offer valuable insights into the design of scalable, resilient, and

adaptive systems.

Univ-Ouargla/fondamental computing : 2025 4



Chapter 2
Background

Edge computing represents a fundamental paradigm shift in the way computational resources
are deployed and utilized. Unlike traditional cloud computing, which relies on central-
ized data centers located far from end users, edge computing decentralizes processing by
placing computational tasks closer to the data sources—typically at or near the network
edge. This localized approach reduces end-to-end latency, minimizes bandwidth usage, and
enables real-time responsiveness, making it particularly suitable for latency-sensitive and
bandwidth-constrained applications such as autonomous vehicles, augmented reality, and
industrial ToT.[206]

However, edge computing does not operate in isolation. It is part of a broader ecosystm

of computing paradigms that aim to complement and enhance its capabilities.

2.1 Edge Computing and Its Related Computing Paradigms

Several related models contribute to this layered architecture, each addressing specific limi-

tations or extending functionality:

2.1.1 Cloud Computing

As the foundational paradigm, cloud computing provides virtually unlimited, scalable, and
centralized processing and storage resources. It is well-suited for compute-intensive tasks and
long-term data analytics. However, its dependence on distant data centers leads to higher

latency and increased network load, making it less optimal for real-time applications[9].
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2.1.2 Mobile Cloud Computing (MCCQC)

This paradigm bridges the gap between mobile devices and cloud infrastructure by enabling
offloading of computational tasks from resource-limited mobile devices to the cloud. While
MCC helps reduce energy consumption and extend device capabilities, its reliance on sta-
ble network connectivity and cloud availability makes it vulnerable in highly dynamic or

constrained environments.

2.1.3 Fog Computing

Introduced as an intermediary layer between the cloud and edge, fog computing extends
cloud services to the local network level—closer to end devices. It enhances support for
location-awareness, context sensitivity, and faster processing. Fog nodes, such as gateways
and routers, can perform real-time analytics and decision-making[22], easing the burden on

cloud infrastructure and improving service quality.

2.1.4 Fog Radio Access Network (F-RAN)

A specialized evolution of fog computing, F-RAN integrates computing resources into the
radio access network (RAN) of cellular systems. It addresses the challenge of fronthaul con-
gestion by offloading traffic and computations to nearby fog nodes, thus improving network

efficiency and reducing transmission latency in mobile environments.

2.1.5 Multi-access Edge Computing (MEC)

MEC is a telecom-driven extension of edge computing that incorporates computational re-
sources directly into the mobile network infrastructure, particularly at base stations and
aggregation points in 4G/5G networks. MEC enables ultra-low latency services and high-
bandwidth applications[33] by providing processing and storage capabilities at the network

edge, often with direct access to radio network information for enhanced decision-making.

2.1.6 Mist Computing

Operating at the "extreme edge," mist computing pushes computation further down to the
level of IoT devices themselves, such as sensors and actuators. These devices are equipped

with limited processing power and are capable of performing basic analysis and decision-

Univ-Ouargla/fondamental computing: 2025 6
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making locally[26]. Mist computing reduces the dependency on upstream nodes and enhances

autonomy, particularly useful in highly distributed or remote environments.

Cloud Server

Node
Selection
Entity

Node
Selectiol 3

Selection Selection

eHealth iy fo=y

Figure 2.1: Layered architecture of computing paradigms: Cloud, Fog, Edge, and Mist
.Reprinted from [13]

Together, these paradigms form a hierarchical and cooperative computing framework
that enables seamless distribution of workloads across the cloud-to-edge continuum. Under-
standing their roles and interactions is essential for designing efficient, resilient, and scalable

architectures in next-generation distributed systems.

2.2 Simulation and Modeling of Edge Computing Sys-

tems

To evaluate the performance, behavior, and efficiency of edge computing systems under

various scenarios, several simulation tools have been developed. These simulators differ

Univ-Ouargla/fondamental computing: 2025 7
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in terms of abstraction levels, scalability, modeling granularity, supported features (e.g.,
mobility, energy, orchestration), and ease of integration with real-world parameters. Choosing
the appropriate simulator depends on the specific requirements of the study, such as whether
the focus is on microservice orchestration, latency analysis, dynamic topologies, or resource
management. Below is an overview of widely adopted simulation frameworks for edge and

fog computing research:

2.2.1 iFogSim

Developed on top of CloudSim, iFogSim is one of the most established and widely used
simulation platforms for fog and edge computing. It enables modeling of latency-sensitive
applications by simulating data flows between devices, edge nodes, and the cloud. The sim-
ulator supports hierarchical network structures and basic microservice modeling. However,
it does not support user mobility and only provides limited support for energy consumption

modeling[9].

2.2.2 EdgeCloudSim

EdgeCloudSim builds on CloudSim by incorporating mobility models. It provides support
for energy consumption modeling, making it suitable for dynamic edge scenarios. However, it
does not support microservice-based application architecture, focusing instead on monolithic

application models[31].

2.2.3 YAFS (Yet Another Fog Simulator)

YAFS is a Python-based simulator offering high flexibility and extensibility. It supports
graph-based network modeling and dynamic topologies. It enables microservice-based mod-
eling, but lacks built-in modules for user mobility or energy consumption. Its extensibility

allows for custom additions, but such features are not available out-of-the-box|2].

2.2.4 PureEdgeSim

PureEdgeSim is a modern simulator that provides full support for microservice architecture,
realistic user mobility, and detailed energy consumption modeling. It is particularly well-
suited for edge-native architectures, where services are distributed dynamically based on
context. Its extensibility makes it ideal for research involving dynamic orchestration and

energy-aware strategies|[1].

Univ-Ouargla/fondamental computing: 2025 8
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2.2.5 LEAF (Lightweight Edge/Fog Simulator)

LEAF is designed for scalable, rapid simulation using an event-driven model. According to
its capabilities, it supports microservice modeling, user mobility, and energy consumption,
making it effective for large-scale experiments involving orchestration strategies. Although

it is lightweight and fast, it also maintains coverage of essential edge computing concerns|[3].

2.2.6 SimEdge

SimEdge is a real-time simulator for hybrid edge-cloud environments. It offers comprehen-
sive support for microservice applications, mobility-aware orchestration, and detailed en-
ergy modeling. It is particularly suitable for evaluating dynamic workload distribution and

latency-sensitive services across edge and cloud layers[17].

2.3 Discussion

The choice of PureEdgeSim as the simulation platform for this study was driven by its
advanced capabilities, which align directly with the goals of the research. Unlike older sim-
ulators that lack features for microservices or mobility, PureEdgeSim is built to address the
modern challenges in edge computing.

It provides native support for microservice-based application architecture, enabling the
decomposition of applications into modular, independently orchestrated services. This matches
the research’s focus on dynamic workload partitioning using heuristic algorithms.

In addition, PureEdgeSim supports user mobility modeling, which allows tracking users’
movements and evaluating service performance under dynamic environments—crucial for
maintaining low latency and availability in real-time edge scenarios.

It also includes accurate energy consumption modeling, allowing the study to measure
trade-offs among energy usage, transmission cost, and service latency. The simulator’s ex-
tensible design enables integration of customized modules such as the proposed orchestration
algorithm.

Finally, its discrete event simulation (DES) architecture is well-suited for event-driven
behavior in edge environments, including service migration, user mobility, and node failure,

making simulations more efficient and realistic.

Univ-Ouargla/fondamental computing: 2025 9
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Table 2.1: Comparison of Edge Computing Simulators

Simulator Support for Microservice Architecture | Support for User Mobility | Support for Energy Consumption
iFogSim Yes No Yes
EdgeCloudSim No Yes Yes
YAFS Yes No No
PureEdgeSim Yes Yes Yes
LEAF Yes Yes Yes
SimEdge Yes Yes Yes

2.4 Conclusion

In conclusion, edge computing represents a transformative shift in computational paradigms,

offering significant advantages for latency-sensitive applications and resource-constrained en-

vironments. The various models—cloud computing, fog computing, MEC, and others—work

in harmony to create a decentralized, scalable, and flexible architecture that can meet the

diverse needs of modern distributed systems. By using advanced simulators such as PureEd-

geSim, researchers can accurately model and evaluate edge computing scenarios, incorpo-

rating critical factors like microservice architecture, mobility, and energy consumption. This

approach helps design more efficient and resilient systems that are well-suited for the dynamic

nature of edge environments [33], thus advancing the field of edge computing and enabling

new technological breakthroughs.

Univ-Ouargla/fondamental computing: 2025
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Chapter 3

Related Work

In this Chapter, we will discuss the related work. We will start by providing...

3.1 Micro-Services Orchestration in Edge Computing

Numerous studies have examined workload orchestration within edge computing environ-
ments, driven by the need to address the unique challenges posed by distributed, resource-
constrained settings[23, 10]. The primary focus of these studies has often been on static or
heuristic-based scheduling approaches, designed to allocate computational resources efficiently[35,
29]. These approaches were originally developed with monolithic applications in mind—where
applications are deployed as a single unit with fixed resource requirements and interdepen-
dencies. While these methods were sufficient for simpler, traditional applications, they face
significant limitations when applied to more modern, microservice-based architectures[24].

With the growing adoption of microservice-based applications in edge computing, the need
for dynamic and context-aware orchestration strategies has become increasingly apparent[15].
Microservices are inherently more flexible, modular, and independently scalable than mono-
lithic applications. However, this modularity introduces additional complexities in resource
management, particularly in highly dynamic environments like edge computing, where factors
such as node heterogeneity, user mobility, and network variability continuously change[23, 16].
As a result, traditional scheduling approaches that assume static application structures and
fixed dependencies are often inadequate for addressing the demands of these new architec-
tures.

Recent research has led to the proposal of various scheduling and resource allocation algo-

rithms designed to handle the challenges of modern edge computing environments. Many of

11
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these algorithms rely on heuristic techniques, which provide efficient, approximate solutions to
complex problems where exact solutions are computationally expensive or infeasible[35, 19].
Heuristic methods, such as genetic algorithms, greedy algorithms, and simulated annealing,
have been applied to optimize key performance metrics such as latency, energy consumption,
and resource utilization[19, 29]. These techniques offer promising results in terms of improv-
ing performance, but they often fall short in managing composite applications—which are

composed of multiple interdependent services that require adaptive, real-time decisions[21].

3.2 Discussion

A key limitation of many existing heuristic approaches is their lack of flexibility when it
comes to managing applications with fluctuating dependencies and variable workloads across
heterogeneous edge nodes[24, 16]. For instance, in environments where network conditions
are unpredictable or resources are intermittently available, heuristic algorithms that rely
on static assumptions can lead to suboptimal performance, resulting in increased latency,
inefficient energy consumption, or poor resource utilization[35]. Moreover, these approaches
often fail to adapt to contextual factors such as user mobility, which can dynamically alter

the optimal placement and orchestration of microservices[15].

Table 3.1: Edge Computing Orchestration Algorithms (Part 1)

References Technique Metrics

[32] Fuzzy Logic-based | Latency, Resource Utilization,
Workload Orches- | Task Completion Rate
tration using Edge-
CloudSim
[36] Online and Approx- | Cost Efficiency, Resource Pro-

imate Optimization, | visioning, Routing Performance,
SFC, Randomized | Theoretical Guarantee

Rounding
8] Modular Scalable Ar- | Service Availability, Fault Tol-

chitecture, Docker Or- | erance, Deployment Flexibility,

chestration, Contain- | Performance Stability
ers, Distributed De-
ployment
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Table 3.2: Edge Computing Orchestration Algorithms (Part 2)

Reference Technique Metrics

[7] Genetic  Algorithm, | Latency, Failure Probability,
Conflict Graph Model, | Near-Optimal Performance

Task Scheduling (Par-
allel and Sequential
Offloading)

As a result, there is a pressing need for more dynamic, context-aware orchestration frame-
works that can handle the complexities of modern edge applications. Such frameworks must
be able to adapt in real-time to changing network conditions, user behaviors, and applica-
tion states, providing efficient resource allocation and service continuity even in the face of
unpredictable environmental factors[21, 15].

The orchestration of microservice-based applications in edge computing environments
presents a combinatorial optimization problem of significant complexity[29]. Determining the
optimal placement, partitioning, and migration of services across a dynamic, heterogeneous
network must account for numerous factors such as resource constraints, service dependencies,
user mobility, and fluctuating network conditions. This intricate interplay between multiple,
often conflicting objectives transforms the orchestration task into an NP-hard problem[16].

The NP-hard nature of the orchestration stems from the fact that finding an optimal
configuration requires evaluating an exponentially large solution space as the number of
microservices and edge nodes increases. Each decision regarding service placement, repli-
cation, or migration can impact the performance of other services and the overall system
behavior[19]. Exact solutions through exhaustive search become computationally infeasible
even for moderately sized networks, especially in scenarios where real-time responsiveness is
critical. Therefore, heuristic and metaheuristic approaches have emerged as practical alter-
natives, offering near-optimal solutions within acceptable timeframes[35, 10].

This complexity is analogous to the classic Knapsack Problem, where the goal is to
select a subset of items with maximum total value without exceeding the weight capacity of
the knapsack. In the context of edge orchestration, each microservice is like an item with
specific resource demands (e.g., CPU, memory), and the edge infrastructure represents a set of
knapsacks with limited capacities. Just as in the knapsack problem, selecting which services
to place on which nodes must balance value (e.g., performance gain, latency reduction)

against resource constraints—making the orchestration problem computationally intensive
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and well-suited for heuristic optimization techniques.

34
kg °

15 kg

AVO

Figure 3.1: Knapsack Problem Illustration.Reprinted from[5]

While existing research efforts have contributed valuable insights into workload orchestra-
tion and resource management strategies, they often remain constrained by idealized assump-
tions that do not fully reflect real-world edge computing dynamics[23, 24]. Many frameworks
continue to treat applications as static entities with fixed resource demands and predictable
communication patterns. However, modern edge applications exhibit fluid dependencies,
varying performance needs, and must contend with intermittent connectivity and user-driven
mobility[21, 15].

The lack of adaptive, fine-grained orchestration mechanisms capable of dynamically par-
titioning and reallocating services in response to contextual changes represents a significant
gap in the literature[15, 19]. In particular, there is a critical need for lightweight, heuristic-

driven strategies that balance competing objectives such as latency minimization, energy
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efficiency, and service continuity in a decentralized and time-sensitive manner[21, 19]. This
study addresses this need by introducing a dynamic "RL-Based" workload partitioning and
orchestration framework tailored specifically for microservice-based architectures operating
at the edge, thus advancing the state of the art toward more resilient and context-aware

edge-native systems[21, 15].

3.3 Conclusion

In conclusion, the orchestration of microservice-based applications in edge computing en-
vironments presents significant challenges due to the dynamic and heterogeneous nature of
these systems. While traditional heuristic techniques have shown promise in optimizing per-
formance metrics like latency and energy consumption, they often fall short in managing the
complexities of modern, modular applications with fluctuating dependencies and real-time
requirements[35, 24]. The research presented here addresses these challenges by proposing
a dynamic partitioning and orchestration framework that leverages heuristic algorithms to
adapt to changing network conditions, user mobility, and resource availability[21, 15, 19]. By
focusing on dynamic, context-aware orchestration, this study contributes to advancing the

development of more resilient, scalable, and efficient edge computing systems|[15].
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System Architecture

The proposed system architecture is designed to address the inherent challenges of orches-
trating microservice-based applications in edge computing environments. It is structured
into three hierarchical layers, each serving a distinct role in the overall computational and
data flow.

At the bottom, the Device Layer consists of a diverse range of IoT components, wearables,
sensors, and user-facing technologies such as smartphones, tablets, and AR/VR headsets.
These devices are responsible for generating continuous streams of context-rich data and
triggering task execution requests. However, they suffer from limited computational power
and energy constraints, making them unsuitable for handling resource-intensive operations.
As such, their role is primarily to initiate tasks, which are then offloaded to more capable
layers for processing.

Above the device layer lies the Edge Layer, which serves as the core computational layer in
the system. It includes a distributed set of edge servers, micro data centers, and base stations,
strategically deployed close to end-users. These nodes offer moderate computing and storage
capabilities that enable fast, low-latency task execution and localized data handling. This
layer also hosts a critical module called the Dynamic Partitioner Module, which intelligently
decomposes applications into modular subtasks, assigns them to appropriate edge nodes,
and manages resource orchestration dynamically. Given its proximity to data sources and its
ability to respond in near-real-time, the edge layer is prioritized for executing the majority
of application components, especially those requiring responsiveness and minimal delay[27].

At the top of the hierarchy is the Cloud Layer, which provides high-performance comput-
ing resources and long-term data storage capabilities. The cloud’s involvement is typically
reserved for scenarios that require significant processing power, such as large-scale analytics,

batch operations, or recovery tasks in case of failures at the edge. By restricting cloud inter-

16



chaptery : System Architecture

actions to non-time-critical processes, the system reduces dependency on wide-area networks,

thereby avoiding unnecessary latency and network congestion[25].

CLOUD > =
-_—'
EDGE Edge Node Edge Node
Service delivery
Computing offlobad | & .. |m
loT management ‘ —_— ‘ —_
Storage & caching - =
'y

—

I

Figure 4.1: Illustration of the three-layer edge computing architecture: Device Layer, Edge

- >
- >

Layer, and Cloud Layer.Reprinted from[4]

To efficiently orchestrate modular applications in such a volatile and heterogeneous en-
vironment, several papers have employed Genetic Algorithm [7, 11, 37, 20, 30]. In this
approach, each candidate solution—representing a specific assignment of subtasks to com-
puting nodes—is encoded as a chromosome. The fitness of each chromosome is evaluated
using a weighted cost function, and the population evolves across generations through the
genetic operators of selection, crossover, and mutation. A distinguishing feature of Geneti-
cOrch is its adaptive capability : it re-evaluates deployment plans dynamically in response

to contextual factors such as network fluctuations, node availability, and user mobility[34].
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4.1 Types of Edge Applications

To better understand how edge computing supports microservice-based systems, it is essential
to explore the types of applications commonly deployed in such environments. These appli-
cations vary in their requirements for latency, data handling, adaptability, and reliability.

The most prominent types include:

4.1.1 Latency-sensitive applications

These applications demand near-instantaneous response times. Even minor delays can sig-
nificantly degrade performance or user experience. Examples include real-time online gam-
ing, augmented reality (AR), virtual reality (VR), and autonomous vehicle control systems.
For these applications, computation must be handled close to the data source to ensure

responsiveness|27].

4.1.2 Context-aware applications

These systems adapt their behavior dynamically based on environmental data such as user
location, movement, or biometric inputs. A common example is mobile health monitoring,
where wearables track vital signs and trigger alerts in emergencies. Smart navigation apps

that alter routes based on real-time traffic data also fall into this category[25].

4.1.3 Data-intensive applications

These applications generate or process large volumes of raw data, often too large to be sent
entirely to the cloud. Edge computing enables local filtering, aggregation, or pre-processing
before transmission. For instance, in video surveillance systems, edge nodes perform tasks

like motion detection or facial recognition locally, reducing bandwidth usage[27].

4.1.4 Real-time analytics applications

Such applications analyze live data streams to enable immediate decision-making. Examples
include environmental monitoring systems that detect pollution spikes and initiate mitiga-
tion actions, and smart grid systems that analyze consumption patterns and adjust energy

distribution in real time[25].
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4.1.5 Mission-critical applications

These applications operate under strict reliability and safety requirements, where failure
or delay could be catastrophic. Remote telesurgery platforms and edge-enabled industrial
automation systems are prime examples. These systems rely on edge computing to ensure

continuous and dependable operation with minimal latency[27].

4.1.6 Modular microservice-based applications

These applications are designed using a modular architecture where individual services—each
responsible for a specific function—can be independently deployed and orchestrated across
edge and cloud nodes. Examples include smart city systems (e.g., distributed traffic monitor-
ing, waste collection optimization), intelligent healthcare platforms (e.g., diagnostics, patient
monitoring), and AR/VR pipelines where user tracking, rendering, and content streaming
are separated into dedicated services[14, 12].

What follows is the formal mathematical model that underpins the Contextual MAB-
Orch framework. This model formulates the task orchestration problem as a contextual
multi-armed bandit, where orchestration decisions are made online based on real-time envi-
ronmental context. The model defines the problem setup, context structure, action-selection

policy, reward mechanism, and update strategy.
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4.2 Mathematical Model of ContextualMAB-Orch Al-
gorithm

4.2.1 Static Partitioning

Figure 4.2: A workflow before partitioning
Reprinted from[18]

The concept of Betweenness Centrality (BC) from graph theory was used to partition work-
flows. This concept measures the importance of nodes (vertices) or edges in a graph based
on the number of shortest paths that pass through them. In directed graphs, the goal is to
minimize the total weights of the edges along these shortest paths.

To calculate BC, all shortest paths between every pair of nodes are computed, and those
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passing through specific nodes or edges are summed. The edge that appears in the largest
number of shortest paths is considered to have the highest centrality value and is removed
to partition the workflow. The Brandes algorithm (2001) was used for this purpose, offering
an efficient time complexity of O(nm) and space complexity of O(n + m), where n is the
number of vertices and m is the number of edges.

Workflow tasks are modeled as a directed acyclic graph (DAG) G = (V, E), where V
represents the tasks and E denotes the dependencies among them. The study examined
40 workflows, each consisting of 10 tasks, with up to two edges removed per workflow for
partitioning purposes.

Example calculations:

e Between nodes s =2 and t = 5:
The number of shortest paths from previous nodes to node t is 1, and the number of

dependencies on t is 3. Thus:

X (1+3)=4 fromnode0tot

X (1+3)=4 fromnode 2 tot

Total =4+4 =218

e Between s =0 and t = 3:
1

e Between s=5and t="7T:

1
7% (1+0.5) =15 from node0to7

X (1+0.5) =1.5 from node 2 to 7

X (1+0.5) =1.5 from node 5 to 7

el i el B

Total = 4.5

Partitioning process:
The BC value is computed for all edges, the edge with the highest value is removed, and
BC is recalculated for the resulting subgraphs. This process is repeated based on the number

of edges predefined for removal.
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In the example shown in Figure 4.2, the workflow was first split into two sub-workflows
(Figure 4.3(b)), and then into three parts after the removal of a second edge (Figure 4.3(c)),
based on the edges with the highest betweenness centrality|[18].

SR
© @ U\U

K E NG LAR

f/

P2

(a) Workflow with between- (b) Two sub-workflows ob- (c) Three sub-workflows after
ness index tained after first partitioning second partitioning and re-

of workflow moval

Figure 4.3: Workflow partitioning process based on betweenness centrality.

Reprinted from[18]

4.2.2 Contextual MAB

Let us consider a set of partitions S = {s1,ss,...,,} obtained using the above-mentioned
method, and a set of computational nodes N = {ny,ns,...,n,}. The objective is to learn
a dynamic policy that efficiently maps each subtask s; to an optimal node n; under volatile
network and resource conditions. This mapping is learned over time using a contextual

multi-armed bandit (MAB) strategy.

4.2.3 Contextual Multi-Armed Bandit Formulation

The task orchestration problem is modeled as a contextual MAB, where at each decision
epoch, the orchestrator observes a context C; associated with subtask s; and selects an action
a; (i.e., a node assignment) from the available set of arms A¢, C N.

1. Context Definition

Each context C; captures relevant task and system state information, such as:
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C; = Hash(L; || CPUj || QueueLength; || NetworkLatency ;) Reprinted from [18]

where L; is the workload size of subtask s;, and the remaining terms represent node n;’s
CPU capacity, current queue length, and latency from the user.
2. Action Selection: Epsilon-Greedy Policy
At each decision step, an epsilon-greedy strategy is employed to balance exploration and

exploitation:

random(Ag,), with probability e
a; = Reprinted from [18]
arg max Q(C;,a), with probability 1 — €
a€Ac,;

3. Reward Signal

After assigning subtask s; to node af, the orchestrator observes the result and assigns a

binary reward:

1, if execution is successful and within SLA thresholds
Ty = Reprinted from [18]
0, otherwise

SLA thresholds may include maximum acceptable latency, CPU load limits, and node

availability.

4. Q-Value Update Rule

The Q-value representing the expected reward for taking action a in context C is updated

using the temporal difference rule:

QC,a) «+ Q(C,a)+n-(r—Q(C,a)) Reprinted from [18]

where 7 is the learning rate (0 < n < 1), and r is the observed reward.
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4.2.4 Orchestration Procedure

Algorithm 1: ContextualMAB-Orch Algorithm
[1] Subtask set S = {s1,...,S,}, computing nodes N, exploration rate €, learning

rate 1 Subtask-to-node mapping policy
each subtask s; € S Observe context C; Select node a} using epsilon-greedy policy
Assign s; to node a; Execute and observe result Compute reward r; Update Q-value:
Q(Ci,a7) < Q(Ci,a7) + - (ri — Q(Ci, af))

Return learned Q-table as orchestration policy

4.2.5 Advantages of ContextualMAB-Orch

Compared to deterministic or static scheduling approaches, the ContextualMAB-Orch frame-
work provides an adaptive, online-learning orchestration mechanism. It can efficiently handle
fluctuations in user demand, mobility, and node availability without the need for prior global
knowledge or exhaustive search. This makes it particularly suitable for resource-constrained

and dynamic edge environments.

4.3 Dynamic Partitioning: Genetic Algorithm

This section describes the GeneticOrch algorithm, which leverages a Genetic Algorithm (GA)
to optimize the mapping of application partitions to edge nodes. The goal is to minimize
total execution delay while considering node mobility and resource availability.

Each individual I in the GA population represents a candidate mapping of n application

partitions to m available nodes:

]:[il,ig,...,in], ij€{1,2,...,m}

Here, 7; denotes the index of the selected node for partition j. The solution vector I
encodes one complete task-node assignment.
The fitness of an individual is computed using the inverse of a cost function that combines

execution delay, mobility penalty, and edge offloading penalty:

1
" (R;+ M; + E))

=1

Fitness(/) =

This formulation ensures that individuals with lower total penalties achieve higher fitness

scores and are more likely to be selected for reproduction.
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4.3.1 Execution Time Reward

The execution delay R; for partition j is calculated by summing the execution times of its

subtasks on the assigned nodes:

R — tz _ Lk
i MIPS,,

k=1

Where:
 t; is the number of subtasks within partition j.
e Lj; is the computational load of subtask % in partition j.

o MIPS,, is the processing power (in Millions of Instructions Per Second) of the node

d;i, assigned to execute that subtask.

4.3.2 Mobility Penalty

The mobility penalty M; discourages assigning tasks to mobile nodes when non-mobile al-

ternatives are available:

1 if a non-mobile alternative exists with sufficient resources
0 otherwise

This penalty reflects the risk of service disruption due to node movement.

4.3.3 Edge Offloading Penalty

The edge offloading penalty E; penalizes the selection of nodes with higher communication

delays when better options exist:

P 1-— ﬁ if an edge device alternative exists with sufficient resources
. — J
=

0 otherwise

Where D; represents the estimated communication delay between the task and the edge

node. The penalty increases with delay, promoting selections with lower latency.

Univ-Ouargla/fondamental computing: 2025 25



chaptery : System Architecture

4.3.4 Maximum Required Resource

This metric determines the peak resource requirement for a given partition:

tj L 'k
MaxResource; = max | =2~
k=1 T]

Where T}, denotes the estimated execution time of subtask k under ideal conditions. This

helps to filter out nodes incapable of handling the peak demand.

4.3.5 Crossover

The crossover operation generates a new individual (child) by combining genes from two

parent solutions:

Child = [i{"V, ... i) ;#2) )

coble 9 leH1r 00 n

Where ¢ is the crossover point, and pl and p2 refer to the first and second parent,

respectively. The first ¢ genes come from parent 1, and the remaining from parent 2.

4.3.6 Mutation

Mutation introduces diversity into the population by randomly altering genes with a small

probability u:

i; =rand(1,m) if rand() < p

This means that with probability u, the assigned node for partition j is randomly reas-

signed to a different node, encouraging exploration of the solution space.
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A1 10/0|0|{0|0 0|l |Gene

A2l 11111]1]1]1 Chromosome

A3 |1/0|1]0|1|1

A4 (111/0]1]1]0 Population

Figure 4.4: Hlustration of genetic algorithm components: gene, chromosome, and popula-

tion.Reprinted from[28]

4.3.7 Pseudocode

Algorithm 2: Genetic Offloading Orchestration
[1] Input: Task partitions P = {p1, po, ..., s}, available nodes

N ={ny,na,...,n,} Parameters: Population size popSize, crossover rate c,,
mutation rate u, max generations maxGen Initialize population with random
individuals (mappings of partitions to nodes) for generation = 1 to maxGen do

Evaluate fitness of each individual in population using:

1

Fitness(I) = —;
j=1 (Rj + Mj + Ej)

Select parents based on fitness (e.g., roulette wheel selection) Apply crossover to
parents with probability ¢, to create offspring Apply mutation to offspring genes
with probability 4 Form new population with offspring and possibly elite individuals

return Best individual I* representing the optimized partition-node mapping
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Figure 4.5: GeneticOrch Algorithm Workflow. A diagram illustrating the main steps of
the GeneticOrch heuristic, including population initialization, fitness evaluation, selection,

crossover, mutation, and generation update.Reprinted from[28]

4.4 Conclusion

In this chapter, we presented a comprehensive view of the proposed system architecture
tailored for edge computing environments that demand dynamic, context-aware, and efficient
orchestration of modular microservice applications. The architecture is structured into three
hierarchical layers—Device, Edge, and Cloud—each contributing distinct capabilities to meet
latency, resource, and scalability demands.

We further introduced two heuristic-based orchestration strategies: the Contextual M AB-
Orch, which leverages online learning to adapt task placement in real time using contextual
multi-armed bandits; and the GeneticOrch algorithm, which employs evolutionary optimiza-
tion to discover optimal task-to-node mappings while accounting for delay, mobility, and
communication penalties. Both models were detailed with formal mathematical formula-
tions, algorithmic procedures, and workflow diagrams.

The following chapter will delve into the experimental design, and simulation results
used to evaluate the effectiveness and performance of the proposed algorithm in various edge

computing scenarios.
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Simulation Results

This chapter presents the experimental evaluation of the proposed orchestration algorithms
within an edge computing environment. It aims to analyze and compare the performance of
two primary algorithms: ContextualMAB and GeneticOrch, under various task execu-
tion scenarios and system configurations.

To ensure comprehensive analysis, different application models are simulated, including
sequential, concurrent, and complex task dependencies. Critical factors such as latency,
task size, device mobility, and resource constraints are taken into account. The simula-
tion environment replicates realistic conditions using a scalable network of edge devices and
heterogeneous data centers.

Performance evaluation is organized around several key metrics, including:
o Task Success Rate, reflecting the system’s ability to complete tasks reliably.

o Failure Analysis, identifying causes such as latency violations or unmet task require-

ments.
o Execution Delay, highlighting each algorithm’s responsiveness.
o Time Complexity, providing insights into computational efficiency.

Through tables, visual figures, and analytical discussion, this chapter aims to highlight
the strengths and limitations of each algorithm. The results demonstrate the effectiveness of
ContextualMAB as a robust and efficient solution for orchestrating interdependent tasks

in dynamic edge computing environments.
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5.1 Simulation Scenario

The table below presents the characteristics of a set of application tasks, which must be
executed either sequentially, concurrently, or based on a more complex dependency structure.
Each row represents a specific property for tasks numbered from 0 to 9.

Latency: This row indicates the time required to complete each task, measured in sec-
onds. The values vary across tasks, reflecting differences in execution durations. For instance,
Task 0 requires only 0.02 seconds, while Task 9 takes 0.08 seconds.

Task Length: This row represents the computational load or resource demand associated
with each task. For example, Task 2 has a length of 20000 units, indicating a higher processing
burden compared to Task 0, which has a length of only 3000 units.

Require (Sequential): This row shows a strict linear dependency, where a task cannot

begin until its immediate predecessor has completed. For example:

o Task 1 requires Task 0,

Task 2 requires Task 1,

o Task 9 requires Task 8.

Require (Concurrent): This row illustrates a scenario in which multiple tasks can

begin after the completion of a single task. For example:
o Tasks 2 through 8 can start as soon as Task 1 is finished,
o Task 9, however, depends on the completion of Tasks 2 through 8.

Require (Complex): This row presents a more intricate dependency structure with

branching and overlapping requirements. For instance:
e Tasks 1 and 2 depend on Task 0,
o Tasks 3 and 4 depend on Task 1,
o Tasks 5 and 6 depend on Task 2,
o Tasks 7 and 8 depend on Task 5,

o Task 9 depends on both Tasks 7 and 8.
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In summary, this table offers a comprehensive overview of different task execution mod-
els—sequential, concurrent, and complex—highlighting variations in latency and resource
demands. These classifications are essential for evaluating scheduling strategies and optimiz-

ing task coordination in application systems.

Table 5.1: Application characteristics

0 1 2 3 4 5 6 7 8 9
Latency 0.02 | 0.04 0.02 | 0.03 | 0.03 | 0.03 | 0.07 0.04 0.05 0.08
Task length 3000 | 10000 | 20000 | 5000 | 5000 | 5000 | 15000 | 10000 | 12000 5000
Require (Sequential) / 0 1 2 3 4 5 6 7 8
Require (Concurrent) / 0 1 1 1 1 1 1 1 2,3,4,5,6,7,8
Require (Complex) / 0 0 1 1 2 2 5 5 7.8

The table below presents the characteristics of a set of data centers, labeled from dcl to dc6,
where each row describes a specific resource attribute available at each data center.

Cores: This row indicates the number of processing cores available in each data center.
As shown, the number of cores varies across data centers, ranging from 10 to 20 cores. This
reflects a difference in parallel processing capabilities among the centers.

MIPS (Million Instructions Per Second): This row shows the processing power of
each data center, measured in MIPS. All data centers are equipped with a processing capacity
of 400,000 MIPS, indicating their ability to handle high-performance computing tasks at the
same execution speed.

Summary: The table demonstrates that while all data centers share identical execution
speed (MIPS), they differ in the number of processing cores, which may influence workload

distribution and task scheduling in a distributed cloud computing environment.

Table 5.2: Data Center Characteristics

dcl

dc2

de3

dc4

dcbh

dc6

Cores

10

15

20

12

10

15

Mips

400000

400000

400000

400000

400000

400000

The table below presents the simulation parameters used to configure the experimental envi-
ronment for evaluating system performance in an edge computing context. Each parameter

is explained as follows:
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Simulation Time: Indicates the total duration of the simulation, set to 5 minutes. This
defines how long the simulated environment runs to observe system behavior.

Simulation Map: Represents the spatial area covered by the simulation, measuring
2000 x 2000 meters. This defines the geographical space in which devices are distributed.

Min Number of Devices: Specifies the minimum number of devices participating in
the simulation, set at 200 devices.

Max Number of Devices: Specifies the maximum number of devices that can be added
to the simulation, set at 800 devices.

Number of Devices Added at Each Step: Indicates how many devices are introduced
into the simulation at each incremental step, which is 100 devices.

Architecture: Refers to the system architecture used in the simulation, which is Edge
architecture, where data is processed closer to the source (i.e., at the network edge).

Algorithms: Lists the orchestration algorithms employed during the simulation:

o GeneticOrch: An algorithm based on genetic optimization techniques to efficiently

allocate resources.

o ContextualMAB: A decision-making algorithm based on the Contextual Multi-Armed

Bandit model, used to make intelligent choices depending on varying contextual factors.

In summary, this table defines the experimental simulation setup used to test task distri-
bution and management strategies in an edge computing environment, leveraging advanced

algorithms and a scalable device infrastructure.

Table 5.3: Simulation Parameters

Parameter Value

Simulation Time 5 minutes

Simulation Map 2000 * 2000 m

Min number of device 200

Max number of device 800

Number of devices added at each step | 100

Architecture Edge

Algorithms ContextualMAB ,GeneticOrch

Univ-Ouargla/fondamental computing: 2025 32



chapters : Simulation Results

Figure 5.1: Sequential Tasks
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Figure 5.2: Concurrent Tasks
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Figure 5.3: Complex Tasks

5.2 Tasks success rate

Task Success Rate Analysis To evaluate the performance of the ContextualMAB and Geneti-
cOrch systems in managing and executing tasks across different computing environments,
three primary execution scenarios were considered: Sequential execution, Concurrent execu-
tion, and a Complex environment. The results are illustrated in three charts, showing how

the number of edge devices affects the Task Success Rate for each system.
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Figure 5.4: Task Success Rate

In the Sequential execution scenario ,the ContextualMAB system demonstrated ideal
performance, consistently maintaining a 100

In the Concurrent execution scenario , both systems experienced a gradual decline in task
success rate as the number of devices increased. ContextualMAB showed superior resilience,
dropping to around 91

The Complex environment scenario posed the greatest operational challenge. Here, task
success rates dropped more significantly for both systems. ContextualMAB maintained a
relatively strong performance, with a minimum success rate of about 83

Overall, the results demonstrate that ContextualMAB provides higher stability and adapt-
ability across varying execution conditions, especially as the system scales or faces increased
task complexity. These attributes position it as a more robust choice for intelligent orches-

tration in edge computing environments.
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5.3 failed resource
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Figure 5.5: Task failed

The following pie charts illustrate the distribution of failed tasks based on three failure

causes: Latency, Mobility, and Requirements, using a simulated environment of 500

devices. The comparison is made between two orchestration algorithms: Contextual M AB

and GeneticOrch.

ContextualMAB Algorithm

o Total number of failed tasks: 1062.

Failures due to latency: 886 tasks.

Failures due to requirements: 176 tasks.

Failures due to mobility: 0 tasks.

GeneticOrch Algorithm

o Total number of failed tasks: 2932.
o Failures due to requirements: 1760 tasks.
o Failures due to latency: 1162 tasks.

o Failures due to mobility: 10 tasks.
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Analysis and Insights

e The Contextual MAB algorithm outperforms GeneticOrch by achieving a 64% re-

duction in total failed tasks.

o Although latency is a common challenge, Contextual M AB demonstrates better per-

formance in fulfilling application requirements and adapting to mobility.

o These findings suggest that ContextualMAB is a more efficient and robust solution

for mobile edge computing environments.

5.4 Analyzing delay

This section presents a comparative analysis of task execution delay between the Contex-
tualMAB and GeneticOrch approaches across three different task execution scenarios:
complex, concurrent, and sequential. The analysis is based on the average delay observed as

the number of edge devices increases from 200 to 800.

5.4.1 Sequential Task Scenario

The first chart, corresponding to the sequential task scenario, shows that ContextualMAB
maintains a nearly constant delay (around 0.113 seconds) regardless of the number of devices.
In contrast, GeneticOrch continues to display slight variations and generally higher delays.
This scenario clearly demonstrates the superior efficiency and consistency of ContextualMAB

in environments with sequential task execution.

5.4.2 Concurrent Task Scenario

In the second chart, representing the concurrent task scenario, both techniques show an
increase in average delay. GeneticOrch exhibits noticeable fluctuations in delay values, in-
dicating potential instability in performance. On the other hand, ContextualM AB main-
tains a steadily increasing trend with lower delay values overall, reinforcing its reliability in

handling concurrent tasks with multiple edge devices.

Univ-Ouargla/fondamental computing: 2025 37



chapters : Simulation Results

5.4.3 Complex Task Scenario

The third chart ,illustrates the delay under the complex task scenario. It is evident that Con-
textual M AB consistently achieves lower delay values compared to GeneticOrch across all
edge device counts. As the number of devices increases, both techniques experience a rise
in delay, but ContextualMAB shows a more gradual and stable increase. The largest
performance gap is observed at 700 and 800 devices, highlighting the better scalability and

adaptability of ContextualMAB in complex environments.

Across all three scenarios, ContextualMAB outperforms GeneticOrch in terms of
delay minimization and performance stability. It proves to be more scalable and reliable,
particularly in complex and concurrent task environments. Therefore, ContextualMAB
is recommended for edge computing systems that demand low-latency and scalable task

scheduling solutions.
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Figure 5.6: Task failed delay
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5.5 Time complexity

A comparative analysis was conducted between two algorithms with distinct computational
approaches: GeneticOrch, based on genetic algorithms, and ContextualMAB, which
relies on the contextual multi-armed bandit model. The execution time of each algorithm
was measured under a unified testing environment to assess their time efficiency.

The results showed that GeneticOrch required 8 time units to complete execution, whereas
Contextual MAB needed only 1 time unit. This substantial difference in runtime performance
(an 800

This discrepancy can be attributed to the nature of genetic algorithms, which involve it-
erative processes simulating selection, crossover, and mutation—mechanisms that inherently
demand more computational time. In contrast, ContextualMAB relies on simpler, more
computationally efficient learning models, which directly translates into reduced execution
time.

Therefore, ContextualMAB demonstrates a clear advantage in terms of time efficiency,
particularly in scenarios with limited computational resources or real-time decision-making
requirements. Conversely, GeneticOrch may still be preferable in contexts that demand

extensive solution space exploration, despite its higher execution cost.

Time execution

ContextualMAB GeneticOrch

Algorithm

Figure 5.7: Time complexity
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5.6 Conclusion

In this chapter, various scenarios were presented to simulate task execution within an edge
computing environment, using different sets of tasks that vary in execution time, required
resources, and inter-task relationships—whether sequential, concurrent, or complex. The
characteristics of the participating data centers were also detailed, along with the adopted
simulation settings, including the number of devices, geographical distribution, and total
execution time.

The results showed that the Contextual MAB algorithm outperformed others in terms of
task execution success rate across different scenarios, particularly in complex environments,
where it maintained relatively stable performance. In contrast, the GeneticOrch algorithm
experienced a noticeable performance drop as task complexity or the number of connected
devices increased.

These findings highlight the importance of selecting an appropriate orchestration algo-
rithm based on the nature of tasks and the available infrastructure. They also emphasize the
effectiveness of context-aware intelligent algorithms in managing edge computing resources

and ensuring quality of service, even under complex operational challenges.
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Chapter 6
General Conclusion

With the rapid advancement of Internet of Things (IoT) technologies and smart applications,
the need has grown for computing solutions capable of real-time responsiveness and efficient
processing of the ever-increasing data generated at the network edge. Edge computing has
emerged as a strategic alternative to overcome the limitations of traditional cloud computing,
particularly in terms of latency reduction and real-time decision-making.

In this research, we addressed the challenge of orchestrating interdependent tasks in edge
computing environments, with a focus on microservice-based applications. We proposed a
dynamic orchestration mechanism based on the Contextual Multi-Armed Bandit (Contex-
tualMAB) algorithm, which is known for its ability to adaptively learn from environmental
context and make task placement decisions based on factors such as network delay, processing
capacity, and resource availability.

The proposed model was evaluated using the PureEdgeSim simulation tool, which pro-
vides a realistic environment for modeling edge computing systems, including device mobility
and energy consumption. The simulation results demonstrated the effectiveness of the pro-
posed algorithm in:

Reducing end-to-end latency,

Improving the task success rate,

And adapting to dynamic changes in the network and resource conditions.

These outcomes confirm that context-aware learning algorithms like ContextualMAB offer
a promising approach to building intelligent edge systems capable of making efficient decisions
in complex and constantly changing environments.

In the future, this work can be extended by integrating more advanced learning techniques,
such as deep contextual learning, or by validating the model in real-world, multi-user edge

environments to further assess its scalability and robustness.
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