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ABSTRACT

The Internet of Things (IoT) has revolutionized connectivity by enabling seamless data
exchange among diverse devices, fostering intelligent services and informed decision-making.
However, the rapid surge in data traffic has exposed the limitations of traditional cloud-based
solutions, particularly in meeting the quality-of-service (QoS) demands of latency-sensitive
applications. Fog computing has emerged as a transformative paradigm, extending com-
putational resources closer to end-users and bridging the gap between centralized cloud
systems and edge devices. This approach addresses QoS challenges by providing critical
services and resources at the network’s edge.

Despite its advantages, fog computing faces resource limitations at the node level, neces-
sitating efficient resource allocation to optimize performance and meet application-specific
QoS requirements. Deciding whether to process data at the fog or cloud level involves nav-
igating complex trade-offs dictated by resource availability, offloading criteria, and diverse
application scenarios.

This thesis addresses these challenges through a comprehensive approach to resource
allocation in fog and cloud computing environments. First, a reinforcement learning-based
method is introduced to optimize resource allocation for a single fog node. By formulating
the problem as a Markov Decision Process (MDP), the approach maximizes fog resource
utilization while considering the number of resource blocks and delay tolerance for each re-
quest. Experimental evaluations demonstrate the superiority of the E-SARSA algorithm in
terms of speed, utilization, and adaptability compared to Q-learning, SARSA, and a Fixed-
Threshold approach.

The study then extends to multi-fog/cloud systems, introducing a two-phase process. In
the first phase, the optimal fog node for resource allocation is identified. In the second phase,
reinforcement learning is applied to determine whether tasks should be processed locally or
offloaded to the cloud. This method ensures efficient resource utilization, with experimen-
tal results highlighting the superior performance of the Selection-2 approach compared to
Genetic Algorithms (GA), Round Robin (RR), and Random strategies, particularly in speed,
utilization, and load balancing.

Finally, the framework is further enhanced with a hybrid approach combining Genetic
Algorithms and Reinforcement Learning (GA/RL) for dynamic resource allocation in integer-
based multi-fog/cloud systems. This method applies the two-phase process, achieving sig-
nificant improvements in speed, utilization, and load balancing compared to existing meth-

ods.
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By dynamically allocating fog resources and optimizing offloading strategies, this work
addresses the limitations of traditional cloud computing systems and ensures seamless per-
formance for latency-sensitive IoT applications. The proposed approaches advance resource
allocation strategies in fog and cloud computing, offering scalable, efficient, and adaptive

solutions for future IoT ecosystems.
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Chapter 1
Introduction

The rapid expansion of the Internet of Things (IoT) and the increasing demand for real-time
data processing have created significant challenges in the management of computational
resources. Traditional cloud computing, while offering robust computational power, of-
ten fails to meet the stringent requirements of latency-sensitive and resource-constrained
applications. To overcome these limitations, fog computing has emerged as a promising
paradigm. Fog computing extends cloud capabilities to the edge of the network, bringing
computational resources closer to end-users and devices. This decentralized approach sig-
nificantly reduces latency, optimizes bandwidth usage, and enhances the performance of
applications across various domains, including smart cities, healthcare, autonomous vehi-
cles, industrial automation, and next-generation (B5G/6G) edge intelligence.

In fog/edge computing, task scheduling and resource management are critical compo-
nents that determine how computational tasks are allocated across edge devices, fog nodes,
and cloud servers. This allocation must account for multiple objectives, including mini-
mizing task execution time and end-to-end latency, reducing energy consumption, ensuring
high-quality service (QoS) and SLA satisfaction, maintaining reliability, and controlling
operational costs. The complexity of scheduling in fog environments arises from several
intertwined factors: (i) heterogeneity across compute, storage, and network resources; (ii)
dynamics of workload arrivals and mobility; (iii) partial observability and uncertainty in net-
work conditions; (iv) strict real-time constraints and deadline sensitivity; and increasingly,
(v) security and privacy requirements for distributed intelligence and data-driven decision-
making. As a result, developing efficient, scalable, and trustworthy scheduling algorithms

remains a central research challenge.



1.1 The Strategic Importance of RL-Driven Orchestration

The problem of resource allocation in fog computing is fundamentally an NP-hard opti-
mization problem complicated by highly stochastic environments. As IoT networks scale
to billions of devices, static policies and traditional heuristics are increasingly incapable
of managing the explosive volatility of workload demands. In this context, the application
of Reinforcement Learning (RL) has transitioned from a theoretical novelty to a strategic
imperative.

RL-driven resource allocation is pivotal for three primary reasons. First, it enables au-
tonomous adaptability; unlike ILP or static heuristics which require complete prior knowl-
edge of the system model, RL agents learn optimal policies through interaction, allowing
the system to adapt to unknown traffic patterns and node failures in real-time. Second, it ad-
dresses the multi-objective dilemma inherent in modern infrastructure—balancing the con-
flicting goals of minimizing latency for critical tasks while maximizing energy efficiency
to prolong battery life in edge devices. Third, in the context of safety-critical applications
such as autonomous driving and telesurgery, the capacity of RL to make millisecond-level
decisions based on learned long-term rewards is not merely an efficiency metric but a safety
requirement. Consequently, the development of robust RL and Hybrid-RL frameworks is

widely regarded as the cornerstone for enabling the autonomy required in 6G and beyond.

1.2 Task Scheduling Algorithms in Fog Computing

To address these challenges, the literature proposes a wide spectrum of methods that can
be broadly classified into: (i) mathematical optimisation (e.g., ILP/MILP), (ii) heuristic
and meta-heuristic algorithms, (iii) hybrid optimisation frameworks, (iv) reinforce-
ment learning (RL) and deep reinforcement learning (DRL), (v) fuzzy/knowledge-
driven reasoning, and more recently, (vi) federated (and privacy-preserving) learning
for distributed control and (vii) security-aware offloading and trustworthy scheduling.
Each family offers a different trade-off among optimality, scalability, adaptability, and im-

plementation complexity.

1.2.1 Integer Linear Programming (ILP) Algorithms

ILP and related exact optimisation methods are known for providing optimal solutions to

task scheduling problems, particularly in small-scale or static scenarios. These methods



formulate scheduling as a constrained optimisation problem, typically aiming to minimise
latency and/or energy while satisfying capacity and deadline constraints. However, as the
scale increases and the environment becomes dynamic, the computational complexity grows
rapidly, limiting direct applicability in large-scale fog systems. Representative studies (e.g.,
Tsai et al. [18] and Fonseca et al. [17]) demonstrate the use of ILP-style formulations to bal-
ance resource allocation across fog and cloud infrastructures, often serving as (i) optimality

benchmarks, (ii) guides for heuristic design, or (iii) components in hybrid pipelines.

1.2.2 Heuristic and Meta-Heuristic-Based Solutions

Heuristic and meta-heuristic approaches provide approximate solutions with lower com-
putational overhead than ILP, making them suitable for real-time and large-scale settings.
Common methods include Genetic Algorithms (GAs), Particle Swarm Optimisation (PSO),
Ant Colony Optimisation (ACO), and Cuckoo Search. For example, Canali et al. [31]
and Aburukba et al. [30] employed GA-based optimisation to reduce latency in IoT-driven
scheduling. While these approaches are more scalable than exact solvers, they typically can-
not guarantee global optimality and may exhibit sensitivity to parameter tuning, stopping
rules, and population diversity management.

While Reinforcement Learning provides adaptability, Genetic Algorithms (GA) have re-
mained a popular choice for static and complex multi-objective optimization in Fog environ-
ments, as highlighted in a comprehensive survey by Guerrero et al. [114]. Recent works such
as PGA [110] demonstrate GA’s continued effectiveness in heterogeneous environments,
while Saad et al. [111] utilized a hybrid GA-PSO approach to enhance multi-objective
scheduling for big data applications. Addressing energy and cost constraints specifically,
Sahoo et al. [112] proposed the EMCS algorithm, utilizing evolutionary strategies to op-
timize makespan and power consumption simultaneously. Other hybrid approaches have
also emerged to address convergence issues; for instance, Kumar and Singh [113] proposed
HGD-GBCO, which fuses Gradient Descent with Genetic Bee Colony Optimization to dy-
namically switch between exploration and exploitation, preventing the stagnation often seen
in pure meta-heuristics. However, purely evolutionary methods often struggle with real-
time adaptability to rapidly changing network conditions, a gap this thesis addresses by
integrating GA with the dynamic learning capabilities of RL.



1.2.3 Hybrid Algorithms

Hybrid algorithms combine complementary optimisation paradigms to improve robustness
and solution quality. Wang et al. [23] integrated PSO and ACO to jointly consider com-
pletion time, energy consumption, and reliability, while Hosseinioun et al. [33] proposed
an IWO-CA hybrid to enable energy-aware scheduling. In modern fog systems, hybridi-
sation often appears in two practical forms: (i) two-phase scheduling (a fast heuristic fil-
tering/selection stage followed by a refined optimiser), and (ii) learning—optimisation cou-
pling, where ML/RL guides the search space and meta-heuristics improve exploration or
accelerate convergence.

Recent advancements have further refined this hybridization. For instance, [GA-PSO
2024] combines GA with Particle Swarm Optimization to improve convergence speed,
while others have merged Gradient Descent with Genetic Bee Colony [GD-GBCO 2025]
to show the efficacy of mixing local search with global search. More closely related to the
objectives of this thesis is the specific integration of evolutionary techniques with reinforce-
ment learning; notably, [Hybrid GA-RL 2025] proposes a resource allocation framework in
multi-fog/cloud systems that leverages the strengths of both paradigms.

Furthermore, Choppara and Mangalampalli [99] developed a hybrid technique merg-
ing Fuzzy Logic with Deep Reinforcement Learning. By using Fuzzy Logic to handle task
prioritization and input uncertainty before the learning phase, they demonstrated improved
decision-making reliability. Similarly, Nucci and Papadia [106] explored the intersection of
meta-heuristics and machine learning in IoT-enabled healthcare maintenance. Their frame-
work couples a Genetic Algorithm (GA) with a Proximal Policy Optimization (PPO) agent,
using the GA to “seed” the DRL agent with high-quality initial policies. This illustrates
how evolutionary search can complement deep policies under complex constraints—a de-
sign pattern directly relevant to fog/cloud scheduling, where hybrid GA—RL strategies can
exploit GA-based exploration while preserving RL’s long-horizon adaptivity (as developed
later in Chapter 4).

1.2.4 Reinforcement Learning (RL)-Based Algorithms

RL-based scheduling has gained significant attention due to its ability to learn adaptive
policies in uncertain and time-varying environments. By interacting with the system and
observing feedback, RL agents can discover scheduling policies that optimise long-term
objectives such as delay, energy, congestion, and SLA satisfaction. Studies such as Guo et

al. [8] and Peng et al. [25] demonstrate RL-driven delay reduction and security/robustness



improvements in vehicular edge computing (VEC) and IoT settings.

1.2.5 Deep Reinforcement Learning (DRL) Architectures

DRL extends RL by incorporating function approximation (typically deep neural networks)
to handle high-dimensional states and complex policy classes. This is particularly effective
in heterogeneous fog environments, where the state may include multi-dimensional resource
vectors, network conditions, and task-level features. For example, Zheng et al. [5] addressed
task migration via DRL by learning optimal time/location for service relocation.

Recent scholarship has focused on creating modular and specialized DRL frameworks
to address specific architectural challenges. Wang et al. [108] proposed ReinFog, a mod-
ular framework designed to bridge the gap between theoretical DRL models and practi-
cal deployment. Their work emphasizes the use of Actor-Critic (A2C) agents to man-
age resources across the Edge-Fog-Cloud continuum. Focusing on workload granularity,
Kallela et al. [102] introduced DRL4HFC, utilizing Deep Q-Networks (DQN) specifically
for container-based microservice scheduling, highlighting the necessity of treating tasks as
interconnected components of larger business processes.

Furthermore, Multi-agent DRL (MADRL) has become crucial for scalable, multi-fog
systems. Ling et al. [100] advanced this field in the context of Industrial IoT (IloT) by
incorporating Attention Mechanisms into MADRL. Their approach filters state features to
prioritize critical information, addressing the interference and noise inherent in industrial
environments. This effectively allows multiple decision-makers to coordinate under local

observations while focusing policy updates on the most relevant nodes and interactions.

1.2.6 Privacy-Preserving and Federated Learning Frameworks

As fog computing is increasingly deployed in sensitive environments—such as healthcare,
autonomous driving, and private industrial networks—data privacy has become a primary
constraint. This has led to the adoption of Federated Learning (FL), where edge nodes
collaboratively train models without exchanging raw data.

Andong and Min [104] proposed a Federated Multi-Agent Reinforcement Learning
(Fed-MARL) framework specifically for 6G edge networks. Their work addresses the “cross-
layer” challenge, orchestrating resources at both the MAC layer (spectrum access) and the
Application layer (task offloading) while mathematically guaranteeing data privacy through

secure aggregation protocols. Similarly, Mali et al. [105] applied Federated Reinforcement



Learning to the problem of dynamic resource allocation, allowing agents to learn general
traffic patterns from neighboring nodes without breaching privacy boundaries.

Na et al. [103] further refined this paradigm by proposing a Hybrid Federated and Cen-
tralized Learning architecture. They argued that a purely federated approach might suffer
from slow convergence, while a purely centralized one risks privacy. Their hybrid model
offloads less sensitive data for centralized training while keeping critical data local, striking
an optimal balance between prediction accuracy and energy consumption in aerial (UAV)

networks.

1.2.7 Emerging Paradigms: Digital Twins, Intent, and Security

Beyond standard allocation algorithms, several novel architectural paradigms have emerged
to handle physical complexities and high-level management.

In high-mobility scenarios, such as Vehicular Edge Computing (VEC), Wang et al. [109]
introduced a Digital Twin-Assisted approach. By maintaining a synchronized digital replica
of the physical network, their system allows the scheduling algorithm to train on the “Twin”
rather than the live network, enabling proactive offloading decisions that anticipate connec-
tivity breaks.

Moving up the abstraction ladder, Konidaris et al. [107] proposed Intent-Based Resource
Allocation. This paradigm shifts the focus from low-level technical metrics to high-level
business goals (“Intents”), utilizing Reinforcement Learning to automatically translate a
network administrator’s intent into concrete allocation policies. Finally, addressing the
often-overlooked aspect of trust, Roshan et al. [101] presented a Secure Task-Offloading
Framework. Their work emphasizes that in cooperative fog environments, resource allo-
cation must account for the reputation and trustworthiness of neighboring nodes, ensuring

tasks are offloaded only to secure entities to mitigate data tampering risks.

1.3 Reinforcement Learning

Reinforcement Learning (RL) is a core subfield of machine learning focused on learning
optimal behaviors through interaction with an environment. Unlike supervised learning,
which relies on labeled data, RL involves learning from experience and interaction. Agents
learn to make sequences of decisions by taking actions in an environment and receiving
feedback in the form of scalar rewards [11,12]. These rewards inform the agent whether its

previous actions have brought it closer to or farther from achieving its objective. This form



of learning is deeply inspired by behavioral psychology, where organisms learn through
rewards and punishments.

What makes RL particularly powerful is its ability to learn optimal behavior in dynamic
and uncertain environments without explicit supervision [1, 6]. Applications of RL range
from training robots to perform complex physical tasks, to optimizing treatments in health-
care, to powering game-playing systems that can beat human champions [8, 25,26]. The
rise of deep learning has enabled RL to scale to large and complex environments, giving
birth to a subfield called Deep Reinforcement Learning (DRL) [4,5,22]. In this chapter, we
delve into the mathematical foundations, algorithmic strategies, and practical considerations

necessary to understand and implement RL systems effectively.

1.3.1 The Reinforcement Learning Framework
Agent-Environment Interaction

Reinforcement learning problems are modeled as a sequential interaction between an agent
and its environment. The agent is the decision-maker, while the environment includes ev-
erything it interacts with. At each discrete time step ¢, the agent observes a state s; € S, se-
lects an action a; € A(s;), and in return, the environment provides a scalar reward r; ;| € R
and transitions to a new state s, € S [38,40]. The agent’s goal is to learn a policy 7 that
maps states to actions to maximize the cumulative future reward.

This setup abstracts a wide variety of problems into a common structure, making RL
a general-purpose tool for learning and control. The repeated feedback loop of interaction
is fundamental: the agent’s actions influence the future states and rewards it encounters,

creating a closed-loop system that distinguishes RL from other types of learning [21,22].

Markov Decision Process (MDP)

The formal framework for RL is the Markov Decision Process (MDP). An MDP provides a
mathematical description of an environment in terms of states, actions, transitions, rewards,
and a discount factor. Specifically, an MDP is defined as a 5-tuple (S,A,P,R,7), where
S denotes the set of all possible states, A is the set of actions, P(s'|s,a) is the transition
probability, R(s,a) is the expected immediate reward, and y € [0, 1] is the discount factor
[14,23].

The Markov property is a crucial aspect of MDPs. It asserts that the transition probabil-
ities depend solely on the current state and action, not on any prior history. This property



enables a mathematically tractable formulation and recursive structure used in RL algo-
rithms [25, 40].

1.3.2 Objective of Reinforcement Learning

The principal aim of reinforcement learning is to identify an optimal policy that maximizes
the expected cumulative reward over time [8,21]. A policy 7(al|s) defines the behavior of

the agent by specifying the probability of taking action a in state s.

Return

The return at time step ¢, denoted Gy, is defined as the discounted cumulative reward from

that point forward:

G =Y v rsist, (1.1)
k=0

where y € (0, 1] is the discount factor and k indexes the look-ahead horizon. Here k = 0
refers to the immediate reward r; 11, k = 1 to the reward one step further r,,,, and so on,
with each subsequent reward attenuated by the factor y*.

This formulation provides the mathematical foundation for long-term sequential decision-
making [38,42].

Value Functions

To evaluate states and actions under a given policy, RL introduces value functions. The
state-value function V*(s) quantifies the expected return starting from state s. The action-
value function Q7 (s, a) measures the expected return from state s after taking action a [5,14].
These functions are central because they allow comparison of alternatives and improvement

of policies through iterative updates.

1.3.3 Dynamic Programming

Dynamic Programming (DP) methods solve RL problems when the complete model of the

environment is available. That is, the agent knows transition dynamics and rewards [10,11].



Table 1.1: Core notation for Markov decision processes and value functions

Symbol Meaning Description

s€S State Configuration of the environment at a discrete time step.
ac€A(s)  Action Control decision available to the agent when it is in state s.
w(als) Policy Probability that the agent selects action a in state s; fully

characterises the agent’s behaviour.

P(s"| s,a) Transition probability Probability that the environment transitions to successor
state s after the agent executes action a in state s.

R(s,a) Expected reward Average immediate reward obtained when action a is taken
in state s. A richer model R(s,a,s’) can include dependence
on the realised successor state.

Y€[0,1]  Discount factor Exponential weight applied to future rewards; Y = 0 yields
myopic behaviour, while Y — 1 values long-term returns
almost equally to immediate rewards.

VZ(s) State-value function ~ Expected discounted return when starting in state s and fol-
lowing policy 7:

oo

VEi(s) = Eﬂ[z Y1 } 50 = s}.

t=0

V*(s) Optimal value Maximum achievable expected return from state s over all
admissible policies:

V*(s) = max V*(s).

T

Bellman Equations

Bellman expectation equation For a fixed policy 7, the value function satisfies,

Vi(s) = Z n(als) Z P(s' | s,a) [R(s,a) + }/V”(s’)}, (1.2)

a€cA(s) s'eS

The outer sum averages over the agent’s stochastic choice of action dictated by x; the
inner sum averages over stochastic environment transitions. The bracketed term combines

the one-step expected reward with the discounted value of the successor state.
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Bellman optimality equation The optimal value function obeys,

Vi(s) = P(s" | s,a) [R(s,a) +yV*(s')], (1.3)

max
acA(s) sgS
Here the maximisation over a replaces the policy average, reflecting that an optimal
agent always selects the action that delivers the highest expected long-term return. This
nonlinear fixed-point equation underpins dynamic-programming solution methods such as

value iteration and policy iteration.

These recursive definitions form the theoretical foundation of RL [12,24].

Table 1.2: Symbols introduced in the Bellman-equation subsection

Symbol Meaning Description

S State space Set of all possible environment states.

ses State Specific configuration of the environment at a given time
step.

A(s) Action set Feasible actions when the agent is in state s.

a€A(s)  Action Control decision executed in state s.

m(a|s) Policy Probability of selecting action a in state s; defines the
agent’s behaviour.

P(s' | s,a) Transition model Probability that the environment moves to successor state
s" after action a is taken in s.

R(s,a) Reward model Expected immediate reward obtained by executing a in s
(can be extended to R(s,a, s’) if it depends on the outcome
state).

Y€ [0,1]  Discount factor Exponential weight applied to future rewards; y = 0 makes
the agent myopic, Y — 1 emphasises long-term returns.

VZ(s) State-value function Expected discounted return starting from s and following
policy 7:

Vi(s) = Eﬁ[z Yri ‘ S0 = s} )
=0
V*(s) Optimal value Maximum attainable expected return from s over all poli-

cies:
V*(s) = maxV*(s).
T
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Policy Iteration and Value Iteration

Policy iteration alternates between policy evaluation and improvement, while value iteration
merges them using the Bellman optimality equation [21,22]. These algorithms guarantee

convergence to optimal policies for finite MDPs.

1.3.4 Model-Free Methods

In most real-world RL problems, transition dynamics and rewards are unknown. Model-free

methods learn directly from interaction [4,5]. Two families exist:

* Monte Carlo methods: rely on complete episodes to estimate returns.

* Temporal-Difference (TD) methods: update estimates from partial experience.

1.3.5 Control Algorithms

Control algorithms combine value estimation with policy improvement to learn optimal
behavior [14, 15].

Q-Learning

Q-learning is an off-policy TD method. Update rule:

Ql+1<st7al) = Qt(Sz,at) + 05[’”1+1 + ¥ max )Qt(st+17al) - Qt(&ﬁt) ) (1.4)

a' €A(si41

Equation (1.4) is the core Q-learning update: it shifts the current estimate Q;(s;,a;)
toward the sum of the immediate reward and the discounted best-case value of the successor
state, with step size . It converges to the optimal value function under sufficient exploration
[14,31].

SARSA

SARSA is an on-policy TD algorithm:

Oi1(s,a1) = Or(sr,a1) + 05[7”1+1+’)’Qt(sz+1,az+1)—Qt(Styat)], (L.5)
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Table 1.3: Notation used in the Q-learning update

Symbol Meaning Description

S Current state Environment state observed at discrete time step .

a; Current action Action selected in s; (e.g., by an €-greedy exploration pol-
icy).

T4l Immediate reward Scalar reinforcement signal obtained right after executing
ay.

St41 Next state Successor state produced by the environment’s transition
dynamics after a;.

A(s) Action set All admissible actions when the agent is in state s. In the TD
target, max Q;(s,+1,d’) is the greedy target: the highest

a'€A(s141)
estimated action value available in s, ;.

0 (s,a) Action—value estimate Learner’s prediction (at time t) of expected return for taking
action a in state s and following the current policy there-
after.

o € (0,1] Learning rate Step-size parameter that controls how strongly the new TD
target r;41 + ymaxy Q;(sy41,d’) overrides the existing es-
timate Q,(s;,a;). Small @ smoother learning; large «
faster but higher-variance updates.

Y€ [0,1]  Discount factor Exponential weight applied to future rewards. y ~ 0 makes

the agent myopic; Y — 1 values long-term returns almost as
highly as immediate rewards.

It evaluates and improves the same policy used for behavior, yielding more stable learn-

ing in stochastic environments [2,7].

Expected SARSA

Expected SARSA reduces variance by computing the expectation over all possible next

actions:

Orii(snar) = Q(srar) + alrty Y 2@ [511) Qrlsira) = Qulsnar)|, (1.6)

a'€A(s41)

This method improves stability and smoothness compared to SARSA [8,25].

1.3.6 Exploration vs. Exploitation

Balancing exploration and exploitation is fundamental [12,34]. Strategies include:
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Table 1.4: Notation used in the on-policy SARSA update

Symbol Meaning

Description

St Current state

a Current action

Tl Immediate reward
St+1 Next state

a1 Next action

O (s,a) Action—value estimate

O:+1(8¢,a;)  Updated estimate

o€ (0,1]  Learning rate

y€[0,1] Discount factor

Environment state observed at discrete time step .

Action selected in state s; according to the behaviour policy
(e.g., e-greedy).

Scalar reward produced by the environment immediately
after executing a;.

Successor state generated by the environment’s transition
dynamics.

Action chosen by the same policy in state s, 1; this makes
SARSA an on-policy method.

Agent’s estimate, at time ¢, of the expected discounted re-
turn for taking action a in state s and thereafter following
its policy.

New value assigned to the pair (s;,a,) after observing
(Slaatart+last+laat+l)~

Step-size parameter controlling how strongly the new
TD target overwrites the old estimate. Smaller o gives
smoother learning; larger ¢ adapts faster but with higher
variance.

Exponential weight applied to future rewards; ¥ ~ 0 makes
the agent myopic, whereas ¥ — 1 values long-term returns
nearly as much as immediate ones.

» g-greedy exploration

* Softmax (Boltzmann) exploration

» Upper Confidence Bound (UCB) methods

Exploration strategies are critical in high-dimensional or safety-sensitive domains [40,41].

1.3.7 Function Approximation

In large or continuous state spaces, function approximation is essential [24, 29]. Instead

of tabular values, parameterized functions (linear models or neural networks) generalize

across states.

Deep Q-Networks (DQN) are a prime example, stabilizing learning using experience

replay and target networks [4, 5]. Function approximation is key to DRL scalability but
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Table 1.5: Notation used in the Expected-SARSA update

Symbol Meaning Description

St Current state Environment state observed at discrete time step ¢.

a Current action Action selected in state s; by the agent’s behaviour policy
.

Frg1 Immediate reward Scalar reward received immediately after executing a;.

St+1 Next state Successor state produced by the environment’s transition
dynamics.

A(s) Action set Set of admissible actions when the agent is in state s.

n(d’ | s;+1) Policy probability Probability of selecting action a’ in the successor state s, |;
taking the expectation over @’ leads to the Expected-SARSA
target.

O (s,a) Action—value estimate  Agent’s estimate (at time ¢) of the expected return for taking
action a in state s and thereafter following 7.

o€ (0,1] Learning rate Step-size parameter that controls how strongly the new TD
target overwrites the previous estimate.

y € [0,1] Discount factor Exponential weight applied to future rewards; lower values
emphasise immediacy, higher values emphasise long-term
returns.

introduces stability and bias challenges [22,43].

1.3.8 Policy Gradient Methods

Policy gradient methods directly optimize the policy [42,44]. The REINFORCE algorithm
uses:

VoJ(0) = E(sa)n,[Vologma(a|s) Gi], (1.7)

N][e

Actor-Critic frameworks combine policy gradients with value estimation for variance
reduction. Advanced algorithms include PPO and TRPO, which improve stability in large-
scale tasks [45,46].

Applications and Extensions

RL is widely applied in robotics, healthcare, finance, and networking [7, 8,25]. Beyond
single-agent RL:
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Table 1.6: Notation used in the policy-gradient formulation

Symbol Meaning Description

0 Policy parameters ~ Vector of trainable weights for the stochastic policy network
or other function approximator.

J(6 Objective function ~ Expected return under policy g: J(0) = Ex, [Yioo V' re+1].

mo(als) Stochastic policy ~ Probability of selecting action a in state s when the policy

Vologmg(a|s)
G;

E(sﬂ)Nn'G

VoJ(6)

Score function

Return

Policy expectation

Policy-gradient

is parameterised by 6.

Gradient of the log-likelihood of the chosen action
(likelihood-ratio term) used in REINFORCE-style updates.

Discounted cumulative reward from time step t: G, =
Yito Vkr 1+k+1-

Expectation with respect to the state—action distribution
generated by running policy 7g.

Gradient of the expected return with respect to the pa-
rameters; direction for gradient-ascent updates in policy-
gradient methods.

* Multi-agent RL. (MARL): for coordination and competition [2].

* Hierarchical RL: temporal abstraction for long-term planning [93].

* Inverse RL: infers reward functions from expert demonstrations [94].

¢ Offline RL: learns from fixed datasets without live interaction [95].

1.4 Challenges and Future Directions

Key challenges include sample inefficiency, sparse rewards, instability, and poor general-

ization [38,40]. Current research addresses:

Model-based RL for better sample efficiency.

* Representation learning for generalization.

* Human-in-the-loop RL for safe exploration.

* Hierarchical/meta-RL for faster adaptation.
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1.4.1 Summary of RL

Reinforcement Learning provides a comprehensive framework for sequential decision-making
through interaction. From MDP foundations to modern DRL and policy optimization, RL
has grown into a robust paradigm with real-world applications. While challenges remain in
stability, efficiency, and generalization, ongoing advancements promise scalable and safe
RL deployments across diverse domains [11,12,21,22,38,40,46].

1.5 Genetic Algorithm

Genetic Algorithms (GAs) constitute a celebrated family of population-based, stochastic
search and optimisation procedures whose intellectual roots lie in the twin disciplines of
population genetics and Charles Darwin’s theory of natural selection [50-53]. Over the
past five decades the GA paradigm has matured into a remarkably versatile optimisation
framework—one that thrives whenever the decision landscape is high-dimensional, highly
nonlinear, discontinuous, multimodal, or simply too poorly understood to surrender to clas-
sical calculus-driven techniques [54,55]. Because a GA dispenses with derivatives, Hes-
sians, and convexity assumptions, it can nimbly explore rugged or noisy spaces where gra-
dients are unavailable or uninformative—and it can do so while imposing only minimal
mathematical structure on the objective function [56].

The conceptual skeleton of a GA is unmistakably Darwinian. A population of chro-
mosomes—abstract encodings of candidate solutions—is allowed to evolve over many gen-
erations according to the principles of selection, inheritance, recombination, and random
mutation [57]. At every generation the algorithm evaluates the fitness of each individual,
selects those of superior merit, and deploys biologically-inspired operators to breed a new
cohort of offspring [58]. Iterated indefinitely, this cycle nudges the population, on average,
toward regions of the search space that harbour ever-improving solutions.

From a methodological standpoint, GAs belong to the broader class of metaheuristics:
pragmatic, problem-agnostic search strategies that trade mathematical guarantees for the
ability to tackle formidable spaces with aplomb [55]. Their inherently parallel, many-points-
in-flight search style not only lends itself to modern multi-core or GPU hardware [60] but
also mitigates the danger of being seduced by the first decent local optimum that comes into
view [59].

Since the seminal work of Holland in the mid-1970s [50], genetic algorithms have

become a mainstay across an astonishing array of disciplines, including—though by no
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means limited to—engineering optimisation [61], production scheduling and logistics [62],
protein-structure prediction [63], autonomous-robot control [64], computational economics
[65], and machine creativity under the banner of Genetic Programming [66]. The GA
paradigm has itself evolved into myriad variants—Neuroevolution for evolving both the
weights and the topologies of neural networks [67]; memetic or hybrid GA-local-search
schemes that graft powerful neighbourhood heuristics onto the stochastic backbone [68];
and island models that run several sub-populations in parallel with controlled migration to
preserve diversity.

The remainder of this chapter offers a thorough, self-contained tour of genetic algo-
rithms (GAs). We retrace their biological inspiration and formalise the canonical workflow;
examine representation/encoding choices, selection schemes, crossover and mutation oper-
ators, and replacement policies; discuss convergence intuition and runtime considerations;
and dissect common pitfalls and limitations alongside practical diagnostics. We then high-
light current research frontiers and design patterns relevant to large-scale, latency-sensitive
systems. Throughout, the narrative emphasises both conceptual insight and implementation
detail so that readers emerge with the confidence—and the cautionary wisdom—needed to
harness GAs in their own optimisation endeavours. Appendix A presents a detailed, end-

to-end example of a GA application.

1.5.1 Biological Inspiration

At its philosophical core, a GA is an abstraction of evolutionary biology [57]. In the natural
world, information about an organism’s traits is packaged into chromosomes—Ilong DNA
molecules segmented into discrete units called genes. Through the processes of sexual
reproduction and mutation, chromosomes are copied, shuffled, and occasionally altered,
producing offspring whose phenotypes are stochastic mosaics of parental traits [69, 70].
Those offspring that are better adapted to the environment are more likely to survive and
reproduce, thereby biasing the genetic pool in favour of advantageous alleles.

A GA transposes this grand, slow drama onto the digital stage: chromosomes become
bit-strings, real-valued vectors, trees, or permutations; fitness supplants ecological surviv-
ability; parental selection is rendered by probabilistic sampling biased toward higher fit-
ness [51]; crossover mirrors meiotic recombination [71]; and mutation introduces the ran-
dom sparks of novelty that keep the population from genetic monoculture [76]. Because
the algorithm harvests many partially independent search trajectories simultaneously, it can
sift through multiple basins of attraction in parallel—a feat that eludes most greedy local
heuristics.
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Table 1.7: Notation introduced in the Genetic-Algorithm framework section

Symbol Meaning Description

N Population size Number of chromosomes maintained at each generation.

De Crossover probability  Chance that a selected parent pair undergoes recombina-
tion instead of being copied unchanged. Typical range
0.6—0.9.

DPm Mutation probability ~ Per-gene probability of applying the mutation operator;
usually one order of magnitude lower than p..

fi Fitness of individual i Objective value used to rank or select chromosomes.
Higher (or lower, for minimisation) means better.

N
P(i) Selection probability  In roulette-wheel selection, P(i) = f;/ Z fj. Individuals
j=1
with larger fitness occupy larger “wheel” segments.

k Cut point Index of the crossover breakpoint in single-point recom-
bination for binary strings of length n.

o €[0,1] Blend coefficient Weighting factor in arithmetic (or BLX-a) crossover for
real vectors; controls how far offspring move toward one
parent.

By SBX spread factor Scaling coefficient drawn from the distribution in Eq. (5);
governs offspring distance from parents in Simulated Bi-
nary Crossover.

q Distribution index Shape parameter of SBX; larger ¢ offspring closer to
parents (exploitation), smaller ¢ broader spread (explo-
ration).

u~2(0,1) Uniform variate Random number used to sample 3, in SBX.

X; Gene value Allele at position i before mutation.

x} Mutated gene Result of bit-flip (Eq.1.12) or Gaussian perturbation
(Eq. 1.13).

c Mutation step size Standard deviation of the Gaussian noise added to real-
valued genes; may be static or self-adaptive.

f(x) Raw objective Original cost or utility function to be optimised.

Continued on next page
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Table 1.7 — continued

Symbol Meaning Description

gc(x) Constraint violation Amount by which solution x violates constraint ¢; positive

values indicate infeasibility.

A Penalty weight Multiplier in the penalised fitness F(x) = f(x) +
AY .max{0,g.(x)}; balances optimisation and feasibility.

F(x) Penalised fitness Fitness value after adding constraint penalties; guides se-

lection in constrained problems.

1.5.2 The Genetic Algorithm Framework

The canonical GA proceeds through the loop summarised in Table 1.8. Although deceptively simple,

each step encapsulates numerous design choices whose interplay largely determines performance.

Table 1.8: Canonical GA workflow.

Step Action Key references

Initialise =~ Randomly generate N chromosomes [56]

Evaluate  Compute fitness for every individual [72]

Select Biased sampling of parents [73,74]
Crossover Recombine parents (p.) [75]
Mutate Stochastically alter genes (p;,) [76]
Replace Form next generation [77]
Terminate Check stopping criteria [78]

Selection: For fitness-proportionate (roulette-wheel) sampling, an individual i with fitness f; is

chosen with probability

(1.8)

but alternative schemes—rank, tournament, SUS—modulate selection pressure in more controlled
fashion [73,74].
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Crossover: On binary strings, single-point crossover concatenates prefixes and suffixes of two

parents:

Offspring; = [X1,. .., Xk, Ykt-1s- > Vn)s

. (1.9
Offspring, = [V1,- -+, Vs Xkt1s -« s Xn)-
where the cut point is k [50]. Arithmetic crossover for real vectors blends parental genes:
Offspring; = ax+(1—oa)y,
pring (1-a) (1.10)

Offspring, = (1 —at)x+ay

with & € [0,1] [75]. Simulated Binary Crossover (SBX) generalises this via a spread factor 3, drawn

from

1

(2u)4tT, u< g,
B, = 1 u~%(0,1). (1.11)
2(1—w)] 1, u> 1,

where g controls parent—oftspring similarity [83].
Mutation: The classical bit-flip mutation

1 —x;, with probability p,,,
Y= (1.12)
Xi, otherwise.

is replaced in real-coded GAs by additive Gaussian noise

X = x;+ €, e~ A(0,07) (1.13)

where o may itself adapt over time [92]. Permutation encodings rely on swap, insertion, or inversion

operators [84].

Replacement and elitism: Generational schemes discard all parents; steady-state variants over-
write only a few individuals [77]. Elitism guarantees that the best-so-far chromosome survives intact,

accelerating progress but imperilling diversity [53,72].

Termination: Stop after a fixed generation limit, upon fitness stagnation, or when a target fitness

is attained; combining criteria is prudent [78].
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1.5.3 Encoding Strategies (Representation)

A GA’s power is mediated by how it encodes solutions. Binary strings are concise and operator-
friendly but coarse for real variables [50]. Real-valued vectors provide precision and natural se-
mantics for continuous domains [82]. Permutation encodings elegantly represent orderings such as
routes or schedules while demanding specialised operators [84]. Tree encodings, emblematic of
Genetic Programming, evolve symbolic expressions or program parse trees [66]. When constraints
loom large, hybrid or repair-based encodings are indispensable [85]. Good representations minimise
epistasis—undesirable gene-interaction entanglements—thereby allowing crossover to recombine
“building blocks” effectively [80].

1.5.4 Fitness Evaluation

Fitness is the compass of evolution. In constrained problems, a penalised fitness

F(x) :f(x)+7LZmax{0, ge(x)} (1.14)

discourages infeasible solutions by a penalty weight A [88]. Multi-objective GAs employ Pareto
dominance and diversity preservation (e.g., NSGA-II) to approximate the Pareto front [86]. When-
ever a single fitness call is expensive—say, a fluid-dynamics simulation—surrogate models (Gaus-
sian processes, neural nets) slash run-time by predicting fitness and reserving true evaluations for the
most promising candidates [87,91]. Careful scaling or ranking prevents runaway selection pressure

or stagnation [74].

1.5.5 Selection Mechanisms

An effective selection mechanism reconciles two antagonistic imperatives: exploitation, which ac-
celerates convergence by rewarding the fittest; and exploration, which guards against genetic mono-
culture. Roulette-wheel sampling (Equation (1.8)) is intuitive but sensitive to raw-fitness scaling;
rank, tournament, and SUS offer steadier control [73,74]. Elitism, while boosting speed, must be

throttled to avert premature convergence [53,72].

1.5.6 Crossover, Mutation, and Building-Block Theory

The building-block hypothesis suggests that short, low-order schemata of above-average fitness pro-
liferate exponentially under selection and are recombined by crossover into higher-order structures
[51,52]. Crossover therefore sits at the heart of GA potency, while mutation serves as an insurance
policy against stagnation. Parameter studies typically set p, € [0.6,0.9] for exploration and p,, an

order of magnitude lower for cautious novelty [76].
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1.5.7 Convergence and Termination

Under steady selective pressure, population variance shrinks and mean fitness rises. If diversity col-
lapses too fast, the GA freezes on a local optimum; adaptive mutation, niching, crowding, and restarts
inject new genetic material [60, 89]. Termination rules—generation caps, fitness plateaus, popula-
tion homogeneity thresholds, or external resource budgets—balance thoroughness against pragma-
tism [78]. Because convergence offers no guarantee of global optimality, practitioners typically run

multiple independent GA instances and compare best outcomes.

1.5.8 Challenges and Limitations

Notwithstanding their appeal, GAs can be finicky. They are parameter-sensitive, sometimes compute-
hungry, and theoretically unruly in finite populations [55]. Complex constraints are difficult to
encode, and high-dimensional spaces erode building-block integrity [80]. Hybrid metaheuristics,
surrogate-assisted modelling, island models, and adaptive parameter control remain active counter-

measures [68, 87].

1.5.9 Summary of GA

In summary, Genetic Algorithms stand as one of the great workhorses of modern optimisation. Their
marriage of simple operators and population-level search yields an algorithm that is at once concep-
tually elegant, embarrassingly parallel, and surprisingly powerful on problems that defy conven-
tional techniques. When armed with an insightful encoding, judicious parameter settings, diversity-
preserving safeguards, and—where appropriate—synergistic hybrid enhancements, a GA can dis-
cover solutions of striking quality in landscapes that have little else to recommend them but their
challenge. Ongoing research in adaptive control, machine-learning-guided search, and hardware-
accelerated implementations ensures that GAs will remain an indispensable tool in the optimisation

arsenal for many years to come.

1.6 Result-Focused Contributions

Over the course of our research, we progressively developed and refined a series of approaches to
tackle the dynamic resource allocation problem in fog and cloud computing environments. Our ini-
tial work began with formulating the resource allocation task as a Markov Decision Process (MDP)
and applying fundamental reinforcement learning (RL) algorithms to optimize task assignment be-
tween fog and cloud layers. Building upon this foundation, we extended the model to multi-fog
scenarios, introducing fog node selection mechanisms alongside RL-based scheduling to improve

load balancing and responsiveness. In the final stage, we enhanced the RL-based framework by
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integrating a Genetic Algorithm (GA), aiming to accelerate convergence and further improve the
system’s adaptability and performance. Each step of this evolution was validated through simula-
tions and empirical evaluation, providing a clear performance trajectory from basic RL methods to
advanced hybrid solutions.

1: Fog Node Resource Allocation in Fog-Cloud Systems Using Reinforcement Learning

In our recent publication titled Fog Node Resource Allocation in Fog-Cloud Systems Using
Reinforcement Learning, presented at the IEEE Consumer Communications and Networking Con-
ference (CCNC 2025) [96], we proposed a reinforcement learning-based framework for dynamic
resource allocation in fog computing environments. Among the three evaluated algorithms—Q-
learning, SARSA, and E-SARSA—the E-SARSA variant demonstrated superior performance. It
achieved the fastest convergence, highest fog resource utilization, and best adaptability to dynam-
ically changing request patterns. Notably, E-SARSA significantly reduced average task delay and
minimized cloud offloading by autonomously learning optimal allocation strategies without relying
on manually defined threshold parameters. The simulation results further confirmed the model’s
ability to prioritize time-sensitive requests, adapt to variable workloads, and effectively manage
multi-dimensional, integer-valued resource constraints, making it well-suited for real-time fog-cloud

environmentss.

2: Resource Allocation in Multi-Fog/Cloud Systems Using Reinforcement Learning

In the work submitted to the IEEE International Conference on Big Data and Cloud Computing
(BDCloud 2025) [98], we introduced a two-phase task scheduling framework for fog-cloud environ-
ments, combining rule-based fog node selection strategies with reinforcement learning. The system
was evaluated under various task allocation strategies, including Selection-1, Selection-2, Round
Robin, Random allocation, and a Genetic Algorithm. Among these, the Selection-2 + RL combi-
nation consistently outperformed all other methods. It achieved the lowest average task completion
time and exhibited significantly better load balancing, as measured by reduced variance in fog node
utilization. Furthermore, the approach effectively minimized cloud offloading, maximizing local fog
resource usage and reducing overall system latency. The framework’s reward model featured tunable
parameters, { and 0, allowing the scheduler to dynamically prioritize between delay minimization
and resource efficiency based on real-time system requirements, thereby enhancing the flexibility

and responsiveness of the resource allocation process.

3: Resource Allocation in Multi-Fog/Cloud Systems Using a Hybrid Genetic Algorithm-Reinforcement
Learning Approach

In our third contribution, presented in the paper Resource Allocation in Multi-Fog/Cloud Sys-
tems Using a Hybrid Genetic Algorithm—Reinforcement Learning Approach, accepted at the IEEE
International Conference on Cloud Computing (CLOUD 2025) [97], we extended the reinforcement
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learning framework by incorporating a Genetic Algorithm (GA) to form a hybrid GA-RL model.
This integration resulted in marked improvements across all evaluated performance metrics. Com-
pared to standalone RL methods, the hybrid approach achieved faster convergence, lower average
task completion time, and a significant reduction in cloud-offloaded requests. A key highlight of the
hybrid model was its ability to deliver better load balancing, demonstrated by a lower standard devia-
tion in fog node utilization, which reflects more equitable and efficient resource allocation across the
fog layer. Extensive simulations involving workloads ranging from 100 to 1000 tasks validated the
approach’s scalability and robustness, showing consistent adaptability to fluctuating request rates
and resource availability. These results underscore the hybrid GA-RL strategy as a powerful and

adaptive solution for dynamic, latency-sensitive fog/cloud environments.

Table 1.9: Summary of Symbols and Variables Used in the thesis

Symbol Meaning Units

Sets, indices, and entities

k Request / task index -
i Resource type index, i € {1,...,m} -
f Fog node index (multi-fog chapters) -
c Cloud entity (logical destination) -
F Set of fog nodes -
N(f) Neighbor set of fog node f (if neighbor-forwarding is ~ —
enabled)
(1) Set of active requests at time ¢ (resources still reserved, —

not expired)

K Set of all requests in an experiment/run -

Resource model and feasibility

m Number of resource dimensions (e.g., CPU, RAM, -
BW)
C; Capacity of resource i on a fog node resource units
reqy i Demand of request k on resource i (same meaning as resource units
Uupi)

Continued on next page
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Symbol Meaning Units

Uup i Demand of request k on resource i (alias of req; ;; keep  resource units

only one in final text)

St Residual (available) amount of resource i at decision resource units
time #;,

C Capacity vector C = [C},...,Cp) resource units

req; Demand vector req; = [reqy 1,. .., reqi n] resource units

Dstab Small positive constant for numerical stability (avoid -

division by zero)

canAllocate Boolean: resource-feasibility check (all demanded

resources available)

;szfeas Feasible action set for request k (delay & resource -

constraints)

Timing, service, and workload

tx Arrival/decision time for request k S

Ty Service time (reservation holding time) of request k S

e Service time of request k (alias of ;) S

Ajobs Request arrival rate (if modeled as a stochastic process) requests/s

N Number of requests in a GA batch/window being -
optimized

H Lookahead horizon (if used for batching/GA s or steps
windowing)

Delay / latency components

D Total end-to-end delay experienced by request k S

Dt Network delay component (propagation + transmission, s
if separated)

DErOp Propagation delay component S

D Transmission delay component S

DI Queueing delay at the selected node s

Continued on next page
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Symbol Meaning Units
DErOC Processing (compute) time at the selected node S
IA),-J( Predicted total delay if request & is assigned to fog node s
i
Dy(a) Predicted total delay for request k under action s

a € {Fog,Cloud}

™ Maximum tolerable delay (SLA deadline) for request &

w2

D Average delay over a set/batch of requests S

(context-dependent)

dayg (k) Running/estimated average delay used inside reward S
shaping (if defined)
dmin Small reference delay to clamp denominators (stability) s

Actions, decisions, and routing

a Action taken for request & (e.g., Fog/Neighbor/Cloud -
depending on chapter)

Fog Action: process/assign to fog (local or selected fog -
node)

Cloud Action: offload to cloud -

f* Selected fog node for a request after candidate filtering —
/ scoring

FogNodelList Candidate set/list of fog nodes that satisfy feasibility -
checks

qr Requeue count for request k (to prevent infinite deferral —
loops)

max Maximum allowed requeues before dropping a request  —

Reinforcement Learning (MDP / Q-learning family)

s RL state (feature vector capturing system status at -

decision time)

Sk State observed when handling request & -

Continued on next page
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Symbol Meaning Units
a RL action in a state (assignment decision) -
Tk Immediate reward after decision for request k -
O(s,a) Action-value function -
a Learning rate -
Y Discount factor -
€ Exploration probability in e-greedy selection -
wt(als) Policy (probability of choosing action a in state s) -
o TD error (if explicitly written) -
w Weight vector for linear function approximation (if -
used)

Reward shaping parameters (as used in your chapters)

4 Weight of the resource-headroom / utilization term in -
the reward

0 Weight of the delay-consistency / SLA term in the -
reward

D(+) Constraint-penalty term (generic; used in GA objective —

or reward penalties)
Genetic Algorithm (GA) / Hybrid GA-RL

X Chromosome / candidate allocation plan (encoding -

depends on chapter)

P Population of chromosomes -
Pyize Population size _
G Number of generations -
Fit(x) Fitness value of chromosome x -
F(x) GA objective/cost function minimized by GA -
wp GA weight for delay term in _# (x) (distinct from {,0) —
wc GA weight for cloud-offload term in _# (x) -

Continued on next page
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Meaning

Units

Pc

Pm

Sel(-)
Xover(-)
Mut(-)

Number (or fraction) of requests assigned to cloud

under plan x
Mean predicted delay under plan x

Penalty coefficient for constraint violations in GA

objective
Crossover probability
Mutation probability

Elitism count (number of best chromosomes carried

forward)
Selection operator (e.g., roulette, tournament)
Crossover operator

Mutation operator

Evaluation metrics (used across experiments)

7::omp

Rfog
Rcloud

Rnbr

SLA
Los

Completion time / makespan for a set of requests (as

defined in figures)
Fraction of requests processed in fog (local or any fog)
Fraction of requests offloaded to cloud

Fraction forwarded to neighbor fog nodes (multi-fog

only)
SLA satisfaction indicator or rate (deadline met)
95th percentile latency (if reported)

Utilization of resource i (e.g., used/total)

count or ratio

ratio
ratio

ratio

ratio

ratio

1.7 Dissertation Overview

The remainder of this dissertation is organized as follows: Chapter 2 presents a comprehensive study

on resource allocation within a single fog node architecture in fog-cloud environments, utilizing rein-

forcement learning techniques such as Q-learning, SARSA, and E-SARSA. The chapter includes for-

mal problem modeling, Markov Decision Process formulation, and detailed simulation-based eval-

uation against a Fixed-Threshold baseline. Chapter 3 extends this investigation to a multi-fog/cloud



architecture, introducing a distributed scheduling framework coordinated by a central distributor
node. Itexplores advanced reinforcement learning strategies combined with heuristic fog node selec-
tion methods to achieve low-latency, load-balanced task scheduling. In Chapter 4, a hybrid approach
is introduced that integrates Genetic Algorithms with reinforcement learning to further enhance ex-
ploration efficiency and system performance in complex multi-fog/cloud environments. This hybrid
GA-RL framework is evaluated across multiple scheduling strategies and demonstrates significant
improvements in convergence behavior, task completion time, and load balancing. Finally, Chap-
ter 5 concludes the dissertation by summarizing the key findings, highlighting major contributions,

and outlining future research directions.
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Chapter 2

Resource Allocation in Fog-Cloud
Systems Using Reinforcement Learning:
A Single Fog Node Perspective

2.1 Introduction

Fog computing [12] provides a decentralized alternative to traditional cloud-based architectures by
extending computation, storage, and networking resources to the edge of the network. This paradigm
shift is particularly advantageous for latency-sensitive and resource-constrained applications, where
proximity to end devices is crucial. However, the dynamic and heterogeneous nature of fog environ-
ments introduces significant challenges in resource management—especially when operating under
real-time constraints and unpredictable workloads.

This chapter investigates intelligent resource allocation in fog-cloud systems, focusing on a single
fog node that must make autonomous decisions regarding task processing or offloading. In contrast
to static heuristics or threshold-based approaches, we propose a reinforcement learning (RL)-based
framework where the fog node acts as an agent embedded in a Markov Decision Process (MDP). By
interacting with its environment and learning from feedback, the agent progressively improves its
decision-making policy to maximize long-term system efficiency.

Three prominent RL algorithms [93]—Q-Learning, SARSA, and Expected SARSA—are imple-
mented and evaluated against a Fixed-Threshold baseline. Each algorithm exhibits unique learning
dynamics and trade-offs in exploration and exploitation, allowing for a nuanced understanding of
their behavior in resource-constrained environments.

Simulated experiments are conducted using synthetically generated datasets, as no suitable real-

world benchmark is available. These simulations encompass diverse task request profiles—small,
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average, and large—to test the framework’s adaptability. Key evaluation metrics include average
task completion time, fog utilization rate, cloud offloading ratio, and load balancing index.

In addition to convergence speed and reward evolution, we analyze the distribution of learned
Q-values across different resource states to interpret the agent’s strategy. The results demonstrate
the advantages of learning-based scheduling in reducing delay, improving local resource utilization,
and adapting to varied environmental conditions without manual intervention.

The remainder of this chapter is organized as follows: Section 2.4 presents the RL-based frame-
work for resource allocation, including the MDP formulation, learning objectives, and the three RL
algorithms used for task scheduling and decision-making. Section 2.5 provides an in-depth analysis
of simulation results, comparing the RL algorithms against the Fixed-Threshold baseline and offer-
ing insights on convergence behavior, Q-value trends, and action preferences. Finally, Section 2.6

summarizes the key findings and motivates the multi-fog extension explored in Chapter 3.

2.2 Problem Statement

The emergence of fog computing has significantly reshaped the landscape of resource management
by shifting computational power closer to the network edge. This proximity enables faster response
times and better support for latency-sensitive applications. In such dynamic environments, where
both workloads and resource availability fluctuate over time, effective resource allocation becomes
critical to ensuring timely and efficient service delivery.

In the context of fog-cloud systems, user requests are modeled as tuples
(Mlal/tZa--'yumadmax;L)‘ 2.1

where u; through u,, represent the quantities of m different resource types (e.g., CPU, memory,
bandwidth), dyax denotes the maximum tolerable end-to-end delay for that request, and L is the
service time (the duration for which allocated resources remain reserved in the fog node). This
representation succinctly expresses both the quantitative resource needs and the quality-of-service
(QoS) constraints associated with each request, while also capturing service-time persistence.

A key challenge in fog-based systems is managing the resource allocation process within a single
fog node while making optimal decisions on whether to serve incoming tasks locally or offload them
to the cloud. This decision-making process is inherently complex due to several interdependent

factors:
* The high dimensionality of the resource state space arising from multiple resource types.

* The variability in task arrival rates and their respective delay sensitivities.



32

* The limited capacity of the fog node compared to the (assumed) effectively unlimited re-

sources of the cloud.

Each potential resource allocation state is defined by the current availability levels of all resource
types. Transitions between these states occur as tasks are served and resources are consumed or
released. Determining whether a new request can be served within the fog node requires evaluating
current resource availability and comparing it against the request’s requirements. Simultaneously,
the system must assess whether the request’s delay tolerance can be satisfied if it is served locally.

When arequest cannot be fulfilled locally—either due to insufficient resources or delay constraints—
it may be offloaded to the cloud. Although cloud servers provide substantial processing capacity,
offloading comes at the cost of additional transmission and end-to-end delay. Hence, the system must
carefully balance the trade-off between leveraging local (fog) resources and deferring execution to
the cloud, particularly when low latency is a priority.

To automate this decision-making process, early approaches employ static threshold-based strate-
gies, where tasks are offloaded to the cloud once the fog node’s utilization surpasses a predefined
limit. While this offers a simple baseline mechanism, such approaches are not adaptive to dynamic
conditions and often require manual tuning to remain effective.

Fig. 2.1 illustrates the simplified system architecture considered in this study. It includes a sin-
gle fog node directly connected to a cloud server, with user requests arriving at the fog node for
evaluation. This model serves as a foundational testbed for studying localized resource allocation
strategies and for developing adaptive decision-making mechanisms that respond to evolving system
conditions in real time.

To highlight the dynamic nature of this decision space, Fig. 2.2 depicts state transitions within the
fog node. Each state corresponds to a specific configuration of available resources, and transitions are
driven by incoming request attributes and allocation outcomes. This visual representation reinforces
the need for an intelligent, adaptive mechanism capable of navigating a complex, time-evolving

environment to optimize resource usage while preserving service quality.

2.3 Optimization Problem

To formalize the task scheduling challenge in a Fog—Cloud system, we model the decision-making
process of a single fog node as an optimization problem. For each arriving request, the node must
decide whether to execute the request locally (using its limited resources) or to forward it to the cloud.
This decision must respect (i) resource feasibility across multiple heterogeneous resource types and
(i) delay feasibility with respect to the request’s delay tolerance. The overarching objective is to
maximize effective fog utilization—serving as many admissible requests locally as possible—while

reducing dependence on cloud execution, which typically incurs higher end-to-end latency.
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Figure 2.1: System under consideration (single fog node with cloud fallback).
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Figure 2.2: Resource-state transitions in the fog node.
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Each request & is represented by a tuple
we = (w1, Uk, Wi, di™, Li). (2.2)

where uy ; is the required amount of resource type i € {1,...,m} (e.g., CPU, memory, band-
width), ;™" is the maximum end-to-end delay tolerated by the user (delay tolerance), and Ly is the
service time (i.e., the duration for which the admitted request keeps its allocated resources reserved
at the fog node). The inclusion of L is essential: because resources remain held during L;, local

admission decisions couple over time through persistent resource occupation and queueing.

System Model and Notation. We consider a fog—cloud system composed of a single fog node
and a remote cloud server, as illustrated in Fig. 2.1. The fog node offers m resource types with
capacity vector C = (Cy,...,Cy), and its instantaneous resource availability is represented by the
state ; = (s7.1,...,5m), where 0 <s,;; < C; denotes the currently available amount of resource i at
decision time ¢.

A request can be admitted and executed locally at the fog node if u; <'s; (element-wise fea-
sibility) and if its realized completion delay satisfies the QoS constraint d; < d;"**. Otherwise, the
request is offloaded to the cloud, which is assumed to have sufficient capacity but incurs additional
communication delay. Hence, each scheduling decision must balance (i) local execution to reduce
offloading and exploit proximity, and (ii) proactive offloading to avoid violating delay constraints
and overloading the fog node.

We introduce a binary decision variable ¥; € {0, 1} indicating whether request « is served locally
by the fog node (Y, = 1) or offloaded to the cloud (¥ = 0). Since each request is indivisible, a
request can only be executed locally if all its resource demands are simultaneously feasible; therefore,
feasibility is enforced through element-wise constraints.

To model persistence due to non-zero service times, let o7 (f) denote the set of active requests
currently being served (i.e., requests whose service has started but not yet completed) at decision

time ¢. Then the residual resource on dimension i at time ¢ is

si=GC — Y uj (2.3)
JEA (1)

This captures the fact that previously admitted requests continue to occupy resources until their
service times elapse, which in turn influences the feasibility of admitting new requests.
To capture the delay context experienced by the fog node, we define a running average delay over

previously locally served requests. Let N,f 8 = Z’j;ll Y; denote the number of locally served requests
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prior to step ¢; then

t—1
1 fog
TgZYJdJ, Nt >0,

due(1) =0,  due(t) =M 3 t>2. (2.4)

0, N® =0,

where d; denotes the realized end-to-end delay of request j when executed locally.
To avoid undefined ratios (e.g., division by zero) and to keep the objective numerically stable
under very small denominators, we introduce a small positive constant pgp > 0. In addition, we

clamp the running-average delay used in ratio terms via

o, (k) = max{davg (k), dmin}, dpin > 0, (2.5

avg

so that the delay-consistency component remains well-defined and bounded in early learning stages.

Under these definitions, the fog-side local scheduling objective can be written as:

n

1-Y;
max Oy Yiry — )

(Vi {ne} ,;( ! P T P
Subject to:  Yiur; < s, Vk=1,....n,Vi=1,....m i

kak < kalrcnax’ Vk = l,...,n ii.

m max
Sty i d™ + Pstab
rk:C 74_6 T 1N Vk:1,,n 1il.
il:! Ui + Pstab dff\ig (k) + Pstab

o+ By =1, f+60=1
aWaﬁW7Ca 0 € [Oa 1]7 Y, € {07 1}7 Pstab > 0. V.

(2.6)

Interpretation. The objective rewards feasible local service through the term o, Y, and penal-
izes non-local service (cloud offloading) through the term B,,(1 — Y;)/(rx + Pstab ). Constraint (2.61)
enforces multi-resource feasibility at decision time #; using the instantaneous residual state s, ;, which
already accounts for resources held by active requests over their service times. Constraint (2.6ii) en-
forces per-request delay feasibility whenever the request is served locally. The reward definition
in (2.6iii) combines (a) a resource-efficiency term that increases when residual resources are large
relative to the request’s demand and (b) a delay-consistency term that is larger when the system’s
running delay context remains low relative to the request’s tolerance, with § and 6 controlling the
trade-off. Finally, constraints (2.6iv)—(2.6v) define admissible weight ranges and ensure numerical

stability.

Overall, this formulation captures the fog node’s central decision trade-off: admit a request locally
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only when its multi-resource demands can be satisfied given currently held resources (service-time
persistence) and when its delay tolerance can be met, while discouraging excessive reliance on cloud

execution via an explicit penalty structure.

2.4 Reinforcement Learning-Based Solution

The optimization model in Section 2.3 provides a principled description of the fog node’s admission
decision under multi-resource feasibility and delay tolerance. However, in realistic fog environments,
task arrivals, service times, and residual-resource evolution are inherently dynamic and partially
uncertain. This motivates a model-free reinforcement learning (RL) formulation in which the fog
node learns an allocation policy directly from interaction with the environment, without assuming
prior knowledge of workload statistics or transition dynamics.

We model the fog node as an RL agent operating in a Markov Decision Process (MDP). At each
decision step ¢, the agent observes the current residual-resource state, receives an arriving request,
chooses an action (serve locally or offload), and obtains an immediate reward. The agent’s goal
is to learn an optimal policy 7" that maximizes the expected long-term return, thereby adapting

admission/offloading behavior as the environment evolves.

MDP Formulation

The MDP is defined as a tuple (S,A,P,R,7):

 State space (S): The state summarizes the fog node’s residual capacity across m resource

types at decision step ¢:

S = (Sul 38t 2500 ,s,‘m), 0< S < G 2.7

In our discrete implementation, each s; ; is quantized to integer levels, leading to

S={0,1,....C;} x---x{0,1,....Cp}. (2.8)

Remark: In general, one may augment the state with request features (demands/tolerance). In
this chapter, to keep the tabular state tractable and to support clear interpretation of Q-value
trends, we evaluate policies under controlled request-size regimes (small/average/big), and

interpret Q-values per regime as shown in Section 2.5.

* Action space (A): The agent selects one of two actions:

A = {Serve in Fog, Offload to Cloud}. (2.9)
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Local service is admissible only if the request is resource-feasible (element-wise) and delay-
consistent, whereas offloading is used when local execution is infeasible or predicted to violate

the QoS constraint.

 Reward function (R(s,a)): After choosing action g, for request k in state s, the agent receives
reward r. Consistent with Eq. (2.6), we employ a composite reward that reflects (i) residual-
resource efficiency and (ii) delay consistency. To prevent excessively large ratios in the early

stages when d,ye (k) may be close to zero, we clamp the denominator:
dfl\{fg (k) = max{davg (k), dmin},

and use dg;

(k) in Eq. (2.6) and Eq. (2.10), where dpi, > 0 is a small reference delay.

s St i d]r{nax + Pstab
Tk = — — O +0=1, (2.10)
O o PO E O e ©

where s;, ; is the residual amount of resource i at the decision time for request k, uy ; is the
requested demand, d;"** is the delay tolerance, dyye (k) is the running average delay over pre-
viously locally served requests, dpin, > 0 is a small reference delay, and pg,p, > 0 is a stability
constant. This reward provides a dense learning signal that encourages local service when it

is feasible and the system remains in a low-delay regime.

* Discount factor (y): A scalary € [0, 1] controlling the trade-off between immediate and future

rewards.

Value Functions and Bellman Optimality

Given a policy 7, the state-value function and action-value function are

Vi(s) =Ex[ri + W (s11) | 50 = 5],

(2.11)
Q”(Saa) =Ex[r +7Qﬂ(st+17at+l) |t =s, a; =a].
The optimal action-value function Q*(s,a) satisfies the Bellman optimality equation:
O (s,a)=E|r +yma§Q*(s,+1,a') |si=s,a=al, (2.12)
ae
and the optimal policy is
7 (s) = argmax Q" (s,a). (2.13)

acA



39

Learning Algorithms and Exploration

To solve the MDP, we evaluate three standard temporal-difterence RL algorithms:

* Q-Learning (off-policy): Updates using the greedy estimate of the next state’s best action.

* SARSA (on-policy): Updates using the value of the next action actually selected by the cur-

rent policy.

» Expected SARSA: Updates using the expectation of next-state action values under the current

policy’s action distribution.

All methods employ an e-greedy exploration strategy:

random action  with probability €,
n(a|s)=
argmax, Q(s,a) with probability 1 — €.

Algorithm 1 Q-Learning for Fog Resource Allocation

1: Initialize: Q(s,a) arbitrarily; learning rate ¢, discount factor ¥, exploration rate €
2: for each episode do

3:  Observe initial state s

4 for each request k in the episode do

5 Choose a using e-greedy from QO(s, )

6: Execute a, observe reward r and next state s’

7: 0(s,a) + O(s,a) + a[r+ymax, Q(s',d') — O(s,a)]

8: s

9 end for

0:

10: end for=0

Algorithm 2 SARSA for Fog Resource Allocation

1: Initialize: Q(s,a) arbitrarily; learning rate ¢, discount factor ¥, exploration rate €
2: for each episode do

3 Observe initial state s; choose a using €-greedy from Q(s, )

4 for each request k in the episode do

5 Execute a, observe reward r and next state s

6: Choose a' using e-greedy from Q(s',-)

7 0(s,a) + O(s,a)+ alr+v0(s',a") — Q(s,a)]

8 s—s,a—d
9 end for
10: end for=0
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Algorithm 3 Expected SARSA for Fog Resource Allocation

1: Initialize: Q(s,a) arbitrarily; learning rate ¢, discount factor ¥, exploration rate €
2: for each episode do
3:  Observe initial state s

4. for each request k in the episode do
5: Choose a using e-greedy from Q(s, -)
6: Execute a, observe reward r and next state s’
7: E[Q(s',)] + Yo m(d'|s") O(s',d')
8: Q(S7a) <—Q(s,a)+(x[r—|—}/IE[Q(s’,-)] —Q(s,a)]
9: s«
10: end for

11: end for=0
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Summary

This RL formulation equips the fog node with an adaptive admission/offloading policy that evolves
as workload and residual capacity change. The next section validates the approach empirically and
compares Q-Learning, SARSA, and Expected SARSA against a fixed-threshold baseline under con-

trolled synthetic workloads and repeatable experimental settings.

2.5 Analysis and Results

This section analyzes the performance of reinforcement learning for dynamic fog resource allocation
under evolving workload conditions. We compare three RL algorithms—Q-Learning, SARSA, and
Expected SARSA (E-SARSA)—against a Fixed-Threshold (FT) baseline. The evaluation focuses
on two core objectives: (i) maximizing local fog utilization for admissible tasks and (ii) reducing
reliance on cloud offloading, especially for latency-sensitive requests. Since no publicly available
dataset captures the required granularity of multi-resource fog admission decisions, we generated
a synthetic dataset that supports fair, repeatable experimentation across request-size regimes and

workload scales.

Experimental Setup and Objectives

We generated 10° synthetic task records with diverse demand characteristics. Requests were grouped

into three interpretable size regimes relative to fog capacity:
* Big-size requests: near the upper quarter of fog capacity.
* Small-size requests: near the lower quarter.
* Average-size requests: around the middle of the capacity.
Synthetic dataset generation and demand distribution. To enable repeatable evaluation in

the absence of public benchmarks, we generated 10° synthetic task records. Each task is represented

by a resource-demand vector over m resource dimensions, scaled relative to the fog capacity C =

(Cy,...,Cp). We define three demand regimes per resource dimension:
Big-size: u; € [3C;, C}], (2.14)
Small-size: u; € [0, 1C/], (2.15)

Average-size: u; € [1C;, 3Ci], (2.16)
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and we generate tasks using an explicit mixture distribution over these regimes. Let S € {small,avg, big}

denote the size class. We sample
S~ Categorical(ﬂ'small; Tavg, 7'L'big)a Tsmall + Tavg + Toig = L, (2.17)

then draw each demand component within the interval associated with S. In the assumption-light

setting, we use uniform sampling:

C;(0.25X), S = small,
X ~ Uniform(0, 1), uri = { C;(0.25+0.50X), S =avg, i=1,....m (2.18)

C;(0.75+0.25X), S = big,

99 ¢

This construction ensures that “near the lower quarter,” “around the middle,” and “near the upper
quarter” are realized precisely and continuously. Unless otherwise stated, demands are sampled
independently across resource dimensions; correlation can be introduced if desired by sharing a
common latent factor across dimensions. Finally, all experiments are reproducible given the random
seed used for the mixture draw and within-class sampling.

The FT baseline accepts a request if the fog is sufficiently under-utilized. Concretely, we admit
locally if

min 2% > 0.70. (2.19)

i€{l,...m} C;
and otherwise offload to the cloud. In contrast, RL policies adapt online by maximizing the

reward in Eq. (2.10), which explicitly embeds residual-resource efficiency and delay consistency.

Workload scaling, task-length distribution, and trial averaging. We evaluated the schedul-
ing policies under increasing workload sizes by forming episodes of length N € {100,200, ...,1000},
sampled from the synthetic pool. For each episode, task service times were generated from a uniform
distribution:

L ~ Uniform(500, 3000), (2.20)

ensuring heterogeneous service demands across requests. The simulated environment comprised
a single fog node (with m = 5 distinct resource types) and a single cloud node, consistent with
the architecture in Fig. 2.1. To reduce stochastic variance and improve estimation accuracy, each
configuration was repeated across T independent trials (different random seeds), and all metrics

were reported as trial averages:

_ 1z
M= =YY M, 2.21
TIZZI IX] ( )
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with 7 = 20 in our experiments. For fair comparison across methods, we fixed the weighting param-

eters § and 0 at 0.5 throughout.

Convergence Behavior

Convergence criterion. We use the term convergence to indicate that the learning process has
stabilized, meaning that additional episodes yield only marginal performance improvement. Oper-
ationally, this is observed when the episodic cumulative reward plateaus (up to small fluctuations).
Let R, denote the cumulative reward obtained in episode ¢, and define the moving average over a

window of size W:
_ 1 !
R, = W k:t;m Rx. (2.22)

We consider the learning process converged when the change in moving average across consecutive

windows falls below a tolerance O¢ony > O:

Et _kth‘ < Sconv- (223)

This criterion aligns with the visual plateau behavior in Fig. 2.3 and provides a consistent conver-
gence definition across algorithms.

Figure 2.3 illustrates the observed stabilization of learning dynamics. In our runs, Expected
SARSA converged earliest (episode 4623), followed by Q-Learning (episode 6782) and SARSA
(episode 8113). The Fixed-Threshold policy does not exhibit “convergence” in the RL sense because
it does not update a value function; therefore, its episode-to-episode behavior reflects only workload

randomness rather than learning stabilization.

Q-Value Trends and Action Preferences

Figures 2.4-2.6 visualize the learned Q-values associated with the cloud/offload decision for different
request-size regimes. These curves can be interpreted by linking the x-axis state progression to
residual capacity. Early states correspond to high residual capacity (the fog is relatively empty),
while late states correspond to low residual capacity (the fog is close to saturation). The phrase “last
quarter of fog capacity” refers to the region where the residual state has fallen below roughly 25%
of capacity, i.e., s;; € [0,0.25C;] for dominant resource dimensions.

For big-size requests (Fig. 2.4), the offload-related values peak earlier in the state range, reflect-
ing that admitting a large demand can rapidly deplete residual resources and trigger future infeasi-
bility under persistent service times. The learned policy therefore prefers earlier offloading for large
jobs to prevent cascade congestion. For small-size requests (Fig. 2.5), offloading becomes prefer-

able much later, because small jobs can often be accommodated even when the fog is moderately
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loaded. For average-size requests (Fig. 2.6), the learned offload preference rises in the mid-to-
late state region, consistent with a trade-off between accepting locally when feasible and avoiding

last-quarter saturation where delay violations become more likely.
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~20001 A~ ESARSA
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~140001 4
i
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Figure 2.4: Q-value of cloud/offload action for big-size requests across states.

Across request types, the rise of offload-related Q-values in the lafe state region is consistent
with learning under service-time persistence: when residual resources approach the lower quarter
of capacity, admitting additional tasks increases queueing and completion times, raising the risk
of violating delay tolerance. The learned behavior therefore shifts toward offloading near satura-
tion, while still prioritizing local execution in earlier states where the fog can serve requests without

destabilizing delay.

Request Fulfillment and Utilization Trends

Figure 2.7 compares the average number of requests served locally. The Fixed-Threshold approach
remains around 4-5 in our setting, reflecting its inability to adapt admission decisions to request-size
regime and evolving residual-resource dynamics. In contrast, all RL methods maintain higher local-

serving rates because they condition decisions on state and learn when accepting locally is beneficial
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Figure 2.5: Q-value of cloud/offload action for small-size requests across states.
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versus when it will induce late-state congestion and delay violations.

14
-®- Q-Learning
SARSA ey S G ST Sl L bbbty ]
- .t e
121 ..o~ ESARSA A 7 e
-+ Fixed_Threshold Ak ‘/"
5 [ 3
10 A 7
2 e
0 i
(O] g
-] &
8 8 1 Vi
o /:ﬁ
© ; /
—
& .
-g J., .
) 2E2N 2
e e deeh, -
= SUVRTPLL AR S et F NPT, LLE O S
Z : j RS
5 _ A
P
2 ‘.I
i ¢
Y 4
4
0 i
0 2000 4000 6000 8000 10000

Episode Number

Figure 2.7: Average number of requests served locally in the fog node.

Quantitative Evaluation

Table 2.1: Performance Comparison of RL Algorithms vs. Fixed Threshold

Method Local Util (%) Cloud Offload (%) Locally Served Index (local/cloud)
Q-Learning 88 12 7.33
SARSA 90 10 9.00
Expected SARSA 89 11 8.09
Fixed Threshold 72 28 2.57

The quantitative results confirm that RL policies consistently outperform the FT baseline in
local utilization and cloud offloading behavior. The improvement is driven by state conditioning:
RL methods learn that local admission is beneficial in high-residual states, but becomes risky in the

late-state region (near the lower quarter of residual capacity), where service-time persistence and
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Table 2.2: Insights Summary from Simulation Results

Metric Best Performer  Insight

Average Task Time Q-Learning Fast initial improvement due to off-policy up-
dates that exploit high-value actions.

Local Utilization SARSA Conservative on-policy updates promote sta-
ble local serving without abrupt oscillations.

Cloud Offloading Rate SARSA More cautious admission reduces reliance on
cloud under comparable reward weights.

Load Balancing Index  Expected SARSA  Expected updates smooth learning and reduce
sensitivity to action-sampling variance.

Convergence Speed Expected SARSA Earliest stabilization in moving-average
episodic reward under the convergence crite-
rion.

Stability Expected SARSA Lowest fluctuations across episodes due to

expectation-based bootstrapping.

queueing amplify delay and increase the chance of violating d;"**. By internalizing these dynamics
through reward feedback, RL policies achieve higher locally served rates while maintaining a lower

offloading fraction compared to a static acceptance threshold.

2.6 Summary

This chapter studied dynamic resource allocation in a Fog—Cloud system from the perspective of a
single fog node that must make online admission/offloading decisions under multi-resource feasibil-
ity and delay tolerance. We first formulated an optimization model that explicitly captures the key
trade-off between serving admissible requests locally and avoiding excessive reliance on cloud exe-
cution. We then introduced a model-free RL solution in which the fog node learns an adaptive policy
over a Markov Decision Process defined by residual-resource states, binary serve/offload actions, and
a composite reward that balances residual-resource efficiency and delay consistency.

We evaluated Q-Learning, SARSA, and Expected SARSA against a Fixed-Threshold baseline
using 10° synthetically generated tasks with controlled demand regimes (small/average/big relative
to capacity) and heterogeneous service times. The experimental design included workload scaling
from 100 to 1000 requests per episode and trial averaging across 20 independent runs to reduce
stochastic variance.

Across both qualitative and quantitative analyses, RL methods demonstrated superior adaptabil-
ity. Q-value trends showed that learned offloading preference increases as the system approaches the

late-state region (near the lower quarter of residual capacity), consistent with the impact of service-
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time persistence on queueing and delay. In aggregate metrics, all RL variants improved local utiliza-
tion and reduced cloud dependence compared to the Fixed-Threshold policy, which cannot adapt to
request-size regime or evolving state. Among RL methods, SARSA tended to be more conservative
in offloading and yielded strong local utilization, while Expected SARSA provided the most stable
learning dynamics and earliest stabilization under the moving-average convergence criterion.

The results establish RL as an effective mechanism for adaptive scheduling in latency-sensitive,
resource-constrained fog environments. While this chapter focuses on a single fog node, the same
methodology naturally motivates the multi-node setting addressed in subsequent chapters, where
distribution, coordination, and scalability introduce additional challenges beyond the single-agent

case.
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Chapter 3

Resource Allocation in Fog-Cloud
Systems Using Reinforcement Learning:
A Multi-Fog Node Approach

3.1 Introduction

As fog computing architectures scale beyond single-node deployments, the need for intelligent and
distributed resource management becomes increasingly critical. In multi-fog/cloud systems, com-
putational tasks arrive dynamically and must be efficiently scheduled across a network of heteroge-
neous fog nodes with limited capacity and variable loads. Unlike the single-node scenario addressed
in Chapter 2, this setting introduces additional complexity due to spatial distribution, inter-node
coordination, and fluctuating network latencies.

This chapter extends the reinforcement learning (RL)-based scheduling framework introduced
previously to multi-fog environments. Each fog node is modeled as an autonomous agent that makes
localized task allocation decisions while collectively contributing to system-wide performance opti-
mization. The system architecture supports task forwarding among neighboring fog nodes and to the
cloud when local resources are insufficient, enabling a flexible and scalable scheduling paradigm.

To address this more complex problem space, we formulate the resource allocation problem as
a distributed Markov Decision Process (D-MDP), where each agent learns to optimize its policy
based on local observations and delayed environmental feedback. This approach avoids centralized
bottlenecks and improves system resilience in the face of workload surges or node failures.

We investigate the behavior of this decentralized RL framework under various fog node selection

strategies, including:

* Round Robin (RR): Simple, cyclical task distribution.
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* Random Selection (Rand): Uniformly random fog node choice.

Threshold-Based (Fixed): Uses static load thresholds for routing decisions.
* Learning-Driven (RL): Task assignment is dynamically guided by learned Q-values.

* Selection-1 and Selection-2: Heuristic-enhanced node prioritization based on residual re-

sources and delay estimates.

Simulation-based experiments evaluate these strategies across metrics such as task completion
time, cloud offloading ratio, and fog node load balancing. The results demonstrate that reinforce-
ment learning enables more adaptive and efficient task distribution, particularly when combined with

feasibility-aware node selection mechanisms.

Notation and core quantities. Throughout this chapter, the request index is denoted by & (e.g.,
the k™ request), while m denotes the number of resource types. Each request includes: (i) a delay
tolerance d;"* (the maximum end-to-end latency the request can tolerate), and (ii) a service time
Ly (how long the allocated resources remain reserved/occupied at the chosen execution node). The
end-to-end delay experienced by a request includes queueing delay (waiting time before execution
at the selected node) and propagation delay (network transmission delay), and the service time L
affects subsequent feasibility because resources remain held for L; seconds after admission. Unless
explicitly stated otherwise, fog nodes are indexed by i € {1,...,n}, while resource types are indexed
by re{l,...,m}.

The remainder of this chapter is organized as follows: Section 3.2 presents the system model
and architecture, including queues and routing logic in the multi-fog/cloud setting. Section 3.3 de-
fines the RL formulation and learning procedure. Section 3.4 presents the experimental design and
evaluation results. Section 3.5 concludes the chapter with key insights and links to Chapter 4, which

introduces a hybrid GA-RL approach.

3.2 Problem Statement

Fog computing shifts computation closer to the network edge, enabling low-latency service for time-
sensitive applications. However, the distributed and heterogeneous nature of multi-fog systems in-
troduces key challenges in resource allocation and task scheduling, particularly when multiple fog
nodes with different capacities must cooperatively handle diverse incoming requests under QoS con-
straints.

In a dynamic Fog/Cloud environment, users submit service requests defined by multi-dimensional

resource demands and delay constraints. Each request is expressed as a tuple:

W, = (1, U2y Uy di 5 L) 3.1
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where u 1 to u ,, denote the required amounts of m resource types (e.g., CPU, memory, band-
width), d;"™* denotes the maximum tolerable end-to-end delay (delay tolerance), and L; denotes the

service time (resource holding time). Requests are indivisible and independent.

Delay tolerance d;"** and service time L;. The delay tolerance d;"** is an application-level
QoS requirement that upper-bounds the admissible end-to-end delay. The service time Ly captures
the holding time of resources after a request is admitted: once a request is executed at a fog node,
the corresponding resources remain reserved for L seconds, after which they are released. This
creates temporal coupling between decisions: admitting a request now reduces capacity for the next
Ly seconds, influencing future feasibility and offloading behavior.

The infrastructure includes n fog nodes, denoted as Fi,F>,...,F,, each equipped with m het-
erogeneous resource types with finite capacities. When a request arrives, the system must decide

whether to:
* Serve it locally within a fog node,
» Forward it to a neighboring fog node,
* Offload it to the centralized cloud.

This decision must consider both resource feasibility and the delay tolerance defined by the user.

Queues and two-level decision structure. The architecture employs a distributor node that
maintains a global ingress queue of newly arrived requests. After a request is routed to a particu-
lar fog node, that fog node may maintain a local processing queue (or equivalent waiting buffer),
capturing the time the request waits before it begins service. This yields a natural two-level struc-
ture: (i) global routing/selection at the distributor (which node should receive the request), and (ii)
local admission/offloading at the fog node (serve locally vs. cloud offload). This separation is inten-
tional: the distributor performs lightweight feasibility-aware routing using node summaries, while
each fog node adapts using richer local feedback (queueing, residual resources), which is well suited
to reinforcement learning.

To facilitate intelligent routing, fog nodes periodically send status updates to the distributor.
Fig. 3.1 illustrates this mechanism.

The distributor uses these updates to determine an appropriate destination for each request. Two

high-level conditions can lead to cloud execution:

I. No fog node is feasible: none of the fog nodes can satisfy the request under current resource

and delay conditions.

II. Fog node chooses cloud: the selected fog node (via its learned policy) may offload to the

cloud when local execution is expected to degrade long-term performance.
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Figure 3.1: Fog nodes periodically send status updates to the distributor node to aid in
scheduling decisions.

The cloud is assumed to have sufficient capacity, but incurs higher communication delay, and thus

cloud routing is governed by the request delay tolerance d;"**.

Delay components: queueing vs. propagation. Propagation delay is the network transmis-
sion latency between the request source (or distributor) and the chosen node (fog or cloud), and is
distance-/network-dependent. Queueing delay is the waiting time before a request begins service at
the selected execution node; it reflects backlog created by earlier admitted requests whose resources
remain held for their service times. The distributor combines node-reported delay summaries with
propagation delay to estimate end-to-end delay when ranking candidate nodes.

The distributor employs two heuristic selection strategies to select a destination fog node among

feasible candidates:
* Selection-1 (potential-based): chooses the fog node with the highest potential score:

m
[1%i
r=1

_—— 3.2
P, x AvgDelay,;’ (32)

potential, =

where R; - 1s node i’s remaining amount of resource type r, P, is the number of times node 7 has
been selected so far (fairness counter), and AvgDelay; is an average delay summary reported

by node i.

¢ Selection-2 (delay-minimization): selects the feasible node with the smallest estimated end-
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to-end delay:
Dix= QueueingDelay; , + PropagationDelay,; ;. (3.3)

where IA),~7k is the predicted delay for request k if served by fog node i.

Clarifying Eq. (3.2): meaning, scaling, and units. Eq. (3.2)is used as a ranking score rather
than a physical quantity. In implementation, the remaining resources R;_’r are naturally normalized
by their capacities (or typical demand scales), and AvgDelay; is normalized by a reference delay,
yielding a dimensionless priority index. The multiplicative resource term favors broad residual ca-
pacity across resource dimensions, the divisor P, discourages repeatedly selecting the same node
(supporting fairness), and the divisor AvgDelay; biases selection toward nodes with lower observed

delay.

Clarifying AvgDelay; and P,. AvgDelay; summarizes node i’s local delay condition and can be
computed as a moving average (or EWMA) over recent observed local delays. P; is maintained at the

distributor as a selection counter; it reduces hotspot formation by penalizing over-selected nodes.

Fog-side reward signal used by the RL agent. After the distributor assigns request k to a
fog node, that fog node runs a local RL agent to decide whether to execute locally or offload to the
cloud. We treat the request tolerance d;"** as a hard QoS deadline: the agent is allowed to choose
action a € {Fog, Cloud} only if the predicted end-to-end delay satisfies Dy (a) < d™*. If neither fog
nor cloud can satisfy this constraint, the request is rejected (dropped). Accordingly, the RL agent
optimizes performance within the feasible action set rather than learning from deadline violations.
To keep the expression numerically stable under small denominators, we introduce a small stabil-
ity constant py,p > 0. Let s, » = R,(#) denote the residual amount of resource type r at the decision
time for request k, and let Dy (a) denote the predicted end-to-end delay under action a. We define

the feasible action set:
e = {a € {Fog,Cloud} | Dy(a) <d™* A (a=Cloud V (¥r: s, > ukq’,))}. (3.4)

If %feas =, request k is dropped; otherwise, the reward for the executed feasible action a € sszfeas

is:

3=

o S & + Pstab
r(a :g _ + 0 Ai—pludlla:CIOud, C+9:1
( ) (;I:[l Uk r + pstab> Dk(a) + Pstab e { }
(3.5)

The first term is a multi-resource headroom score (geometric mean across resource dimensions),

which increases when the node has larger residual capacity relative to the request demand. The
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second term is a deadline-slack signal, which increases when the predicted delay is comfortably
below the tolerance. The last term is an explicit cloud-avoidance penalty that biases the policy toward
fog execution when both tiers are feasible, reducing cloud reliance while still respecting deadlines.
Consistent with Eq. (3.3), we estimate D (Fog) and Dy(Cloud) using queueing plus propagation
delay at the chosen execution tier.

A schematic of this RL-driven decision process is depicted in Fig. 3.2.

Fog node

Serve in the
Cloud

z
>
m
g
g

Reward Serve in the

Function Fog node
=

Send it back
to the
. . dispatcher
Genetic Algorithm

Figure 3.2: RL-based resource allocation and scheduling in individual Fog nodes.

3.3 RL-Based Scheduling Approach

This section outlines the reinforcement learning mechanism adopted by each fog node to make
scheduling decisions in a decentralized manner. Each fog node operates as an autonomous agent
that learns from local interaction signals: it observes its local residual resources and delay condi-
tion, selects an action (serve locally vs. offload), and receives the reward defined above. This design
allows fog nodes to adapt to dynamic workloads and heterogeneous resource constraints without
centralized control.
The overall scheduling pipeline is dual-phase. First, the distributor performs lightweight feasibility-

aware node selection to decide which fog node should receive each queued request. Second, the
selected fog node performs local admission/offloading using its learned policy. This separation pro-

vides a deployable front-end routing stage with low overhead, while enabling richer learning and
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adaptation within each fog node.

3.3.1 State and Action Space

The state space S captures the residual availability of multiple resource types within a fog node. Let
N denote the maximum capacity of resource type r € {1,...,m} and let R,(¢) denote the residual

(available) amount of resource type r at decision step 7. A state is:
st = (Ri(t),Ra(t),...,Ru(1)), S={0,1,...,N1} x---x{0,1,...,Ny}. (3.6)

The action space consists of two actions:

* Serve Locally: accept and process the task at the fog node (reserving resources for Ly sec-

onds).

* Offload to Cloud: forward the task to the cloud (consuming no local resources for that task).

3.3.2 Reward Function

The reward function guides the RL agent to balance resource efficiency and delay feasibility. Using

the same notation as in Eq. (3.5), we write:

T
m m max
Sty,r & + Pstab
re(a) = — 4+ 0 | =——— — Pecloud [{a = Cloud}, +6=1.
@=¢ (H — pmb> AP ol b
(3.7

This reward increases when residual resources are large relative to demand (supporting fog
utilization) and when the predicted delay remains safely below the request tolerance (supporting
QoS adherence). The stability constant pg,p, prevents undefined ratios under small denominators.
The cloud-avoidance penalty pcjouq = 0 discourages cloud execution when fog execution is feasible,

thereby reducing unnecessary offloading while preserving deadline compliance.

3.3.3 Q-Learning Update and Interpretation

Q-values are updated using the Bellman optimality update:

O(si,ar) < Qsi,ar) + & |1y +ymax Q(si41,a) — Qsi,ar) | - (3.8)

where « is the learning rate, Y is the discount factor, and r; is computed from Eq. (3.7). Explo-

ration is balanced with exploitation using an £-greedy strategy [93], allowing the agent to remain
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adaptive under dynamic conditions.

Algorithmic interpretation and decision flow. At each decision step, the fog node observes
its current state s and receives an assigned request (ug 1, ..., ugm,d**, Ly). If it chooses Serve Lo-
cally, it reserves the requested resources for L; seconds and the request contributes to local queue-
ing/backlog. If it chooses Offload to Cloud, the request is forwarded to the cloud. The reward in
Eq. (3.7) encodes both residual resource headroom and delay feasibility, enabling the learned policy

to trade off fog utilization against QoS adherence.

3.3.4 RL-Algorithm

Algorithm 4 Q-Learning at a Fog Node (Local Execute vs. Cloud Offioad)
1: Initialize: learning rate & € (0, 1], discount factor y € [0, 1], exploration rate € € [0, 1]

2: Initialize: Q(s,a) arbitrarily for all (s,a)

3: for episode = 1 to Episodes do

4: Reset environment; observe initial state s

5 for each assigned request k in the episode do

6 With probability €, choose a random action a; otherwise choose a = argmax s Q(s,a’)
7: Estimate Dy (Fog) and Dy (Cloud) using Eq. (3.3)

8 Enforce feasibility gates:

9 if a = Fog and (Vr: s, > uy.,) and Dy (Fog) < d™* then

10: Execute locally; reserve resources for L

11: else if « = Cloud and Dy (Cloud) < ™ then

12: Offload to cloud

13: else

14: If chosen action is infeasible, execute the feasible alternative if available; otherwise drop request
k

15: end if

16: Observe reward r via Eq. (3.7) and next state s’

17: 0O(s,a) «+ O(s,a) + a[r+ymax, Q(s',a') — O(s,a)]

18: s+ s

19: end for

20: end for=0

Stopping (convergence) criterion. Convergence is detected when learning stabilizes, i.e., when
additional episodes yield only marginal improvement. Operationally, convergence can be declared
when the running average of episode returns changes by less than a tolerance over a fixed window,

or when max; 4 |Q;+1(s,a) — O(s,a)| remains below a threshold for several consecutive episodes.
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This criterion aligns with the plateau behavior commonly observed in convergence plots and yields

a reproducible stopping rule.

3.3.5 Task Selection Strategy

Before the RL agent at a fog node makes an offloading decision (Fog vs. Cloud), the system must
first decide which fog node should receive each queued request. This dispatching step is executed at
the distributor node and constructs a feasible candidate set of fog nodes for every request based on
(i) resource sufficiency across all resource dimensions and (ii) the end-to-end delay that the request
would experience if served by each candidate fog node.

Algorithm 5 describes this fog node selection procedure. Requests are processed in a first-in—
first-out manner from the distributor queue Q. For a request k£ with demand vector u, the distributor
scans all fog nodes and includes a node i in the candidate list FogNodeList only if it has sufficient
remaining capacity in every resource type, i.e., Ra, > u, for all r € {1,...,m}. For each feasible
node, the distributor estimates lA)l-,k using Eq. (3.3) (queueing plus propagation delay).

If no feasible fog node exists (FogNodeList = (), the cloud is evaluated as a fallback by estimating
ﬁc]oudk. If the cloud delay is within the request’s delay tolerance, the request is offloaded to the cloud;
otherwise, it is requeued to be reconsidered when system conditions improve. If at least one feasible
fog node exists, the distributor selects a destination fog node using one of two heuristics: Selection-
1, which chooses the node with maximum potential score (Eq. (3.2)), or Selection-2, which selects
the node with minimum predicted delay lA)i,k. The selected fog node then receives request k, after

which the fog-side RL agent is invoked to decide local execution versus cloud offloading.
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Algorithm S Fog Node Selection Algorithm (Distributor-Side Dispatching)

1: Initialize: Request Queue Q, resource-demand vector u, n fog nodes, m resource types
2: while |Q] # 0 do

3 Retrieve next request k; extract demands into u

4 FogNodeList < 0

5: fori=1tondo

6 canAllocate < true

7 for r=1tomdo

8 if R;, < u, then

9: canAllocate < false; break

10: end if

11: end for

12: if canAllocate then

13: Compute 5,-"1( using Eq. (3.3)
14 if D, < d™ then

15: Add node i to FogNodeList
16: end if

17: end if

18: end for

19:  if FogNodeList = 0 then

20: Compute ﬁcmud,k via Eq. (3.3)
21: if Dciouas < d™ then

22: Route request & to Cloud

23: else

24: Requeue request k

25: end if

26: else

27: Apply Selection-1:

28: Ibest ¢— ArgMaX;cFogNodeList POtENtial;
29: Or

30: Apply Selection-2:

31: ibest 4 ArgMiNie pogNodetist Dix
32: Assign request k to fog node ipes
33: end if

34: end while=0

Algorithm 5 operationalizes the distributor-side filtering and ranking stage that precedes learning
at the fog node. For each dequeued request, the distributor identifies a feasible candidate set by
checking resource sufficiency, then estimates 557/( for each feasible candidate. This delay estimate
is used both as a feasibility gate against 4;"** and as a ranking signal for Selection-2. In parallel,

Selection-1 uses the potential score as a low-overhead multi-factor ranking signal based on residual
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resources, historical selection frequency, and observed delay statistics. Together, these heuristics
provide a deployable front-end routing policy that reduces unnecessary cloud routing and mitigates

hotspot formation before the fog-side RL policy makes its local execute/offload decision.

3.4 Analysis and Results

To assess the efficacy of the proposed scheduler, we emulated task dispatch in a multi-Fog/Cloud
setting. Workloads contained |#| € {100,200, ...,1000} requests; each request carried a service
time L; € [500,3000] seconds (determining how long resources remain held) and a delay budget
d;"™ that feeds feasibility checks and learning signals. To reflect realistic QoS targets, d;"™* was
drawn from application-driven classes—5-20ms (control/URLLC), 20-100ms (interactive AR/VR,
teleoperation, gaming), 100-400ms (soft real-time analytics), 0.4—1.5s (lenient interactive), and
1.5-5s (delay-tolerant)—using a mixture with probabilities 0.15/0.25/0.35/0.15/0.10 and uniform
draws within each bucket. For a compact stress-test alternative, we also used the two-component
sampler in Eq. (3.9). The testbed comprised ten fog nodes and one cloud node, with five resource
dimensions per fog node. All metrics are averaged over 20 independent trials; increasing the trial
count beyond 15 yielded negligible changes in aggregate results. Unless stated otherwise, reward

weights were fixed at { = 6 = 0.5 to enable fair comparisons across policies.

Evaluation metrics and what is measured. Completion-time and delay metrics follow Eq. (3.3):
they are driven by (i) waiting time induced by queueing/backlog and (ii) propagation delay between
the request source (or distributor) and the selected execution node. Service time L; influences queue
buildup because resources remain held for L; seconds. Cloud offloading is reported as the number
(or average number) of requests executed in the cloud under each strategy. Load balancing is quanti-
fied by the standard deviation of utilization across fog nodes: lower standard deviation implies more

even distribution and reduced hotspot formation.

Parameter tuning and fixed weights. Hyperparameters such as €, a, and y influence learning
speed and stability, while reward weights ¢ and 6 control emphasis between resource-efficiency and
delay sensitivity. In this chapter, { = 8 = 0.5 is fixed to keep strategies comparable under the same
objective emphasis; exploring different weightings defines different operating points and is naturally

treated as a separate sensitivity/Pareto study.

Uniform(20,800) ms, 1 — pi,
d]I(IlaX ~ (39)
Uniform(2,5) s, Drail

with pgi = 0.05 unless stated otherwise.
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Our experimental methodology consisted of two phases:

* Inthe first phase, we applied priority-based task scheduling methods (Selection-1 and Selection-
2) and benchmarked them against Round Robin (RR) and Random strategies.

* In the second phase, we applied reinforcement learning (RL) at fog nodes using Algorithm 4,
and also evaluated genetic algorithm (GA)-based variants for comparison under the same

workload settings.

* In the GA implementation, request allocations were encoded and evaluated using a fitness
proxy aligned with Eq. (3.2). Selection favored higher fitness, with crossover and mutation

used to maintain diversity.

Task Completion Time Analysis

Figure 3.3 examines the average task completion time for various scheduling strategies as task vol-
ume increases. As the number of tasks rises, response time increases across all approaches; however,
the growth rate differs significantly. Random and RR strategies—whether paired with RL or GA—
exhibit steep latency growth, indicating limited scalability. In contrast, Selection-1 and Selection-2
provide substantially lower completion times, with Selection-2 yielding the lowest curve by prioritiz-
ing nodes with minimal estimated delay. GA-based implementations of Selection-1 and Selection-2
do not show a consistent advantage, highlighting the benefit of RL’s online adaptation under dynamic

multi-fog conditions.
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Figure 3.3: Average task completion time

Table 3.1: Insights from Fig. 3.3 (Task Completion Time)

Strategy Observation

Insight

Random / RR (RL or GA) Steep upward trend

Selection-1 (RL) Moderate increase

Selection-2 (RL) Lowest curve

GA-based Selection-1/2 Similar to baseline

Poor scalability and sharp latency increase

with task growth.

Improves over baseline methods but not as op-

timal as Selection-2.

Achieves minimum delay due to delay-aware

routing.

Limited adaptability under dynamic load.

Cloud Offloading Evaluation

Figure 3.4 illustrates the average number of tasks executed by the cloud as the request load grows.

Under Random and RR, cloud usage rises with load because routing is less sensitive to feasibility and
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congestion. In contrast, Selection-1 and Selection-2 reduce cloud dependence by better exploiting
feasible fog capacity through informed routing. At low task volumes, Selection-2 is often strongest
due to direct delay minimization; at higher load, Selection-1 can become more effective by implic-
itly balancing across nodes via the potential score, reducing hotspots and preserving feasible fog

headroom.

Interpreting the downward cloud-served trend under higher load. A decreasing cloud-
served curve can appear counter-intuitive if the cloud is treated as an “always-accept” sink. In the
proposed pipeline, cloud execution is itself filtered by the request delay tolerance d;** and by feasibil-
ity gating: requests are not automatically pushed to the cloud when the system becomes busy. Under
Selection-1/Selection-2, better fog-side placement reduces unnecessary cloud routing by exploiting
remaining feasible fog capacity and avoiding avoidable queue-induced delay violations. Moreover,
when neither fog nor cloud can satisfy a request within d;"**, the request may be deferred (requeued)
at the distributor and therefore is not counted as “served by cloud” within a fixed measurement hori-
zon. Under heavier load, the fraction of requests failing feasibility at both tiers can increase, reducing
the number that actually execute in the cloud during the observed window. Consequently, a down-
ward trend is consistent with a regime where (i) informed fog placement absorbs a larger share of
admissible work, while (ii) strict ;" gating prevents the cloud from being used as a default sink

for requests that would violate QoS.
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Figure 3.4: Average number of tasks served by the Cloud
Table 3.2: Insights from Fig. 3.4 (Cloud Offloading)
Strategy Observation Insight
Random (RL) High offload Most ineflicient; rapidly increases cloud usage
with load.
Round Robin (RL) Moderate slope Slight improvement over Random, but still
weak at scale.
Selection-1 (RL) Decreasing trend Strong fog utilization; offloading drops under
informed routing and gating.
Selection-2 (RL) Best at low load Strong initial performance; may be overtaken

by Selection-1 at scale.

GA-based methods  Flat/limited change Limited responsiveness in dynamic settings.
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Fog Node Load Balancing

Figure 3.5 presents the standard deviation of resource utilization across fog nodes. Lower deviation
implies better load balancing. RL-based Selection-1 yields the most consistent distribution, main-
taining the lowest standard deviation across task volumes due to the fairness- and headroom-aware
potential score. Selection-2 improves balancing relative to baselines but focuses primarily on min-
imizing delay, which can concentrate load on a subset of low-delay nodes when many nodes are

feasible. Random and RR perform worst, and GA-based approaches show weaker adaptation under

dynamic conditions.
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Figure 3.5: Standard deviation of Fog nodes’ utilization
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Table 3.3: Insights from Fig. 3.5 (Fog Load Balancing)

Strategy Observation

Insight

Random / RR High deviation

Selection-1 (RL) Lowest deviation

Selection-2 (RL) Moderate

GA-based methods Unstable / higher variance

Uneven distribution; hotspot formation is
likely.
Most balanced; fairness-aware routing re-

duces hotspots.

Better than baselines, but less uniform than

Selection-1.

Limited ability to adapt to dynamic multi-fog

congestion.

Table 3.4: Insights Summary from Multi-Fog Simulation Results

Metric Best Performer

Insight

Average Task Time Selection-2 (RL)

Cloud Offloading Rate Selection-1 (RL)
Load Balancing Index Selection-1 (RL)
Scalability under Load Selection-2 (RL)
Algorithm Robustness RL-based Strategies

Performance Consistency  Selection-1 (RL)

Lowest latency due to adaptive delay-aware al-

location.

Most effective in limiting cloud dependency

as task load grows.

Most even resource usage; lowest standard de-

viation across fog nodes.

Maintains low delay growth across increasing

task volumes.

Best adaptation to load dynamics; GA shows
limited flexibility.

Strong balance between feasibility, fairness,

and delay sensitivity.

3.5 Summary

This chapter presented a comprehensive reinforcement learning (RL)-based scheduling framework

for resource allocation in a multi-fog/cloud computing environment. The system architecture follows

a two-stage decision pipeline: a distributor node performs feasibility-aware fog-node routing (via
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Selection-1/ Selection-2) under resource and delay constraints, and the selected fog node then applies
decentralized learning where each fog node acts as an autonomous agent deciding whether to serve
requests locally or offload them to the cloud. The problem was modeled as a distributed Markov
Decision Process (D-MDP), where queueing dynamics, propagation delay, multi-resource feasibility,
and service-time coupling (resource holding for L; seconds) jointly shape both routing feasibility
and learning behavior. The scheduling policy was trained using a Q-learning algorithm guided by
a reward function that balances delay minimization and resource efficiency (and, when enabled,
discourages unnecessary cloud offloading).

To validate the efficacy of the approach, we conducted extensive simulation-based evaluations
across two experimental phases. In the first phase, we examined heuristic-driven strategies—Random,
Round Robin (RR), Selection-1, and Selection-2—under both RL and GA-based scheduling policies.
In the second phase, we applied standalone RL and GA optimizers to evaluate their convergence be-
havior, adaptability, and overall effectiveness.

Experimental results showed that RL combined with intelligent fog-node selection heuristics

consistently outperformed traditional baselines. Specifically, the following conclusions were drawn:

» Task Completion Time: As shown in Fig. 3.3, RL with Selection-2 strategy delivered the
lowest average task completion times across all task volumes, reflecting its effectiveness in
minimizing latency by favoring feasible nodes with the shortest predicted end-to-end delay.
Selection-1 also performed well but slightly lagged behind Selection-2 in terms of respon-

siveness.

* Cloud Offloading: Fig. 3.4 revealed that RL with Selection-1 reduced the number of tasks
offloaded to the cloud more effectively than other strategies, especially under high workloads.
This indicates better utilization of local fog resources and improved fog—cloud balance. The
observed decreasing (or non-increasing) cloud-served trends under heavier load are consis-
tent with feasibility gating under strict delay tolerances (i.e., only requests meeting d;"** are
executed), coupled with improved fog-side absorption due to informed placement. In con-
trast, GA-based scheduling showed minimal advantage and failed to adapt cloud offloading

behavior dynamically.

* Load Balancing: As depicted in Fig. 3.5, RL-based Selection-1 provided the most balanced
load distribution among fog nodes, achieving the lowest standard deviation in node utilization.
This reflects a stable and fair task distribution mechanism, critical in preventing resource

bottlenecks and maintaining overall system performance.

* Overall Strategy Comparison: From the insights tables, it became evident that while Selection-
2 (RL) excels in minimizing delay, Selection-1 (RL) offers superior performance in reducing

cloud dependency and achieving load uniformity. Random and RR strategies, whether paired
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with RL or GA, showed poor scalability and failed to maintain efficiency under increasing
load. GA-based approaches remained comparatively less responsive under dynamic multi-fog
conditions due to slower convergence and reliance on stochastic search, which is less aligned

with rapidly changing queueing and resource states.

In summary, the proposed RL framework—when coupled with feasibility-aware fog node selec-
tion heuristics like Selection-1 and Selection-2—demonstrates clear advantages in managing com-
putational resources within dynamic, distributed fog/cloud systems. Its decentralized design offers
resilience, scalability, and improved QoS under variable workloads. These findings motivate the next
step addressed in Chapter 4, where a hybrid Genetic Algorithm—Reinforcement Learning approach
is introduced to improve exploration, accelerate convergence, and further optimize multi-fog/cloud

resource allocation under heavier and more heterogeneous workloads.
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Chapter 4

Multi-Fog/Cloud Resource Allocation
Using a Hybrid Learning Strategy Based
on Genetic Algorithms and

Reinforcement Learning

4.1 Introduction

As fog computing systems grow in scale and complexity, traditional task allocation mechanisms
struggle to efficiently manage resources in real-time, latency-sensitive environments. The hetero-
geneity of fog nodes, coupled with fluctuating workloads and strict user delay constraints, necessi-
tates adaptive and intelligent scheduling strategies that go beyond static heuristics.

This chapter presents a hybrid resource allocation framework that integrates Reinforcement
Learning (RL) with Genetic Algorithms (GA) to optimize task scheduling in multi-fog/cloud en-
vironments. The proposed method leverages the strengths of both paradigms: RL provides adaptive,
feedback-driven decision-making, while GA introduces structured exploration through evolutionary
operators, thereby improving learning convergence and global policy quality.

The problem setting involves multiple fog nodes coordinated by a central distributor that receives
user-submitted task requests. Each request specifies its resource demands, maximum acceptable
delay, and service duration. The distributor maintains real-time status information about each fog
node and is responsible for assigning requests either to local fog nodes or offloading them to the cloud.
A hybrid reward function is used to balance delay sensitivity and resource efficiency, allowing the
system to flexibly adjust to changing network states.

Two fog node selection heuristics—Selection-1 and Selection-2—are used during initial alloca-
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tion: the former employs a potential-based metric considering resource capacity and usage frequency
(adjusted by delay), while the latter selects (among feasible candidates) the node with minimal pre-
dicted end-to-end delay. Once a fog node is selected, the hybrid GA-RL model determines whether
to process the request locally or offload it to the cloud, based on learned Q-values and GA-guided
exploration during the exploration phase.

Simulation-based evaluation is conducted across a variety of workload scenarios using syn-
thetically generated requests. The framework’s performance is benchmarked against conventional
scheduling strategies, including Random and Round Robin, as well as standalone RL. and GA imple-
mentations. Key performance metrics include average task completion time, cloud offloading ratio,
load balancing (measured by standard deviation), and convergence trends.

Results demonstrate that the hybrid GA-RL approach significantly improves scheduling effi-
ciency, reduces average task latency, and ensures better fog resource utilization. The algorithm
exhibits robust convergence properties and adapts well under high-load conditions, highlighting its
potential for scalable and intelligent fog-cloud orchestration.

The remainder of this chapter is organized as follows: Section 4.2 formulates the resource al-
location problem and introduces the system architecture, focusing on task scheduling and resource
management challenges. Section 4.3 details the scheduling mechanism, including the Selection-1
and Selection-2 heuristics, and their role in optimizing resource distribution in the fog-cloud system.
Subsection 4.3.1 explains the initial allocation strategy, while Subsection 4.3.2 introduces the hybrid
Reinforcement Learning and Genetic Algorithm refinement.

Section 4.4 reports a simulation-based comparison of the proposed hybrid GA-RL scheduler
against representative traditional strategies, emphasizing the core metrics used throughout this chap-
ter, including average task completion time and cloud offloading rate (and, where relevant, fog-
side load balancing and convergence behaviour). Section 4.5 synthesizes the experimental findings
into concise insights and outlines practical extensions—notably multi-agent and federated learning
variants—to further enhance scalability and adaptability in larger, more heterogeneous deployments.

Finally, Section 4.6 positions our Hybrid Genetic Algorithm—Reinforcement Learning frame-
work [99] against the reviewed state-of-the-art using the same evaluation lens, clarifying where GA-
guided Q-learning is empirically and architecturally advantageous and where alternative families
may dominate due to different priorities (e.g., privacy, security, mobility, or high-dimensional deci-

sion spaces).

4.2 Problem Statement

The increasing adoption of fog computing for latency-sensitive applications has introduced new chal-
lenges in dynamic task scheduling and resource management. In such environments, users submit

computational requests characterized by diverse resource demands and strict delay constraints. Effi-
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cient allocation of these tasks to fog or cloud resources is critical to maintaining system responsive-
ness, load balance, and user satisfaction.

In this framework, the resource allocation problem is defined over a multi-fog/cloud system con-
sisting of n fog nodes, denoted Fy, F3, ..., F,, each equipped with a heterogeneous set of m resource
types, such as CPU, memory, and storage. The maximum capacity for each resource type is pre-
defined, and the available resources fluctuate dynamically as tasks are executed and completed. In
addition to these fog nodes, a centralized cloud server is available as a fallback, albeit with higher
transmission delays.

User requests arrive in the form of tuples:
(ul,uz,...,um,dmax,L). (4.1)

where u; to u,, denote the quantity of resources required, dmax specifies the maximum allowable
delay, and L indicates the required service duration. Each request is treated as indivisible and must

be assigned to either a fog node or the cloud, subject to resource availability and delay tolerance.

Delay tolerance d,x and service time L. The delay tolerance dp.x is an application-level
QoS constraint that upper-bounds the end-to-end delay a request can tolerate. The service time L
is the holding time of resources after admission: once a request is scheduled on a fog node, the
corresponding resources remain reserved for L seconds, and are released after completion. This
mechanism creates temporal coupling between decisions and is central to the observed queueing

dynamics under higher loads.

Relationship between L and execution delay. The parameter L controls resource reserva-
tion duration: once admitted, the requested resources remain occupied for L seconds before being
released. In the delay model, the execution component can be set to 7,7 = L under a constant-
service abstraction, or derived from request size and node capability. Regardless of parametrization,
L is the mechanism that induces temporal coupling in residual capacity and queueing.

The challenge lies in determining the most suitable execution location for each request. When
possible, fog nodes are preferred due to their proximity and lower latency. However, if no fog node
can satisfy the request—either due to insufficient resources or because the predicted end-to-end delay
would exceed the request tolerance—the request must be offloaded to the cloud (if cloud QoS is
feasible) or deferred.

The problem is further complicated by the need to balance workload across fog nodes, avoid
bottlenecks, and minimize reliance on cloud infrastructure. This requires a decision-making frame-
work capable of capturing real-time system dynamics, forecasting node availability, and intelligently

trading off delay minimization and resource efficiency.
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Cloud execution model (assumption used in this chapter). The cloud tier is modeled as
an elastic compute backend with negligible queueing delay relative to network latency. Accord-
ingly, we set Wioud,j = 0 and treat the cloud-side end-to-end delay as ﬁCloud, i= Tglrgfd’ it Téﬁfud’ i
This abstraction matches the common ““capacity-on-demand” assumption for centralized clouds and

isolates the impact of fog-side congestion and routing/learning decisions.

Motivation for lightweight fog-node selection in the distributor (Selection-1/Selection-
2). The first decision the system must make for every arriving request is not yet an “offload-to-
cloud” choice; it is a routing choice: which fog node should receive the request (if any fog node is
feasible). This front-end decision is executed at the distributor for every arrival and must therefore
remain computationally inexpensive, stable under bursty traffic, and transparent enough to debug
and validate. For this reason, the distributor relies on two simple but strongly objective-aligned
heuristics. Selection-1 ranks feasible fog nodes using a potential score that jointly reflects multi-
resource headroom, historical over-selection, and delay conditions, thereby discouraging persistent
hotspots and promoting broader capacity utilization. Selection-2 refines the choice by explicitly
selecting the feasible candidate with the smallest predicted end-to-end delay, which directly targets
latency-sensitive placement when multiple nodes can satisfy the resource requirements.

These heuristics are deliberately not intended to replace learning; they provide a determinis-
tic feasibility-and-prioritization layer that keeps the system deployable in real time and prevents
the learning component from spending capacity on trivial eliminations (e.g., obviously infeasible
nodes). In particular, they (i) prune the candidate set to nodes that satisfy resource constraints and
are plausible under dp,x, (ii) provide a robust routing baseline during cold start (before Q-values
have stabilized), and (iii) reduce the downstream decision complexity by ensuring that the learning
stage operates on a request that has already passed a basic feasibility screen. After this first-phase
routing, the second phase applies learning-based adaptation at the selected fog node: an RL agent
(and, in the hybrid extension, GA-guided exploration) decides whether local execution remains ben-
eficial or whether cloud execution is preferable under the current congestion and delay context. The
resulting two-phase structure therefore combines short-term responsiveness and low overhead at the
distributor with long-term policy improvement at the fog layer, enabling high throughput and fairer

utilization while adapting to dynamic workloads and evolving fog resource states.

4.3 Hybrid Scheduling and Algorithmic Integration

This section presents the hybrid scheduling mechanism that integrates Reinforcement Learning (RL)
and Genetic Algorithm (GA) with initial task allocation strategies to optimize request distribution
in a Fog—Cloud system. The full process comprises two phases. In the first phase, task requests

are allocated using heuristic scheduling strategies (Selection-1 and Selection-2), and in the second
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phase, adaptive learning techniques (RL and GA) refine these allocations dynamically. Together,

this combination balances fairness, load distribution, resource utilization, and delay minimization.

4.3.1 Phase 1: Fog Node Selection Algorithm

The initial allocation strategy evaluates all incoming requests based on the capacity of available Fog
nodes and offloads to the Cloud only when necessary. Each request is queued and matched to suitable

nodes by checking resource constraints and predicted end-to-end delay bounds.

Delay-Based Selection Metrics As Introduced in Chapter 3

Two metrics govern the node selection, recalled below for clarity:

T R, )

_— 4.2
P; x AvgDelay; “2)

potential; = (

where R; « 18 the remaining amount of resource k on node i, and P, is the number of times node i has
been previously selected.

Definition of AvgDelay; and F,. AvgDelay; denotes a running estimate of the mean end-to-end
delay observed on node i (e.g., an exponential moving average over admitted requests), and P, is the
cumulative selection count used to penalize persistent over-routing. After each assignment to node
i, we update P; <— P; 4 1 and update AvgDelay; using the newly observed completion delay of the

admitted request.

Dij = Dij = Wi + TN + T 4.3)

where W, ; is the predicted waiting (queueing) time at node i, Yf’;OP is propagation/network delay, and

exe : . . . . n . __ prop exe : .~
7}7 oS execution/service time. For Cloud routing we use Dcjoud,; = TCloud./ j + TCIOUd, j with Wejouq,j =

0 under the elastic-cloud assumption.
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Algorithm: Fog Node Selection

Algorithm 6 Fog Node Selection Algorithm (with bounded requeue)

N N NN = = = = = = e e e e
S 2 e B AR U o el

B W W W W L W W W W WK NN NN
S S AUl o > i el N T - AR U

41:
42:

R A AN

: Initialize: Request queue Q (FIFO), n fog nodes, m resource types
Given: Remaining capacities R; ; for each fognode i € {1,...,n} and resource k € {1,...,m}
Given: Requeue counter g; per request j (initialize to O at arrival) and maximum retries gpax
while |Q| # 0 do
Dequeue next request j
Extract resource demands ut/ {uk } | and delay tolerance dr(r{azx
FogNodeList < 0
fori=1tondo
canAllocate < true
for k=1tomdo
if R’ < u,(< /) then
canAl locate < false; break
end if
end for
if canAllocate then
Compute predicted delay ﬁ,-_,j using Eq. (4.3)
if D, ; < d\), then
Add node i to FogNodeList
end if
end if
end for
if FogNodeList = () then
Compute D¢ioud. =T+ j+ T&iuaj {Elastic cloud: Weioua,j ~ 0}
if Dcjoud,j < dii), then
Route request j to Cloud
else
qjqj+1
if g; < gmax then
Requeue request j
else
Drop request j {QoS cannot be met after gmax retries}
end if
end if
else
Compute potential; for all i € FogNodeList using Eq. (4.2)
Select one policy:
Ipest — ArgMax;cFogNodeLis POtential; {Selection-1}
or
Ibest <= ArgMiN;e FogNodeList lA), i {Selection-2}
Assign request j to fog node ipes
end if
end while=0
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Algorithm. 6 executes for every request arriving at the distributor node and ensures that re-
source constraints and predicted end-to-end delays are jointly considered before routing tasks. The
Fog Node Selection Algorithm processes requests in a first-in—first-out manner. For each request
J dequeued from Q, it constructs a candidate set of fog nodes that can feasibly serve the request
given their remaining capacities and delay tolerance. Concretely, node i is resource-feasible only
if Ri; > u,(cj ) for all k € {1,...,m}. For each resource-feasible node, the algorithm computes 5,-, j
(Eq. (4.3)) and retains i as a candidate only if 5,-, i< dI(I{a)lx If no fog node is admissible, the cloud is
evaluated under the elastic-cloud model (with Wjouq,; = 0) and is used only if 5c10ud7 i< dr(,[{ ) .

To prevent a subtle but important infinite requeue failure mode, we maintain a per-request retry
counter ¢ that increments each time the request is deferred. If g; > gmax, the request is dropped and
counted as a QoS failure, ensuring the simulator terminates and that performance metrics are not
biased by unbounded deferrals.

Complexity and properties: Each request incurs a feasibility check across n nodes and m resource
types, plus a constant-time delay computation per resource-feasible node, yielding O(nm) work per
request (and O(|Q|nm) overall). The algorithm enforces resource feasibility and QoS feasibility by
construction, and provides a clear policy hook (Selection-1 or Selection-2) that can be used directly
as a baseline or combined with learning in later phases. It also supports bounded backpressure

through requeueing, while guaranteeing termination by dropping requests that exceed gmax retries.

Fog node

Q-Table Serve in the
Cloud

Serve in the

Reward = Fog node
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&
c
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back to the

Sl dispatcher

Alporithm

Figure 4.1: RL/GA resource allocation and scheduling in individual Fog nodes.
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4.3.2 Phase 2: Hybrid Reinforcement Learning and GA-Based Refine-

ment
After initial allocation, each Fog node acts as an RL agent, as illustrated in Fig. 4.1, further deciding
whether to process the request locally or offload it to the Cloud. To boost the exploration capabilities

of the RL agent, a Genetic Algorithm is integrated into the exploration phase. This ensures broader

action search, faster convergence, and avoidance of poor local optima.

Hybrid RL/GA Algorithm

Algorithm 7 Hybrid (RL/GA) Algorithm
1: Initialize y € [0, 1], € € [0, 1], and learning rate o € (0, 1]

2: Input population size P, max generations G, number of episodes E pisodes, action set .o/
3: Initialize Q-table: Q(s,a) V(s,a)
4: for ep =0 to Episodes — 1 do

5:  Sample e ~ Uniform(0, 1); read request/context and observe current state s,
6 if ¢ < € then
7: Exploration Phase
8 Random admissible action (Q-learning) or GA-guided proposal:
9: Encode candidate decisions as chromosomes; initialize population (P)
10: Compute fitness via Section 4.3.4 (Egs. (4.9)-(4.10))
11: Apply selection, crossover, and mutation for G generations
12: Decode the fittest chromosome as action a;,
13: else
14: Exploitation Phase: a, < argmax,c . O(s;,a)
15: end if
16: Execute a;, observe reward r; via Eq. (4.5), and next state s, |

17:  Update Q-table:
Q(staat) — Q(Snat) + a[”t + Yma}x Q(SH-],a/) - Q(Sndt)]

18: end for=0

The Hybrid (RL/GA) Algorithm couples &-greedy Q-learning with a GA-based exploration
mechanism. Across Episodes training iterations, the agent observes the current state s;, samples
e ~ Uniform(0, 1), and chooses between exploration and exploitation. Under exploration (e < €),
the agent either takes a uniformly random admissible action (standard Q-learning exploration) or
invokes a GA subroutine to construct an action via evolutionary search. Under exploitation (e > &),
the agent selects the greedy action a, = argmax, Q(s;,a). The chosen action is executed, yielding

reward r; and next state s, 1; the value function is updated via the temporal-difference rule above.
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GA encoding alignment with the offloading decision. Section 4.3.4 presents the most gen-
eral chromosome x for task-to-node allocation across all fog nodes and the cloud. In Phase 2, the
decision is an offloading choice for the selected fog node, hence the GA search can be viewed as
operating on the same encoding with a restricted candidate set per gene (e.g., {ipest, 0} for “selected
fog” vs. “cloud”), or on a short local window of queued tasks where each gene selects between lo-
cal execution and cloud offloading. This keeps the GA formulation consistent with the system-level

objective while matching the Phase 2 action semantics.

QoS feasibility gate and deferral policy (Phase 2). An action is admissible only if the pre-
dicted end-to-end delay under that action satisfies D i(a) < dr(r{zzx; otherwise, the request is deferred
(requeued) rather than executed. This same gate is applied to both fog and cloud actions, keeping

the learning signal consistent with the simulator’s admission rules.

Reward Function (deadline-consistent). For request , let reg; ; be its demand on resource

i€{l,...,m}, and let s;,; denote the residual amount of resource i at decision time #;:
swi=Ci— Y, reqji, 4.4)
jE,!ZV(tk)

where C; denotes the capacity of resource type i on the currently considered node (i.e., the selected
fog node’s capacity for resource i), and .27 (1;.) is the set of active (not-yet-finished) requests whose
resource reservations have not expired.

Let Dy (a) be the predicted end-to-end delay under action a € {Fog, Cloud} (consistent with
Eq. (4.3) and the elastic-cloud assumption), and let dr(fa)x be the request delay tolerance. To ensure

numerical stability, we use Pggap > 0.

dr(fzzx + Pstab

= — Pel d]I{azCloud}, C—FG:].
Dk(a) =+ Pstab o

wos(flate ) o

i—1 7eqk,i + Pstab

4.5)

Both positive terms are dimensionless (ratio-normalized), allowing them to be combined linearly
under § + 6 = 1 without unit inconsistency.

The reward in Eq. (4.5) explicitly compares the request tolerance défgx against the predicted end-to-

end delay 5k(a). The first term aggregates residual-to-demand ratios across all m resource types

using a geometric product, encouraging decisions that preserve headroom. The second term is the

deadline margin signal: it increases when predicted delay is comfortably within the deadline and

decreases as ﬁk(a) approaches (or exceeds) dffgx. The cloud penalty term encodes a system-level

preference for fog execution when both tiers are feasible.



79

On delay-resource trade-offs and why a full Pareto study is not mixed into the base-
line comparisons. The coefficients { and 6 determine the operating point between resource-
efficiency and delay-sensitivity. In this chapter, these weights are held fixed during the primary com-
parisons to preserve a consistent objective across all baselines (Random/RR/RL/GA/Hybrid). Study-
ing the full delay—resource trade-off is important, but it constitutes a separate sensitivity/Pareto anal-
ysis: varying (£, 0) changes the objective itself, and mixing different operating points into the same
baseline comparison would confound algorithmic differences with objective re-weighting. Never-
theless, the proposed reward is explicitly designed to support such a trade-off study, and the same
simulator can sweep (&, 0) to produce a family of curves (delay vs. utilization vs. cloud offloading)

as an extension.

4.3.3 Summary of the Hybrid Scheduling Model

« Initial Allocation: Conducted via the Fog Node Selection Algorithm based on heuristics and

node statistics.

* Refined Decision-Making: Performed at the node level using a Q-learning agent with op-

tional GA-driven exploration.

* Cloud Offloading: Performed only when cloud QoS is feasible; otherwise requests are de-

ferred.

This model supports adaptive, distributed scheduling under real-time conditions. The next sec-

tion presents the results of simulations validating the efficiency and performance of this hybrid strat-

cgy.

4.3.4 Genetic Algorithm (GA) Configuration for the Proposed Multi-
Fog/Cloud Scheduler

While the previous subsection describes the generic GA workflow, the proposed system employs a
GA instance that is tailored to the multi-Fog/Cloud task scheduling problem. In particular, the GA is
used to search over feasible task-to-node allocation patterns that reduce end-to-end completion time
and mitigate overload, while respecting heterogeneous Fog resource constraints and the Cloud fall-
back option. This subsection details the GA representation, feasibility handling, fitness formulation,

genetic operators, termination criteria, and its integration with the RL component.

Solution Encoding (Chromosome Representation)

Let .7 = {1,...,N} denote the set of tasks in the current scheduling window and .# = {1,...,n} the
set of Fog nodes (with an additional Cloud option denoted by 0). Each GA individual (chromosome)
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encodes a complete allocation plan:

X = [X],XQ,.-.,XN],

XjE{O,l,...,n}.

(4.6)

where x; = i indicates that task j is assigned to Fog node 7, and x; = 0 indicates Cloud execution.

Feasibility and Constraint Handling

An assignment is considered feasible if, for each Fog node i, the total allocated demand does not
exceed its available (residual) capacity across all resource dimensions at the decision time. Denoting
the demand of task j on resource type r by dem; , and the residual capacity of Fog node i by cap; ,,

feasibility requires:

Y, demj, <capi,, VieF Vre{l,. m}. 4.7)

JET xj=i
Infeasible chromosomes are handled using a repair-and-penalize strategy. First, a lightweight re-
pair operator iteratively reassigns tasks from overloaded Fog nodes to alternative feasible Fog nodes;
if no feasible Fog node exists, the task is redirected to the Cloud (x; < 0). If residual infeasibility
remains, the chromosome is retained but receives a large penalty in the fitness function, ensuring the

GA systematically favors feasible allocations.

Fitness Function Tailored to the System Objective

The GA fitness is designed to reflect the same performance objectives used in Chapter 4 evaluation
(completion time, resource feasibility, and Cloud offloading control). For a chromosome x, let Dy, ;
denote the end-to-end delay (completion time) of task j under its assigned execution node x;. The

primary objective is to minimize the average completion time:
— 1 Y
D(x) = 5 Y. Dy ). (4.8)
j=1

To discourage overload and excessive Cloud usage, the GA additionally incorporates (i) a constraint-
violation penalty term ®(x) and (ii) a Cloud allocation term C(x) = 7: 1 I(xj = 0), where x; =0
denotes Cloud assignment. The final objective (to be minimized) is defined as:

5 C(x)
J(x)=wpD(x) + wCT + A P(x), wp+owc=1, 4.9
where @p and @¢ control the GA-only trade-off between average delay and Cloud usage, and A is a

large penalty weight ensuring infeasible allocations are dominated by feasible ones (i.e., ®(x) = 0
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for feasible chromosomes and ®(x) > 0 otherwise). The GA converts this to a maximization fitness
via: .
Fit(X) = ———. 4.10

Here, wp and ¢ are GA-only trade-off weights and are distinct from the RL reward weights { and
0 in Eq. (4.5).

Selection, Crossover, and Mutation (Problem-Specific Operators)

Selection. Parent chromosomes are selected using tournament selection (or roulette-wheel selection)
based on Fit(x), which provides robustness against noisy fitness estimates in stochastic simulations.

Crossover. Because the chromosome is a task-indexed allocation vector, crossover is imple-
mented using one-point or two-point crossover over task indices. Given parents x(!) and x(?), crossover
exchanges contiguous task assignment segments to produce children while preserving partial allo-
cation structures.

Mutation. Mutation is implemented as a reassignment mutation: a small subset of genes is
randomly selected, and each selected task j is reassigned to a different feasible Fog node; if no
feasible Fog choice exists, it is redirected to the Cloud.

Elitism. The best E chromosomes are copied to the next generation unchanged to prevent loss

of high-quality allocations.

GA Hyperparameters and Termination

The GA runs for G generations with population size P. Termination occurs when either (i) G gen-
erations are completed or (ii) fitness improvement remains below a small threshold for several con-
secutive generations (early stopping). Importantly, the GA is invoked with a bounded computational

budget so that the hybrid scheduler remains practical.

Integration with the RL. Component (Hybrid GA-RL Usage)

In the proposed hybrid design, the GA does not replace RL; rather, it complements RL by providing
a global search mechanism that proposes strong candidate decisions under high load and non-convex
constraints. Concretely, the GA output is used in one (or both) of the following ways depending on

the hybrid variant:

» GA-guided action proposal: the GA produces a near-optimal allocation plan x° for the
current window. RL then either selects among GA-ranked candidates or uses x% to bias

exploration toward high-quality actions.
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Table 4.1: GA configuration used in the proposed scheduler.

Parameter Description

P Population size

G Max generations

E Elitism count

Pe Crossover probability
DPm Mutation probability

Selection  Tournament (size k) / Roulette wheel

Crossover  Uniform / One-point / Two-point on task indices
Mutation  Feasible reassignment (Fog—Fog, else Cloud)
Repair Overload repair with Cloud fallback

* Warm-start / policy refinement: the best GA chromosome is used to initialize (or periodi-
cally refine) RL state-action preferences, accelerating convergence and reducing the chance

of RL becoming trapped in locally suboptimal scheduling patterns.

This integration is especially beneficial in multi-Fog systems because GA improves global load
balancing and feasibility satisfaction, while RL provides fast online adaptation to dynamics (e.g.,
fluctuating task demands and node availability). The resulting hybrid behavior is consistent with the
empirical trends in this chapter, where the hybrid approach maintains lower completion time and

reduces undesirable Cloud allocations under increasing task volume.

4.4 Analysis and Results

To evaluate the efficacy of the proposed scheduler, we simulated task allocation in a multi-Fog/Cloud
environment. Workloads comprised |R| € {100,200,...,1000} requests; each request specified a
service duration L € [500,3000] seconds (governing how long resources remain reserved) and a delay
tolerance dp,x that enters the learning signal. To instantiate realistic QoS targets, dmax Was primar-
ily sampled from application-inspired buckets—5-20ms (control/URLLC), 20-100ms (interactive
AR/VR, teleoperation, gaming), 100-400ms (soft real-time analytics), 0.4—1.5s (lenient interac-
tive), and 1.5-5 s (delay-tolerant)—using a mixture with class probabilities 0.15/0.25/0.35/0.15/0.10
and uniform draws within each bucket. As a compact alternative (and for stress testing), we also used
the two-component sampler in Eq. (4.11). The testbed comprised ten Fog nodes and one Cloud node;
each Fog node exposed five resource types. Reported metrics are means over 20 independent runs;
increasing the run count beyond 15 produced negligible changes in the aggregates. Unless stated

otherwise, reward weights were fixed at { = 6 = 0.5 to ensure fair comparisons across strategies.
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The cloud tier follows the elastic model described in Section 4.2 (negligible queueing).

Simulation protocol and metric definitions. Each run proceeds for a fixed simulation horizon
Tiim (seconds). A request is counted as completed only if it is admitted (passes the QoS gate) and
finishes execution before Ti,. Requests that are requeued but not admitted within Ty, are excluded
from completion-time averages.

Completion time for a completed request j is measured from its admission time to completion
time, and its expectation is captured by lA)x‘, ;j under the chosen tier x € .% U{Cloud}. Cloud served
counts the number of requests whose final executed tier is Cloud (i.e., completed in Cloud within the
horizon), not merely attempted offloading. Load balancing is measured by the standard deviation of
per-node utilization, where utilization is the time-average fraction of reserved capacity (aggregated

in the simulator across resources).

Uniform(20,800) ms, 1 — pj,
4~ @.11)

Uniform(2,5) s, Drail,

with pgi = 0.05 unless stated otherwise.

Our experimental methodology consisted of two phases.

The first phase involved employing priority-based task scheduling methods (Selection-1 and
Selection-2) and benchmarking them against Round Robin (RR) and Random task scheduling strate-
gies during the initial task allocation stage. The Random strategy allocates admissible requests ran-
domly among feasible Fog nodes and (when QoS-feasible) the Cloud, serving as a baseline for com-
parison. The RR strategy follows a cyclic order, distributing tasks evenly among available nodes.
Selection-1 allocates tasks using the potential formula in Eq. (4.2), considering node headroom, his-
torical over-selection, and observed delay. Selection-2 selects, among admissible fog candidates, the
node with the smallest predicted end-to-end delay (Eq. (4.3)).

In the second phase, we applied a Reinforcement Learning (RL) algorithm and a Genetic Algo-
rithm (GA) to demonstrate the effectiveness of these methods across all the strategies evaluated in the
initial phase. This allowed us to thoroughly evaluate the performance, efficiency, and latency of each
task scheduling technique. In the GA component, requests/tasks were represented as chromosomes
as described in Section 4.3.4, and the fitness function followed Egs. (4.9)—(4.10). For selection, we
prioritized individuals with higher fitness values. Additionally, we employed uniform crossover and

single-point mutation to introduce genetic diversity in the offspring.

Fig. 4.2 critically analyzes the impact of increasing task volume on the average completion time
of the system. As task numbers rise, the average completion time for the RL approach increases,

although the rate of increase varies across different selection strategies. In contrast, the hybrid algo-
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rithm, particularly for Selection-2, can exhibit a downward trend (or slower growth) under heavier
offered load because the QoS feasibility gate and deferral policy change the composition of admitted

(completed) tasks while GA-guided exploration reduces hotspot formation for those admitted tasks.

Interpreting the downward trend of the hybrid (RL-GA) curve in Fig. 4.2

At first glance, a decreasing average completion time as |R| increases can appear counter-intuitive
because higher load typically increases queueing. In our simulator, however, the completion-time
statistic is computed over tasks that are actually admitted and completed within the simulation hori-
zon (under the QoS gate induced by dpn,x and capacity constraints). As load increases, Selection-
1/Selection-2 combined with hybrid GA-RL becomes more selective: (i) requests predicted to vio-
late delay tolerance are deferred (requeued) rather than executed immediately, (ii) long-holding-time
or resource-heavy requests become less likely to be admitted on congested fog nodes, and (iii) GA-
guided exploration discovers higher-quality allocation patterns earlier, reducing hotspot formation
and queue buildup for the admitted subset. This shifts the completed-task mix toward requests that
can be served quickly (shorter effective waiting, better node placement), which can reduce the av-
erage completion time even while the offered load increases. Thus, the observed downward trend
reflects improved load balancing and stricter feasibility filtering, not an absence of congestion effects

under higher offered load.
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Figure 4.2: Average task completion time
Table 4.2: Insights from Fig. 4.2 (Task Completion Time)
Strategy Best Performer Insight
Random /RR (RL/GA) — Poor scalability; task completion time increases

Selection-1 (Hybrid) Moderate

Selection-2 (Hybrid) Best

sharply as task count grows.

Reduced latency compared to RL; more effective due

to combined optimization.

Demonstrates the lowest average task completion

time across all load levels.

Fig. 4.3 illustrates the convergence patterns of the RL and hybrid models. In Fig. 4.3, “conver-

gence” is reported as the episode-wise running average of the obtained reward (moving average),

which provides a stable proxy for policy improvement. The RL-based methods demonstrate slower

convergence and more oscillations due to extensive random exploration. In contrast, the hybrid algo-
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rithm achieves faster and smoother convergence, especially when used with Selection-2, benefiting

from GA-guided exploration that proposes higher-quality candidate decisions during exploration.
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Figure 4.3: Convergence

Table 4.3: Insights from Fig. 4.3 (Convergence Behavior)

Strategy

Best Performer Insight

RL (All)

Selection-1 (Hybrid)

Selection-2 (Hybrid)

— Slower convergence with higher fluctuation across

training episodes.

Moderate Faster convergence with less variance due to reduced
exploration.
Best Smoothest and fastest convergence, reflecting stabil-

ity in learning.

Fig. 4.4 shows the average number of tasks served by the Cloud under increasing workloads. RL-

based Random and RR strategies exhibit higher Cloud usage as system load grows, indicating weaker
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fog-side feasibility management. The hybrid model can reduce Cloud served counts by extracting

more effective service from the fog layer while enforcing the QoS gate for Cloud execution.

Interpreting a downward (or non-increasing) cloud-served curve under Selection-1/Selection-
2

In this pipeline, the cloud is not treated as an unconditional overflow sink; it is evaluated under the
same QoS logic that governs fog placement. Concretely, cloud routing is performed only when the
predicted cloud end-to-end delay satisfies 5C1oud, i < dr(r{;zx; otherwise, the request is deferred (re-
queued) rather than executed in the cloud. Under the elastic-cloud assumption (negligible cloud
queueing), changes in the cloud-served curve primarily reflect (i) the QoS gate dpax and (ii) im-
proved fog-side feasibility/load balancing, rather than cloud saturation. Accordingly, a decreasing
(or flat) cloud-served curve is consistent with a policy that simultaneously improves fog-side utiliza-
tion and avoids cloud assignments that would fail QoS constraints, leading to deferral rather than
cloud execution. This behavior does not contradict the intuition that higher offered load increases
pressure on fog resources; it reflects that the reported metric is executed-by-cloud within the horizon

under a delay-tolerance filter, not “attempted offloading” or “overflow volume.”
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Table 4.4: Insights from Fig. 4.4 (Cloud Offloading)

Strategy Best Performer Insight
Random/RR (RL) — Significant Cloud serving; weaker Fog utilization
under load.

Selection-1 (Hybrid) Best (at high load) Minimizes Cloud serving; maintains local efficiency

under load.

Selection-2 (Hybrid) Best (at low load)  Performs well at small task counts; stable perfor-

mance.

Fig. 4.5 evaluates load balancing across Fog nodes by analyzing the standard deviation of uti-
lization. High standard deviation indicates resource allocation imbalance. RL-based strategies, es-
pecially Random and RR, perform poorly. Hybrid models reduce load imbalance, with Selection-1
typically producing the best balance due to its potential-based routing and GA-RL refinement that

discourages persistent hotspots.
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Table 4.5: Insights from Fig. 4.5 (Fog Load Balancing)

Strategy Best Performer Insight

Random/RR (RL) — High variance in node usage; load imbalance across
Fog nodes.

Selection-1 (Hybrid) Best Most balanced resource usage; minimizes standard
deviation.

Selection-2 (Hybrid) Moderate Reasonable balancing; slight variance under higher
loads.

Summary of Experimental Insights

Table 4.6: Insights Summary from Simulation Results

Metric Best Performer

Insight

Average Task Completion Time Selection-2 (Hybrid)

Convergence Speed Selection-2 (Hybrid)
Cloud Served Selection-1 (Hybrid)
Load Balancing Index Selection-1 (Hybrid)

Fastest processing by minimizing delay through

reward-aware hybrid logic.

Smooth and rapid convergence due to GA-guided ex-

ploration.

Reduced Cloud serving under high loads by im-
proved fog feasibility and QoS gating.

Balanced task distribution across Fog nodes with low

variance.

4.5 Summary

This chapter introduced a hybrid resource allocation framework that combines Reinforcement Learn-

ing (RL) and Genetic Algorithms (GA) for efficient task scheduling in multi-Fog/Cloud environ-

ments. The primary objective was to enhance system responsiveness, load balancing, and local re-

source utilization under dynamic workload conditions. The system architecture employed a central

distributor supported by decentralized Fog nodes, each equipped with autonomous decision-making

agents capable of learning and adapting through interaction with the environment.
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In the first scheduling phase, we implemented four distinct allocation strategies—Random, Round
Robin (RR), Selection-1, and Selection-2—to evaluate initial task placement. These methods differ
in their prioritization logic: while Random and RR focus on fairness and uniformity, the Selection-1
and Selection-2 heuristics account for system dynamics, prioritizing nodes based on potential and
delay, respectively. The experimental analysis demonstrated that Selection-2 consistently outper-
formed other baselines in minimizing average task completion time and reducing Cloud serving.

In the second phase, a hybrid learning approach was employed. RL agents, embedded within Fog
nodes, formulated the task scheduling process as a Markov Decision Process (MDP), leveraging a
reward function that balances delay sensitivity and resource utilization. To overcome RL’s limitations
in sparse-reward environments and combinatorial scheduling spaces, we integrated a GA-assisted
exploration mechanism. This hybridization allowed the scheduler to escape local optima, improve
convergence rates, and consider globally competitive decisions under feasibility constraints.

Empirical results from extensive simulations led to the following key conclusions:

* Hybrid Scheduling Performance: The GA-RL method with Selection-2 as the base routing
policy exhibited the lowest average task completion time across all tested configurations (100—
1000 requests).

* Cloud Serving Minimization: The hybrid model reduced the number of requests completed
in the Cloud by improving fog-side feasibility and enforcing the QoS gate for Cloud execution

under the elastic-cloud model.

* Load Balancing Improvements: Standard deviation analysis of Fog node utilization indi-
cated enhanced load distribution under the hybrid model. Compared to standalone RL or GA,

the GA-RL approach more effectively smoothed workload disparities across nodes.

* Convergence Behavior: GA-assisted exploration improved learning speed and stability, ev-

ident in faster convergence (episode-wise average reward) and reduced variance.

» Scalability and Adaptability: The hybrid architecture demonstrated resilience under in-
creasing workload volumes by maintaining effective task distribution without notable degra-

dation in admitted-task performance.

Algorithm 7, detailing the hybrid RL-GA scheduling process, played a pivotal role in this out-
come. It encodes a decision framework that dynamically balances exploitation of learned policies
with exploration through evolutionary mechanisms. The reward function harmonizes latency mini-
mization and local utilization efficiency, resulting in robust and adaptable behavior under dynamic,

multi-fog workloads.
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4.6 Comparative Positioning of Our Hybrid GA-RL Frame-
work

This section positions our Hybrid Genetic Algorithm—Reinforcement Learning (GA—RL) framework
for multi-fog/cloud resource allocation [99] against the reviewed state-of-the-art. The comparison
is deliberately anchored to the evaluation lens adopted in our work—namely: (i) average task com-
pletion time, (ii) cloud offloading rate, (iii) load balancing measured via the standard deviation of
fog-node utilization, (iv) convergence speed and cumulative reward, and (v) computational complex-
ity and deployment overhead. The goal is not simply to enumerate prior studies, but to (a) identify
where our GA-guided Q-learning approach is empirically and architecturally superior, and (b) clarify
where alternative families dominate because they optimize different priorities (e.g., privacy, security,

mobility, or high-dimensional decision spaces).

4.6.1 Reference Baseline: Our Hybrid GA-RL Framework (GA-guided
Q-learning)

Core Contribution and Two-Phase Architecture

Our framework [99] proposes a Hybrid Genetic Algorithm (GA) and Reinforcement Learning (RL)

mechanism for resource allocation in multi-fog/cloud systems, organized as a two-phase pipeline:

Phase 1: Fog Node Selection. A distributor node selects a candidate fog node based on re-
source availability and delay constraints, using explicit fog-node selection strategies. This phase
operationalizes feasibility (meeting delay/resource constraints) and determines where the learning-

driven offloading decision will be executed.

Phase 2: Offloading Decision (Fog vs. Cloud). After selecting a fog node, that fog node runs
the Hybrid GA—RL agent to decide whether to process the request locally or offload it to the cloud,
with the objective of maximizing long-term reward. The design intent is to preserve fog autonomy
(reduce cloud dependence) while preventing congestion through improved exploration and better

load distribution.

Primary Evaluation Metrics (the Comparison Lens)

All reviewed papers are interpreted through the following metrics (as used in our work [99]): (i) av-
erage task completion time, (ii) cloud offloading rate, (iii) load balancing measured via the standard
deviation of resource usage across fog nodes, (iv) convergence speed and cumulative reward trajec-

tory, and (v) computational complexity (including the GA exploration vs. RL exploitation trade-off).
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Executive positioning (niche summary). Our contribution occupies a specific niche: accel-
erating RL convergence via GA-guided exploration for latency-sensitive fog—cloud offloading,

while maintaining a computational footprint suitable for resource-constrained fog nodes.

4.6.2 Master Taxonomy of the Reviewed Landscape

To keep the discussion coherent, the literature is grouped by the dominant source of complexity and
the primary optimization priority (learning capacity, privacy/security, mobility realism, or deploy-

ment feasibility).

Table 4.7: Master taxonomy of reviewed approaches and their primary optimization priority

Family Representative papers  Core mechanism Primary objective Typical trade-off vs. our
GA-RL
Hybrid (direct Fuzzy+DRL [100], Hybridization via pre- Latency/priority handling, Higher inference/training
competitors) GA+DRL (mainte- processing (fuzzy) or deep or long-horizon schedule overhead (deep models) or
nance) [107] policy refinement optimality domain mismatch (mainte-
nance)
Deep RL (single- ReinFog [109], DNN-based value/policy Handle large/continuous Cold start + heavy com-
agent) DRL4HFC [103] approximation (Actor— state  spaces; optimize pute/memory; weaker de-
Critic, DQN) makespan/energy ployment feasibility on fog
CPUs
Multi-agent + at- MADRL+Attention Multi-agent PPO-style Interference-aware opti- High per-step inference cost
tention [101] learning with attention mization (weighted cost: (attention) and model com-
layers energy-+delay) plexity
Federated RL / FMARL (6G) [105], Federated aggregation of Privacy preservation + en- Communication/synchronization

privacy-first

Security/trust-
aware
Digital
assisted

Twin-

Orthogonal
porting,
offloading
trollers)

(sup-
not
con-

FRL dynamic schedul-
ing [106]

Secure trust offloading
[102]

DT+PPO (VEC) [110]

Traffic prediction
(Fed+central) [104],
Intent-based RL [108]

model updates across nodes

Trust/reputation filtering +
secure coordination

Synchronized — simulation
(digital twin) + deep RL
(PPO)

Forecasting or intent trans-
lation + RL policy execu-
tion

ergy awareness (often 6G-
era)

Integrity/reliability in adver-
sarial settings

Mobility robustness in ve-
hicular edge computing

Prediction  accuracy or
management-layer  policy
mapping

bottleneck; straggler sensi-
tivity

Control-plane overhead; op-
timizes trust not raw latency

Twin synchronization
overhead + deep train-
ing/inference stack

Different target: pre-
diction/abstraction, not
real-time allocation deci-
sions

4.6.3 Category A — Hybrid Approaches (Direct Competitors)

Category summary

Hybrid approaches are the most direct competitors because they explicitly combine multiple decision
mechanisms to mitigate known RL weaknesses (slow convergence, uncertainty, instability). How-
ever, the location of hybridization differs: our approach integrates GA inside the learning loop as
an exploration accelerator [99], whereas other works often hybridize outside the learning loop (e.g.,

fuzzy pre-processing or domain-specific global optimization before deep policy refinement).
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Table 4.8: Hybrid approaches most directly comparable to our GA—RL framework

Paper

Methodology

Comparison to our GA-RL approach

Our framework [99]

Fuzzy+DRL scheduling [100]

GA+DRL healthcare mainte-
nance [107]

Tabular Q-learning
+ GA-guided ex-
ploration

Fuzzy logic + deep
RL

GA + DRL
(PPO/DQN-style)

Focus: speeding up convergence and improving load bal-
ancing by using GA to guide exploration. Metrics: com-
pletion time, resource utilization, cloud offloading rate, and
standard deviation-based load balancing.

Uses fuzzy logic to pre-process uncertainty (task prioritiza-
tion) before DRL decisions. Our advantage: GA intervenes
in action selection/exploration (learning process), not only
in pre-processing. Lighter-weight than deep neural policies.

Similar hybrid concept but applied to long-horizon mainte-
nance scheduling (not real-time offloading). Uses deep RL
(high compute). Our tabular RL design is more suitable for
constrained fog nodes.




94

A1l: Fuzzy Logic + Deep Reinforcement Learning (Fog task scheduling)

This competitor [100] is one of the strongest direct comparisons because it targets fog scheduling and
is explicitly hybrid. The fundamental difference is: our method hybridizes optimization + learn-
ing (GA guiding Q-learning exploration) [99], whereas the competitor hybridizes pre-processing +

learning (fuzzy prioritization feeding a deep agent) [100].

Table 4.9: Mechanism-level comparison: our GA-RL vs. Fuzzy+DRL

Feature Our GA-RL approach [99] Fuzzy + DRL [100]

Hybrid mechanism Optimization + learning: GA op- Pre-processing + learning: fuzzy
timizes exploration in tabular Q- rules prioritize tasks before DRL
learning. decisions.

Core algorithm Tabular Q-learning (lightweight, Deep RL (neural networks; heav-
transparent). ier compute).

Primary advantage Fast convergence via GA-guided Handling uncertainty via fuzzy
exploration. linguistic rules (“high” vs “low”).

Computational cost ~ Low/Medium: GA periodic; Q- High: fuzzy inference + DNN
table lookup is constant-time. training/inference.

Latency / completion time. Our method reduces end-to-end time by learning allocation behav-
iors that decrease waiting and congestion (waiting + propagation + execution) [99]. GA accelerates
the discovery of low-latency behaviors compared to pure RL by reducing blind exploration. The
fuzzy+DRL work [100] also targets latency, but its mechanism primarily re-orders or prioritizes
tasks so delay-sensitive jobs are served earlier. The key distinction is that fuzzy prioritization acts
as a queue-level heuristic overlay, whereas our approach reduces latency structurally by learning
better node utilization and balancing, which reduces queueing delay without requiring a rule-driven

prioritizer.

Cloud offloading rate. Our work explicitly tracks cloud usage as a first-class metric and aims to
minimize the average number of tasks served by the cloud [99]. By contrast, [100] often reports fog
utilization or network usage without emphasizing cloud offloading count with the same directness.

This yields a stronger operational argument for bandwidth-constrained or cloud-averse deployments.

Load balancing (standard deviation). Our framework uses the standard deviation of resource
usage across fog nodes as a primary load-balancing proof [99], providing an explicit statistical mea-

sure of distribution fairness and stability. The fuzzy+DRL work [100] discusses utilization and
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emphasizes energy-related outcomes more than spread-based fairness. This difference matters be-
cause energy can be improved by shutting down nodes or reducing activity, which is not equivalent
to balancing load across active nodes. Standard deviation makes a stricter statement about fairness

and congestion avoidance.

Convergence speed. Convergence acceleration is a core contribution in our framework [99].
Deep RL models (as in [100]) are typically slower to converge due to neural weight optimization
and warm-up requirements. Even if fuzzy rules improve early behavior, deep policy fine-tuning
remains sample-intensive. Thus, in dynamic fog conditions where policies must adapt quickly, faster

convergence can be more valuable than deep representational capacity.

Complexity. The competitor’s combined overhead can be summarized as:
O(Rules + Layers x Neurons). (4.12)

including fuzzy inference (often ~9-25 rules per decision) plus deep network forward passes

(and training). Our approach is summarized as:
O(Population x Generations) during GA phases, with O(1) Q-table lookups at decision time.

This supports a strong deployment argument: our method remains feasible on standard CPUs at the

fog layer, whereas fuzzy+DRL assumes heavier inference/training budgets.

Outcome summary. Our GA-RL approach is typically superior on convergence speed and com-
putational simplicity, and it provides a statistically stronger load-balancing proof. The competitor
may be stronger in explicit energy reporting and strict prioritization behavior, which is defensible as

a difference in objective scope rather than a weakness of the proposed design.

4.6.4 Category B— Deep RL and Multi-Agent Methods

Category summary

Deep RL (DQN, Actor—Critic, PPO) and multi-agent variants dominate when state spaces are con-
tinuous, high-dimensional, or strongly coupled across agents. However, these advantages come
with substantial training and inference overhead. Our method is intentionally positioned as a lower-

overhead alternative for structured state spaces typical of fog resource tuples [99].
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Table 4.10: Deep RL and multi-agent competitors: where they excel, and why they are
heavier than our GA—RL

Paper

Model class

Primary optimization fo-
cus

Key contrast vs. our GA-RL [99]

ReinFog [109]

DRL4HFC [103]

MADRL + Attention [101]

Actor—Critic
DRL (A20)

DQN variant

Multi-agent PPO
+ attention

Deep representation for re-
source management

Container scheduling
(makespan, energy)

Interference-aware
weighted cost
ergy+delay)

(en-

Handles complex states but typically requires
longer training and heavier inference; our ap-
proach is more CPU-feasible and converges
quickly via GA-guided exploration.

Energy/makespan-centric; deeper model +
replay buffer warm-up (cold start). Our ap-
proach targets completion time, cloud of-
floading, and balancing with lower overhead.

High per-step cost from attention + deep in-
ference; likely overkill for structured offload-
ing decisions where low overhead is crucial.
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B1: ReinFog (Actor-Critic DRL)

ReinFog [109] applies Actor—Critic deep RL to resource management, enabling representation learn-
ing over complex states. The principal difference relative to our approach [99] is overhead: deep
policies require extensive sampling and neural optimization. Our method avoids deep inference
costs and accelerates early learning using GA-guided exploration, supporting a resource-efficiency

argument for fog nodes.

B2: DRL4HFC (DQN for container-based scheduling)

DRL4HFC [103] is closely related in theme but differs in workload abstraction and objective em-
phasis. It uses a DQN for container orchestration (Docker/Kubernetes-style), implying dependencies
and startup overheads. Our work models tasks as resource tuples (CPU, RAM, delay) [99], which is

more direct for request-level offloading.

Why we may not be superior on energy. DRL4HFC explicitly optimizes energy [103]. Our
study emphasizes completion time, cloud offloading, and standard deviation-based balancing [99]. If
DRL4HFC reports stronger energy reductions, the defensible justification is scope: our objective is
fog autonomy and low-latency feasibility, and reduced cloud offloading plus improved balancing can
be presented as practical proxies that reduce transmission overhead and hotspot-driven inefficiency,

even if joule-level accounting is not reported.

B3: Multi-Agent DRL with attention (MEC-enabled IloT)

The attention-based multi-agent method [101] represents the high-complexity end of the spectrum.
Our method improves policy discovery through GA-guided exploration in a tabular learner [99],
whereas [101] improves policy quality through deep representation learning plus attention-based

feature weighting embedded in multi-agent learning.

The computational argument. Attention layers introduce matrix-heavy operations and can
exhibit an O(N?)-style scaling with interacting elements/features, in addition to deep inference at
each step. In contrast, our decision-time evaluation is constant-time table lookup, and GA overhead

is incurred periodically during learning rather than at every step of deep inference.
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4.6.5 Category C — Federated and Security-Aware Approaches (Dif-

ferent Optimization Priorities)
Federated multi-agent RL (privacy- and energy-aware 6G edge)

Federated MARL [105] prioritizes privacy and energy-awareness by keeping data local and exchang-
ing model updates for aggregation. This shifts the bottleneck from local computation to communi-

cation and synchronization.

Trade-off: privacy vs. responsiveness. Federated learning protects data but introduces aggre-
gation latency and dependence on synchronization rounds [105]. Our method assumes a cooperative
fog domain and prioritizes immediate responsiveness (low-latency offloading decisions) [99], mak-

ing it preferable when privacy constraints are not the dominant requirement.

Federated RL-based dynamic resource allocation and scheduling

The FRL approach in [106] targets dynamic resource allocation and scheduling with federated coor-
dination. Compared to our method [99], a key distinction is convergence gating: federated updates
are constrained by synchronization rounds and stragglers, whereas GA-guided exploration can ad-

dress cold-start behavior locally without network-level aggregation.

Secure task offloading via trust management

Security-aware scheduling [102] redefines optimality: the best node is the most trustworthy, not
necessarily the fastest or most available. Our work optimizes performance (delay, balancing, cloud
reduction) [99], whereas trust frameworks optimize integrity and reliability under adversarial as-
sumptions [102]. This is not a head-to-head conflict; it is a different objective family. Under co-
operative assumptions (private fog domains), our approach yields higher throughput/lower latency

because it avoids control-plane trust propagation overhead.

4.6.6 Category D — Digital Twin-Assisted Offloading (Distinct Archi-

tectural Class)
Digital Twin-assisted offloading [110] combines deep RL (PPO) with a synchronized virtual replica

to handle high mobility and rapid topology change (vehicular edge computing). This yields mobility

robustness but introduces a substantial synchronization burden.

Metric alignment and the synchronization caveat. Both frameworks report delay-like ob-

jectives: DT+PPO includes transmission + compute delay, while our work reports completion time
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Table 4.11: Comparison: our GA-RL offloading vs. Digital Twin + PPO (vehicular edge)

Feature

Our GA-RL approach [99]

DT + PPO [110]

Methodology

Primary goal

State space

Complexity

Q-learning + GA-guided explo-
ration

Convergence speed & load bal-
ancing

Discrete/tabular
(CPU/RAM/availability)

Medium (GA periodic; RL light)

Digital Twin + PPO (deep RL)

Mobility management under high
dynamics

Continuous/complex (speed, po-
sition, channel gain, task size)

Very high (DT engine + DRL
stack)
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[99]. A critical practical caveat is that twin synchronization overhead may not always be reflected in

the service delay metric, yet it remains a system-level bottleneck in real-time fog settings.

4.6.7 Orthogonal/Supporting Works (Not Direct Offloading Controllers)

Hybrid federated—centralized learning for traffic prediction

The aerial-network study [104] is prediction-oriented: it optimizes RMSE/forecast accuracy and
training energy/communication cost rather than real-time scheduling actions. Our work can position
itself as the execution engine: prediction may inform scheduling, but it does not replace real-time
allocation and offloading decisions [99]. Moreover, federated training rounds can compete with

bandwidth needed to serve user tasks.

Intent-based resource allocation using RL

Intent-based RL [108] operates at the management/control layer, translating high-level intents into
technical policies. Our method operates at the execution layer using explicit resource tuples [99].
The defensible contrast is operational overhead: our complexity is mathematical (GA search + Q-
table), whereas intent-based systems add architectural modules (intent translation engines) that can

increase control-plane latency.

4.6.8 Metric-Level Synthesis: Where Our Approach is Superior (and
How to Justify Non-Superiority)

4.6.9 Convergence Speed and Hardware Requirements (Inferred Com-
parison)

Interpretation. The hardware and convergence characterizations in Table 4.13 are inferred di-
rectly from architectural requirements: deep RL requires repeated matrix-heavy training/inference;
attention layers add per-step cost; digital twins require continuous synchronization; and federated
methods incur bandwidth-heavy aggregation cycles. In contrast, our GA-RL framework avoids deep
inference and preserves constant-time decisions via Q-table lookup, with GA overhead incurred pe-

riodically during learning [99].

4.6.10 Final Battlefield Classification (Landscape Summary)

Based on the reviewed set, the literature can be categorized as follows: (i) Hybrid direct competi-
tors: fuzzy+DRL [100] and GA+DRL hybrids in other domains [107]; (ii) Deep RL heavyweights:
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Table 4.12: Metric superiority map: where our GA-RL is typically stronger, and how to

justify gaps
Metric Where our GA-RL is typi- Competitors that may domi- If not superior: defensible justifi-
cally superior [99] nate cation
Completiontime/ Learns load-aware offloading; DT+PPO in mobility [110], When mobility/interference is the
latency GA accelerates discovery of attention MADRL main difficulty, richer state models

Cloud offioading
rate

Load balancing
(std. dev.)

Convergence
speed / cold start

Energy
level)

(joule-

Privacy / security
guarantees

low-latency behaviors

Explicit first-class objective;
emphasizes fog autonomy

Statistically
ness/stability signal

GA-guided exploration re-
duces blind exploration and
improves early learning

Not the primary modeled met-

ric in our evaluation

Not the primary optimization

priority

explicit

interference-heavy IloT [101]

(e.g., [101], [103])

fair- Energy/makespan-focused
works [103],

DRL [101]

budgets [109]

DRL4HFC
privacy/energy-focused
federated works [105]

Federated RL [105],
trust-based security [102]

Some works optimize weighted
cost instead of offloading count

cost-weighted

Deep RL may eventually match
quality given large training

[103],

[106];

help; our target is structured fog tu-
ples and low deployment overhead

If offloading is not tracked explicitly,
compare via proxy: fewer hotspots
and lower congestion naturally re-
duce cloud reliance

Energy improvements do not neces-
sarily imply fairness; std. dev. gives
a stronger balancing claim

Our thesis claim is practicality: faster
adaptation under changing fog condi-
tions with CPU-feasible learning

Scope choice: prioritize low-latency
feasibility; argue proxy effects via re-
duced cloud offloading and reduced
hotspots

Different objective family: these
methods trade performance for pri-

vacy/integrity; our setting assumes
cooperative/private fog

Table 4.13: Inferred convergence behavior and hardware/computational requirements
(architecture-driven)

Paper Core algorithm Convergence characteristic Inferred hardware re- Primary bottleneck
quirement
ReinFog [109] Actor—Critic DRL Slow cold start (neural weight High (accelerators bene- Training energy + infer-
(A20) tuning) ficial) ence latency

DRLAHFC [103] DQN variant Slow warm-up (replay buffer, ex- High (memory + acceler- Stability + memory us-
ploration) ators beneficial) age

FMARL (6G) [105]  Federated MARL Delayed by synchronization + Medium compute, high Communication la-
stragglers bandwidth demand tency

DT+PPO [110] Digital Twin + PPO  Medium  (simulation  helps; Very high (DT engine + Synchronization over-

bounded by twin sync) DRL stack) head
Fuzzy+DRL [100] Fuzzy inference + Medium (guided early actions; High (dual engines) Architectural complex-
DRL DNN tuning slow) ity
MADRL+Attention ~ Multi-agent PPO + Slow (attention helps features; High (accelerators bene- Real-time inference
[101] attention heavy per-step compute) ficial)
Our approach [99] Hybrid GA + tabu- Fast (GA reduces blind explo- Low (standard CPU) Designed for fog feasi-

lar Q-learning ration) bility
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ReinFog [109] and DRL4HFC [103]; (iii) Multi-agent high-capacity models: MADRL with at-
tention [101]; (iv) Simulators (digital twins): DT-assisted vehicular offloading [110]; (v) Guards
(privacy/security-first): federated RL [105, 106] and trust-based secure offloading [102]; (vi) Or-
thogonal enablers: traffic prediction (Fed+central) [104] and intent-based control-layer RL [108].
Across these families, our GA-RL design [99] is best positioned when the dominant requirement is

low-latency feasibility and fast adaptation under constrained fog compute budgets.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

The explosive growth of latency-sensitive, resource-intensive applications across domains such as
IoT, smart cities, healthcare, and real-time analytics has underscored the limitations of traditional
cloud-centric architectures. Fog computing, by extending computation and storage resources toward
the edge of the network, provides a viable solution to reduce latency and enhance Quality of Service
(QoS). However, the dynamic and heterogeneous nature of Fog—Cloud systems presents complex
challenges in task scheduling and resource allocation.

This thesis systematically investigated intelligent scheduling mechanisms for Fog—Cloud sys-
tems using Reinforcement Learning (RL) and Genetic Algorithms (GA), and ultimately proposed a
Hybrid GA-RL framework. The work was divided into three main contributions, each corresponding

to a dedicated chapter and validated through simulation-based experimentation.

RL-Based Scheduling in Single Fog Node Environments

In Chapter 2, we proposed a model where a single fog node autonomously makes processing or
offloading decisions using RL-based algorithms. The system was formulated as a Markov De-
cision Process (MDP), where the agent’s state was defined by current resource availability, and
the reward function captured trade-offs between resource utilization and delay. We implemented
and compared three RL algorithms—Q-Learning, SARSA, and Expected SARSA—against a Fixed-
Threshold baseline.

The simulation results demonstrated the effectiveness of RL in learning adaptive policies that

significantly outperformed static heuristics. Notably:

* Q-Learning achieved the fastest convergence and lowest average task completion time.

* SARSA provided stable resource utilization and minimized offloading to the Cloud.
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* Expected SARSA yielded the smoothest load balancing across different states.

These results confirmed that RL-based methods can autonomously adapt to changing workloads and

dynamically optimize resource allocation without manual tuning.

Multi-Fog/Cloud Scheduling with RL Strategies

Chapter 3 extended the RL framework to a multi-Fog/Cloud environment. This architecture intro-
duced multiple fog nodes, each with heterogeneous resource capacities. A centralized distributor
node was responsible for task allocation, supported by a status table that continuously received up-
dates from Fog nodes. Two priority-based selection strategies (Selection-1 and Selection-2) were
introduced to guide task assignments based on delay minimization and system efficiency.

In this expanded setup, reinforcement learning was integrated at the node level to guide local
scheduling decisions. The revised reward function included tunable parameters { and 6 to prioritize

delay or resource usage. Empirical results showed that:

* The RL-based Selection-2 strategy yielded the lowest average completion time.
* RL agents successfully reduced cloud dependency by making adaptive local decisions.

» Simulation trials over multiple workloads confirmed consistent improvements in delay, load

balancing, and convergence speed.

The insight tables and visualizations revealed how RL agents distributed load intelligently across

fog nodes, optimizing system-wide performance while maintaining QoS constraints.

Hybrid GA-RL Framework for Enhanced Scheduling

In Chapter 4, we proposed a novel Hybrid Genetic Algorithm—Reinforcement Learning (GA-RL)
framework for scheduling in a multi-Fog/Cloud environment. This hybrid approach leveraged the
exploratory strength of GA and the long-term optimization capabilities of RL. A dual-stage strategy

was implemented:

* In early stages, GA was used for generating high-quality actions by encoding request-node
mappings as chromosomes and evolving them using crossover, mutation, and fitness-based

selection.

» These GA-generated actions were integrated into RL episodes through &-greedy exploration,

improving the diversity of candidate decisions.

We defined the potential function as the fitness function, aligning both learning signals. Two
custom algorithms—Fog Node Selection (Algorithm 6) and the Hybrid GA-RL algorithm (Algo-

rithm 7)—were developed and described in full.
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Extensive simulations showed that the hybrid model outperformed both standalone RL and GA

approaches in every major metric:

* Average Task Completion Time: Reduced significantly, especially with Selection-2.

Cloud Offloading Rate: Minimized, demonstrating improved local processing.
* Load Balancing: Achieved smoother utilization across fog nodes.
* Convergence: Improved speed and stability across episodes.

The hybrid strategy’s ability to combine long-term policy optimization with intelligent explo-

ration proved highly effective in handling the complexity and dynamics of Fog—Cloud systems.

5.2 Key Contributions

The key contributions of this thesis are summarized as follows:

* Formulated a Markov Decision Process model for Fog—Cloud task scheduling.

* Designed and evaluated RL-based frameworks using Q-Learning, SARSA, and Expected
SARSA.

* Developed two task allocation strategies (Selection-1 and Selection-2) to guide distributor-

level scheduling.

» Extended the architecture to multi-Fog systems, integrating node-level RL agents with local

resource-awareness.
* Proposed a hybrid GA-RL algorithm for robust and adaptive scheduling.
* Validated all methods using a comprehensive simulation setup with varying workloads.

* Presented analytical insights using figures and structured tables to interpret performance re-

sults.

5.3 Future Work

While this thesis addresses critical aspects of intelligent scheduling in Fog—Cloud systems, the rapid
evolution of edge intelligence opens several promising avenues for future exploration. These direc-

tions address the current limitations regarding scalability, privacy, and physical validation:
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* Federated RL and Distributed Learning: Current centralized training approaches face
bandwidth bottlenecks when scaling to millions of IoT devices. Future work should extend
the proposed architecture to decentralized scenarios using Federated Reinforcement Learning
(FRL). By enabling fog nodes to collaborate on policy learning (sharing gradients rather than
raw data), the system can achieve massive scalability while ensuring compliance with privacy
regulations such as GDPR.

* Dynamic Environment Adaptation (Temporal Learning): Most current RL models in Fog
computing are reactive, optimizing based on the current snapshot of the network. However,
network traffic often exhibits temporal dependencies (e.g., bursty traffic patterns). Incorpo-
rating Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) networks
into the RL agent would allow the system to capture historical trends and predict future con-

gestion, shifting the paradigm from reactive to proactive resource allocation.

* Energy-Aware Scheduling: Optimizing solely for latency can lead to excessive power con-
sumption, which is detrimental for battery-constrained edge devices and environmentally un-
sustainable for large-scale fog nodes. Future iterations of this framework should introduce
rigorous energy models into the reward function, managing the inevitable trade-off between

performance (QoS) and green computing (energy efficiency).

* Real-World Deployment and Validation: A significant portion of current fog computing
research relies on simulations (e.g., iFogSim). Bridging the “Sim-to-Real” gap is essential for
increasing the Technology Readiness Level (TRL) of the proposed algorithms. Future work
involves validating the GA-RL framework on physical testbeds using single-board computers
(e.g., Raspberry Pi clusters) and real-world datasets from smart city or industrial applications

to verify robustness against hardware noise and real network jitter.

* Multi-Objective Optimization (Pareto Efficiency): Current approaches often combine con-
flicting objectives (e.g., delay vs. cost) using static weighted sums, which can be subjective.
Future research should explore Pareto-efficient methods, such as Multi-Objective Actor-Critic
agents, to discover a frontier of optimal solutions. This would provide system operators with
the flexibility to dynamically switch between operating modes (e.g., High Performance vs.

Energy Saving) based on real-time requirements.

By advancing in these directions, the scheduling frameworks developed in this thesis can evolve
into fully adaptive, privacy-preserving, and sustainable solutions, driving the next generation of

Fog—Cloud resource management systems.
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Appendix A

Worked Example: Genetic Algorithm
for the TSP

A.1 Example

Problem Description

The Traveling Salesman Problem (TSP) is a classic combinatorial optimization problem where
the objective is to find the shortest possible route that visits each city once and returns to the origin.
Given a set of n cities and a distance matrix D = [d;;], the goal is to determine a permutation 7 =
(my, My, ..., m,) that minimizes the total travel cost:

n—1

Total Distance = dy z, + Z dn,, |

i=1
Encoding Strategy
We use permutation encoding, where each chromosome is a permutation of city indices. For ex-
ample, a chromosome representing a tour of 6 cities might look like:
Chromosome = [3,1,6,4,2,5]

This chromosome denotes a tour starting at city 3, going through cities 1, 6, 4, 2, and ending at

city 5 before returning to city 3.
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Step 2: Initialization

We begin by generating an initial population of random tours. Each individual in the population is a
unique permutation of the cities.
Example: Assume we have n = 6 cities labeled 1 through 6. Let the population size be P = 4.

We randomly generate four permutations as the initial population:

e Individual 1: [1, 4, 2, 6, 3, 5]

Individual 2: [3, 1, 5, 2, 6, 4]

Individual 3: [2, 6, 3, 1, 5, 4]

Individual 4: [5, 4, 1, 6, 2, 3]

Each chromosome corresponds to a complete tour that starts from the first city in the list, visits
each subsequent city in order, and returns to the first city to complete the cycle.
Assumption: The distance matrix D = [d;;] is symmetric and known. For the sake of this ex-

ample, we define the following matrix:

0 3158 6
06 79 2
1 6 0 4 3 7
D=
57 4 0 6 5
8 9 3 6 0 2
6 275 20

This matrix represents the pairwise distances between the 6 cities.

Step 3: Fitness Evaluation

The fitness of each individual is evaluated based on the total tour distance. Since we aim to minimize

the travel distance in the TSP, we define the fitness function f as the inverse of the total distance:

f(tour) = !

~ Total Distance of the Tour

Using the distance matrix D provided earlier, we compute the total distance for each individual

in the population.

e Individual 1: [1, 4, 2, 6, 3, 5]

dig+dsr+drg+desz+dis+ds) =5+T+2+7+3+8=32
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Fitness: f; = % ~ 0.0313

e Individual 2: [3, 1, 5, 2, 6, 4]
dyi+dis+dsr+dre+des+diz=1+8+94+2+5+4=29
Fitness: f> = 55 ~ 0.0345
« Individual 3: [2,6, 3,1, 5, 4]
dro+des+di31+dis+dsatdip=2+T+1+8+6+7=31
Fitness: f3 = 57 ~0.0323
« Individual 4: [5,4, 1,6, 2, 3]
dsq+ds)+dig+dsr+drz+dss=6+5+6+2+6+3=28
Fitness: f3 = 55 ~ 0.0357

Observation: Based on this distance matrix, Individual 4 has the highest fitness (shortest total

travel distance) among the four individuals, and is likely to be favored during the selection process.

Step 4: Selection

In this step, we select individuals for reproduction based on their fitness values. We use roulette
wheel selection (fitness proportionate selection), where the probability of selecting an individual is

proportional to its fitness:

fi

P(i) =
0 Zz}:lf.i

First, compute the sum of fitness values:
ij =0.0313+0.0345 +0.0323 4-0.0357 = 0.1338

Now, compute the selection probability for each individual:

0.0313
. = 2038 . 0.2339

__0.0345
o« P= 0035 40,2579

_ 00323
* 3= {1355 ~0.2414
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_ 0.0357
* Py =35 ~ 0.2668

Using a simulated roulette wheel spin (i.e., drawing random numbers from [0, 1)), we may select

the following parents (example outcome):

e Parent 1: Individual 4
e Parent 2: Individual 2
e Parent 3: Individual 4

e Parent 4: Individual 1

These selected individuals will be used for the crossover step.

Step 5: Crossover

We apply the Order Crossover (OX) operator, which is commonly used in permutation-based prob-
lems such as the Traveling Salesman Problem (TSP).

Assume we select two parents from the selected pool (consistent with n = 6):
e Parent A:[1,2,3,4,5, 6]
e Parent B: [3, 1,4, 6, 5, 2]

Step 1: Select Crossover Points

Randomly choose two crossover points. For example, positions 2 and 4.

Crossover Points:

Step 2: Copy Subsequence from Parent A to Offspring

The genes from position 2 to 4 in Parent A are copied into the offspring:

Offspring (initial) = [_,[2,3,4],_, ]

Step 3: Fill Remaining Positions from Parent B

We take the remaining genes from Parent B in order, skipping duplicates:
e ParentB: [3,1,4,6,5, 2]
* Remove 2, 3, and 4 = Remaining: [1, 6, 5]

* Fill the empty positions (1, 5, 6) with [1, 6, 5] in order
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Final Offspring 1 = [1,2,3,4,6,5]
Repeat for second offspring (swap parents):
e Parent A: [3,1,4,6,5,2]

e Parent B: [1, 2, 3,4, 5, 6]

Apply the same crossover points (positions 2 and 4):

Subsequence from Parent A : [1,4, 6] = Initial Offspring = [_,1,4,6,_, |

Remaining genes from Parent B: [1, 2, 3, 4, 5, 6] minus [1, 4, 6] = [2, 3, 5]

Final Offspring 2 = [2,1,4,6,3,5]
New Population After Crossover:
» Offspring 1: [1, 2, 3, 4, 6, 5]

* Offspring 2: [2, 1, 4, 6, 3, 5]

Step 6: Mutation

To maintain genetic diversity and avoid premature convergence, we apply a mutation operator with
a small probability p,, (e.g., 0.1).

For permutation-encoded individuals, we use swap mutation, which randomly selects two cities
and swaps their positions.

Assume Offspring Before Mutation:
» Offspring 1: [1, 2, 3, 4, 6, 5]
* Offspring 2: [2, 1,4, 6, 3, 5]

Apply Mutation:

* Offspring 1: Suppose no mutation occurs (with 90% probability).

» Offspring 2: Mutation occurs.

Randomly select two positions to swap, e.g., positions 2 and 6:

2,1,4,6,3,5] = [2,[5],4,6,3,[1]
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* Mutated Offspring 2: [2, 5, 4, 6, 3, 1]

New Population After Mutation:

* Offspring 1: [1, 2, 3, 4, 6, 5]

» Offspring 2: [2, 5,4, 6, 3, 1]

The new individuals are now ready to participate in the next generation. If elitism is used, the

best individual from the previous generation is also included in the new population.

Step 7: Replacement and Elitism

Once the offspring are generated through crossover and mutation, the next step is to decide how the
new population will be formed. In this example, we apply elitist generational replacement, where
the best individual from the previous generation is carried over to the next generation without change.

Previous Generation (after Evaluation):

e Individual A: [1, 2, 3, 4, 5, 6], Total Distance = 10 (best)
e Individual B: [2, 1, 4, 6, 3, 5], Total Distance = 15
Offspring (after Mutation):

* Offspring 1: [1, 2, 3, 4, 5, 6], Total Distance = 10

* Offspring 2: [2, 3, 4, 5, 6, 1], Total Distance = 18
Elitism Strategy:

* Preserve the best individual from the previous generation: [1, 2, 3, 4, 5, 6]
* Select the best offspring to fill the remaining slots.

New Generation:

* Individual 1: [1, 2, 3, 4, 5, 6] (from previous generation)
* Individual 2: [1, 2, 3, 4, 5, 6] (offspring 1)

This elitist strategy guarantees that the best solution found so far is never lost, thereby promoting

steady progress toward optimality while preserving high-quality solutions.
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Step 8: Termination and Convergence

Termination criteria determine when the genetic algorithm should stop evolving the population. In

practice, this is based on predefined conditions such as:
* A fixed number of generations
* No improvement in the best fitness over a certain number of generations (fitness stagnation)
» Reaching a fitness threshold (acceptable solution)
In our TSP example, we apply the following termination criteria:
1. Maximum number of generations: Gpa,x = 50
2. Or early stopping if best fitness does not improve for 10 consecutive generations

Observed Convergence:
After several generations (say, 23 generations), we observe that the population converges to the

following best individual:
¢ Best Chromosome: [1, 2, 3, 4, 5, 6]
* Total Distance: 10
Convergence Behavior:
* The algorithm maintains diversity early on through crossover and mutation.
* Over time, fitter individuals dominate the population.
* Elitism helps preserve the best-known solution across generations.
» Eventually, all individuals converge to the optimal or near-optimal route.

Termination Condition: No improvement in best fitness for 10 generations = algorithm stops.
This example illustrates a typical convergence pattern in GAs: exploration in the early gener-
ations, followed by exploitation and population convergence. The genetic algorithm successfully

identifies the optimal path for the TSP in this example.

A.1.1 Summary Table of Fitness Evaluation

To provide a concise overview of the initial population, their fitness values, and selection probabili-
ties, Table A.1 summarizes the results of Step 3 (Fitness Evaluation) and Step 4 (Selection).

This table provides a consolidated view of the evaluation and selection stages. It clearly shows
how shorter distances correspond to higher fitness and thus to higher selection probabilities, aligning

with the roulette wheel selection mechanism.
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Table A.1: Summary of Initial Population Evaluation and Selection Probabilities for TSP

Individual

Chromosome (Tour)

Total Distance Fitness

Selection Probability P;

1

2
3
4

[

[
[
[

1,4,2,6,3,5]
3,1,5,2,6,4]
2,6,3,1,5,4]
5,4,1,6,2,3]

32
29
31
28

0.0313
0.0345
0.0323
0.0357

0.2339
0.2579
0.2414
0.2668




