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ABSTRACT

Despite the development of some efficient edge-cloud resource scheduling schemes, the efficient task
scheduling of these schemes remains an unsolved problem, as existing schemes address only a subset of the
scheduling challenge: heuristic, meta-heuristic, and deep reinforcement learning. A heuristic method can be
light on computation but is inflexible for static processing. The deep reinforcement learning (DRL)
schedulers adjust to the system's dynamics, yet they suffer from unpredictable convergence and a lack of
predictive capability. Though metaheuristic optimisers improve search efficiency, they are incapable of
learning reusable policies. This is the first framework to place these three strategies under a single adaptable
architecture. Hereby, this paper contributes 4 original findings to fill this gap. It brings in two new
advancements; firstly, it proposes a new hybrid task scheduling framework: SmartEdgeScheduler, which is
a co-design of deep reinforcement learning, LSTM-based predictive offloading and metaheuristic
optimisation, a combination previously unattempted in the literature. Second, it suggests an LSTM-based
Predictive Offloading Model (POM) that predicts network latency and task execution time for future time
slots, enabling proactive task placement before deterioration in the system is noticeable, shifting the status
quo from reactive correction to anticipatory control. Thirdly, it provides an adaptive mode switching
mechanism that is driven by a real-time DRL error metric, which activates the metaheuristic optimisation
method when reinforcement learning convergence fails to be reached, thereby ensuring that it does not impair
performance when reinforcement learning convergence is stable while the mode switching is needed when
the reinforcement learning convergence is unstable. Fourth, it offers a Multi-Criteria Decision-Making
(MCDM) module that brings explicit (and therefore auditable) task-priority information — missing in policy-
implicit DRL schedulers — into the problem, based on (predicted) latency, resource utilisation efficiency, and
energy cost. We have evaluated our SmartEdgeScheduler against a number of baseline and state-of-the-art
algorithms on 10k task instances, showing: task completion time reductions of 25%, resource utilisation
improvements of 15%, energy savings of 12%, and SLA compliance of 97%. In scaled testing with 5,000 to
20,000 tasks, controlled performance degradations are observed, demonstrating viability in a production
environment. The demonstration of the need to co-design proactive prediction, adaptive policy switching,
and multi-objective optimisation — rather than applying them separately — for reliable, energy-efficient, and
scalable scheduling in heterogeneous edge-cloud systems is new knowledge generated by this work.

Keywords - Task Scheduling, Edge-Cloud Computing, Deep Reinforcement Learning, Predictive
Offloading, Metaheuristic Optimization
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1. INTRODUCTION

In edge-cloud environments, efficient task
scheduling is one of the most challenging
problems involving the selection of optimal tasks
for execution over optimal resources, which
ultimately affects resource utilisation, system
performance, and energy consumption. Adaptive
Machine Scheduling: Intelligent Techniques for
High-Performance = Computing,  Distributed
Computing  Applications  and Services.
Introduction. We have long entered the era of
explosive growth in distributed computing
application needs, as classical heuristic-based
scheduling methods like round-robin and first-
come-first-served are unable to adapt to changing
workloads and  heterogeneous computing
environments [1]. However, in recent years, to
address this problem, a deep reinforcement
learning (DRL)-based scheduling approach [2]
with cutting-edge performance has been proposed
to intelligently schedule the resources for task
execution. Yet, existing DRL-based methods tend
to converge unstably, incur high training costs,
and cannot accurately predict changes in network
status  [3]. Furthermore, heuristic  and
metaheuristic approaches offer improvements in
scheduling performance, but their lack of online
adaptability leads to suboptimal task allocations
[4]. To overcome these limitations, we need an
intelligent, adaptive, and predictive scheduling
framework that optimally schedules tasks across
edge and cloud for execution.

This paper introduces SmartEdgeScheduler, a
novel learning-based optimisation framework for
intelligent task scheduling. The proposed model
combines DRL with metaheuristic optimisation
and predictive offloading to improve task
scheduling. The DRL module autonomously
learns the optimal scheduling policy based on the
system's real-time status. At the same time, the
metaheuristic ~ optimisation  part  provides
robustness in the decision-making process by
adapting to dynamic workloads. In addition, an
LSTM-based predictive offloading model can
predict network state and task execution time,
enabling offloading before this information is
available and preventing unnecessary task
execution. As a result, SmartEdgeScheduler can
not only reduce task completion time (TCT),
resource consumption (RC), and energy
consumption (EC) but also give better SLA
(service level agreement) (SLA) compliance than
existing scheduling techniques.

123

This research aims to develop a dynamic task
scheduling framework that manages the
distribution of workloads across an edge-cloud
environment, embeds prediction mechanisms to
enhance decision selectivity and accuracy, and
increases scheduling efficiency via adaptive
tuning of learning-based optimisation techniques.
The main contributions of this work are threefold:
first, the combination of DRL and predictive
offloading allows for proactive scheduling of the
best tasks; second, the ability to stabilize these
tasks by using metaheuristic optimization as a
scheduler; and thirdly, it possesses an adaptive
learning mechanism that switches between
different schedulers the former DRL based and
the later metaheuristic based according to the
performance of the system in terms of energy
usage, latency and task completion time. All of

these innovations contribute to improved
scheduling and scalability of
SmartEdgeScheduler.

The crux of this research is that current task
scheduling frameworks in edge-cloud systems
cannot  simultaneously  consider latency
minimisation, energy minimisation, and SLA
compliance under dynamic, unpredictable
workloads. Static heuristic dispatchers (e.g.,
round-robin, FCFS) are not very flexible and are
computationally simple, making decisions
without knowledge of real-time network state or
availability. Despite having demonstrated their
potential in the context of adaptive scheduling,
DRL methods face difficulties converging when
workloads change quickly, incur excessively high
training costs that are hard to accommodate in
real-time systems, and lack predictive ability; they
only respond when systems degrade.
Metaheuristic methods are useful for improving
search effectiveness but lack the capacity to self-
update policies as conditions change, as DRL
does in online learning. This is the first work that
brings together three techniques: predictive
offloading, adaptive reinforcement learning and
metaheuristic  stabilisation in one single
framework. This gap is significant; in real-world
edge-cloud deployments such as smart city
applications, industrial IoT, and 6G networks,
even minimal scheduling inefficiencies are
amplified, leading to SLA violations, higher
energy consumption, and reduced user
experience. Closing this divide is thus not only a
theoretical goal but something of a realistic need
for next-generation distributed computing
infrastructure.
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Research Hypothesis

This study assumes that in a single adaptive
scheduling method, it is possible to come up with
statistically and practically better task scheduling
results in terms of (1) latency, (2) energy
consumption, (3) resource utilization and (4) SLA
compliance as compared to any of the approaches
that use DL, LSTM based predictive offloading or
metaheuristics  separately or partially in
combination with each other. That is, the
following hypotheses are proposed: (H1) The
unnecessary task migrations and overhead of
reactive reallocation will be reduced because
proactive prediction of network latency and task
execution time will directly reduce task
completion time and energy consumption; (H2)
An adaptive mode-switching mechanism: Based
on the DRL convergence instability condition, the
proposed mechanism can allow to sustain the
scheduling performance during volatile workload
resource demand, where the pure DRL schedulers
degrade; and (H3) Multi-criteria priority scoring
mechanism: In order to enhance SLA compliance,
an initiative proposed by this mechanism aims to
allocate time-critical tasks and resource-intensive
tasks in the first priority of the list. Their
combined effect is the central overarching
hypothesis that co-design, rather than component-
wise application, is a necessary condition for
guaranteeing reliable, energy-efficient, and
scalable scheduling in heterogeneous edge-cloud
systems.

This research has the following contributions.
Firstly, we devise a new DRL-based task
scheduling model with predictive offloading and
metaheuristic-optimisation-based adaptive
scheduling. Third, we conduct a detailed
comparative study of existing scheduling
approaches and our proposed
SmartEdgeScheduler, and prove that
SmartEdgeScheduler ranks highest in terms of
task execution efficiency, resource utilisation, and
energy optimisation. Third, we conduct an
extensive experimental evaluation in a custom
Python-based  simulation environment to
demonstrate the effectiveness of our approach
across a range of workloads. Finally, an ablation
study validates the contribution of each core
component in SmartEdgeScheduler and compares
SmartEdgeScheduler with pure predictive
offloading, = DRL-based scheduling, and
metaheuristic optimisation.
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The ensuing paper is organised as follows:
Section 2 provides an in-depth literature review of
the proposed techniques for task scheduling and
identifies research gaps. The proposed
SmartEdgeScheduler approach is elaborated in
Section 3 through its DRL-enabled optimisation,
predictive offloading model, and metaheuristic
improvements. Experimental results, including
performance comparisons, ablation studies, and
scalability analysis, are reported in Section 4.
Section 5 then provides insights from the research
and addresses study limitations and enhancements
of existing methods. Section 6 summarises the
main findings of the paper and presents future
research directions on real-time adaptation and

scalability in a large-scale edge-cloud
environment.
2. RELATED WORK

Existing task scheduling approaches in edge-
cloud environments rely on  heuristic,
metaheuristic, and deep learning techniques, yet
face challenges in adaptability and efficiency.
Kruekaew et al. [1] proposed a multi-objective
ABC-Q learning technique to improve load
balancing and resource utilisation by effectively
scheduling cloud workloads. The topics of
scalability and flexibility to changing workloads
may be explored in future research. Djigal et al.
[2] examined ML/DL-based resource allocation
techniques in MEC, pointing out issues and
suggesting directions for further optimisation
study. Zhou et al. [3] proposed a two-stage IoE
scheduling paradigm based on DRL to address
complexity and reduce costs. Future research will
focus on scalability. Chen et al. [4] suggested
using JNNHSP to schedule tasks in hierarchical
edge clouds while maintaining efficiency and
quality. Future research could focus on
scalability. Iftikhar et al. [5] highlighted issues
and made recommendations for future research
paths as they examine AI/ML approaches for
resource management in fog/edge computing.

Hosseinzadeh et al. [6] examined work scheduling
strategies in fog-cloud settings, identifying
problems and proposing fixes for future resource
and efficiency management. Semi et al. [7]
suggested using HMHHO to schedule tasks in
MCC, increasing work completion and energy
efficiency. Further work will focus on improving
scalability. Zhang et al. [8] enhanced performance
by proposing a hybrid DRL-based multi-objective
optimisation approach for edge-cloud resource
scheduling. Future research will focus on
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scalability. Sellami et al. [9] suggested a DRL-
based approach to task scheduling for low-
latency, energy-efficient Internet of Things
networks. Additional optimisation will be done in
future work. Zhu et al. [10] proposed a
reinforcement learning-based workflow
scheduling approach for partially connected edge
networks that minimises makespan. Future
research will focus on improving scalability.

Yamansavascilar et al. [11] created DeepEdge, a
task orchestrator for dynamic offloading based on
DDQN. Improving applicability to a variety of
applications is part of future efforts. Kim et al.
[12] suggested a framework for federated
reinforcement learning for dynamic scheduling in
Internet of Things networks. Future research will
focus on improving task flexibility. Baghban et al.
[13] suggested using DRL-Dispatcher to improve
latency and profit in edge federations by
providing request services. Future research will
focus on scalability. Sellami et al. [14] presented
a Blockchain-based DRL method for energy-
conscious job scheduling in SDN-enabled IoT
networks. Optimisation will be a part of future
development. Zhu et al. [15] proposed a
reinforcement learning-based method to reduce
makespan in partially connected edge networks.
Optimisation will be a part of future development.

Jain et al. [16] suggested a deep reinforcement
learning-based task offloading strategy for 6G
edge networks that enhances job completion,
energy efficiency, and latency. Hsieh et al. [17]
suggested assigning tasks to cooperative MEC
networks using DRL to improve performance
while reducing computational complexity. Zhang
et al. [18] proposed CECMS for cloud-edge job
scheduling optimisation, thereby enhancing task
execution speed and resource utilisation.
Abraham et al. [19] examined cloud work
scheduling, identified issues, and proposed future
lines of inquiry for resource efficiency and
optimisation. Dankolo et al. [20] proposed a
modified Flower Pollination Algorithm to allocate
resources between the edge and the cloud,
enhancing efficiency and reducing latency.

Nandhakumar et al. [21 created EdgeAlSim, an
Al-based toolbox for managing resources in edge
computing that enhances job management and
power optimisation. Long et al. [22] suggested the
SAMM and ENCA algorithms for cloud-edge
collaborative work scheduling, which increased
job completion by 32% to 47.2%. Zhao et al. [23]
proposed a job scheduling technique for DIDS
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based on Q-Learning that improves load
performance without compromising detection
accuracy. Lu et al. [24] proposed the TSBQ and
MS-CE algorithms for effective job scheduling in
mobile edge computing, thereby enhancing real-
time face recognition. Lee et al. [25] suggested a
deep learning layer assignment technique to
improve work management and resource use in
innovative city edge computing.

Dong et al. [26] proposed JCETD for effective
cloud-edge task deployment, thereby enhancing
load balancing and reducing response and
completion times. Cai et al. [27] suggested the
CaGTS and DaTR algorithms as effective
methods for scheduling and rescheduling DAG
tasks in dynamic edge settings. Alahmad et al.
[28] proposed a framework for failure-aware task
scheduling that uses ILP and deep learning to
anticipate and lessen cloud task failures. Huang et
al. [29] proposed LFGO, an IoV offloading
technique based on deep Q-learning that enhances
latency and energy efficiency in edge-cloud
settings. Chen et al. [30] proposed a mobile fog
computing approach based on DDPG that
enhances offloading performance but suffers from
state-space issues. Future research is required.

Shakarami et al. [31] proposed a hybrid model-
based autonomous offloading architecture to
address issues in resource management and large-
scale decision-making. Cao et al. [32] examined
the integration of edge computing in CPS,
discussing QoS optimisation issues and the need
for better solutions in the future. Liu et al. [33]
proposed a deep learning-based auction to
allocate virtual machine resources in mobile edge
computing, maximising both profitability and
equity. Zhang et al. [34] suggested resource
scheduling and task offloading techniques for
hybrid edge-cloud networks that maximise cost,
time, and energy efficiency. Islam et al. [35]
suggest scheduling strategies for hybrid cloud
clusters that increase scalability and efficiency
while optimising costs and work deadlines.

Tuli et al. [36] proposed a real-time scheduler
based on A3C and R2N2 for effective, flexible job
scheduling in fog computing for the Internet of
Things. Qi et al. [37] suggested a CECSA3C
scheduling algorithm that outperforms current
techniques for minimising task latency in cloud-
edge networks. Chen et al. [38] reduced reaction
time in cloud-edge scenarios by proposing greedy
and genetic methods for work-scheduling
optimisation in DNN applications. Khayyat et al.
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[39] proposed a deep learning-based offloading
technique for vehicle edge computing with rapid
convergence that reduces time and energy costs.
Hu et al. [40] proposed the CoEdge technique,
which outperforms current approaches and
reduces deep learning latency in edge-cloud
scenarios. Recent studies explore heuristic and
deep learning-based scheduling, but limitations
such as static task allocation, high training
overhead, and lack of predictive modelling
persist.  This  research integrates  deep
reinforcement learning with predictive offloading
and metaheuristic optimisation to overcome these
challenges, ensuring adaptive, energy-efficient,
and scalable scheduling in edge-cloud
environments.

RESEARCH PROBLEM STATEMENT: The
aforementioned literature indicates that the
problem of scheduling Cloud tasks to the edge is
present and unsolved; currently, nothing
combines real-time adaptive learning, proactive
network-aware offloading and a proper
metaheuristic stabilisation in a single solution.
Kruekaew et al. [1] and Saemi et al. [7]
demonstrate the benefits of hybrid optimisation
but lack predictive capability and are thus reactive
schedulers. In the adaptive decision-making
methods, decisions are taken according to DRL
[2, 3, 8, 11], which are convergingly unstable for
non-stationary workloads and training overhead is
prohibitively  costly. Predictive offloading
techniques [29, 30] focus on achieving offloading
accuracy, but are not considered in conjunction
with a learning-based policy optimiser. This
results in a cumulative impact such that the
current schedulers are not able to jointly optimise
SLA compliance, energy efficiency, resource
utilisation, and task completion time, especially
when applied to large-scale workloads and
network heterogeneity. Thus, the research
problem of this paper is: How to develop a task
scheduling framework that proactively anticipates
workload and network changes, adaptively learns
optimal scheduling policies at runtime, maintains
robust task scheduling mechanisms across
different  system  states, and  remains
computationally feasible? To address the gap
identified in the literature mentioned above,
SmartEdgeScheduler presents itself as a direct
answer, embedding LSTM-based Predictive
Offloading, DRL-based Policy Learning, and
Metaheuristic Optimisation.

3. PROPOSED FRAMEWORK
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Figure 1 shows the proposed framework (called
SmartEdgeScheduler) for learning-based
optimisation to enable intelligent task scheduling
in Edge-Cloud environments. Edge-cloud
infrastructures with heterogeneous characteristics
are subject to dynamic workloads, varying
network conditions, and resource constraints;
hence, conventional scheduling approaches, e.g.,
heuristic-based and static policies, cannot perform
well.  SmartEdgeScheduler alleviates these
limitations by integrating deep reinforcement
learning, = metaheuristic-based  optimisation
decision-making, and model-based predictive
offloading strategies that allow for resource
efficiency, low latency, and high service quality.

We adopt a multi-objective optimisation
framework that considers the trade-offs among
task execution latency, resource utilisation, and
energy consumption. Our model, built on deep
reinforcement learning, treats the scheduling task
as a Markov decision process (MDP), whose
system state consists of the resources currently
available in real time (in terms of solvers), the
network status, and the task-specific features of
the tasks that are packed together. Using
reinforcement learning, it learns optimal
scheduling decisions and updates its scheduling
policy to maximise cumulative reward.
SmartEdgeScheduler incorporates metaheuristic
optimisation, melon particle swarm optimisation,
and a genetic algorithm to improve search
efficiency in complex scheduling scenarios [13].
This adaptive learning module employs two
control methods, i.e., reinforcement learning and
metaheuristic optimisation, based on system
conditions, thereby ensuring robust scheduling
performance.
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custom Python-based implementations. We
Task Generators compare the proposed methodology against
l classical scheduling approaches and show
substantial improvements in task completion

Edge Servers time, energy efficiency, and service-level
agreement (SLA) compliance. Finally, In next-

l generation edge-cloud computing, a robust task
scheduling system is a prerequisite, and the
framework provides a dynamic, adaptive, and
efficient framework for task scheduling, as
v illustrated in Figure 1. Table 1: Notations used in

th tem.
Scheduler Module ¢ proposed system

v

Learning-Based

Cloud Servers

Optimization Module

Task Offloading
Strategy

Figure 1: Overview of the SmartEdgeScheduler
Framework for Intelligent Task Scheduling in
Edge-Cloud Environments

Figure 1: Part of SmartEdgeScheduler (a
predictive offloading model) is to predict network
latency, bandwidth fluctuations, and task
execution times using extended short-term
memory networks. The predictive model also
helps proactively offload during task placement or
task mapping to select the edge computing tier or
cloud with the highest probability of efficient
processing.  Furthermore, a  multi-criteria
decision-making module ranks tasks by urgency,
resource demands, and anticipated execution
efficiency, prioritising essential tasks.

The performance of SmartEdgeScheduler is
extensively validated through simulations in an
edge-cloud environment, using both iFogSim and
Table 1: Notations Used in SmartEdgeScheduler Methodology

Notation Description

S Scheduling strategy or policy.
L(s) Latency associated with the scheduling strategy SS.
U(s) Resource utilization metric for scheduling strategy SS.
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E(s) Energy consumption under the scheduling strategy SS.
a,f and y Weighting factors for latency, energy consumption, and resource utilization.
C(s) Total scheduling cost function combining latency, energy, and utilization.
Teioud Estimated execution time of a task in the cloud.
Tiocal Expected local processing time at the edge server.
Diransmit Data transmission delay between edge and cloud.
* An optimal policy that maximizes the expected cumulative reward.
R(t) Reward function at time step tt for task scheduling decisions.
S; State space in the Markov Decision Process (MDP) model.
A; Action space in the MDP model, representing scheduling decisions.

Error metric of the reinforcement learning model at time tt.

6 Threshold parameter for adaptive switching between learning and rule-based models.
6(t) Decision variable for activating the rule-based offloading strategy.
P; Priority score assigned to task ii using multi-criteria decision-making (MCDM).

w; ,w, and w; | Weights assigned to latency, resource utilization, and energy consumption in MCDM.

L; Predicted latency for task ii.
U; Resource utilization efficiency for task ii.
E; Expected energy consumption for task ii.
v; (t) The velocity of particle ii in Particle Swarm Optimization (PSO) at time tt.
x; (t) Position of particle ii in PSO at time tt.
P; Best-known position of particle ii in PSO.
g Global best-known position in PSO.
w Inertia weight in PSO algorithm.
€1,C; Acceleration coefficients in PSO algorithm.
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Ty Random values between 0 and 1 are used in PSO updates.

Teomp Task completion time metric in experimental setup.

Qs1.a Service-Level Agreement (SLA) compliance metric.

M, A multi-objective optimization model for dynamic scheduling.

POM Predictive Offloading Model utilizing LSTM networks.
MDP Markov Decision Process used in reinforcement learning.
DRL Deep Reinforcement Learning model (e.g., PPO, DQN).
PSO Particle Swarm Optimization algorithm.
GA Genetic Algorithm used in metaheuristic optimization.
MCDM Multi-Criteria Decision-Making module for task prioritization.
SES SmartEdgeScheduler framework.
PPO Proximal Policy Optimization algorithm for learning-based scheduling.
DQN Deep Q-Network algorithm in reinforcement learning.
LSTM Long Short-Term Memory network for predictive offloading.

3.1 System Architecture Design

Figure 2:  SmartEdgeScheduler  (System
Architecture  Design) 14,78. The System
Architecture Design illustrates our methodology
(the SmartEdgeScheduler): we develop an
intelligent task-scheduling framework based on
learning-based optimisation techniques for edge-
cloud environments. Different edge types,
including edge devices, edge servers, and a cloud
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data centre, are integrated into a proposed
architecture, and it allows seamless scheduling
and resource allocation. The architecture includes
task generators, edge servers, cloud servers, and a
centralised scheduler module, and features a
hybrid model that combines centralised cloud
management with decentralised edge intelligence.
Task sources such as [oT devices and edge nodes
introduce two essential features in a task: various
resource requirements, data size, and priority.
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Input Layer

Preprocessing
Module

DRL

Metaheuristics

Hybrid Learning

bon |}

PPO

l

Decision
Module

PSO

Output Layer

Figure 2: System Architecture of SmartEdgeScheduler for Intelligent Task Scheduling in E
dge-Cloud Environments

They get sent to the edge servers, where an initial
pass of processing takes place. However, suppose
edge resources are not sufficient or the
computational needs of the task are greater. In that
case, tasks are dynamically offloaded from the
edge to the cloud servers by a decision-making
process managed by the SmartEdgeScheduler.
We formulate the task scheduling problem as a
multi-objective  optimisation problem that
minimises task latency, maximises resource
utilisation, and maximises system efficiency.
Scheduling Objective: To formalise our third
objective as a mathematical optimisation problem
on the candidate layout graph,

MING(L(s) +au(s)+B (s))

where L(s) represents the latency associated with
the scheduling strategy S, U(s)denotes the
resource utilization metric and E(s) Corresponds
to the energy consumption of the edge-cloud
system. The parameters « and fare weighting
factors that balance the trade-offs between these
objectives. The proposed architecture employs a
Pareto front approach to solve this multi-objective
problem, ensuring that the scheduler can adapt to
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dynamic workload scenarios and system
conditions.
SmartEdgeScheduler applies learning based

models like DRL, Metaheuristic algorithms and
hybrid approach to optimize task scheduling
decisions. These scheduling decisions are made
in real-time based on dynamic inputs such as
resource availability, network conditions, and task
priority. Using predictive modelling, the
scheduler analyses possible combinations of job-
task allocations and picks the one minimising
latency and power (or energy) costs while
optimising resource utilisation. This offloading
strategy realizes a Predictive Offloading Model
(POM), which uses Long Short-Term Memory
(LSTM) networks to predict the changing
behaviour of network conditions and task
execution time. The offloading decision is
governed by an inequality which states that the
task can be offloaded only if predicted execution
time in the cloud (plus transmission delays) is less
than local processing time:

Tcloud + Dtransmit < Tlocal
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Where T4 is the estimated execution time in
the cloud, Dirqnsmic represents the data
transmission delay, and Tj,.,; is the expected
local processing time at the edge server. By
incorporating this predictive model, the
architecture becomes more flexible when facing
different network environments, and this leads to
better performance in the system. In Task
Generation, the tasks are created to model the
workloads with a data flow that begins from data
preprocessing, where minimal local knowledge is
acquired, followed by the learning-based
scheduling, where the data is scheduled at edge
and/or cloud servers, and lastly the execution,
which pertains to the data generated and
processed. SmartEdgeScheduler tracks the
metrics available in a system and the data gathered
is used to improve the learning models on a
continuous basis to update scheduling policies in
real time. With this iterative learning process, the
architecture can adaptively evolve to perform the
best possible under diverse workload and
heterogeneous resource environments. The
proposed system architecture provides a solid
foundation for optimizing the performance and
scalability of edge-cloud systems with intelligent
scheduling and predictive offloading in different
application scenarios.

3.2 Problem Formulation

The specific tasks scheduling issues in edge-cloud
systems managed by SmartEdgeScheduler
methodology are modeled as a multi-objective
optimization approach. Task scheduling
framework aims to achieve reduced task latency,
improved resource utilization, better energy
efficiency and achieved Quality of Service (QoS)
in edge-cloud environment. We are interested in
a scheduling problem arising in the context of
computationally intense applications with
dynamic and heterogeneous computational tasks
generated by edge devices, and allocated across
edge and cloud resources to optimize resource
usage based on system constraints and
performance metrics. Optimization should be
capable of handling the dynamic nature of
scheduling with variable network conditions,
resource heterogeneity, and ongoing fluctuations
in workload so the scheduling decisions become
effective as well as dynamic.

Mathematically, the task scheduling problem can
be formulated as an optimization problem with an
objective function that combines latency, resource
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utilization, and energy efficiency. C(s)This is the
total scheduling cost function :

1
C(s) =w; L(s) +w, <m> + w3 E(s)

where SS denotes the scheduling strategy, L(s) is
the latency of task execution, U(s) represents
resource utilization, and E (s) indicates the energy
consumption within the edge-cloud system. The
weighting factors w,;,w, and wj allow the
scheduler to prioritize different objectives based
on application-specific requirements. Minimizing
the cost function C(s) enables the
SmartEdgeScheduler to dynamically adjust to
varying workloads and optimize task scheduling
across the edge and cloud infrastructure.

The proposed framework considers the
optimization problem as multi-objective and
handles it via the Pareto front. It finds the Pareto-
optimal front, which is characterized by a number
of non-dominated solutions — a solution to a
certain objective cannot be improved without
degrading another objective. This Pareto
optimality is used in a SmartEdgeScheduler that
dynamically adjusts scheduling decisions based
on current system conditions and effectively
trades off: latency versus resource utilization
versus energy efficiency. In reinforcement
learning model, we will evaluate whether to
schedule a task (reward function) through the
reward decision process, where the rewardR (t) at
time step tt is defined as:

R(t) = —(x L)+ BE®) —yU®))

In this reward function, «,f and yare
coefficients that balance the impact of latency,
energy consumption, and resource utilization on
the reward score. A higher reward is assigned to
scheduling actions that reduce latency and energy
usage while maintaining or improving resource
utilization. The SmartEdgeScheduler employs a
deep reinforcement learning model, such as
Proximal Policy Optimization (PPO) or Deep Q-
Network (DQN), to maximize cumulative
rewards over time by learning optimal scheduling
policies through interactions with the edge-cloud
environment.

When the deep learning model in isolation does

not  provide the  best  solutions, the
SmartEdgeScheduler also integrates
metaheuristic optimization algorithms (e.g.,

Particle Swarm Optimization (PSO) or Genetic
Algorithm (GA)). These approaches improve the
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speed and stability of the convergence of the
scheduling process, especially in complex cases
of the high-dimensional resource allocation
problem. This hybrid learning mechanism enables
the framework to regulate the scheduling strategy
applied, switching dynamically between learning-
based scheduling and rule-based scheduling as
indicated by an adaptive learning module. This
elasticity (or ability to switch between resources)
is controlled by a threshold parameter O\theta,
such that the condition for switching is:

5(t) = {} ifEw () >0

where Eg (t) is the error metric of the
reinforcement learning model at time t, and
&(t)indicates whether the system should activate
the metaheuristic-based optimization module. By
implementing this adaptive learning strategy, the
SmartEdgeScheduler enhances its robustness and
adaptability, providing a comprehensive solution
to the intelligent task scheduling problem in edge-
cloud systems. The proposed problem
formulation establishes a solid foundation for
developing an efficient and scalable scheduling
framework that meets the diverse requirements of
modern edge-cloud applications.

3.3 Learning-Based Optimization Techniques

The Learning-Based Optimization Techniques
employed in  the SmartEdgeScheduler
methodology combine advanced deep learning
models, metaheuristic algorithms, and hybrid
learning strategies to achieve intelligent task
scheduling in edge-cloud systems. The proposed
approach utilizes Deep Reinforcement Learning
(DRL) models, specifically Proximal Policy
Optimization (PPO) and Deep Q-Network
(DQN), to dynamically adapt scheduling policies
based on real-time system states. The scheduling
process is modeled as a Markov Decision Process
(MDP), where the state space S(t)represents the
current resource status, task queue, and network
conditions, and the action space A(t)includes task
allocation and offloading decisions. The learning
objective is to maximize the expected cumulative
reward RR over time by selecting optimal actions
that minimize latency, reduce energy
consumption, and improve resource utilization.
The reinforcement learning model uses a reward
function defined as:

R(t) = —(a L(t)) + BE(t) —yU()
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where L(t) Is the latency at time t, E (t)represents
the energy consumption, U(t) is the resource
utilization metric, and a,f and y Are
hyperparameters balancing these objectives. The
DRL model updates its policy. 7(%/g)using
gradient-based optimization techniques, aiming to
find the optimal policy m*that maximizes the

expected reward:
T
n* = argmax, E ZR(fNSo = sl

t-0
Besides reinforcement learning, the
SmartEdgeScheduler integrates metaheuristic

algorithms including Particle SwarmOptimisation
(PSO) and Genetic Algorithm (GA) to improve
the converging speed and stability. When the
scheduling problem lies in a high dimensional and
complex resource allocation scenarios, these
algorithms can be particularly useful in providing
a first insight in the search of solution space. PSO
algorithm refines task scheduling based on the
simulation of particle motion in the solution
space, where each particle's position x; (t)and
velocity v; (t)are updated iteratively using:

v (t+ 1) = wr() + ey (p; — % ()
+ Czrz(g - X (t))

xi(t + 1) = xi(t) + V; (t + 1)

where ww is the inertia weight, C; and C,are
acceleration coefficients,r; and r, are random
values between 0 and 1, p; is the particle's best-
known position, and gg is the global best-known
position. This iterative approach allows the
scheduler to converge toward optimal task
allocation strategies quickly.

SmartEdgeScheduler uses a hybrid learning
approach that integrates DRL and metaheuristic
methods for robustness and adaptability. The
hybrid approach takes advantage of DRL in
learning dynamic scheduling policies and
combines it with metaheuristics to improve
scheduling decisions when conditions are
difficult. The adaptive learning module assesses
the conditions of the system and dynamically
decides to switch between learning-based and
rule-based strategies depending on an error metric
Eg (t) of the reinforcement learning model:

5(t) = {(1) if Eny(t) > 6

where 0 theta is a predefined threshold that
governs the activation of the metaheuristic
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module. This adaptive strategy ensures that the
SmartEdgeScheduler maintains optimal
performance even when the learning model faces
exploration or convergence challenges.

Within these optimization techniques, it further
proposes a Predictive Offloading Model (POM)
that is based on Long Short-Term Memory
(LSTM) networks. POM provides the forecast of
how the network will behave in the future & how
long the tasks will take to execute so that it can
offload the tasks intelligently between edge and
cloud resources or vice versa. The judgement of
whether to offload or not is based on the
prediction and the cloud processing time T,;pya
with the local processing time Tj,.4;, considering
transmission delays Dyqnsmit

Tcloud + Dtransmit < Tlocal

When these two approaches are combined, the
prediction model boosts the ability of the
automated system to adapt to dynamic workloads
and varying network conditions through the use of
optimization methods that are learning-based. The
SmartEdgeScheduler offers a hybrid solution for
intelligent task scheduling using reinforcement
learning, metaheuristic ~ optimization, and
predictive modeling, providing a general-
purpose framework for improved performance
and scalability in edge-cloud environments.

3.4 Task Offloading Strategy

The third Strategy of the SmartEdgeScheduler
methodology the Task Offloading Strategy is an
intelligent decision to compute at the edge,
offload to edge servers, or transmit to the cloud
for processing. Such a strategy is crucial for
achieving optimal latency, resource utilization
and energy efficiency at the edge-cloud. To this
end, we devise a hybrid decision-making based
task offloading mechanism that combines
predictive modeling, learning-based optimization,
and rule-based heuristics to ensure adaptability
and improved performance in the dynamic nature
of networks.

The decision of offloading is considered using
various parameters such as task size; application
resource availability; network bandwidth; and
estimated execution time. Based on the Long
Short-Term Memory (LSTM) networks, the
Predictive Offloading Model (POM) efficiently
predicts the future network circumstances and
task execution durations for proactive offloading
decisions. The model predicts values of future
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time slots based on their historical data with
regard to network latencies, fluctuations of
network bandwidth, and the time needed for
processing at the node. Whether to offload a task
to the cloud or not depends on an inequality
between the expected processing times of the
cloud T,4,,q With the local processing time Tjcq,
incorporating transmission delays Dy yqnsmic:

Tcloud + Dtransmit < Tlocal

where T,;,,,4 18 the estimated execution time in the
cloud, Dipansmicrepresents the data transmission
delay, and Tj,.,; is the expected local processing
time at the edge server. If the inequality holds
true, the task is offloaded to the cloud; otherwise,
it is scheduled for local or edge server processing.
The offloading strategy aims to minimize task
completion time while balancing the workload
between edge and cloud resources.

To enhance the decision-making process, the
SmartEdgeScheduler  integrates a  Deep
Reinforcement Learning (DRL) model with the
offloading strategy. The DRL model learns an
optimal offloading policy m(als)\pi(als) by
interacting with the environment, where the state
space StS_t includes network conditions, resource
status, and task characteristics, and the action
space AtA t involves selecting the processing
location (local, edge, or cloud). The reward
function R(t)R(t) for the offloading decision is
defined as:

R() = —(aL(®) + BE(t) —yU(1))

where L(t)is the latency, E(t)is the energy
consumption, U(t) is the resource utilization, and
a, B and y are weighting parameters that balance
these objectives. The offloading policy is updated
iteratively using a gradient ascent method to
maximize cumulative rewards:

zT: R()|S, = sl

t-o

*

n* = argmax,; E

In cases where the model based upon learning is
slow to converge, or might explore non-optimal
behaviors, a rule based heuristic is provided as a
stand-in mechanism. It assesses static factors like
fixed limits on CPU wusage and network
bandwidth, ensuring fast yet consistent offloading
decisions under conditions of low confidence
regarding the prediction made by the learning
model. An error metric guides the adaptive
learning module in dynamically switching
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between the learning-based and rule-based
strategies (.Eg; (t) with a threshold 0\theta:

5(t) = {3 if En, (£) > 6

where §(t) indicates the activation of the rule-
based offloading strategy. This adaptive approach
ensures robust performance across diverse and
unpredictable edge-cloud scenarios.

The proposed offloading strategy also includes a
Multi-Criteria ~ Decision-Making  (MCDM)
module that assigns priority to tasks based on their
urgency, resource demand, and expected
processing benefits. The priority scorep; for a task
ii is computed using a weighted sum of these
criteria:

12 =W1L—i+W2UL~+W3Ei
wherelL; is the predicted latency, U; is the resource
utilization efficiency, E;is the expected energy
consumption, and w;,w, and w; are weights
assigned to each criterion. Higher priority tasks
are offloaded first, which ensures that critical
tasks are processed immediately. In short, the
SmartEdgeScheduler developed a comprehensive
solution for optimizing the task offloading
strategy by utilizing predictive analytics,
reinforcement learning, rule-based heuristics, and

multi-criteria decision-making. Such a hybrid
approach allows a more responsive system where
resources are optimally allocated among
computational tasks that are executed across
distributed computing resources.

3.5 Proposed Algorithm

It is a new intelligent task-scheduling framework
that can be used to maximize resources allocated
in a dynamic edge-cloud environment. The
proposed framework leverages deep
reinforcement learning, meta-heuristic
optimization, and predictable offloading, which
increases scheduling efficiency. The technique
minimizes the latency while maximizing resource
utilization and optimizing energy use by
dynamically picking the ideal scheduling policies
based on the system's real-time conditions. An
adaptive learning module makes the algorithm
capable of adjusting to changing workloads and
network restrictions, thereby exhibiting strong
performance. The importance of DSC lies in its
fairly straightforward capability of making wise
decisions providing efficient task execution, as
such, DSC can be scaled according to requirement
which makes it an ideal solution for next-
generation edge computing applications which
requires real-time processing and certain degree
of reliability of services.

Output: Optimized scheduling strategy S*
(POM)

2. Foreach taskt; €T:
a. Collect state s, = (R, N, t;)

3. Offloading Decision:

4. Scheduling Strategy:

5. Model Update:

6. Adaptive Learning:
7. Execute Scheduling:

8. Monitor Performance:
Measure L;, E¢, Uy and Qg4

Algorithm: SmartEdgeScheduler for Task Scheduling in Edge-Cloud Systems
Input: Task set{t, t,, ... t,}, Resources RR, Network conditions NN

1. Initialize: Scheduling policyS,, DRL, Metaheuristic (PSO/GA), Predictive Offloading Model

b. Predict network conditions and execution times using POM
.y 1

c. Compute priority score P; = w; —tw, U; +ws
13

If Tooua + Deransmic < Tiocar> offload to cloud, else process locally/edge

If Ep;, (t) > 6, apply Metaheuristic (PSO/GA)
Otherwise, use DRL to select an action. a; = 1(s;)

Update DRL policy with reward R(t) = —(aL (t) + BE(t) —yU (t))
Update Metaheuristic model based on the fitness function

Switch between DRL and Metaheuristic strategies based onEg; (t)

Allocate resources and execute tasks according to S*

1
E;
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9. End For
10. Return S*

Algorithm 1: SmartEdgeScheduler for Task Scheduling in Edge-Cloud Systems

We propose a novel deep reinforcement learning
(DRL)-based approach for scheduling tasks in
edge-cloud environments, termed
EdgeCloudSched, which integrates metaheuristic
optimisation, predictive offloading, and a physics-
based model of the task schedule system.
Scheduling process overview: The scheduling
policy, reinforcement learning model,
metaheuristic components, and predictive
offloading module are initialised at the beginning
of the scheduling process. Incoming tasks are
evaluated based on real-time system states (i.e.,
available resources, task characteristics, and
network conditions). The predictive offloading
model can predict network latency and task
execution times, then offloads corresponding
tasks to be processed locally, at the edge, or in the
cloud.

An adaptive decision-making process determines
the scheduling strategy. When a high error or
unstable convergence is observed in the
reinforcement learning model, the proposed
approach will dynamically transfer its solution
search to a metaheuristic optimisation method,
such as particle swarm optimisation or a genetic
algorithm, to obtain the optimal task allocation
solution. Otherwise, the best scheduling action
available from the learned policy is selected by the
deep reinforcement learning model. The selected
policy under the reward function implies latency
minimisation and resource utilisation and reduces
energy consumption while maintaining the
service-level agreement.

In this approach, after the scheduling decision is
taken, tasks are assigned to their respective
processing units, and the system incrementally
refines the reinforcement learning model as
performance is measured. An adaptive learning
module prevents the algorithm from being a still-

bandit by adaptively adjusting scheduling
strategies in response to changing system
conditions. We measure metrics like task

completion time, resource utilisation, energy
efficiency, and the overall quality of the schedule
to perform monitoring. SmartEdgeScheduler is an
efficient, scalable, and intelligent task-scheduling
mechanism for dynamic edge-Cloud
environments that minimises execution time. The
heterogeneous nature of computing resources.
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4. EXPERIMENTAL RESULTS

Methodology: The SmartEdgeScheduler
methodology was evaluated in a simulation and
experimental setup that emulates a real-life edge-
cloud computing environment, implemented in a
tailor-made  Python-based simulator. The
experimental setup mimics a multi-tenanted cloud
infrastructure comprising various edge devices,
edge servers, and cloud data centres. The main
aim was to compare the performance of the
proposed scheduling mechanism in terms of task
completion time, resource utilisation, energy
efficiency, and SLA compliance. The simulation
contained real-time task generation, dynamic
network conditions, and adaptive resource
allocation to imitate a practical edge-cloud
environment.

There were 50 edge devices, 10 edge servers, and
a cloud data centre, each with different
computational  capabilities, used in the
experimental setup. Tasks were dynamically

generated on edge devices, which were
characterised by varying computation
requirements, priorities, and  execution

deadlines. In the simulation environments, the
bandwidths of the heterogeneous networks were
modelled so that data transmission latency
between edge and cloud nodes varied with
congestion levels and real-time conditions. A
custom Python implementation with automated
learning-based scheduling policies, reinforcement
learning models, metaheuristic optimisation
strategies, and predictive offloading was
leveraged. Decisions about task allocation were
driven through deep reinforcement learning based
on the Proximal Policy Optimisation (PPO)
algorithm and an alternative metaheuristic-based
dynamic task allocation scheduler relying on
Particle Swarm Optimisation (PSO).

The Predictive Offloading Model (POM) uses
Long Short-Term Memory (LSTM) networks to
predict transmission delays and execution time
based on the historical network data, thus
allowing it to schedule tasks ahead. The Multi-
Criteria Decision-Making (MCDM) module
prioritises tasks based on their urgency, energy
consumption, and expected completion time. The
adaptive learning module adaptively switched
between reinforcement learning and metaheuristic
optimisation based on the presence of stable and
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converging systems. In this pure Python
simulation, system performance was logged for
10,000 task instances, allowing a thorough
assessment of scheduling performance.

Task completion time, resource utilisation rate,
energy consumption, and quality of service
compliance were used as evaluation metrics. We
compared against classical scheduling algorithms
(i.e., round-robin, first-come-first-served
(FCFS), and static heuristic-based scheduling).
The results showed that the SmartEdgeScheduler
framework achieved 30% less task scheduling
time, 25% higher resource utilisation, and 15%
energy savings over the standard methods. The
adaptive learning mechanism also improved
system stability, guaranteeing a 90% task success
rate and 20% better service-level agreement
adherence.

The experimental environment was implemented
using Python libraries like NumPy, Pandas,
TensorFlow, and Matplotlib for data processing,
model training, and performance visualisation.
Various statistical methods were used to analyse
performance metrics; the results were represented

graphically in line charts, bar graphs, and heat
maps. The SmartEdgeScheduler Framework is a
scalable and adaptive task scheduling framework
for dynamic and flexible edge-cloud systems that
can handle diverse workload configurations and
demonstrates effectiveness through a validated,
comprehensive simulation framework.

4.1 Comparison with Baseline Scheduling
Algorithms

In this section, we conduct an empirical
evaluation of SmartEdgeScheduler by comparing
it with baseline scheduling algorithms, including
round-robin, first-come-first-served, heuristic-
based, and metaheuristic approaches. It provides
a comparison based on important performance
metrics such as the time to complete a task, the
resources used, the energy consumed, and the
compliance with service-level agreements. Our
results demonstrate that SmartEdgeScheduler
achieves significant improvements over state-of-
the-art  schedulers, providing efficiency,
adaptability, and optimised task scheduling in
edge-cloud environments.

Table 2: Comparison of Scheduling Algorithms

Scheduling Algorithm Task Completion | Resource Energy SLA

Time (ms) Utilization (%) Consumption (J) Compliance (%)
Round-Robin 1200 65 250 75
First-Come-First-Served 1350 60 270 70
(FCFS)
Heuristic-Based 1100 70 230 80
Metaheuristic (PSO) 900 80 200 88
Proposed 750 90 170 97
(SmartEdgeScheduler)

Table 2: Validation results show that the proposed
scheduling algorithms improve task completion
time by 25% to 40% and reduce resource usage
and energy consumption by up to 65%, while
maintaining 97% SLA compared to traditional
vanilla scheduling algorithms. It therefore
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optimally strikes a trade-off between efficiency
and adaptability over all the considered
approaches: round-robin, FCFS, heuristic-based
and metaheuristic ones and therefore is a robust
solution for intelligent task scheduling in an edge-
cloud environment.
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Figure 3: Performance Comparison of Scheduling Algorithms Across Task Completion Time, Resource Utilization,
Energy Consumption, and SLA Compliance

A comparison of scheduling algorithms based on
the metrics: (a) task completion time, (b) resource
utilisation, (c¢) power consumption, and (d)
service-level agreement violation time; Section 3.
It can be seen that the task completion time is the
least for the proposed SmartEdgeScheduler,
confirming its potential in efficient resource
allocation and elimination of execution delays.
SmartEdgeScheduler achieves substantially better
scheduling performance than traditional round-
robin, first-come-first-served, heuristic-based
approaches and metaheuristic scheduling.

SmartEdgeScheduler provides good load
distribution across both edge and cloud resources,
as shown in the resource utilisation graph,
achieving maximum utilisation. Heuristic-based
and metaheuristic scheduling, as a class of
traditional algorithms, have lower levels of
resource utilisation because they can not adjust to
dynamic workloads. SmartEdgeScheduler
leverages reinforcement learning and adaptive
optimisation mechanisms to keep resource
availability in the edge clouds highly aligned with
the task execution requirements.

Among all scheduling algorithms,
SmartEdgeScheduler has the minimum energy
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consumption. The proposed method can prevent
unnecessary task migrations and reduce power
management overhead by combining task- and
learning-based optimisation for predictive
offloading. Round-robin and first-come, first-
served are static scheduling types that lead to
higher energy consumption, a disadvantage of
traditional approaches. Since they do not consider
dynamic resource allocation, they are an
ineffective solution to this service, and it becomes
more difficult to access the cloud itself when
dynamic resource allocation is considered.

The service-level agreement compliance graph
shows that SmartEdgeScheduler maintains the

highest ratio of deadlines and execution
requirements  fulfilled by tasks. Deep
reinforcement learning with  metaheuristic

optimisation transforms the adaptive learning
module to bring intelligence to scheduling with
promising quality of service. This rigidity of
traditional static task allocation strategies, most
notably round-robin and first-come, first-served,
causes them to fail to meet service-level
agreement requirements. In general,
SmartEdgeScheduler improves the scheduling
performance in edge-cloud environments, as
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evidenced in Figure 3. Using learning-based,
predictive modelling, and adaptive task
allocation, the introduced framework significantly
improves task execution efficiency, resource
management, and energy optimisation while
sustaining  high  service-level  agreement
compliance.

4.2 Impact of Learning-Based Optimization

In this section, we experiment with the task-
scheduling performance of learning-based

optimisation using heuristic-based, metaheuristic-
only, and SmartEdgeScheduler approaches. They
analyse the most critical performance metrics,
including task completion time, resource
utilisation, energy consumption, and SLA
compliance. The results show significant
outperformance of SmartEdgeScheduler over
traditional scheduling methods and highlight the
effectiveness of integrating deep reinforcement
learning with predictive offloading and adaptive
optimisation to achieve high edge computing
efficiency.

Table 3: Impact of Learning-Based Optimization

Scheduling Approach Task Completion | Resource Energy SLA

Time (ms) Utilization (%) Consumption (J) Compliance (%)
Without Learning | 1100 70 230 80
(Heuristic)
Metaheuristic Only (PSO) | 900 80 200 88
Proposed 750 90 170 97
(SmartEdgeScheduler)

Like Table 3, learning-based optimisation proves
decisive as SmartEdgeScheduler consistently
delivers the shortest completion time per task and
the highest resource utilisation and energy
efficiency compared to its heuristic-based and
metaheuristic predecessors. Combining deep
reinforcement learning-driven dynamic trajectory
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content scheduling, predictive offloading, and
adaptive optimisation dramatically improves
scheduling efficiency by guaranteeing 97% SLA
assurance  against  dynamic  edge-cloud
environments and  surpassing traditional
scheduling strategies.

Resource Utilization (%)

®
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o
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Figure 4: Impact of Learning-Based Optimization on Task Completion Time, Resource Utilization, Energy
Consumption, and SLA Compliance
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The effects of learning-based optimisation on
service-level agreement, task completion time,
energy consumption, and resource utilisation are
shown in Figure 4. Our results show that the
SmartEdgeScheduler outperforms heuristic-based
and other metaheuristic-only approaches thanks to
deep reinforcement learning, intelligent predictive
offloading, and adaptive optimisation. As shown
in the task execution time  graph,
SmartEdgeScheduler reduces task delays by
optimally balancing workloads across edge and
cloud resources, resulting in the lowest execution
time compared to other controllers. On the other
hand, due to the static task assignment mechanism
of the heuristic, the completion time of the
heuristic-based scheduling is the largest, and that
of the metaheuristic-only scheduling is slightly
better than the heuristic. Still, the learning of
adaptive tasks is not performed.

The edge-cloud resource utilisation graph lucidly
indicates that SmartEdgeScheduler not only
maintains the optimum resource reservation rates
for all cloud and edge nodes but also maximises
effective  utilisation of these resources.
Conventional heuristic-based scheduling suffers
from poor resource allocation, resulting in
underutilization of resources. In contrast,
metaheuristic-based scheduling yields improved
utilisation but is still outperformed by the
proposed model. SmartEdgeScheduler, which
optimally offloads tasks to the edge and
minimises unnecessary computational overhead,
is evident in the energy consumption graph, which
shows it consumes the least energy. On the one
hand, heuristic scheduling sacrifices energy due to
poor task scheduling, while metaheuristic
optimisation achieves modest gains by optimising
resource allocation without predictive modelling.

Looking at the service-level agreement
compliance graph, SmartEdgeScheduler achieves
the highest compliance rate, indicating that most
tasks are guaranteed to be executed before their
deadlines. @ Compared to  heuristic-based
scheduling, the SLA of metaheuristic-based
scheduling is improved. Nevertheless, SLA is less
than that produced by SmartEdgeScheduler due to
its rigid scheduling policies. In summary, based
on the results shown in Figure 4,
SmartEdgeScheduler can combine learning-based
optimisation approaches with scheduling at lower
levels of  the  hierarchy. That s,
SmartEdgeScheduler can identify and apply
various combinations of optimisation approaches
based on the current input and gradually improve
scheduling efficiency at the edge-cloud level. The
proposed model dynamically adapts to workload
changes and optimises tasks to improve the
scheduling performance above the traditional
work management method in real time.

4.3 Predictive Offloading Model
Performance

(POM)

This part assesses the predictive offloading
model’s ability to optimise the execution of tasks
in the edge and cloud resources. Comparison of
various offloading approaches such as static,
threshold-based, and LSTM-based predictive
offloading. The results reveal that
SmartEdgeScheduler's predictive  offloading
achieves the lowest task completion time,
offloading success rate, energy consumption, and
SLA compliance rate while improving task
scheduling efficiency.

Table 4: Predictive Offloading Model (POM) Performance

Offloading Strategy Task Completion | Successful Energy SLA
Time (ms) Offloading Rate | Consumption (J) | Compliance

(%) (%)
Without Prediction (Static) 1100 65 240 78
Threshold-Based Offloading | 950 78 210 85
LSTM-Based Predictive | 820 90 180 92
Offloading (POM)
Proposed 750 95 170 97
(SmartEdgeScheduler  with
POM)
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The outperformance of the predictive offloading
model is also illustrated in Table 4, which
summarises the performance of different
strategies. Our experimental results show that the
SmartEdgeScheduler with POM achieves the
minimum task completion time, the maximum
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successful offloading rate, and the best energy
efficiency. Also, compared to both static and
threshold-based offloading, LSTM-based
predictive offloading guarantees 97% SLA
compliance and maximises task execution
efficiency.

Successful Offloading Rate (26)

Compliance (%)

X
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Figure 5: Performance Comparison of Offloading Strategies in Terms of Task Completion Time, Successful Offloading
Rate, Energy Consumption, and SLA Compliance

The performance comparison of various
offloading strategies is depicted in Figure 5 in
terms of task completion time, offloading success
rate, energy consumption, and service level
agreement (SLA) violation. The predictive
offloading approach with the LSTM algorithm
achieves this by enhancing scheduling efficiency
by reducing execution delays and optimising
resource utilisation, thus improving overall
system performance. As shown in the task
execution time graph, SmartEdgeScheduler with
predictive offloading achieves the minimum
execution time due to its optimal decision-making
in allocating tasks to edge and cloud resources
without delay. The completion time of static
offloading is the worst since it is not adaptable,
and threshold-based offloading improves the
performance of static offloading. At the same
time, there is still no optimal performance
compared to the predictive learning-based
methods.

In the success offloading rate represented in the
graph  above,  SmartEdgeScheduler  with
predictive offloading appears to be the most
accurate (over 95% success) at making offloading
decisions. Hence, static offloading achieves the
lowest offloading rate due to its inflexible
allocation  procedure, but threshold-based
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offloading moderately improves performance but
fails to provide predictions. Combining past
network states with an LSTM-based predictive
model will support decision-making by evaluating
numerous offloading strategies. Electricity
consumption can be estimated from the energy
consumption plot. Generic static offloading
increases energy consumption due to suboptimal
task  distribution, whereas threshold-based
offloading reduces energy costs by using simple
threshold criteria. Then, it predicts whether
offloading tasks is helpful, using the predictive
offloading model to reduce energy consumption
by eliminating unnecessary migrations and
optimising resource allocations dynamically.

The SLA compliance graph shows that
SmartEdgeScheduler with predictive offloading
stays true to its name, with the % SLA compliance
at 97%. Scheduling policies using static and
threshold-based offloading strategies can lead to
low SLA compliance. Thus, the predictive
offloading model can improve the overall
system's responsiveness by completing every task
before its deadline and using resources efficiently.
SmartEdgeScheduler generally  outperforms
traditional offloading strategies in predictive
offloading, as shown in Figure 5. Using LSTM-
based forecasting and adaptive task allocation
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maximises execution efficiency, improves task
offloading accuracy, lowers energy consumption,
and achieves high service-level agreement
compliance in an edge-cloud environment.

4.4 Ablation Study

In this section, we conduct an ablation study to
assess the effects of hypothetically removing
major components from SmartEdgeScheduler.

We examine performance differences regarding
time to complete tasks, resource usage, energy
consumption, and SLA violations when the
predictive offloading model, adaptive learning, or
metaheuristic optimisation are excluded. The
results confirming the effectiveness of all
components in improving scheduling efficiency
are included in the last part, and the full model
achieves the best performance.

Table 5: Ablation Study Results

Model Configuration Task Resource Energy SLA
Completion Utilization (%) | Consumption (J) | Compliance
Time (ms) (%)

Without POM 920 82 195 89

Without Adaptive | 870 85 185 91

Learning

Without Metaheuristic 890 83 190 90

Full 750 90 170 97

SmartEdgeScheduler

Table 5 highlights the impact of removing key
components from SmartEdgeScheduler. The

complete model performs best across all metrics,
confirming that POM, adaptive learning, and
metaheuristic optimisation significantly enhance

scheduling efficiency. Removing any component
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results in higher task completion time, lower
resource utilisation, increased energy
consumption, and reduced SLA compliance,
demonstrating their importance in the overall
framework.
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Figure 6: Impact of Removing Key Components from SmartEdgeScheduler on Task Completion Time, Resource
Utilization, Energy Consumption, and SLA Compliance
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The effect of taking away essential components
from SmartEdgeScheduler, in terms of task
completion period (task delay), source utilisation
using the steadiness factor, energy consumption,
and service-level agreement violation, is depicted
in Figure 6. The results show that all parts are
relevant to achieving optimal scheduling
performance. If we remove either the predictive
offloading model, adaptive learning module, or
metaheuristic optimisation, we will observe a
clear degradation in performance on all metrics.
In the task completion time graph, the full
SmartEdgeScheduler yields the lowest execution
time because it balances task allocation between
edge and cloud resources. Without a predictive
offloading model, but only relying on the
offloading mechanism, the time to complete the
task increases drastically. Likewise, removing
adaptive learning or metaheuristic optimisation
slows scheduling decisions, which in turn
increases the delay in executing each task.

SmartEdgeScheduler achieves the best utilisation
efficiency, as shown in the resource utilisation
graph, because it dynamically distributes
workloads across available computing nodes.
Utilisation decreases without adaptive learning,
which has no shifting scheduling strategies with
the situation changes. On top of that, due to the
lack of a predictive offloading model, task
allocation across the physical mobile cloud is
performed without any prior optimisation, leading
to inefficient resource utilisation and uneven task
distribution. The energy consumption graph
features SmartEdgeScheduler, which minimises
energy consumption by optimised task offloading
and learning-based scheduling. When predictive
offloading is lacking, more tasks may run locally
or not be transferred well to the cloud, leading to

increased  energy  consumption.  Without
metaheuristic optimisation, additional energy
overhead results from  scheduling the

computational tasks in a less energy-efficient

way. Additionally, the adaptive learning module
significantly reduces energy consumption by
dynamically identifying the most effective
scheduling strategy.

The SLA compliance graph shows that
SmartEdgeScheduler maintains the highest
compliance rate between requests and the defined
execution and resource constraints. By
eliminating the ability to run predictions about
when offloading will occur, SLA compliance is
reduced, since tasks are not scheduled based on
whether they can be run under optimal conditions.
The system relies on adaptive learning to keep its
high-quality schedules stable as the load changes.
The dissolution of metaheuristic optimisation
further leads to an inability to comply with SLA
constraints, since resource allocation is performed
inefficiently by other methods. In conclusion, the
results shown in Fig. Predictive offloading model
guarantees the preemptive task assignment, and
adaptive learning improves decision-making
under changing environments. At the same time,
metaheuristic optimisation is used to optimise
scheduling strategies for better resource
consumption. Across all metrics, the entire model
achieves the best performance, demonstrating that
the integrated approach is practical for edge-cloud
task scheduling.

4.5 Scalability and Robustness Analysis

This section evaluates how SmartEdgeScheduler
scales and copes with increasing workloads and
when it is robust. Task completion time, resource
utilisation, energy consumption, and SLA
compliance are analysed against multiple task
loads. The results show that SmartEdgeScheduler
scales well with minimal performance
degradation whilst maintaining high resource
utilisation and compliance, thus demonstrating its
suitability for larger-scale edge-cloud systems and
reducing energy consumption.

Table 6: Scalability and Robustness Analysis Results

Number of | Task Completion Time | Resource Utilization | Energy SLA Compliance
Tasks (ms) (%) Consumption (J) (%)

5000 700 88 160 96

10000 750 90 170 97

15000 780 91 175 97

20000 810 92 180 96
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SmartEdgeScheduler scales well with increasing
task load, as shown in Table 6. Tasks complete
within consistent time, resource utilisation
improves, and SLA compliance improves as
workloads scale. Although energy consumption
increases slightly because the system must
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process a larger volume of workloads, it
nonetheless demonstrates that the system is
scalable and can respond appropriately to
workload changes in the dynamic edge-cloud
environment.
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Figure 7: Scalability and Robustness Analysis of SmartEdgeScheduler Across Task Completion Time, Resource
Utilization, Energy Consumption, and SLA Compliance Under Increasing Workloads

SmartEdgeScheduler Scalability & Resiliency:
(Figure 7) We apply gradually increasing
workloads to the SmartEdgeScheduler and
benchmark the relevant metrics such as task
completion time, resource utilisation, energy
consumption, and service-level agreement
compliance. The results show that
SmartEdgeScheduler efficiently handles much
larger workloads while ensuring high system
throughput and stability. We observe that the
overall time taken to complete the tasks
progressively increases with an increase in several
functions, as seen on the Y-axis of the graph when
the number of tasks lies between 5000 and 20000.
Even with the rise, the system preserves static
scheduling performance through its adaptive
learning mechanism and efficient task allocation
strategies. Traditional scheduling schemes lead to
a significant increase in task completion time
under load variability. Still, SmartEdgeScheduler
achieves a minimal increase in task completion
time under dynamic workloads, indicating its
resilience.

As we can see from the resource utilisation graph,
effective resource utilisation increases as task
loads increase. It starts at 88 per cent at 5000 tasks
and slowly rolls to 92 per cent from 20000 tasks.
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The increase indicates that SmartEdgeScheduler
schedules the computational tasks on the edge and
cloud resources very efficiently, where no
bottlenecks occur, and overall system
performance improves. The energy consumption
graph shows a small increase of energy consumed
at increasing levels of task loads (from 160 joules
at 5000 tasks and a maximum of 180 joules at
20000 tasks). Given the increase in services/tasks
that need to be scheduled, this trend is
unsurprising. But We Never Wasted their energy
consumption through a predictive offloading
model and adaptive learning mechanisms that
prevent unnecessary processing overhead.

This SLA compliance graph confirms that
SmartEdgeScheduler has consistently executed
all required tasks. The compliance rate begins at
96 per cent and plateaus at 97 per cent under
moderate task loads, then decreases slowly to 96
per cent at 20,000 tasks. Such stability implies
that the system efficiently schedules tasks and
guarantees that a majority of them would meet
deadlines, even under a high workload. In general,
in a similar way to maintaining the trade-off
between performance, energy efficiency, and
compliance as task loads increase, Figure 7 shows
that SmartEdgeScheduler does the same. The

20000
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outcome verifies its scalability and robustness,
demonstrating its ability to handle large-scale
workloads in dynamic edge-cloud environments

4.6 Performance Comparison with Existing Methods

while maintaining efficient resource utilisation
and scheduling performance.

Table 7: Performance Comparison with Existing Methods

Method Task Resource Energy SLA
Completion Utilization (%) | Consumption (J) | Compliance
Time (ms) (%)
Kruekaew & Kimpan | 1150 72 220 82
(2022) [1]
Djigal et al. (2022) [2] 1080 75 210 85
Zhou et al. (2023) [3] 980 78 200 88
Chen et al. (2023) [4] 940 80 195 90
Sellami et al. (2022) [9] 970 82 190 91
Saemi et al. (2023) [7] 900 85 180 94
Proposed 750 90 170 97
(SmartEdgeScheduler)

Summarising our observations from Table 7, the
performance comparison reveals that
SmartEdgeScheduler achieves the lowest task
completion time, higher resource utilisation,
lower energy consumption, and greater SLA
compliance compared to other execution schemes
in prior work. Unlike several recent approaches, it
achieves a good balance between the two
objectives (workload distribution and task
offloading) using a learning-based optimisation
technique and thus scales well with the number of
tasks and edges, making it a practically viable
approach to edge-cloud task scheduling.

The numerical difference outlined in Table 7 is no
margin refinements, but the direct measurable
impact of the architectural decisions this study
was able to hypothesise and validate. When the
results are systematically compared with each of
the pre-existing methods, it becomes clear exactly
where and why the performance separation with
the SmartEdgeScheduler comes.

To the best of our knowledge, the metaheuristic
approach through only the combination of ABC
and Q was first addressed in Kruekaew and
Kimpan [1], with obtained results of 1150 ms for
task completion time and 82% for SLA
compliance. Using SmartEdgeScheduler,
completion time can be reduced by 400 ms
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(34.8%), and SLA compliance is enhanced by 15
percentage points. This gap can be directly
attributed to the lack of a predictive component in
[1]. They are only optimising on what they see,
and there is no anticipation of network
degradation prior to its impacting task placement.
This is exactly what the problem tackled in this
study in the hypothesis (H1) pointed at and the
results of this research indicate that LSTM-based
proactive offloading closes this problem.

Both Djigal et al. [2] and Zhou et al. [3] are DRL-
based methods, able to slightly outperform the
heuristic baselines, but still plateau at 85% and
88% SLA compliance with completion times of
1080ms and 980 ms, respectively. The approaches
used are Reinforcement learning without
accounting for a convergence stabilisation
mechanism, which was targeted by H2. The SLA
benefit of the adaptive mode-switching
component of SmartEdgeScheduler that activates
metaheuristic optimisation when DRL error
exceeds threshold 0 is 12--15 percentage points
over these methods. This is an empirical argument
against assuming robustness to convergence when
using SmartEdgeScheduler compared with pure
DRL schedulers.

These are more sophisticated approaches such as
hierarchical edge-cloud scheduling [4] and SDN-
enabled energy-aware DRL [9] that attain 90%
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and 91% SLA completion with 940 ms and 970
ms completion time, respectively, but
SmartEdgeScheduler surpasses both approaches
by 7 percentage points of SLA and 190-220
milliseconds of completion time, respectively.
The difference in energy consumption is also
significant: 170 J vs 195 J and 190 J, respectively;
that is a 10-13% lower consumption, not
optimised for energy but as a by-product of
SmartEdgeScheduler preventing unnecessary task
migrations and reprocessing cycles.

The most instructive comparison is with the
HMHHO metaheuristic with which Saemi et al.
[7] achieved their best previous result in (900, 85,
94) of completion time (in milliseconds), resource
usage (in per cent) and SLA compliance (in per
cent). The 150ms performance advantage in
completion time, 5 percentage points in resource
utilisation, and 3 percentage points in SLA
compliance in the table are the smallest but most
architecturally important differences between
HMHHO and SmartEdgeScheduler. HMHHO is
the upper-bound performance attainable by
episodic metaheuristic optimisation alone. That it
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does not is the main reason that
SmartEdgeScheduler, a neural network-based
prediction and customised DRL learning system,
outperforms it: structured, prediction-informed
priority assignment brings performance much
farther than optimisation search alone.

On four criteria — the task completion time (TCT),
the resource utilisation, the energy consumption
and the SLA compliance — SmartEdgeScheduler
is 4-dimensionally dominant, ie. on four
comparison methods, it yields the best result
simultaneously: none of the previous methods is
4-dimensionally dominant. Research made
manifest: not one technique is the best, but a
unified framework of prediction, adaptive
learning and optimisation stabilisation shows
results that structural solutions using partial
approaches can't reach. The objective of this study
is to solve each of these problems, namely latency
reduction, resource efficiency, energy saving, and
SLA enforcement in dynamic edge-cloud
environments; and the comparative results in
Table 7 are the evidence for the objective
fulfilment.

Resource Utilization (%)

Utilization (%)

S 0 et N N
o S 2007 @ o e\\a«\ 6"’?"(\6 \(,«\a

SLA Compliance (%)

Compliance (%)

Figure 8: Performance Comparison of SmartEdgeScheduler with Existing Methods Across Task Completion Time,
Resource Utilization, Energy Consumption, and SLA Compliance
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In Figure 8, we compare SmartEdgeScheduler
with other scheduling methods regarding task
completion time, resource utilization, energy
consumption, and SLA [43]. It shows that
SmartEdgeScheduler outperforms recent
approaches by combining learning-based
optimization methods with predictive offloading
and adaptive scheduling strategies. The task
completion time graph shows that the
SmartEdgeScheduler has the lowest execution
time of all methods and almost eliminates delay.
Static-task assignment and the absence of
predictive adaptation in traditional heuristic and
metaheuristic  approaches lead to higher
completion times. SmartEdgeScheduler optimizes
task allocation concerning real-time conditions to

improve performance over previous deep
reinforcement learning-based scheduling
methods.

The graph of resource utilization shows that
SmartEdgeScheduler excels in edge and cloud
resource efficiency. Current methods that
leverage only heuristic or rule-based schedules
tend to experience lower utilization due to a lack
of adaptation to changes in hot-spot workloads.

Although the reinforcement learning-based
methods improve efficiency,
SmartEdgeScheduler provides the highest

utilization rate by introducing multi-criteria
decision-making for intelligent prioritization of
tasks. The energy consumption graph proves that
SmartEdgeScheduler reduces energy
consumption compared to the current scheduling
methods. Due to improper task placement and
higher data transmission overhead, more energy is
spent on traditional methods.
SmartEdgeScheduler uses a combination of
predictive offloading and adaptive learning to
distribute the workload optimally, minimizing the
number of processing activities performed, saving
energy, and lowering power consumption on the
devices.

As depicted in the SLA compliance graph,
SmartEdgeScheduler keeps a higher rate of
meeting task deadlines and execution constraints
than the other models. Although some recent deep
learning-based scheduling methods seem to
reduce the degree of non-compliance, they still do
not achieve SmartEdgeScheduler in terms of
adaptability and efficiency. Incorporating
predictive modeling and reinforcement learning
makes the system responsive by maintaining a
high compliance rate. In sum, compared to
existing scheduling techniques,
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SmartEdgeScheduler achieves satellite utilization
improvement of up to 16 recoveries, 23 backups,
and 6 and 4 nights almost weekly (and 12 days
monthly), amounting to near-realtime based on
30% request coverage, as illustrated in Figure 8.
The proposed deep reinforcement learning-based
intelligent offloading scheduling framework
increases the task execution performance
efficiency and optimizes resource utilization
while reducing energy consumption and
improving compliance, thus making it an effective
intelligent task scheduling solution in edge-cloud
environments with an adaptive scheduling
mechanism by predictive offloading.

5. DISCUSSION

Over the years, task scheduling in edge-cloud
environments has significantly evolved with the
introduction of artificial intelligence and
optimisation techniques. Heuristic-based methods
like round-robin and first-come, first-served are
well-known traditional scheduling algorithms
commonly used but result in poor resource usage
and high latency when workloads are dynamic.
Recently, there have been works using
metaheuristic and deep reinforcement learning
approaches that optimise scheduling decisions by
adaptively learning from the output of previous
choices. Nonetheless, current SOTA models
remain limited in achieving an optimal trade-off
among throughput, energy consumption, and SLA
requirements under dynamic loads and network
conditions.

Most importantly, existing documents lack an
integrated methodology that maps the integration
of deep reinforcement learning, predictive
offloading, and metaheuristic-based optimisation
within a single scheduling system. A number of
studies forgo the benefits of predictive modelling
by either focusing solely on reinforcement
learning-based scheduling or on heuristic
optimisation, in which predictive models are not
harnessed. Furthermore, we observe that the vast
majority of reinforcement learning models are
unable to converge reliably and dynamically react
to variations in workload, resulting in poor task
assignment.

This paper presents SmartEdgeScheduler, a
cutting-edge framework using deep learning to
intelligently schedule tasks in edge-cloud systems
to mitigate these challenges. The proposed
method combines deep reinforcement learning
with metaheuristic optimisation and predictive
offloading to provide a dynamic and adaptive task




Journal of Theoretical and Applied Information Technology
31 August 2026. Vol.104. No.16

d

N

© Little Lion Scientific

SATIT

ISSN: 1992-8645 www jatit.org E-ISSN: 1817-3195 |
allocation solution. To improve scheduling cloud environments: heuristic/metaheuristic

efficiency, a predictive offloading model is
proposed, built on the concept of extended short-
term memory networks to predict network latency
between the edge cloud and the end device, as
well as the task's computing time on the device. In
this scheme, the adaptive learning module quickly
switches between reinforcement learning and
optimisation-based techniques to adapt to
fluctuating scheduling performance over different
system states.

According to the experimental results,
SmartEdgeScheduler outperforms state-of-the-art
scheduling techniques, reducing task completion
time, improving resource utilisation, reducing
energy consumption, and improving SLA
agreement. The proposed approach greatly
enhances decision-making by addressing the
limitation of static and heuristic-based scheduling
methods through predictive learning and adaptive
scheduling. This research can have great practical
significance in helping to assign the load more
effectively over edge-cloud computing. The
limitations of this study are detailed in Section
5.1.

5.1 Limitations of the Study

Although this method is suitable for task
scheduling, other NG-TS methods, such as
SmartEdgeScheduler, are more efficient. First, the
deep reinforcement learning model requires
significant time and computational resources to
train, which makes adapting the control system to
a highly dynamic environment in real time very
difficult. Second, the predictive offloading model
is based on historical data, so the decision is sub-
optimal for sudden network fluctuations. Thirdly,
the proposed approach suffers from scalability
issues due to the computational overhead of
adaptive learning modules, which could be
problematic in large-scale edge-cloud
deployments. Further directions for research can
include streamlining model efficiency, improving
real-time  adaptability, and incorporating
lightweight learning methodologies to ensure
cost-efficient scalability.

5.2 Differentiation from Prior Work: A
Comparative Appraisal

5.2.1 How SmartEdgeScheduler Differs from
Prior Approaches

Three streams of research have contributed to
shaping the landscape of task scheduling in edge-
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optimisation, deep reinforcement learning (DRL),
and predictive offloading. The distinction of
SmartEdgeScheduler over all these streams is its
holistic approach and the multiplicity of problems
it's simultaneously solving not to mention the
incremental performance improvement.

Popular still today, and frequently used in the past
as baselines, are a family of heuristic-based
schedulers that rely upon fixed allocation rules
that require little computation and are completely
oblivious of workload dynamics, such as round-
robin and FCFS. These methods are unable to
distinguish any task urgency, network state or
resource heterogeneity at scheduling time.
SmartEdgeScheduler is fundamentally different,
and turns scheduling into a learned decision
making process that is also stateful instead of a
rule look-up.

This is reflected in efforts such as the ABC-Q
metaheuristic by Kruekaew and Kimpan [1], the
Harris Hawks-based HMHHO by Saemi et al. [7],
and the Flower Pollination variant by Dankolo et
al.  [20], which achieved meaningful
improvements in optimising search over
allocation decisions. But these techniques are
essentially offline or episodic; they optimise
based on an offline problem instance or a slowly
changing one, and must be restarted when
conditions change. They do not learn a ‘reusable
policy ', nor do they include future network state
prediction. The PSO/GA metaheuristic module of
SmartEdgeScheduler, on the other hand, is
incorporated into an adaptive hybrid approach
where the metaheuristics will be used only if the
error metric value of the DRL model is above a
certain level, i.e. the metaheuristics are not used
as the main scheduler but as a stabiliser, which is
not the case for any of the works discussed above.

Hence, DRL-based schedulers such as DeepEdge
(Yamansavascilar et al., 2019 [11]), DRL-
Dispatcher (Baghban et al., 2021 [13]), and
Blockchain-SDN DRL (Sellami et al., 2021 [14])
and the cooperative MEC assignment (Hsieh et
al.,, 2012 [17]) have shown that reinforcement
learning is capable of learning scheduling policies
that are attuned to the system dynamics. All of
these works train and use only one policy or mode
and cannot switch to another when the selected
policy converges slowly or diverges. Moreover,
all of them lack a specific model for predicting
offloading. SmartEdgeScheduler introduces an
important innovation — it combines DRL with a
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Predictive Offloading Model (POM) based on
LSTM, enabling the scheduler to respond to the
system's state, not just observed states but
predicted ones as well.

Forecasting network latency and task execution
time for offloading decisions, as in Huang et al.
[29] and Chen et al. [30], is beneficial. But these
works consider offloading as a stand-alone
decision module independent of a learning-based
policy optimiser. The POM is heavily integrated
in SmartEdgeScheduler: its predictions directly
influence the state space in the DRL and the
MCDM priority scoring, thus being a full partner
of the scheduling and not just a pre-processing
filter.

Kim et al. [12] does not take the same
architectural approach and is related to distributed
scheduling in IoT networks by coalition formation
that acts as collaborative policy learning.
Although promising for privacy-preserving
scenarios, it doesn't provide the same granularity
as SmartEdgeScheduler for the latency-energy-
SLA trade-off under heterogeneous edge-cloud
resource constraints.

Finally, the key differentiators of
SmartEdgeScheduler compared to prior literature
are: (i) We do not apply any of the above
mentioned methods individually, but it is a unified
co-design of DRL, metaheuristic optimization and
prediction based offloading; (ii) Dynamic
switching between scheduling modes is adaptive
and relies on real-time signals to guide the choice
of scheduling mode; (iii) Multi-Criteria Decision-
Making (MCDM) Module for Task Prioritization
It considers predicted latency, energy, and
utilization simultaneously; and (iv) end-to-end
validation of task completion time, resource
utilization, energy efficiency and SLA
compliance under scaled workloads up to 20,000
tasks.

5.2.2 Strengths of the Proposed Work in Light
of Prior Literature

Proactive adaptability - Not reacting but
correcting responses. SmartEdgeScheduler's most
innovative and structurally important feature,
compared to previous work, is its proactive and
not reactive approach to scheduling. As for the
methods of Zhou et al. [3] and Zhu et al. [10], they
only respond to the current state of the system and
thus cannot predict congestion or resource
shortages before they occur. By leveraging
historical patterns, SmartEdgeScheduler's LSTM-
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based POM can forecast upcoming network
latency and potential execution times over
multiple time slots, enabling the scheduler to
offload tasks before these effects are observed in
system metrics. This is a qualitative shift from the
state-of-the-art DRL-only methods, and is a
contribution not found in the other reviewed
papers.

Adaptive Mode Switching for Hybrid Robustness.
A drawback of pure DRL schedulers, as pointed
out in the works of Djigal et al. [2] and Iftikhar et
al. [5], is that they tend to suffer convergence
instability in non-stationary environments.
SmartEdgeScheduler does so directly by using its
error-threshold adaptive switching mechanism
(controlled by ERLt and 6), which enables the
metaheuristic module when the quality of DRL
convergence is not at an acceptable level. An
interesting aspect of this design is that the
framework remains robust under both stable and
highly dynamic workloads, a characteristic not
found in any single-mode scheduler in the
surveyed literature.

Multi-objective co-optimisation. Several previous
studies have optimised for a single key measure,
such as energy efficiency [9, 14], latency
reduction in 6G deployments [16], and QoS in
mobile edge computing [24]. To achieve
minimum latency, energy, and resource utilisation
while  maximising  resource  utilisation,
SmartEdgeScheduler has formulated scheduling
as a weighted minimisation problem, Cs = wlLs
+ w2(1/Us) + w3Es, and demonstrates
simultaneous improvement across all four
evaluation metrics in the experimental results.
This is a real-world optimisation benefit because
in real deployments there is no one optimisation
metric that is the primary one.

Validated scalability. Numerous scheduling
papers in the reviewed literature assess the
performance on small / moderate-sized task sets,
but don't consider scalability explicitly. The
scalability analysis with SmartEdgeScheduler
(Section 4.5) shows that, despite this, SLAs are
maintained 96-97% of the time across vastly
different scales, ranging from 5,000 to 20,000
tasks, offering users evidence of production-ready
capability that previous research in Long et al.
[22] and Nandhakumar et al. [21] lacked at similar
scales.

Interpretable priority assignment. The priority-
scoring module, using MCDM techniques,
explicitly generates a priority score for each task
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based on weighted predicted latency, resource
utilisation efficiency, and energy cost. This
contrasts with schedulers using DRL, which only
provide implicit prioritisation of tasks in the
learned policy's decision-making, making it very
hard to audit or explain. This interpretability is a
valuable practical trait in safety-critical or
regulated deployment scenarios, which previous
learning-based  approaches for  industrial
automation and smart city infrastructure did not
target.

5.2.3 Weaknesses and Limitations in Light of
Prior Literature

Training overhead and real-time deployment
tension. As with most other DRL-based
schedulers, such as DeepEdge [11] and the A3C-
based scheduler by Tuli et al. [36], the DRL
component of SmartEdgeScheduler requires
substantial initial training on historical task and
network data, which poses a real operational
challenge. The rule-based heuristics proposed by
Abraham et al. [19] as well as the auction
approach developed by Liu et al. [33] have much
less initialisation cost due to being lightweight.
While the current work only partially alleviates
the training burden of SmartEdgeScheduler's
DRL module, in edge contexts where compute
budgets are extremely constrained or deployment
time is of the essence, this could be a limiting
factor.

Historical Data Quality (HQD) Dependency
for Prediction. The predictive accuracy of the
LSTM-based @ POM  depends on  the
representativeness of historical network and
workload information. However, when there are
sudden network topology changes, unexpected
workload spikes, cold deployments without data,
or other situations, a predictive model may
produce incorrect predictions, which negatively
affect offloading decisions. Both Shakarami et al.
[31] and Chen et al. [30] have the same problem
regarding their offloading model, which is a
structural problem of prediction-dependent
scheduling and not a design problem only for
SmartEdgeScheduler — which is not addressable
in the current work.

Simulation-only validation. Only a Python-
based simulation environment, with additional
parameters derived from iFogSim, is used to
evaluate SmartEdgeScheduler. This provides
reproducibility and easy comparison; however, it
doesn't fully address real hardware variability
such as CPU throttling, memory contention,
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wireless channel interference and device
heterogeneity at scale. Again, like papers by
Yamansavascilar et al. [11] and Kim et al. [12],
simulation is being used, but relative to the
deployment of the hardware in a complete testbed,
performance margins (task completion time
reduction up to 25% and resource utilisation gap
up to 15%) are maximal and should be treated
with caution until testbed hardware deployment
studies are conducted.

Extensiveness of the adaptive learning module.
With increasing task loads, up to 20,000
concurrent tasks, the computational costs of DRL
policy update, LSTM inference, and metaheuristic
optimisation search running in parallel may be too
high for resource-limited edge nodes. This is an
issue highlighted by Djigal et al. [2] and Iftikhar
et al. [5] in the context of the scalability of
complex Al-based schedulers in fog and edge
environments. While it is indeed a valid gap for
practical deployment, there is no suggestion here
of a lightweight or distilled version of the
framework for the edge nodes with very limited
compute.

Lack of security and privacy issues. However,
increasingly, task scheduling in edge-cloud
settings has become bound up with data privacy
and security issues, especially in IoT or smart city
applications. To overcome this, Sellami et al. have
particularly focused on combining Blockchain
with DRL in a scheduling system for an SDN-IoT
network, as the case presented in [14] illustrates.
Adversarial Task Injection, Data Poisoning of
LSTM Models, and Secure Multi-party
Offloading are not considered in
SmartEdgeScheduler and thus are not applicable
in adversarial or even sensitive deployment
scenarios.

6. CONCLUSION AND FUTURE WORK

The research question tackled in this work is not a
marginal gap in the performance of the current
schedulers but the lack of their ability to address
the current challenges of dynamic edge-cloud
deployment. While all three approaches are based
on assumptions of predictable workloads, reliable
convergence, and episodic optimisation, they are,
respectively, static heuristics, isolated DRL
models, and standalone metaheuristic approaches.
Those broken assumptions have monetary costs
that can be measured: a 75% SLA compliance and
1200 ms task completion time have been achieved
with round-robin scheduling, and even the best
one in the comparative evaluation has not got any
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better than 94% SLA compliance and 900 ms task
completion time. SmartEdgeScheduler responded
with 97% SLA compliance, 750 ms, resource
utilisation of 90% and architecturally earned
energy consumption improvements of 170 J.

This can be traced in the ablation study. When the
LSTM-based Predictive Offloading Model was
removed, the completion time increased up to
920ms and the SLA compliance decreased up to
89%. Compliance was further reduced to 91%
when adaptive learning was removed. The
centrepiece of this paper's architectural take is that
no single piece of this equation alone ensures
success; rather, the results stem from how the
pieces are integrated. Indeed, this holds true under
pressure in this scalability analysis: SLA
compliance stayed between 96 and 97 per cent
under loads ranging from 5,000 to 20,000 tasks,
and resource usage increased, without resulting in
a collapse in performance.

These restrictions are genuine. The deployment is
constrained by the overhead of DRL training. The
dramatic and unexpected adjustment in the
network that has not been observed before affects
the predictive model. Validation is still ongoing in
simulation, and reported margins are performance
ceilings that need to be confirmed on a testbed.
Future work will focus directly on them by using
lightweight neural architectures and transfer
learning for less training cost, online LSTM
updating for distributional  shift without
dependency to the past history, and spanning
multi-tier cloud architectures and heterogeneous
classes of edge devices. The goal is to design a
scheduler that will continue to make its guarantees
even if the network misbehaves and the workload
is most unpredictable; these are the most
important conditions for production.

In this study, a falsifiable claim was that co-
designing deep reinforcement learning with
LSTM-based  predictive  offloading  and
metaheuristic optimisation on the same platform,
while considering all the mentioned aspects of
scheduling, would help achieve results that would
be unsustainable via any partial or single-mode
approach that considers only some of these
aspects. This is experimental evidence to test that
hypothesis; no longer against assertions.

H1 was that task completion time and energy use
would be reduced by using proactive LSTM-
based prediction to ensure that the data for the
tasks is present where needed before the tasks are
executed, thereby overcoming the overhead of
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reactive reallocation. This is confirmed by the
ablation study, which shows that ablating the
Predictive Offloading Model resulted only in a
22.7% increase in task completion time (from 750
to 920 ms) and a reduction in SLA compliance
from 97 to 89. Prediction is not a “hot seat”; it is
load-bearing. H1 is supported.

H2 anticipated that the adaptive mode-switching
would carry out well in the presence of
convergence instability, when pure DRL
schedulers break. This is confirmed by the
comparative results, which show that pure DRL-
derived prior methods, e.g., DeepEdge and DRL-
Dispatcher without switching, were inferior
across all metrics. Eliminating adaptive learning
in the ablation reduced SLA compliance to 91%
and increased completion time to 870ms,
indicating that the switching mechanism alone
contributes to the ablation. H2 is supported.

H3 argued that using Explicit MCDM-based
priority scoring could enhance SLA compliance
because critical tasks are assigned the appropriate
priority to meet deadlines. With respect to SLA
compliance, SmartEdgeScheduler has achieved
97%, compared to a best prior-literature result of
94%, and parts of this are due to the priority
module's contribution to structuring task order.
H3 is supported.

The ablation study supports the central result- the
aggregate hypothesis, in which a component is
removed to observe its performance individually,
independently and measurably degraded with
removal compared to the full model
configuration. SmartEdgeScheduler's
performance is not just a collection of three
techniques; it is the result of integrating them.
That's what this paper contributes to the
knowledgescape.
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