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Abstract: This paper presents a novel task scheduling framework for edge cloud environments by integrating
Federated Reinforcement Learning (FRL) with an Adaptive Swarm Intelligence based approach. The need for
intelligent scheduling algorithms is increasing day by day for executing low latency and energy efficient tasks in
distributed IoT applications. Preserving data privacy and optimizing performance are two important objectives
expected from these techniques. The proposed framework employs FRL to train localized agents at edge nodes for
making scheduling decisions while collaboratively improving a global model without raw data exchange. A modi-
fied Artificial Bee Colony (ABC) algorithm is integrated to further improve the task allocation process. This algo-
rithm dynamically adapts to resource states and workload characteristics across edge and cloud tiers. The proposed
hybrid system jointly optimizes make span, energy consumption and resource utilization. Experimental results on
simulated edge cloud workloads demonstrate significant improvements in scheduling efficiency, latency reduction
and load balancing compared to existing centralized RL and bio-inspired methods.
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1 Introduction

The rise of edge computing can be credited to the rapid increase in technologies like Internet of
Things (IoT), wireless sensor networks (WSN), mobile applications and real time data processing
[1-3]. This is because edge computing allows computation of data to happen closer to the data sources
resulting in better efficiency. In other words, we can say that edge computing allows data to be pro-
cessed locally by the users. This local processing of data helps in minimizing time delays and improves
response time. However, we cannot ignore the fact that edge resources are restricted by their computa-
tional power and storage capacity and because of these limitations it becomes difficult to do complex
processing directly on the edge devices. Hybrid edge cloud architectures were developed in order to
overcome these issues which allowed delay sensitive tasks to be handled by the edge nodes and com-
pute intensive tasks were offloaded to cloud data centres [4, 5]. To optimize key performance indicators
like system performance, load balancing, energy consumption QoS requirements in a distributed and
heterogeneous cloud environment, intelligent task scheduling becomes an important factor [6].

Most the traditional task scheduling algorithms in cloud computing were developed to work on static
workloads or centralized mechanisms. These methods often find it difficult to adapt to dynamic work-
loads, resource heterogeneity and latency-critical scenarios that are typically found in edge computing
environments [7]. Thus, resulting in degradation of overall efficiency and response time in case of prac-
tical implementations. Moreover, centralized learning-based scheduling algorithms require continuous
data aggregation, which raises concerns over privacy, bandwidth usage, and system scalability. These are
critical system resources that cannot be compromised. On the other hand, bio-inspiofferslgorithms like
the Artificial Bee Colony (ABC) offer adaptive capabilities but lack contextual awareness and long-term
learning which limits their ability to respond effectively to evolving task patterns and resource availability
[8, 9]. Hence, more intelligent and context-driven scheduling approaches need to be developed to over-
come these limitations.
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This paper proposes a novel task scheduling framework that addresses all these issues mentioned
above. The proposed framework integrates FRL with adaptive swarm intelligence, specifically a modified
ABC algorithm. FRL enables distributed edge agents to learn optimal task scheduling policies by inter-
acting with their local environment. It also allows collaborative training a global policy without sharing
raw data. This preserves data privacy, reduces network load and facilitates scalable coordination across all
edge nodes [10]. This method ensures that each node improves autonomously while still benefitting from
the collective intelligence. At the same time, the adaptive ABC component enhances local task placement
decisions by leveraging the collective behaviour of bee-inspired agents that dynamically adjust search
strategies based on feedback from the environment. The proposed algorithm can adapt to workload varia-
tions and improving resource utilization by continuously refining its search patterns.

The proposed framework is designed to optimize multiple objectives simultaneously, including task
makespan, energy efficiency, resource utilization and Service Level Agreement (SLA) compliance. The
proposed model combines the global learning capabilities of FRL with the adaptive search efficiency of
swarm intelligence to achieve robust and intelligent scheduling in edge cloud environments.

The key contributions of this work are as follows:

*  We design a Federated Reinforcement Learning-based multi-agent framework for distributed
task scheduling that preserves data privacy and reduces communication overhead.

*  We develop an Adaptive Artificial Bee Colony algorithm tailored for dynamic task allocation in
edge-cloud environments, supporting load balancing and energy-aware scheduling.

*  We formulate a multi-objective optimization problem that jointly considers task makespan,
energy consumption, SLA satisfaction, and system throughput.

*  We evaluate the proposed approach through extensive simulations, demonstrating superior
performance over existing centralized RL and traditional swarm intelligence methods.

The rest of this paper will be structured in the following way. Section 2 outlines an overview of
the literature of task scheduling, federated reinforcement learning, and bio-inspired optimization on
edge-cloud. Section 3 develops Hybrid edge-cloud scheduling system model, performance objectives
and constraints. Section 4 outlines the proposed Hybrid FRL-A-ABC architecture, such as the state
representation, the formulation of the reward, the interaction between the FRL and the A-ABC layers,
and the scheduling algorithm in general. Section 5 describes the experimental setting, the workload
models, network and energy assumptions, baselines, and metrics of evaluation. The results, with their
comparative analysis, ablation studies, and sensitivity analysis, are reported in Section 6. Lastly, Sec-
tion 7 is the conclusion of the paper and the discussion of future research directions.

2 Literature Review

Energy-aware task scheduling for fog environments has been explored using bio-inspired heuristics
such as ant-mating optimization, which reduces energy consumption but relies on a largely centralized
view and offers limited adaptability to rapidly changing workloads [11]. Privacy-preserving coordi-
nation is introduced through secure federated learning for edge—cloud smart grids, while actor—critic—
based Edge-Al further improves IoT service provisioning in federated edge settings, though both lines of
work focus more on learning and security than on rich multi-objective scheduling [12, 13]. At the edge,
intelligent task allocation using machine learning and bio-inspired algorithms enhances local scheduling
quality, and reinforcement-learning-based multi-objective load balancing extends this to edge—fog—cloud
topologies, yet scalability and federated coordination remain open issues [14, 15]. A survey of offloading
in federated cloud—edge—fog systems highlight the need to combine traditional optimization, machine
learning, and federated training to handle non-stationary, heterogeneous workloads [16]. Recent studies on
federated reinforcement learning for dynamic scheduling in cloud—edge—terminal networks and vehicular
edge computing demonstrate improved coordination and privacy but incur significant communication cost
and provide limited support for fine-grained local queue optimization [17, 18]. Pure RL-based schedulers
for heterogeneous end—edge—cloud environments and unsupervised cluster Q-learning for federated edge
clouds show benefits in makespan, throughput, and energy minimization, while hybrid cloud—edge deep
learning frameworks scale IoT resource optimization but still treat global placement and local execution
ordering as largely decoupled problems [19-21].

Taken together, existing work demonstrates (i) energy-aware heuristics at the fog/edge [11], (ii)
secure FL/FRL for distributed learning and policy sharing [12, 13, 15, 18, 19], and (iii) RL-based
scheduling for heterogeneous tiers [20]. However, three gaps persist: (1) limited methodological cou-
pling between a global, privacy-preserving offloading policy and a local, adaptive queue-reordering
heuristic; (2) incomplete treatment of multi-objective trade-offs (makespan, energy, SLA/tardiness, and
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load balance) under non-IID workloads, client sampling, and straggler effects; and (3) insufficient trans-
parency on communication costs and convergence behavior in FRL. This work addresses these gaps by
integrating FRL for where tasks are executed with an adaptive Artificial Bee Colony (ABC) module for
how tasks are ordered locally, under a unified multi-objective formulation that preserves data privacy,
adapts to non-IID dynamics, and reports convergence and overhead comprehensively. Table 1 presents
the summary of the related work.

3 System Model and Problem Formulation

3.1 System Architecture

The proposed framework operates within a three-tier Edge-Cloud environment consisting of user
devices, edge nodes and a central cloud server. Tasks executed on this three-tier model can effectively
utilize the resources. User generated tasks can have different requirements such as urgency, size and
complexity. Tasks that require low-latency processing are executed by the Edge Nodes (ENs) that are
located closer to the users, and the tasks that require high-capacity computing are executed by the
Cloud Data Centre (CDC) located far from the user. Each edge node acts as a smart scheduling agent
that integrate the following two intelligent components:

1. A Federated Reinforcement Learning (FRL) module that has the capability to learn where to
schedule the tasks based on the system context.

2. An Adaptive Artificial Bee Colony (A-ABC) algorithm that can optimize local task execution
order within the node.

These agents share their learning updates with a Federated Server which then combines it into a
global model. This decentralized learning approach ensures data privacy bandwidth efficiency and scal-
ability which are important factors in sensitive or resource-limited environments. Figure 1 provides an
overview of the system architecture explained above.

3.2 Task and Resource Modelling

CPU workload, deadline or time-sensitivity, memory and storage needs and priority are some of the
factors defining user tasks. Tasks can be processed in three ways: (1) Locally at the originating edge

Table 1. Comparative Summary of Related Work

Work

Approach / Technique

Key Contributions

Limitations / Gaps

[11] Ghanavati
et al., 2020

[12] Su et al.,
2021

[13] Baghban
etal., 2022

[14] Soula et
al., 2022

[15] Ramezani
etal., 2023

[16] Kar et al.,
2023

[17] Kim et al.,
2023

[18] Wu et al.,
2024

[19] Shen et
al., 2025

[20] Shidik et
al., 2025

[21] Lilhore et
al., 2025

Ant-mating optimization for
fog task scheduling

Secure federated learning for
smart grid

Actor—critic RL in federated
edge computing

Machine learning + bio-
inspired scheduling

RL-based scheduling in edge—
fog—cloud

Survey on ML + optimization
for cloud—edge—fog

Federated reinforcement
learning for dynamic scheduling

FRL for vehicular edge
computing

RL-based scheduling in end—
edge—cloud

Unsupervised cluster
Q-learning

Hybrid cloud—edge deep
learning

Energy-aware heuristic improves
fog-level efficiency

Privacy-preserving edge—cloud
FL; secure aggregation

Improved IoT service provisioning;
distributed RL training

Intelligent task allocation at edge;
hybrid heuristics

Multi-objective load balancing
with RL

Comprehensive taxonomy of
offloading strategies

Collaborative policy learning;
improved coordination

Privacy-preserving scheduling for
large Al models

RL for heterogeneous resource
environments

Energy minimization in federated
edge cloud

Scalable resource optimization for
IoT

Limited adaptability; no learning; not
suitable for dynamic workloads

Not designed for online task scheduling;
lacks real-time decision-making

No multi-objective modeling; no local
queue optimization

Scalability concerns; lacks global
coordination

No federated coordination; centralized
RL limits scalability

Highlights need for FL, multi-objective
coordination, and dynamic adaptivity

No coupling between global policy
and local task reordering

High communication cost; no local
execution optimization

Centralized data dependence; limited
SLA/tardiness modeling

Weak SLA handling; limited multi-

objective scope

Does not integrate global offloading +
local queue optimization
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Figure 1. System Architecture

node, (2) Migrated to another neighbouring edge node, (3) Offloaded to the cloud server if the edge
resources are insufficient or overloaded. Edge nodes have limited resources and energy, making them
suitable for lightweight, delay-sensitive tasks. In contrast, the cloud server offers powerful computing
but involves higher latency due to longer communication paths.

3.3 Federated Reinforcement Learning Framework

Each edge node uses a local Deep Q-learning agent that observes its environment like its CPU load,
energy level, queue status, and current task attributes and makes real-time scheduling decisions. Some
of the possible decisions might include executing the task locally, migrating the task to another edge
node and offloading the task to the cloud.

A reward or feedback is received by the agent based on the factors like energy consumption, task
completion time and adherence to deadlines. These feedback are used for training the local model. All
local models are uploaded periodically to a central federated server in the form of model parameters.
The server then aggregates them into a global policy and sends it back to all edge nodes. This process
avoids sharing raw task data thus ensuring privacy.

The FRL process utilizes a lightweight and scalable design to accommodate heterogeneous edge cloud
environments. In each global round, only about 30% of edge nodes participate, reducing communication
overhead and preventing overload on resource-constrained devices. The task arrivals across nodes are
naturally non-IID. Thus the framework uses local replay buffers and weighted FedAvg aggregation so that
nodes with larger or more diverse workloads contribute proportionally to the global model.

The system discards extremely delayed updates in order to handle stragglers. It also applies bounded
staleness which excludes model updates older than two rounds. Global aggregation is performed after
every five local training cycles which ensures a balance between communication cost and convergence
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speed. The local DQN model is intentionally kept lightweight (=180k parameters, ~0.7 MB per update)
to make it suitable for edge deployment. The communication cost per round for the proposed model
is approximately 0.7 MB x 0.3N with partial participation and periodic aggregation, where N is the
number of nodes. Experiments show that the global policy converges within 50-60 rounds with stable
reductions in TD loss, demonstrating that the federated update strategy is efficient and robust under het-
erogeneous and non-IID task conditions.

3.4 Adaptive Swarm Intelligence Module

An improved version of the ABC algorithm is integrated with FRL in order to enhance task execu-
tion inside each node. It will focus on optimizing how tasks are ordered and executed to reduce delay
and make better use of limited resources.

This algorithm:

1. Assigns roles to artificial bees (employed, onlooker, and scout) to explore and exploit the best
task scheduling strategies

2. Adjusts its search dynamically based on recent system performance (e.g., energy or load trends)

3. Aligns its behaviour with suggestions from the reinforcement learning agent, making the search
more efficient and guided.

3.5 Problem Objective

The main objective of the proposed system is to develop an intelligent task scheduling framework
that simultaneously reduces energy consumption, minimizes delays, reduces deadline violations, max-
imizes resource utilization and ensures a high task success rate across edge and cloud environments.
This is achieved through a multi-objective optimization strategy that respects resource limitations, task
deadlines and maintains fair load distribution among edge nodes.

4 Proposed Methodology

The proposed methodology integrates FRL with modified ABC algorithm to achieve efficient task
scheduling across an edge cloud computing environment. In this hybrid framework the multiple edge
nodes act as intelligent agents, each equipped with local schedulers that collaborate with a centralized
cloud layer through federated updates. The workflow of this proposed work is illustrated in Figure 2.

Hybrid FRL and ABC-Based g
Task Scheduling Methodology |
Federated O
Learning
Secure
[ Edge Node i Aggrelgator J
( Observe Local State] Reinforcement |
CPU Utilization — Learning
Task Queue Length Execute Locallly
Energy Level Migrate
Task Deadlines Offload to Cloud
Network Latency \ 1
Federated Learning ' N
[Transmit Model UpdatesJ Adapti\fe Swarm
{ ) Intelligence
ABC-Based
Optimizer
Rearrange Task Queue

Figure 2. Workflow of the proposed work
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Initially, each edge node observes its local state, including parameters such as CPU utilization, task
queue length, energy level, task deadlines, and network latency. This can be represented as a state vec-
tor as follow in Equation (1):

S/ =[C.0/.E.D,, L] (1)

Where:

S/ : State of edge node i at time ¢
C/: CPU utilization

Q' : Task queue length

E!: Energy level

D; : Average task deadline

L, : Network latency

This state is fed into a local reinforcement learning agent that selects the most appropriate schedul-
ing action: execute the task locally, migrate to another edge node, or offload to the cloud. The agent is
trained using reward functions that consider energy efficiency, task delay, successful completion, and
load balancing.

The reinforcement learning agent updates its policy using a Deep Q-Network (DQN), defined by
Equation (2):

O(S;.a)) < OS], a)) +alr +Ymax, O(S;,,.4) -0 (S].a,)] 2)

Where
O(S!,a)): Estimated Q-value for state-action pair

a: Learning rate
Y: Discount factor

1/ Reward received for taking action a,

The concept of reward design plays a crucial role in shaping the learning behaviour of the FRL
agent and so it is defined in detail. The reward at time ¢ is computed using a multi-objective function
that incorporates delay, energy consumption, SLA satisfaction and tardiness penalties. The overall
reward is expressed as defined in Equation 3.

Rr:W1 (7D nm‘m) +W2 (-Enorm) +W3 SLAsuccessiwftp enahy tardiness, (3 )

where D, denotes the normalized task delay which presents the comparison of the actual delay
with its allowable range. E,,,, represents normalized energy usage which allows comparison of dif-
ferent energy consumption values on the same scale. SLA,,..,, denotes whether a task completion has
met its deadline or not represented using a binary or scaled indicator and Penalty,, ..., captures the
degree to which a task completion exceeds its SLA-defined deadline. In order to maintain the numeri-
cal stability during the learning process, all performance variables are normalized via min—max scaling
within each evaluation interval. This adaptive scaling ensures that the reward values remain within the
range [0,1]. This normalization strategy prevents extreme fluctuations in reward magnitude, enabling
smoother convergence of the FRL model.

If a task is completed before its deadline then it is assigned a positive value by the SLA compo-
nent, otherwise it is assigned zero. As opposed to this, there is a proportional increase in the tardiness
penalty with respect to the delay in deadline. This approach ensures that there is a strong penalty for
time-sensitive applications thus making sure that agents are more responsive towards deadline-crit-
ical workloads. The selection of the weight parameters w,,w,,w;,and w4determines the trade-offs
between delay minimization, energy efficiency, SLA adherence and penalization severity for over-
due tasks. A sensitivity analysis was conducted to check robustness of the system by varying each
weight in the range of 0.1 to 0.9 while keeping the others constant. This analysis allowed the impact
of different objective priorities to be evaluated systematically. The analysis revealed that the hybrid
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FRL-A-ABC model maintains stable performance across a broad range of weight configurations,
demonstrating the adaptability of the proposed scheduling framework under diverse optimization
preferences.

A fitness function that adapts with time is used by the ABC-optimizer to rearrange the task queue
thus improving the granularity of local scheduling. This fitness function is based on some environmen-
tal factors such as energy drain rate and task deadline violations. The adaptive fitness function used by
the ABC algorithm is expressed as follow in Equation (4):

1 1
F}‘=W1.F+W2.E+W3.})j 4)

J J

F;: Fitness value of task scheduling strategy j
T;: Average task completion time

E;: Energy consumption

P;: Priority score of the task queue

w,,w,,w;: Weights determined by context (deadline urgency, load trend)

The employed swarm intelligence mimics the natural behavior of honeybees in foraging and dynam-
ically balances exploration and exploitation of scheduling strategies. Each edge node executes this opti-
mization independently ensuring low computational complexity and rapid convergence.

Federated learning serves as the backbone for knowledge sharing. Instead of transmitting raw data
between nodes, model updates (i.e., the weights of the reinforcement learning agent) are periodically
sent to a secure aggregator at the cloud layer. The cloud aggregator performs federated averaging to
generate a global model as follow in Equation (5):

N n;
egloha[ - Z(izl)n_ 91’ (5)
total

Where:

6, : Local model parameters from edge node iii
n;: Number of tasks processed by node iii

N
Hiowal = ) (i, : Total tasks across all nodes
0

global :

Aggregated global model

This updated model is redistributed back to the edge agents. The periodicity and frequency of aggre-
gation are adaptive and determined on the basis of local model divergence, communication bandwidth
and task arrival rates.

4.1 Interaction Between FRL Layer and Adaptive ABC Layer

The FRL agent and the A-ABC optimizer in the proposed hybrid system operate in a coordinated
manner. The role of FRL is to perform global placement decisions such as local execution, migration
or cloud offload whereas, A-ABC is responsible for performing local task-order optimization within an
edge node.

The interaction between the FRL and A-ABC modules is governed through a unified interface
design that integrates state sharing, action influence and reward coupling. A set os certain local and
global local system parameters such as normalized CPU utilization, enery level, current queue length,
average task deadline urgency and network latency are looked after by the FRL agent. Besides these
parameters the FRL agent is also responsible for incorporating ABC-derived indicators such as approx-
imate queue waiting time and task order efficiency scores. The A-ABC module outputs its current best
fitness value and optimized queue-reordering performance, and these outputs become part of the com-
posite state representation s, used by the FRL agent.

The FRL agent determines the high-level scheduling action by choosing whether a task should
be executed locally, migrated to another edge node, or offloaded to the cloud. This action acts as
a constraint for the A-ABC module. When the RL agent selects local execution, the ABC search is
restricted to optimizing only the local task queue. When migration is selected, ABC prioritizes tasks
based on migratability factors such as deadline tightness and remaining workload. In the case of
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cloud offloading, ABC reorders tasks to push low-priority or delay-tolerant tasks toward the end of
the queue. Using this mechanism FRL will determine where the task should be processed and ABC
will determine how these tasks should be arranged and executed within the selected domain.

The performance of the ABC optimizer directly influences the reward computed by the FRL agent.
The key components of the reward function which are responsible for capturing delay reduction, energy
savings and queue efficiency are impacted by the ABC technique. The reward value can be increased
by improving the queue ordering. Deadline violations can also be reduced by effectively prioritizing
and ordering tasks which further contributes to SLA related reward bonus. On the other hand, penalties
may be issued in case of inefficient ordering of tasks which leads to excessive energy consumption or
increased delays in task completion. As a result, the local optimization behavior of the ABC algorithm
influences the global learning trajectory of the FRL agent by shaping the reward signals derived from
the environment.

4.2 Stepwise Flow of One Scheduling Cycle

1. Task Arrival: A new task arrives at an edge node with parameters (deadline, size, CPU de-
mand).

2. State Collection: Edge node collects system metrics + ABC’s previous best fitness.

3. RL Decision: Local FRL agent selects an action:

a,e {local,migrate,offload}

4. Action Projection to ABC: ABC receives RL action and adjusts its search domain accord-
ingly.

5. Queue Optimization: ABC reorders the queue using its employed—onlooker—scout phases.

6. Task Execution or Transmission: Based on the optimized sequence, the system executes or
sends the task.

7. Reward Computation: Reward includes normalized delay, normalized energy, SLA success
and tardiness penalty

8. Experience Storage: Tuple (s,a,r, s,ﬂ)is stored in local replay memory.

9. Local RL Training: DQN updates using local experience.

10. Periodic FL Aggregation: Edge nodes send updated parameters to server.

The complete workflow of the proposed technique, hybrid FRL-A-ABC is presented in algorithm 1.
This technique is executed at each edge node of the edge cloud system. Edge node constructs a state
representation at every interval which includes system metrics and ABC-derived queue characteris-
tics. This state representation is used for selecting an action using FRL policy such as local execution,
migration or cloud offloading. The action selected at this stage constraints the A-ABC optimizer which
further generates an improved task ordering by maximizing the adaptive fitness function. The system
executes or offloads tasks based on the optimized sequence, after which the multi-objective reward is
computed using normalized delay, energy consumption, SLA satisfaction, and tardiness penalties. The
resulting transition is stored in the replay buffer, and the local DQN model is updated according to the
temporal-difference rule. Periodically, nodes participate in federated aggregation, where updated local
models are averaged using FedAvg to obtain the global model, which is then redistributed to all nodes
to ensure coordinated and privacy-preserving policy learning across the edge network.

Algorithm 1: Hybrid FRL-A-ABC Scheduling (per edge node)

Inputs: incoming task stream  ; local replay buffer B; initial global weights 6,

Outputs: placement decision a,e {local,migrate,offload}; optimized task queue O,

1. Initialization:
Set local RL parameters 6«—0,;.
Initialize A-ABC parameters (colony size, limit, adaptive weights).

2. For each scheduling interval, do
2.1 Observe state:
Construct the state s, as defined in Eq. (1), including ABC-derived metrics
(estimated waiting time, task-order efficiency).
2.2 RL action selection:
Choose
a,= m,(s,) e {local, migrate, offload}.

2.3 Project action to A-ABC:

o Ifa,= local: A-ABC searches only the local queue.

o If a,= migrate: A-ABC ranks tasks by migratability

o (deadline tightness, remaining workload).

o If a,= offload: A-ABC deprioritizes low-priority tasks.
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2.4 ABC optimization:

Run A-ABC to compute the optimized sequence Q: by maximizing the fitness defined in Eq. (4).

2.5 Execute decision:

Execute, migrate, or offload the task at the head of Qf .

Observe the resulting delay, energy cost, and updated SLA status.

2.6 Reward computation:

Compute r,using the multi-objective reward formulation in Eq. (3)
(normalized delay, normalized energy, SLA bonus, tardiness penalty).

2.7 Store transition:
Insert the tuple

into replay buffer B.
2.8 DQN update:

(50, 7, Si)

Update @ using the temporal-difference learning rule defined in Eq. (2).

3. Every K local steps, perform federated aggregation:
Send updated model 4 to the server.
Server aggregates client updates using the FedAvg rule (Eq. (5)).
Receive refreshed global model ¢, and set

0—06

G

5 Experimental Setup and Performance Metrics

A series of simulation experiments were conducted in order to validate the effectiveness of the
proposed task scheduling technique. An enhanced CloudSim environment was used for conducting
these experiments which was integrated with edge and fog computing capabilities [22]. Heterogeneous
workloads and distributed computing resources were used so that the experimental setup would closely

emulate the real-world edge cloud scenarios.
The simulation environment was configured as follows in Table 2.

To assess the performance of the proposed approach, it was compared with the following state-of-
the-art scheduling algorithms: Ghanavati et al. [11]: Energy-aware Ant Colony Optimization (ACO)
for fog computing environments. Ramezani et al. [14]: Reinforcement Learning-based load balancing
across edge-fog-cloud layers. Shen et al. [17]: RL-based dynamic task scheduling in heterogeneous
resource environments. The system’s performance was evaluated using the following quantitative met-

rics as listed in Table 3:

Table 2. Summary of Simulation Environment

Category

Configuration Details

Task Characteristics
Edge Nodes

Fog Nodes

Cloud Data Centers
System Heterogeneity
Workload Types

50-200 heterogeneous tasks per run; varied CPU, memory, and latency requirements
10 nodes with low capacity and limited energy

5 intermediate nodes with moderate processing and energy

3 high-performance data centers with abundant energy and low resource constraints
Varying processing speed, power consumption, and network latency across nodes

Real-time IoT streams, batch tasks, latency-sensitive applications

Table 3. Performance Metrics

Metric

Description

Task Completion Time (TCT)
Energy Consumption

Load Balance Rate (LBR)
Task Success Ratio (TSR)
Scheduling Overhead

Model Convergence

Average time required to complete all scheduled tasks.

Total energy utilized across edge, fog, and cloud layers.

Standard deviation of the task load distributed across all nodes. Lower is better.
Percentage of tasks completed successfully within their specified deadlines.
Time and resource consumption incurred by the scheduling mechanism itself.

Convergence behavior and stability of federated reinforcement learning agents over training
rounds.
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6 Results and Discussion

The effectiveness of the proposed FRL and Adaptive Swarm Intelligence-based scheduling frame-
work was evaluated using the simulation environment described in the previous section. Several recent
benchmark methods were taken from the literature [11, 16, 20] to do the performance evaluation of the
proposed model. Results of the performance evaluation across multiple metrics demonstrated that the
proposed hybrid model outperforms conventional reinforcement learning and bio-inspired strategies
under varying conditions.

6.1 Task Completion Time (TCT)

The proposed framework demonstrated 13.4% lower average Task Completion Time (TCT) when
compared to Ramezani et al. [16]. This significant improvement was made possible because of the fed-
erated learning mechanism used in the proposed model. This mechanism enabled the distributed edge
agents to learn collaboratively and improve their optimal task scheduling strategies over time. The pro-
posed model also showed better responsiveness to sudden bursts of dynamic task arrival as compared
to the ant-based fog scheduling approach in Ghanavati et al. [11]. The proposed swarm intelligence
component was capable of reordering the local task queues and hence reducing queuing delays and exe-
cution latency. Figure 3 presents an overview of task completion time comparison.

6.2 Energy Efficiency

The proposed model also incorporates adaptive intention filtering and decentralized decision making
to optimize energy consumption across all edge and fog layers. Because of this, the proposed model was
able to achieve 17% reduction in total energy consumption as compared to the baseline methods. The pro-
posed model focuses on the computational constraints as well as the energy constraints of devices while
scheduling. This results in more sustainable and eco-friendly decision making unlike Shen et al. [20]. Fig-
ure 4 provides the energy efficiency comparison of the proposed model with conventional methods.

Task Completion Time Comparison
100

80
60

40

Time (Normalized)

20

Proposed [11] [14] [17]
Method

Figure 3. Task completion time comparison

Energy Efficiency Comparison
100

80
60

40

Energy (Normalized)

20

Proposed [11] [14] [17]
Method

Figure 4. Energy efficiency comparison

207



Journal of Information Assurance and Security

6.3 Load Balancing

a significant improvement was shown by the proposed framework in terms of load distribution
across all participating nodes. A decrease of 22% was shown in case of standard deviation of node
workloads which indicates more uniform distribution of task assignments. As compared to the sin-
gle-agent RL models described in [14, 17], the proposed collaborative framework enabled agents to
anticipate traffic patterns and avoid hotspots by sharing gradient information which further lead to
better congestion mitigation. Figure 5 provides an overview of the load balancing comparison.

6.4 Task Success Ratio (TSR)

Maintaining the task completion reliability is very important in case of highly dynamic and resource
constrained environments. The proposed framework was able to achieve a task success ratio (TSR)
of 94.3% which outperforms both techniques presented in [11, 16] that demonstrated a significant
drop in the TSR under fluctuating mobility patterns or changing QoS demands. The continuous policy
updates provided by FRL and the adaptive fitness driven reordering of tasks by ABC helped in achiev-
ing this robustness of the proposed framework. Figure 6 provides an overview of the task success ratio
comparison.
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Figure 5. Load balancing comparison
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Figure 6. Task success ratio comparison
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6.5 Scheduling Overhead

The FRL component might introduce some additional communication overhead but it is efficiently
amortized through distributed agent training and lightweight coordination. The proposed frame-
work demonstrated a 28% reduction in scheduling cost as compared to the actor-critic based models
described in [12]. This was made possible because of the asynchronous updates and the low complexity
nature of the ABC optimization at each node thus making the proposed framework highly suitable for
real-time or near real-time IoT deployments. Figure 7 provides an overview of scheduling overhead
comparison.

6.6 Model Convergence

Lesser number of communication rounds were required by the proposed framework to converge on
a global scheduling policy. On an average 50-60 training rounds are required for global convergence
which is reportedly faster than the vehicular focussed models. This fast convergence was made possible
in the proposed model because of the relatively lightweight task structures and distributed coordination
thus ensuring rapid deployment and significant reduction in operational cost. Figure 8 provides an over-
view of model convergence comparison.
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Figure 7. Scheduling overhead comparison
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6.7 Ablation Study

The ablation study evaluates the contribution of each module by comparing FRL-only, ABC-only
and the proposed Hybrid FRL-A-ABC framework under identical experimental conditions. Table 4
summarizes the key performance differences.

The study revealed that the FRL-only model was not able to refine fine-grained task ordering
while the ABC-only model failed to coordinate placement across edge nodes. The proposed hybrid
model demonstrated superior performance for delay, energy and load balancing by combining both the
strengths.

6.8 Hyperparameter Sensitivity Analysis

A sensitivity analysis was performed on key FRL, ABC and FL parameters to verify the robustness
of the proposed system. Table 5 lists the tested parameters and their observed effects.

The proposed hybrid framework depicted more reliable and predictable behaviour among all
the tested parameters. The proposed system maintains stability under typical deployment condi-
tions and is not hypersensitive to tuning as its performance degrades gradually under extreme set-
tings.

7 Conclusion

The authors in this paper have proposed a new hybrid task scheduling framework for edge cloud
environments. The new framework presented in this paper is a combination of FRL and adaptive swarm
intelligence algorithms in order to provide intelligent, energy-aware and context-aware task scheduling
in heterogeneous cloud environments.

The methodology proposed in this paper allows edge agents to do privacy preserving collaboration
which was not possible in traditional centralized or heuristic based methods. Because of this feature the
agents can dynamically adapt to fluctuating workloads and resource constraints and also allows them to
learn from distributed experiences. The experimental results demonstrated better performance as com-
pared to recent reinforcement learning and bio inspired scheduling methods discussed in [11, 16, 20].
The parameters used for this comparison were task completion time, load balancing, energy consump-
tion and task success ratio. The proposed model can be applied in real world domains such as industrial
IoT, digital twin [23] smart cities [24], healthcare systems and edge Al applications [25] as its modular
nature provides better scalability.

Stronger reinforcement learning baselines such as PPO, DDPG and SAC can be incorporated in the
future work to make the experimental comparison more extensive. Multi-objective evolutionary algo-
rithms like NSGA-II and MOEA-D can also be incorporated in the future work. These algorithms will
allow a deeper performance evaluation of the proposed model under equal computational budgets. The
simulation setup of the future experiments can also be extended by integrating richer workload mod-
els, detailed network and energy assumptions. More diverse edge-fog-cloud topology can also be used
and additional statistical validation can be done using multiple independent runs and significance tests.
Incorporation of all these enhancements will help in further strengthening the robustness and generaliz-
ability of the proposed framework.

Table 4. Ablation Study of System Components

Configuration Strengths Limitations Overall Outcome
FRL-Only  Learns global placement decisions ¢ No local queue optimization * Moderate performance;
* Reduces unnecessary offloading  Higher waiting time More constrained by poor task
» SLA violations ordering
ABC-Only « Efficient local reordering » No global context » Good local efficiency but
» Reduces queue waiting time « Creates hotspots unstable global performance

Poor load balancing

Hybrid FRL * Best global placement + local « Slightly higher scheduling * Consistently highest
+A-ABC optimization overhead due to dual modules performance across all metrics
(Proposed) » Lowest delay and energy *

Balanced load distribution
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Table 5. Sensitivity Analysis of Key Hyperparameters

Parameter Hyperparameters Tested Sensitivity Observation

Group

FRL Module Learning rate, discount factor, exploration Minor performance variations; stable convergence within
rate broad ranges

A-ABC Module  Colony size, limit value, employed/ Larger colonies improve quality but increase overhead;
onlooker ratio performance remains stable across typical ranges

Federated Aggregation frequency, participation rate, Hybrid model remains robust; slight slowdown under

Learning non-IID severity extreme non-IID settings but no convergence failures
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