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Abstract

Efficient task scheduling is essential in cloud and edge computing environments to minimize
execution latency, energy usage, and resource utilization. Although optimization problems can
be approached through heuristics and metaheuristics, like Particle Swarm Optimization (PSO),
Multi-Objective Bat Algorithm (MBO), and Multi-Objective Particle Swarm Optimization
(MOPSO), which are often time-consuming, cannot address dynamic workloads well and are
non-adaptive. Recent advances in Deep Reinforcement Learning (DRL)-based methods hold
promise for addressing these issues. Yet recent advances in state-of-the-art DRL work, e.g.,
Deep Q-Networks (DQN), Deep Deterministic Policy Gradient (DDPG) and Multi-Agent
DRL encounter scalability bottlenecks, inferior learning efficiency, and challenges of real-time
scheduling in large-scale hybrid cloud-edge settings. To address these drawbacks, we propose
EdgeCloud-DRL, a delivery framework based on Deep Q-Network (DQN) that uses target
network stabilization and experience replay to improve decision-making efficiency. Our
proposed framework is based on Q-learning, where at each step, it learns an optimal scheduling
policy by updating its set of Q-values to maximize the task success rate while minimizing the
latency and energy cost. Numerous experiments were performed using a customized edge-
cloud simulation environment, and the developed model was compared with PSO, MBO, and
MOPSO for various workload intensities (1000 to 20,000 tasks). Experimental results indicate
that EdgeCloud-DRL outperforms baseline methods by 28% in execution latency, 19% in task
success rate, and 23% in energy efficiency. The proposed EdgeCloud-DRL framework also
provides adaptive, scalable, and learning-driven schedulings, which are very demonstrably
applicable in real-time cloud-edge applications, IoT task schedulings, and distributed Al
workloads. These findings further manifest the impact of workload management based on
reinforcement learning optimization approaches within intelligent workloads in the current
computing infrastructures.
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. introduction

Cloud computing has emerged as the backbone of modern digital infrastructures, enabling on-
demand computational resources for diverse applications such as big-data analytics, Al, and
the Internet of Things (IoT). Nevertheless, the swift surge of cloud service users has resulted
in challenges in efficient task scheduling, resource utilization, and energy optimization. These
are only examples of conventional scheduling methods, including heuristic and metaheuristic
algorithms. Still, they are not ideal for meeting the challenges in dynamic and heterogeneous
cloud-edge environments. In addition, the recent advances in deep reinforcement learning
(DRL) have demonstrated the potential to optimize scheduling decisions using intelligent
learning approaches. However, most existing DRL-based models can still not scale or adapt
large-scale scenarios of cloud-edge computing effectively.

Several machine learning and DRL-based scheduling techniques have been devised in cloud
computing. Yan Gu et al. [1] proposed a DRL-based workflow scheduling solution with
simulated annealing, which reduced the cost but struggled with the real-time problem. Shuo
Zhang et al. [2] utilized a Deep Q-Learning model for multitask scheduling across multiple
clouds, achieving energy-efficient results but exhibiting latency variation under dynamic
workloads. Gorka Nieto et al. Ball, for example, proposed a DDPG-based reinforcement
learning framework for task offloading in 5G edge-cloud environments by optimizing for the
same task and considering offloading efficiency over flexibility versus dynamic workloads.
Heba Nashaat et al. [4]] developed a DRL model using multiple agents, with improved
execution time yet poor performance during large-task processing. Alberto Robles-Enciso et
al. Hierarchical reinforcement learning[5] was introduced to allow the use of various resources
with improved utilization, but the algorithm did not support flexible scheduling strategies for
heterogeneous environments. We build on these findings to propose a new approach that
balances execution efficiency, task success rate, and resource utilization and scales to support
a realistic number of agent instances.

To bridge these gaps, we propose EdgeCloud-DRL, a novel task scheduling framework based
on Deep Q-Network (DQN) for hybrid edge-cloud environments. The proposed framework
delivers efficient task execution with low overhead since it combines target network
stabilization and experience replay strategies in comparison with the traditional reinforcement
learning models. Some crucial innovations of EdgeCloud-DRL include adaptive scheduling
strategies, optimized reinforcement learning policy updates, and scalability improvements to
manage large-scale workloads efficiently. The performance is evaluated based on different
workload intensities, showing that EdgeCloud-DRL outperforms the existing heuristic and
learning-based scheduling models.

In this respect, the key contributions of this work include: (1) Deriving an intelligent DRL-
based task scheduling approach that focuses on optimizing latency, energy efficiency, and
resource utilization in a unified edge-cloud environment. (2) We establish an adaptive
scheduling strategy based on Deep Networks with a target network stabilizer and experience
replay to enhance the learning efficiency. (3) A benchmark performance evaluation with state-
of-the-art models, showing better scalability and adaptability to dynamic workloads.
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The remainder of this paper is structured as follows. An extensive literature review is presented
in Section 2, focusing on recent state-of-the-art DRL cognition-based scheduling
methodologies and their drawbacks. The proposed method is introduced in Section 3, including
the EdgeCloud-DRL framework, reinforcement learning model, state-action representations,
and reward mechanisms. Section 4 describes the experimental configuration and shows the
performance results of EdgeCloud-DRL concerning PSO, MBO, and MOPSO under different
workload intensities. Section 5 presents the key findings of our work and highlights the
relevance of the proposed approach in filling the gap that current techniques face while
mapping out the study's limitations in Section 5.1. Last but not least, Section 6 wraps up the
study and discusses emerging research opportunities for adaptive scheduling enhancement and
multi-agent reinforcement learning for better scheduling efficacy in intricate edge-cloud
infrastructures.

2. Related Work

Deep Reinforcement Learning (DRL) for task scheduling in edge-cloud computing
environments has been widely studied. Zhang et al. [28] designed a hybrid scheduling scheme
combining heuristics and RL scheduling policies to optimize tasks in a multi-cloud
environment. Gu et al. [1] and Zhang et al. [2] conduct cost-aware workflow scheduling,
leveraging DRL alongside heuristic-based optimization methods such as simulated annealing
to enhance task allocation. Nieto et al. [3] propose a deep reinforcement learning (DRL) based
dynamic task offloading for 5G edge-cloud computing scenarios overcoming the real-time
execution and resource allocation challenges. Nasheet et al. We introduce a distributed task
offloading framework by utilizing DRL not only to minimize the execution time but also the
energy consumption[4]. In the same manner, Robles-Enciso et al. [5] introduce a task
offloading model based on multi-layer guided reinforcement learning edge computing to
enhance task execution efficiency. Chen et al. [6] studied neural network-based scheduling
with heuristic policies to maintain workload optimality. Dreibholz et al. [7] propose a
lightweight in which the scheduling framework is specific to the used cloud and edge platforms
while balancing the trade-off between computational cost and execution efficiency.

Zhou et al. [8] extend the DRL applications to also apply to the Internet of Everything (IoE),
where they introduce a two-stage scheduling method to deal with complex workloads. Costa et
al. [9] proposed a mobility-aware scheduling mechanism, enabling continuous service
execution despite changing mobility conditions during vehicular edge computing. Yuan et al.
[10] propose a joint optimization model for continuous task scheduling and Digital twin-based
computing using deep reinforcement learning. Wu et al. [11] suggest the DRL-based service
migration techniques for satellite edge computing, where the continuity of tasks is complex to
address. Pang et al. [12] use deep reinforcement learning for satellite mobile edge computing
to reduce task execution latency. Qadeer et al. [13] propose a multi-resource greedy strategy in
edge-cloud systems based on a deep deterministic policy gradient (DDPG) algorithm. Roshan
et al. [14] leverage EdgeAISim, a far more general-purpose tool, to test the scheduling of Al
models in edge computing. Mangalampalli et al. The work of [15] introduces a multi-objective
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prioritized scheduler based on A3C reinforcement learning with experimental suggestions on
the benefits of such scheduler use in multi-cloud task executions.

Qi et al. One recent research work [16] investigates real-time scheduling for power grid digital
twin tasks using DRL to optimize the allocation of computational resources accurately. Raeisi-
Varzaneh et al. [17] discuss a taxonomy of resource scheduling in edge computing, with
research challenges and future directions. Fan et al. [18] apply deep reinforcement learning for
scheduling tasks on edge devices and prove energy-efficient allocation of workloads. Panwar
et al. [19] proposed reinforcement learning-based proactive resource allocation in cloud
computing to improve performance. Wen et al. [20] fast DRL-based scheduler configuration
tuning using minimal samples to reduce tail latency in edge-cloud environmental settings.
Zheng et al. For instance, [21] utilizes deep reinforcement learning to optimize workload
scheduling to enable adaptive scheduling policies. Jain et al. [22] on 6G-enabled edge
computing powered by Cybertwin and educating the DRL-driven resource allocation. Baghban
et al. They consider actor-critic reinforcement learning to be federated edge computing
optimizing by scheduling IoT request service provisioning [23].

Zhao et al. In [24], a Q-learning-based task scheduling approach for edge computing under
low-load conditions is proposed, which improves resource efficiency. Dong et al. [25] present
a cloud-edge joint-aware approach for task deployment and load balancing with high
scheduling efficiency. Liu et al. [26] propose a reinforcement learning model for multi-AGV
offloading scheduling industrial IoT for optimizing workload distribution. Tuli et al. [27]
proposed a stochastic scheduling method based on residual recurrent neural networks to
improve dynamic edge-cloud resource allocation. Chen et al. [29] adaptively balance
workloads using DRL in edge-cloud hybrid architectures for IoT microservice deployment. Lu
et al. [30] provide a QoS-aware task scheduling scheme to prioritize real-time execution in the
cloud-edge network. Qi et al. [31] developed a multi-task DRL-based scheduler for
autonomous driving while making optimal decisions in high-mobility situations. Sellami et al.
[32] explore energy-aware DRL-based scheduling, in which system capacity is carefully
configured to consume power efficiently in SDN-supported IoT environments.

Cho et al. [33] propose a hierarchical approach to QoS-aware workload distribution across edge
clouds, focusing on resource optimization. Zhang et al. [34] introduce reinforcement learning-
based scheduling for executing DIAG-based workflows, achieving better execution efficiency.
Pan et al. Although [36] proposed a dependency-aware DRL framework for computation
offloading in mobile edge computing to avoid non-optimized execution paths, it only uses a
single DRL model for several scenarios. Ding et al. [37] present a cost-efficient, dynamic
allocation of edge-cloud environment tasks, balancing execution and scheduling expenses. Tuli
et al. build an a stochastic model for deadline-aware scheduling based on DRL for dynamic
resources management. Ding et al. To provide such efficient scheduling of tasks, Han et al.
[39] propose a Q-learning-based task scheduling, reducing the execution overhead
significantly. Sellami et al. [40] confront an energy-efficient task scheduling using deep
reinforcement learning that allocates the distribution of tasks in SDN-enabled IoT networks. In
summary, studies highlight the comparative effectiveness of DRL-based task scheduling
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frameworks, reporting significant improvements in execution efficiency, energy consumption,
and real-time performance. EdgeCloud-DRL leverages these developments with integrated
deep reinforcement learning for adaptive task scheduling, yielding efficient workload
distribution, energy efficiency, and real-time execution optimization in dynamic edge-cloud
environments.

3. proposed framework

The proposed DQN-based EdgeCloud-DRL for Hybrid Edge—Cloud Task Scheduling adds the
concepts of target networks and experience replay, which addresses the issue of distributing
workloads effectively in a way that allows for adaptive learning. While the state space is
modeled as system parameters like resource availability, bandwidth, and task complexity,
action space defines offloading between edge and cloud nodes. A reward function that would
minimize the execution latency, energy consumption, and scheduling overhead is designed.
It ensures scalable, low latency, and efficient execution of tasks under dynamic workloads in
real-time environments; therefore, it iteratively updates the Q-values using reinforcement
learning.

3.1 Overview

As shown in Figure 1, we present the design and implementation of the proposed EdgeCloud-
DRL framework for intelligent task scheduling in edge-cloud environments. The methodology
can be broken down into various interrelated components, beginning with the task submission
layer, which is the interface through which user-generated and IoT-generated tasks are
submitted into the system. * Each task is specified with computational complexity, a priority
level, the bandwidth required, and the latency constraints. The DRL-based scheduling agent
takes these tasks as inputs and makes real-time offloading decisions according to dynamic
resource availability. The DRL-based task scheduler keeps observing the system's state, such
as available CPU resources at edge nodes, network bandwidth, cloud server levels, and
workload characteristics. Using this state representation, the scheduler chooses an action from
the action space defined by a predefined set of actions: to process a task at an edge node or
offload it to the cloud. An epsilon-greedy policy governs the decisions, allowing exploration
versus exploitation during training to enhance the scheduling efficiency over time.
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Figure 1: Architecture of the EdgeCloud-DRL Framework for Intelligent Task Scheduling in
Edge-Cloud Environments

The task can be processed at the edge or sent to the cloud upon action selection. If executed,
the system benefits from low-latency processing at the edge yet computationally provides
limited resources. Offloading the task into the cloud guarantees high computational power, but
transmission and response delays are another aspect. This reward function assesses the effect
of each action on task execution time, energy spent, and efficacy of the entire system, informing
future scheduling choices. To improve scheduling policies, a feedback mechanism should be
integrated into the binding process. Finally, the reward function updates the Q-values in the
deep Q-network after each task execution. The expected rewards can be accumulated by
learning optimal distribution policies through many iterations. The training period includes
experience replay, in which historical state-action-reward transitions are stored and sampled to
stabilize learning, condemning overfitting and guaranteeing convergence. We have assessed
the system's overall performance based on key metrics, such as average latency, average
energy consumption, and average task success rate. As depicted in Figure 1, this methodology
successfully achieves load-sharing distribution and optimal resource utilization in both edge
and cloud environments.

3.2 Proposed Model EdgeCloud-DRL

As shown in Figure 2, the EdgeCloud-DRL model employs a DQN (Deep Q-Network) agent
for optimal task scheduling in the edge-cloud environment. The model comprises interwoven
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building blocks starting with the environment, which is always the complete set of state
variables and actions. The state space incorporates essential system parameters, including the
number of CPUs, bandwidth, task complexity, deadlines for task execution, and availability of
cloud servers. The action space consists of scheduling decisions as each task can be executed
on an edge node or be off-loaded to the cloud for processing. With that, the agent takes the
state variables as input and passes them through several neural network layers, resulting in the
optimal scheduling action. The system's state is encoded in the input layer, followed by a series
of hidden layers comprising nonlinear input transformations for function approximation of
applicable task scheduling policies. The output layer consists of the estimated Q-values for all
actions, enabling the agent to take scheduling actions to maximize the expected reward. The
Q-network is trained iteratively, using experience replay and temporal difference learning to
update its weights.
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Figure 2: EdgeCloud-DRL Model — Deep Q-Network (DQN) Based Task Scheduling
Framework

The action selection module decides if a task will be executed at the edge or offloaded to the
cloud. An epsilon-greedy policy is used to select the action: the agent chooses the action with
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the highest Q-value with high frequency but also explores by selecting alternative actions to
gain information for effective learning. Based on the desired action to execute, the system state
transitions, dynamically updating the current availability of resources, tasks in the queues,
status of the network conditions, etc. Based on the result of executing this policy, which
includes information such as execution latency and energy consumption, the system computes
a reward that allows it to improve the scheduling policy.

The reward function assesses the quality of each scheduling decision concerning multiple
optimization objectives. Decisions resulting in lower latency, energy cost, and task success
within deadlines are rewarded positively. In contrast, a negative reward is given if the task
needs to wait too long, overuses resources, or causes failures in scheduling. The Q-values are
updated within the neural network, allowing the system to learn the optimal scheduling policy
over multiple training iterations. As shown in the feedback path in Figure 2, the reinforcement
learning loop continuously breaks down the scheduling agent decision-making process. The
update of the Q-network follows the Bellman equation, predicting the expected future rewards
of every possible action, which is continuously updated through temporal difference learning.
Experience replay is used in training: past transitions are stored in memory and randomly
sampled to stabilize learning and avoid overfitting. By doing so, the model can be generalized
across different workload situations and new task-scheduling environments.

In addition, the technical analysis shows that the EdgeCloud-DRL model efficiently balances
task execution between edge and cloud during execution. Lower latency is also obtained by
scheduling real-time tasks at edge nodes and utilizing cloud resources for time-consuming jobs
in this model. This reinforcement learning-based approach autonomously adjusts the
scheduling policy, responding to changes in workloads and system conditions, in contrast to
static heuristic-based scheduling methods. EdgeCloud-DRL achieves 1012% improvements in
execution time, 2-5% improvements in resource utilization, and 810% improvements in
reliability/robustness, compared to two baseline scheduling algorithms as exhibited by metrics
like average latencies in completing a task, energy usage, task success rate, and scheduling
efficiency. The notations used in the proposed system are shown in Table 1.

Table 1: Shows Notations Used in the Proposed System

Notation Description
St System state at time step t
R? Available CPU resources at the edge
B¢ Available bandwidth at the edge
Cf Available computational capacity of the cloud
W; Current workload characterized by task complexity, size, and priority
A Action taken at time step t (task scheduling decision)
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A Set of possible actions (offload to edge or cloud)

(P(S_{t+1} S t,A t))

R; Reward function used to optimize scheduling

fiatency (s,a,) | Latency penalty function

Energy consumption penalty function

fenergy (seap

fsuccess (spap) | Task success reward function

aq, ay, az Weighting factors for latency, energy, and success functions

TC,T¢ Task computation time at cloud and edge

B¢, B¢ Available bandwidth at cloud and edge

pe, p¢ Power consumption rates at edge and cloud
6 Task priority factor
p Sensitivity parameter for task execution time

Q(S;:, Ap) Q-value function representing expected rewards

] Learning rate in the DRL model
y Discount factor for future rewards

L(6) Loss function for training the Deep Q-Network
Vi Target Q-value used for reinforcement learning
6~ Parameters of the target Q-network

To mitigate the high latency and energy consumption of tasks executed in an Edge-Cloud
computing environment, this proposed system, EdgeCloud-DRL, designs task scheduling as a
Markov Decision Process (MDP). It represents the system state at any time step t As a tuple:

S; = {Rf:Bf»th»Wt}

where Rf is the available CPU resources at the edge, By is the available bandwidth, Cf is the
available computational capacity of the cloud, and Cf is the current workload described by
task complexity, size, and priority. The DRL agent chooses an action 4;, A which is discrete
that decides whether a task should be executed at the edge or offloaded to the cloud. The
following action space definition:

A = {A°, A°}
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Where A¢ represents running the task at the edge and A refers to offloading to the cloud. The
following state will occur with transition probability defined by the transition probability
function P, where the environment transitions from its current state S; to the next
stage S¢4+1 based on an action at:

P(Sts1,/ St Ar)

where state transitions are conditioned on resource availability, task completion, and dynamic
workloads, the EdgeCloud-DRL model learns the long-term cumulative reward function
concerning the execution efficiency of the task, energy consumption, and latency constraints.
Let us define the function as:

R = a1 fiatency (St At) + @2 fenergy (St Ar) + a3 fouccess (Se, Ae)

where fiarency (S¢, A¢) penalizes high-latency decisions, fenergy (S¢,A¢) penalizes energy-

intensive computations and fiyccess (St Ag)rewards successful task completions. The
weighting factors @, a,, a; are used to balance these objectives. The latency function is given

by:
_TI° _ gc e _ ge
flatency (StrAt) — Bc H(At =A ) + Be H(At =A )
where T and T® denote task computation times at cloud and edge, respectively, while, B¢, B®

Are the corresponding bandwidths. We start by defining the energy consumption:
fenergy(St»At) = PeTeH(At =A%) + PCTCH(At = A°)

Where P€ and P¢ are the power consumption rates at the edge and cloud. It is formulated that
task success functions as follows:

fsuccess (St'At) = 6(1 - e_BT)

Where § shows task priority, § is the task execution time t sensitivity. The Bellman equation,
as follows, update the Q-value function of the DRL agent:

Q(SuA) = Q(Su A +1 R +v maxQ(Sess, A7) = Q(S, 4D

where 7 is the learning rate and y is the discount factor that weighs between immediate and
future rewards. The EdgeCloud-DRL model utilizes a Deep Q-Network (DQN) as an
approximator of the Q-value function, which includes an input layer to encode the system state,
several hidden layers with nonlinear activation functions, and an output layer to represent Q-
values for every action. Defining the loss function training the DQN:

L(®) =E [(yt —Q(St, A 9))2]

where the y; = R, + ymax, Q(S;41,A’;07) Target Q-value is calculated from a separate
target network with parameters. 8~ The model is trained with experience replay to stabilize the
learning and avoid overfitting. The EdgeCloud-DRL framework eventually refines its decision-
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making ability by continuously tightening the scheduling policy to optimize task execution and

significantly reduce in-time delay and energy overhead.

3.3 Proposed Algorithm

The EdgeCloud-DRL algorithm leverages Deep Q-Network (DQN)-based reinforcement
learning for efficient task scheduling in edge-cloud environments. It dynamically allocates
tasks by learning optimal scheduling policies through experience replay and temporal
difference learning. By balancing execution latency, energy consumption, and task success

rate, it outperforms heuristic approaches, ensuring adaptive, real-time scheduling for diverse

workloads.

Algorithm: EdgeCloud-DRL Task Scheduling Framework
Input:

S; ={R{, BE, Cf,W,} (State representation)

A = {, A%, A} (Action space: Edge or Cloud)

DRL parameters:n, y, ,€,0,0~

Output:

Optimized task scheduling decisions A®

Step 1: Initialization

Initialize Q-network Q(S;, A;; 8)with random weights.
Initialize target Q-network Q (S, A 07) = Q(S;, A; ).

Set experience replay memory M and exploration rate epsilon €.

Step 2: Training Process
4. For each episode do
a. Observe initial state St.
b. For each task tdo
1. Select action A, using € -greedy policy:
A; = arg maxQ(S;, A;) w.p(1 —¢€), random action w.p €.

1i. Execute  A; and observe next state S¢1reward R;
iii. Store (S;, A, Rt, S¢4+1) in replay memory M.

iv. Sample minibatch (S;, 4;, R;, S;+1) from M.

V. Compute target Q-value:

Yi = R +ymax, Q(S;41,4%507)
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vi. Update Q-network via gradient descent:
0« 6—nVye L(B)

vii. Every C steps, update target network: 0~ « 6.
C. Decay exploration rate: € < €.€gecay
5. End For

Step 3: Task Execution

6. Deploy trained model for scheduling decisions.

Algorithm 1: EdgeCloud-DRL Task Scheduling Framework

Algorithm 1 is the edge-cloud environment task scheduling based on the DQN reinforcement
learning model. The process starts with an initialization stage, where the Q-network is
randomly initialized, and a target Q-network is created to help with stable learning. State Space:
based on system parameters, such as available edge resources, network bandwidth, cloud
capacity, and workload characteristics. The experience replay memory is created to allow the
agent to retain past state-action transitions for efficient learning. Throughout the training
process, the algorithm runs through several episodes, each comprising an entire sequence of
task-scheduling decisions. The system can access the initial state at the beginning of each
episode, creating dynamic solution paths for presented tasks. The agent uses an epsilon-greedy
policy to decide which action to take for each task, balancing exploratory action with exploiting
the current knowledge. The agent explores a random scheduling decision with a probability of
€, otherwise selects the action with the highest Q-value. Depending on the chosen action, the
task is performed at the edge or sent to the cloud to be executed.

However, when the task is scheduled, the system moves to a new state upon updates of
resources and changes in workloads. The reward function assesses how well we made the
scheduling decision, so we must tie in several factors, such as the task execution time, energy
consumption, and whether or not the task was scheduled successfully. If this task execution
meets the performance criteria of the System, a positive reward will be given. Otherwise, if too
much time is spent, resources become bottlenecked, or scheduling fails, a negative reward is
given. In addition, the calculated reward and new system state are stored in the experience
replay buffer. The agent is trained over time by continuously improving its scheduling strategy
by applying a temporal difference learning algorithm to update the Q-values. For each action,
the target Q-value is provided by the reward received and the maximum Q-value of the next
state. Using gradient descent to update the Q-network to reduce the loss function between the
actual and predicted Q-scores The Q-network used for calculating targets is updated less
frequently to promote stability between learning steps and prevent drastic changes in Q-value
estimates.

The algorithm implements experience replay, applying a random sample of past transitions
from the memory buffer to the training of its Q-network. This allows for improving the
generalization of the scheduling policy and preventing overfitting to the most recent
experiences. The agent learns to make better decisions through several episodes by exploiting
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learned actions over time and slowly decreasing the exploration constant €. The training process
is repeated until convergence, meaning that the processing decisions consistently reduce
latency and energy consumption and maximize success rates in the long term. The trained
algorithm is then used for real-time task scheduling in an edge-cloud environment. The trained
model makes scheduling decisions by selecting the best action for each incoming task
according to learned Q-values. Core measures assess overall system performance, including
average latency, energy consumption, and scheduling success.

3.4 Experimental Setup

In this section, we present the experimental scenario of EdgeCloud-DRL under a VNE-DRL
framework, in which the deploying flow in DQN is used to schedule tasks dynamically in the
simulated edge-cloud. The simulated environment comprises several edge nodes with different
computational resources and one shared cloud server with greater processing power but higher
latency. The nature of the task issues randomly, where it can, for example, vary in complexity,
priority, or resource requirement. Workloads range from small, real-time edge tasks to large,
compute-heavy cloud tasks in the training dataset. With a few items shown, the experimental
approach ensures that the system experiences a variety of activity schedules and is ready to
evaluate the EdgeCloud-DRL model properly.

DQN Model Hyperparameters DQN hyperparameters are carefully selected to achieve
convergence and optimal scheduling performance. We use a learning rate n = 0.001 to ensure
a good trade-off between learning speed and update stability. We set y = 0.95, which gives
more weight to long-term rewards in assigning schedules. The exploration rate € of the agent
is set to 1.0, promoting exploration initial episodes, and decays exponentially to 0.01 as the
agent zeroes in on optimal scheduling policies. We set the batch size for experience replay to
32, which allows the agent to learn efficiently from replayed transitions. The replay memory
size 1s kept at 2000 experiences to avoid overfitting with training samples and to ensure various
training adversarial samples to train against. The target Q-network update frequency is set to
every 100 episodes to stabilize the Q-value updates and prevent oscillations during training.

The prototype application is written in Python, using TensorFlow and Keras for the deep
reinforcement learning model, leveraging OpenAl Gym to simulate the scheduling
environment. The real-world edge-cloud infrastructures are being simulated with the help of a
simulation framework, where edge nodes are supposed to execute tasks at the edge when
sufficient resources are available and offload them to the cloud when computational demand
exceeds available resources. The tasks have parameters like CPU cycles, memory
requirements, deadlines, etc. Scheduling decisions are written to a log, and performance
telemetry (e.g., execution latency, energy usage, task success rates) can be collected for
analysis. The EdgeCloud-DRL model is trained for fitting task scheduling through 500
episodes.

Researchers can also replicate the experiment using the same simulation and set of hyper-
parameters. A standard computing system with at least §GB RAM, a multi-core CPU, and a
GPU capable of accelerating DQN training can deploy the model. We can reproduce a similar
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data generation process whereby tasks arrive randomly with defined parameters by modeling
task arrival with a Poisson distribution and the variations in resources with Gaussian
distributions. Both training and main Q-network updates will be handled using experience
replay and target Q-networks as usual. These configurations allow researchers to reproduce the
EdgeCloud-DRL framework and replicate its rank performance over baseline scheduling
algorithms.

3.5 Evaluation Methodology

Several performance metrics concerning task scheduling algorithm efficiency in an edge-cloud
environment are utilized in this evaluation. The key performance indicators are task execution
latency, energy consumption, task success rate, and scheduling efficiency. Task execution
latency is calculated as the processing and transmission delay. If the task runs at the edge, the
latency is:

Where T¢ is the task size, B® is the available bandwidth, and C€¢ is edge processing time. If
it is offloaded to the cloud, the latency includes the transmission delay, the cloud processing
delay, and the response delay, which is expressed as

Le=— +C°+D"
BC

where T€ is the size of the task, denotes B¢ the bandwidth to the cloud, C¢ refers to the
processing time in the cloud and DT reflects the response delay from the cloud to the edge.
Latency for all of the scheduled tasks over some time is defined as

Leotar = Zi-1(Lel(A = A°) + LI(A, = A°))

Where [(A; = A®) and [(A; = A°) the indicator functions indicate the edge executing the
task and the one offloading to the cloud, respectively. Another important metric is the energy
consumed, including edge processing and cloud execution. The energy consumed by a task
executing at the edge is calculated as

E, =P x C®

Where P is the power consumption rate at the edge, and C¢ is the execution time in the edge.
The energy that is consumed when we offload the task to the cloud is as follows:

E. =P xC*

Where P€ is the cloud server power consumption rate, andC® is the processing time in the
cloud. The energy consumption over all the tasks is represented as

Etotar = thv—1(EeH(At = A®) +E.I(A; = Ac))

where N is the number of all tasks that have been scheduled. The task success rate measures
the fraction of functions that are completed under the deadline constraint and is expressed as

Received: August 09, 2025 852



International Journal of Applied Mathematics
Volume 38 No. 6s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

_ Nsuccess
Srate _N— X 100%
total

Where Ng,ccess the number of completed tasks; Nyytq; the total number of submitted tasks. A
high success rate is the measure of efficient scheduling and resource allocation. We further
evaluate the effectiveness of task scheduling by an overall scheduling effectiveness metric as
a composite of latency, energy, and success rate as

SE=W1( ! )+W2( ! )+W35rate
Ltotai Etotal

Where wy, w,, w; are weight factors for latency, energy, and success rate, respectively. The

agent learns through trial and error, continuously refining its strategy until it converges on an
optimal solution. Where the Q-value function calculated in the deep Q-network is updated
using

Q(SuA) = QS A +n Ry +v maxQ(Ssn, A7) = Q(S, 4D

where 7 is the learning rate, y is the discount factor, and R.is the reward received for taking
action A;in state S; This one will sample past transition experiences and store them to stabilize
learning. The loss for training the neural network is as follows.

L(®) =E [(yt —Q(St, Ag; 9))2]

Which y; = R, + ymax, Q(S;41,A’; 607) The target value is calculated with a separate target
network with parameter. 6~ Training continues until the model converges to make the best
scheduling decisions. To understand the performance of the EdgeCloud-DRL framework, it is
benchmarked with heuristic-based scheduling methods such as PSO, MBO, and MOPSO,
considering execution time, energy efficiency, and scheduling success rates.

4. EXPERIMENTAL RESULTS

The proposed EdgeCloud-DRL framework was evaluated experimentally by employing a
simulated workload dataset, with tasks dynamically generated via a tailored edge-cloud
simulation environment. We compare EdgeCloud-DRL against state-of-the-art for task
scheduling approaches (i.e., Deep Reinforcement Learning with Simulated Annealing (Yan
Guetal. [5]), A3C (M. Wang et al. [2]), DDPG Based Reinforcement Learning (Gorka Nieto
et al. [3]), Multi-Agent DRL (Heba Nashaat et al. [4]), and Hierarchical Reinforcement
Learning (Alberto Robles-Enciso et al. [5]). These models are extensively used to improve
cloud and edge computing scheduling efficiency. These experiments were implemented in
Python, constructed using TensorFlow and OpenAl Gym, and ran on an Intel Core 17 (CAS
6700, 8 x 420GHz (3.40GHz)). EdgeCloud-DRL was tested with workloads of different
intensities, and the experimental results show its adaptability and scalability in terms of
execution latency, energy, the successful rate of the tasks, and scheduling overhead.
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Figure 3: Reward Progression Over Episodes

The reward accumulation in the episodes, shown in Figure 3, indicates the learning
performance in the EdgeCloud-DRL model throughout the training process. Here, the y-axis is
the total reward per episode, and the x-axis is the number of episodes. The divergence in reward
values reflects an example of exploration-exploitation in reinforcement learning as the model
adjusts its scheduling policy in response to model feedback. In the first learning iterations,
reward values fluctuate significantly as the exploratory phase of the DQNagent is where
different scheduling actions are explored. While the model stabilizes gradually with training,
this can still introduce variability due to the dynamic nature of task scheduling in edge-cloud
environments. It seems that the range of the rewards is between -4200 and -4800, which
indicates that our reward function has been defined in the right way to put a penalty on deciding
not to use the most optimal approach to do a task while giving away points for choosing to do
a task that both freeing resources or making sure that a task would need can be done at a later
period.
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Figure 4: Task Offloading Distribution
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Figure 4 shows the task offloading distribution through task allocation between different edge
nodes (Edge 0 to Edge 4) and the cloud. The x-axis shows the offloading destination, while
the y-axis specifies how many tasks are set to each location. The distribution indicates how
EdgeCloud-DRL balances workloads between edge devices and the cloud. It can also be seen
from the figure that most tasks are assigned to edge nodes, and the edge node with the most
assigned tasks is Edge 4, followed by Edge 3, Edge 2, and Edge 1. This means the model
prefers to perform functions at the edge instead of offloading them to the cloud, which is
consistent to minimize latency and network overhead. The cloud hired the fewest tasks,
indicating that only high-computation or deadline-flexible jobs are offloaded to cloud servers.

Task distribution among the edge nodes may vary due to resource availability, network
conditions, or workload balancing strategies selected by the DRL agent. (Note that the
increased allocation to Edge 4 and Edge 3 could suggest that these nodes have more processing
capacity, relatively lower current loads, or more available bandwidth.) Conversely, the less
cloud resource allocation in the second scenario indicates that EdgeCloud-DRL improves local
execution and thus outperforms the original data-intensive execution scenario in system
performance.
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Figure 5: Epsilon Decay Over Training

Finally, Figure 5 depicts the epsilon decay curve, visually representing how the exploration
rate (€) is modified throughout the training episodes. The x-axis shows the episode number,
and the y-axis shows the epsilon value that dictates the probability of taking a random action
versus an action based on the learned Q-values. The curve shows how the optimization moves
from a more exploratory phase to a more exploitative one as training continues. The epsilon is
1.0, so the EdgeCloud-DRL agent explores extensive task scheduling strategies without
experience. We can internally model this using epsilon greedy methods, whereby epsilon
decays slowly during training according to an exponential decay schedule, promoting the
model towards exploiting optimal scheduling policies. In the 300th episode, epsilon is around
0.2, indicating that the agent mainly acts based on what it has learned, with a small percentage
of epsilon coming into play as it adapts to the changing conditions. The exploration to
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exploitation trade-off approach is smooth and monotonic by continuously decreasing epsilon,
avoiding convergence to suboptimal scheduling policies. Using a well-calibrated epsilon decay
strategy, the model generalization is improved, and it can discover efficient scheduling
solutions without relying on random actions. At the same time, if its decay rate is too fast, the
model might get stuck in a local optimum too early. On the other hand, slow decay may also
yield prolonged suboptimal performance due to excessive exploration.

100 4 — Latency per Task (ms)

80 ~

60 A

Latency (ms)

40 A

20 ~

T T T T T T
0 5000 10000 15000 20000 25000 30000
Task Assignment Steps

Figure 6: Latency Trends Over Task Assignments

Figure 6 shows the latency trends over task assignments, which describe how the latency for
the same task execution changed according to several scheduling decisions made by
EdgeCloud-DRL. The x-axis also indicates the task assignment steps, while the axis shows the
number of scheduled tasks in milliseconds. Data is collected on execution delay, with the
latency values ranging from nearly zero to about 100 milliseconds. The high density of latency
points indicates many variations in task execution time, which dynamic workload situations,
resources in hand, the execution decision of the scheduling model, etc, can cause. Most tasks
are executed with this low latency, indicating good scheduling. On the other hand, some tasks
have more oscillations, which is still explainable by offloading decisions; network congestion
or computation requirements are more significant than processing capability. The existence of
execution for some higher-latency tasks every time a run occurs indicates that some scheduling
decisions are causing more excellent execution time of code based on how specific data went
off to the cloud and how long it takes to transmit. In contrast, the sporadic low latency spikes
suggest the possibility of minimal execution time tasks being scheduled, likely taking
advantage of scheduling optimizations or available edge resources.
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Figure 7: Energy Consumption Over Task Assignments

Energy Consumption Patterns over Task Assignments: displays the distribution of multiple
energy usage during scheduling decisions based on Figure 7—Energy Consumption Trends
over Task Assignments upon EdgeCloudDRL. The X-axis, the task assignment steps,
represents several scheduled tasks over time, and the Y-axis represents the energy consumption
per task (joules). This distribution captures variability in power, from virtually no power usage
up to above 14 joules. Due to the concentration of the point clouds, it is evident that energy
consumption is still relatively high for many task assignments. This variation is likely due to
differences in task complexity, location of task execution, and availability of resources. Edge
execution usually has lower energy costs, while offloading computations to the cloud can also
add an energy cost due to the overhead of transmitting information and performing data-intense
computation on servers. Lower energy values exist because some tasks are effectively planned
with minimal power consumption or assigned to the best edge resource. While generally, there
is high energy usage, and it then drops, occasional sharp dips indicate that system activity
requires much lower power than usual to execute tasks. These dips can be due to lightweight
tasks like manipulation commands, efficient scheduling decisions, or load-balancing strategies
to save energy. These redirections in energy consumption indicate that the nature of the task,
its computational intensity, and network status are key drivers of the system's efficiency.

Table 2: Comparison of Scheduling Methods Across Different Workload Intensities in
Terms of Performance Metrics

Workloa | Method Task Energy Task Resource | Schedulin
d Executio | Consumptio | Succes | Utilizatio | g
Intensity n Latency | n (J) s Rate | n (%) Overhead
(Jobs) (ms) (%) (s)

1000 PSO 72.5 12.1 78.2 71.3 2.12

5000 PSO 68.3 11.3 80.6 74.5 1.95
10000 PSO 65.4 10.8 82.3 76.5 1.82
20000 PSO 63.7 10.3 83.9 78.3 1.74
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1000 MBO 65.2 11 81.5 74.6 1.95

5000 MBO 61.4 10.1 83.7 77.2 1.78

10000 MBO 58.9 9.6 85.7 79.8 1.65

20000 MBO 56.3 9.2 87.1 81.4 1.56

1000 MOPSO 61.8 10.2 85.2 77.9 1.75

5000 MOPSO 58.2 94 87.4 80.6 1.61

10000 MOPSO 54.2 8.9 89.1 83.2 1.49

20000 MOPSO 51.7 8.5 90.3 85.1 1.41

1000 EdgeCloud- | 50.4 7.8 90.4 83.7 1.35
DRL

5000 EdgeCloud- | 46.8 7.1 92.2 86.3 1.24
DRL

10000 EdgeCloud- | 43.6 6.5 94.5 88.9 1.12
DRL

20000 EdgeCloud- | 41.1 6 96.1 90.5 1.05
DRL

Table 2 illustrates a comparative study of our proposed solution, EdgeCloud-DRL, against
PSO, MBO, and MOPSO under various workload intensities. The experimental results show
that EdgeCloud-DRL always obtains lower latency, less energy consumption, a higher task
success rate, good resource utilization, and minimal scheduling overheads, confirming the
effectiveness, efficiency, and scalability, as well as its dynamic capability of scheduling the
tasks in edge-cloud computing resource environments.

Performance Comparison Across Different Workload Intensities
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Figure 8: Comparative Analysis of Scheduling Methods Across Different Workload
Intensities Using Bar Graphs for Key Performance Metrics.
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Table 8 provides a comparison between various scheduling techniques, including Swarm
Optimization (PSO), Multi-Objective Bat Algorithm (MBO), Multi-Objective Particle Swarm
Optimization (MOPSO), and the EdgeCloud-DRL (proposed approach) for workload
intensities of 1000, 5000, 10000 and 20000. The performance will be analyzed regarding task
latency, energy usage, task success ratio, resource utilization, and scheduling overhead. The
outcomes show that EdgeCloud-DRL significantly outperforms the baseline algorithms in all
workload intensities. EdgeCloud-DRL achieves the lowest task execution latency and is
smaller than those of PSO, MBO, and MOPSO by 31%, 14%, and 18%, respectively. More
specifically, as the number of tasks rises, the latency improvement is stable, indicating the
scalability of the deep reinforcement learning-based scheduling scheme. As the energy
consumption results highlight, EdgeCloud-DRL reduces the number of performed
computations and minimizes the required power, thus constantly consuming the lowest amount
of energy for all workloads.

The task success rate is another important metric, in which EdgeCloud-DRL can obtain the
highest value of 96.1% for 20,000 tasks, while PSO, MBO, and MOPSO values are lower. It
indicates how well our proposed approach can be performed successfully with the workload
heightened, which can thus make our approach one of the most eligible techniques for the
performance of large-size edge-cloud environments. A similar trend can be observed in the
resource utilization rate of EdgeCloud-DRL, which is still higher than the compared baseline
methods, indicating the performance of EdgeCloud-DRL to utilize and balance the
computation resources between the cloud and edge nodes. In EdgeCloud-DRL, the scheduling
overhead (i.e., the time taken for making scheduling decisions) is kept to a minimum. Hence,
decisions are fast, putting less pressure on decision making with increasing workload intensity.
From the results, it is evident that the heuristic-based approaches PSO, MBO, and MOPSO
cannot sustain their efficiency at larger workloads while EdgeCloud-DRL maintains their
robustness, adaptiveness, and computational efficiency. Thus, the overall average performance
improvement for a wide range of workload intensities further provides clear evidence for the
efficiency of using deep reinforcement learning-based dynamic task scheduling in edge-cloud
environments.

Table 3: Comparative Analysis of EdgeCloud-DRL with Existing Task Scheduling
Approaches in Cloud and Edge-Cloud Environments

Refe | Sche | Performan | Worklo | En | Algorit | Expe | Scalabi | Results
renc | duli | ce Metrics | ad vir | hm rime | lity Summary
e ng Conside | on | Used ntal
App red me Setu
roac nt P
h
Yan | DRL | Cost, Cloud Cl | DRL + | Clou | High Lower cost but
Gu |+ Latency Workflo | ou | Simulat | dSim higher latency
et al. | Sim ws d |ed
[1] ulate
d
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Ann (5000+ Anneali

ealin tasks) ng

g
Shuo | Dee | Latency, Multi- M | Deep Simul | Modera | Moderate energy
Zhan | p Energy Cloud ult | Q- ated | te savings, but
g et | Rein Tasks i- | Learnin | Multi latency
al. force (Dynam |Cl | g - fluctuates
[2] ment ic) ou Clou

Lear d d

ning Envir

onme
nt

Gork | DRL | Offloading | 5G 5G | DDPG- | 5G High Efficient
a for | Efficiency | Edge- Ed | based | Netw offloading  but
Niet | 5G Cloud ge- | RL ork lacks real-time
o et | Edge Tasks Cl Simul adaptability
al. - ou ator
[3] Clou d

d
Heb | Distr | Task Edge- Ed | Multi- | Edge- | Modera | Improves  task
a ibute | Execution | Cloud ge- | Agent | Clou |te execution  but
Nash | d Time, Tasks Cl | DRL d struggles  with
aatet | DRL | Success (Dynam | ou Simul large-scale
al. Rate ic) d ation workloads
[4]
Albe | Mult | Resource Hierarc | Ed | Hierarc | Hiera | High Better resource
rto i- Utilization | hical ge- | hical rchic utilization  but
Robl | Laye Edge- Cl |RL al lacks scheduling
es- rRL Cloud ou Edge- flexibility
Enci d Clou
so et d
al. Setup
[5]
Edge | Dee | Latency, Hybrid | Hy | DOQN Clou | Very Achieves lowest
Clou | p Q- | Energy, Edge- bri | with dSim | High latency, highest
d- Net | Success Cloud d | Target |+ (Adapti | success rate, best
DRL | work | Rate, (1000, Ed | Networ | Edge | ve to | resource
(Pro | (DQ | Resource 5000, ge- | k & | Clou | Large- | utilization, and
pose | N- Utilization, | 10000, | Cl | Experie | dSim | Scale lowest
d) base | Scheduling | 20000 ou | nce Worklo | scheduling

d) Overhead jobs) d | Replay ads) overhead

Table 3 compares the different task scheduling methods based on deep reinforcement learning
and the proposed EdgeCloud-DRL framework. For instance, the model implemented in (Yan
Gu et al.) combines deep reinforcement learning (DRL) and simulated annealing algorithm,
minimizing the cost and latency of cloud workflows. Yet, this approach focuses on cloud
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deployment only and ignores dynamic task offloading in hybrid edge-cloud infrastructures.
Following this, the method described by Shuo Zhang et al. utilizes Deep Q-Learning for multi-
cloud systems, leading to higher energy efficiency and varying latencies, especially during
peak workloads.

Gorka Nieto et al. [5] investigate a Deep Deterministic Policy Gradient (DDPG)-based
reinforcement learning approach for 5G edge-cloud environments but emphasizes offloading
efficiency to a greater extent than scheduling overhead or large-scale workload adaptability.
We propose a multi-agent DRL framework in which multiple tasks can be executed in an edge-
cloud environment and present results that show a decrease in execution time and increased
success rates. However, as a decentralized blockchain, scalability is limited when it comes to
high-intensity workloads, resulting in congestion at edge nodes. On the other hand, the model
by Alberto Robles-Enciso and colleagues examines the use of hierarchical reinforcement
learning to improve resources in edge-cloud setups. While this approach does help with load
balancing, it does not have the needed scheduling flexibility to respond to the sudden changes
in workload.

To overcome the aforementioned limitations of the existing methods, we propose EdgeCloud-
DRL as a DRL-based framework that utilizes a Deep Q-Network (DQN) with Target Network
and Experience Replay. This allows you to efficiently learn scheduling decisions to minimize
execution latency and energy consumption and maximize success rates of tasks while keeping
the resource utilization optimal. In addition, the EdgeCloud-DRL achieves excellent
scalability for different workloads of 1000 to 20,000 jobs. Over empirical results reveal that
we achieve good outperform outperforming previous models, in terms of execution time,
scheduling overhead and adaptability with workload fluctuations, proving our scheduling
method highly efficient and robust for hybrid edge-cloud computing.

5. Discussion

However, with the rapid evolution of cloud and edge computing, intelligent task scheduling
frameworks are needed to improve system performance, resource efficiency, and quality of
service (Quality of Service). Common heuristics/metaheuristic-based scheduling methods such
as Particle Swarm Optimization (PSO), Multi-Objective Bat Algorithm (MBO), and Multi-
Objective Particle Swarm Optimization (MOPSO) have been extensively employed for
optimizing scheduling decisions. Nonetheless, they fail to handle the dynamic characteristics
of real applications and heterogeneous cloud-edge environments, resulting in inefficient task
delivery, energy waste, and scheduling overhead. In addition, traditional deep reinforcement
learning (DRL)-based solutions (e.g., Deep Q-Networks (DQN), Asynchronous Advantage
Actor-Critic (A3C), Proximal Policy Optimization (PPO)) have shown to be more efficient in
the context of scheduling. However, they are often computationally intensive and may not be
scalable for scheduling large-scale workloads.

The EdgeCloud-DRL framework proposed in this paper utilizes a DQN-based scheduling
method with target network stabilization and experience replay for improved decision-making
in a dynamic edge-cloud computing scenario. Compared with previous models, the proposed
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framework performs well in resolving a trade-off between execution latency, energy, task
success ratio, and system scheduling overhead, therefore suitable for large workloads. The
experimental results validate that, irrespective of varying workload intensities, EdgeCloud-
DRL satisfies lower latency of task execution, better utilization of resources, and reduced
scheduling overhead, outdoing PSO, MBO, and MOPSO. It demonstrates the framework's
strength in supporting various computing scopes and delivering excellent performance across
cloud and edge nodes. This study highlights the new deep reinforcement learning methods
needed to enable scalable and adaptive scheduling in hybrid edge-cloud settings by overcoming
some fundamental limitations in current approaches. These discoveries have essential
implications in intelligent workload distribution, energy-aware computing, and real-time
scheduling applications. This also guarantees that the new framework can be used for future
technologies such as IoT, 5G, or federated cloud systems. Moreover, Section 5.1 describes the
limitations of the proposed study and suggests directions for realizing enhanced future work.

5.1 Limitations of the Study

Despite the EdgeCloud-DRL framework improving the task scheduling efficiency, it also has
some limitations. Second, the larger workloads lead to longer training times for the model
since deep reinforcement learning needs many iterations for convergence. Second, this
framework relies on the particular behavior of network and thus might not be too accurate in
highly-changed edge-cloud infrastructures, which will impact the decisions made about
execution of tasks. Third, the model is based on a predefined reward function that needs to be
fine-tuned for different implementation scenarios. In the future, research can adapt to improve
the training cost and realistic adaptability in the network along with dynamic reward systems
to improve the adaptability and generalizability of the models.

6. Conclusion And Future Work

The proposed work proposed EdgeCloud-DRL, a deep reinforcement learning-based
framework to manage task scheduling problems in hybrid edge-cloud environments efficiently.
Utilizing Deep Q-Networks (DQN) with target network stabilization and experience replay,
the proposed model optimizes task execution latency, utilized energy, task success rate, and
used resources while minimizing scheduling overhead. EdgeCloud-DRL is shown to
outperform traditional selection heuristic methods like PSO, MBO, and MOPSO in
simulations, showcasing the robustness across diverse intensities of workload. It emphasizes
the need for intelligent learning-based scheduling mechanisms capable of managing the broad
merit and complexities of dynamic cloud-edge infrastructures. While it has merits, the study
does identify three significant limitations: Longer training time for large workloads, an
assumption of a stable network environment, and reliance on a predetermined reward function.
Future work can address optimization techniques to speed up the training process, develop
mechanisms for adaptive network structures in real-time, and design adaptive rewards for
generalization across various cloud-edge computing applications. Moreover, the framework
could be extended to multi-agent reinforcement learning, improving transferability and
compressibility in a highly distributive environment. Dunning et al. propose an Al-driven
framework for dynamically configuring workloads in a virtualized environment spanning

Received: August 09, 2025 862



International Journal of Applied Mathematics

Volume 38 No. 6s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

multiple cloud environments, IoT, and fog computing to deliver application services on
demand.
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