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Abstract

The increasing popularity of cloud computing e-learning platforms presents several difficulties in
managing the computation and networking resources effectively based on the changing requirements
and demands of a large number of learners. Conventional methods have often shown high delays,
improper bandwidth usage, lack of scalability, and low QoS in such highly dynamic and diverse
environments, especially for wireless and heterogeneous cases. This research article focuses on the
implementation of the CRL-RA approach for achieving better performance optimization in the
cloud-based e-learning platform. In particular, the Cross-Layer Resource Allocation algorithm
involves the reinforcement learning process for the analysis of network status, user workload, server
utilization, bandwidth, and delay. Through interactions within the cloud platform, the algorithm is
able to find effective allocation rules. In addition, cross-layer monitoring and adaptive workload
balancing are used to facilitate the provision of highly scalable education services in cloud
infrastructure. Experimental results confirmed the superiority of the new approach to resource
allocation over traditional methods. Throughput was measured at 96.8%, resource utilization
efficiency at 94.5%, quality of service accuracy at 97.1%, and latency at 89 ms, while energy
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consumption was minimized. The analysis of the effectiveness of the use of reinforcement learning
optimization and cross-layer collaboration further demonstrated the importance of both approaches
to improve the adaptability and service delivery of such systems. Thus, the proposed framework
proves to be very efficient in the development of cloud-based e-learning systems in dynamically
changing environments. The proposed solution represents a smart way to reduce power consumption
in e-learning infrastructures of the next generation. Moreover, the framework shows promising
potential for the development of further applications using edge computing and deep reinforcement
learning.

Keywords: Cross-Layer Resource Allocation, Reinforcement Learning, Cloud-Based E-Learning,
Quality of Service Optimization, Wireless Cloud Networks, Intelligent Resource Management,
Adaptive Workload Balancing.

1 Introduction

Rapid advancements in cloud computing and wireless technology have revolutionized modern-day
learning environments, as they provide flexible, scalable, and accessible resources in an e-learning
framework (Kumar, 2025; Ashu Nayak, 2024). Cloud-based learning environments can handle
numerous learners, multimedia services, simulations, online tests, and collaborative learning platforms
over distributed geographical locations (Saranya, 2025; Xie et al., 2025). Nevertheless, the growing need
for interactive education raises a number of difficulties in terms of resource management, network
congestion, latency control, bandwidth management, and reliable services. In any major learning
platform, heterogeneous devices, varying user mobility, and changing workload conditions usually cause
inefficient use of computational and communication resources, hence reducing QoS performance (Cao,
2026). Such concerns are even more important in wireless learning platforms since there is constant
change in network conditions such as bandwidth availability, interference, and traffic congestion (Izhar
et al., 2023).

The traditional approaches to resource allocation are static scheduling and rule-based optimization
techniques, which cannot handle varying cloud network scenarios very well. These conventional
approaches may be incapable of offering optimal results in response time, throughput, energy
consumption, and reliability of operations. In view of this, it has become important to develop adaptive
resource management techniques in order to ensure seamless e-learning services (Karpagam, 2025). The
field of reinforcement learning (RL) offers such a solution through artificial intelligence, as RL can help
in optimizing resource usage in dynamic cloud networks (Prerna Dusi, 2025).

In this paper, the Cross-Layer Resource Allocation Algorithm based on Reinforcement Learning is
suggested as a solution that can help improve the operation of cloud-based e-learning systems. This
approach involves taking into account the application layer, network layer, and infrastructure layer
parameters and allocating resources depending on certain characteristics. In particular, these
characteristics include the available bandwidth, server load, latency, energy usage, and user needs.
Overall, the suggested solution helps make the system more efficient and reliable.

Key Contributions

e A cross-layer resource allocation architecture for cloud-based e-learning was designed using
reinforcement learning for dynamic optimization.

e A combination of network, application, and infrastructure layer variables was used to optimize
Quality of Service and adaptability depending on changing loads.
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o The efficiency of resource usage in wireless e-learning networks was increased by reducing latency,
bandwidth, and computation costs.

e The performance of the e-learning system was improved with optimal decisions for scalable, robust,
and energy-efficient e-learning solutions.

In this paper, the proposed research will be presented through a series of sections. In Section 2, an
overview of current literature on reinforcement learning, cloud computing optimization, and
quality-of-service management will be provided. In Section 3, the CRL-RA approach, architecture,
algorithms, and mathematical modeling will be explained. Then, implementation, experimentation, and
analysis will be described in Section 4. Section 5 concludes the study.

2 Literature Survey

The recent advances made in cloud computing, wireless communication, and artificial intelligence have
considerably impacted intelligent resource allocation approaches for distributed e-learning systems
(Heidari et al., 2023). The earlier investigation focused on the importance of federated learning in
collaborative intelligence settings and presented the contribution of the distributed learning approach to
enhancing the process of adaptive decision making and data privacy protection (Lazaros et al., 2024). It
was found that intelligent learning systems were able to successfully optimize the process of managing
distributed systems. Another study was concerned with the application of telecommunication and Al
technologies in today's education system and stressed the importance of scalable cloud infrastructure
design (Koukaras et al., 2026).

Other studies have investigated quality of service optimization and cloud resource management. It
proposed a novel approach to the development of a QoS and QoE-aware multi-objective resource
allocation algorithm in the cloud gaming domain that proved the effectiveness of adaptive resource
scheduling in improving the overall user experience and minimizing the network delay (Désiré et al.,
2021). Another work studied the issue of QoE optimization in a cloud computing environment and
claimed that an intelligent resource allocation scheme is crucial for achieving reliability and user
satisfaction when dealing with multimedia applications (Laghari et al., 2024; Kandakatla & Rajakumari,
2024; Prashanth, 2026). Thus, this body of literature provides convincing grounds for considering the
use of QoS-aware cloud resource management schemes in cloud e-learning systems (Garapati &
Chakraborty, 2025).

Another emerging field in cloud and edge computing resource management is energy efficiency. This
paper conducted a thorough review of energy-efficient resource management in fog and edge computing
environments, emphasizing that adaptive workload balancing and intelligent orchestration play an
important role in minimizing energy usage (Vali et al., 2026). The study also presented an innovative
self-healing Al-enabled framework for the management of cloud infrastructures capable of intelligent
resource management (Aravindakshan, 2026; Ghazal et al., 2025).

Various reinforcement learning and machine learning methods are gaining importance in dynamic
network optimization and wireless communications. The literature review conducted on machine
learning for 5G and beyond wireless networks showed that intelligent learning models were quite
successful in traffic management and reduced latency (Tanveer et al., 2021). It also reviewed some
continual learning models for autonomous systems and stressed the importance of adaptation in
decision-making based on changing environmental conditions (Shaheen et al., 2022). These articles
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prove that reinforcement learning models are useful in optimizing resources in heterogeneous cloud
systems.

The research on cloud-enabled multimedia and interactive applications also plays an important role
in this field (Prakash et al., 2025). It suggested some models that used adaptive compression and edge
computing to improve HD interactive media streaming (Muhsin & Syahrudin, 2026). This article
reviewed the resilience in microservices in cloud-native environments and concluded that load balancing
and fault tolerance are critical in keeping the systems stable (Singh et al., 2024). Moreover, it explained
the advantages of cloud-based web service architecture for distributed service management applications
(Shrihari & S, 2023; Rajal et al., 2026).

From the literature reviewed, it can be observed that there has been emphasis on individual
optimization approaches like optimizing QoS, energy, Al, or communication processes separately.
Nevertheless, little work has been done in the area of resource allocation with a cross-layer
reinforcement learning approach towards dynamic wireless networks for cloud-based e-learning
systems. Hence, the current study proposes a Cross-Layer Reinforcement Learning Resource Allocation
(CRL-RA) scheme for cloud-based e-learning, which focuses on aspects such as bandwidth control,
workload distribution, latency, energy, and QoS optimization.

3 Proposed Cross-Layer Reinforcement Learning-Based Resource
Allocation Model

The proposed framework introduces a Cross-Layer Resource Allocation Algorithm with Reinforcement
Learning (CRL-RA). It is aimed at achieving optimal resource allocation within a cloud-based e-learning
environment while providing high levels of quality service (QoS), low latency, and efficient use of
available bandwidth. The proposed method utilizes the information obtained from the interaction
between multiple communication layers, such as an application layer, network layer, and cloud
infrastructure layer.

The proposed framework constantly measures the system's parameters, which include user request
density, workload of the server, network bandwidth, delay, energy usage, and processing ability of the
device, among others. The gathered information is then interpreted by an agent using reinforcement
learning algorithms, which makes it possible to implement adaptive decision-making based on
environmental conditions and requirements. In contrast to static scheduling approaches, the model
adjusts itself to changing network conditions.

The suggested Cross-Layer Reinforcement Learning Resource Allocation (CRL-RA) architecture
comprises five main modules that work together to optimize resources in cloud-based e-learning
environments. First, the User Interaction Layer oversees request processing performed by learners,
tutors, and learning-enabled devices. The User Interaction Layer enables different functions like
streaming multimedia content, conducting examinations online, virtual classrooms, submission of
assignments, and collaboration among learners. Second, the Cross-Layer Monitoring Module gathers
data and analyzes the parameters in several layers of clouds and networks. The Cross-Layer Monitoring
Module consistently monitors system metrics like latency, bandwidth availability, CPU usage, queue
length, and traffic loads to be aware of changing network conditions. Third, the Reinforcement Learning
Agent acts as the intelligent agent of the architecture that decides on resource allocation strategies. The
module performs reward-based learning to identify appropriate resource allocation policies through
interaction with cloud services. Fourthly, the Cloud Resource Manager is the system responsible for
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efficient allocation of virtual machines, bandwidth, storage, and task scheduling. This system also
ensures efficient workload balancing on the cloud servers to minimize congestion and increase service
reliability. The fifth and last component of the proposed system is the Performance Evaluation Module.
It uses key performance metrics, including throughput, response time, energy efficiency, and QoS, to
evaluate the performance of the system. The performance evaluation findings are used for reinforcement
learning reward updates.

Performance Evaluation Module
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Figure 1: Cross-layer reinforcement learning architecture for resource allocation in cloud-based
e-learning systems

In figure 1 demonstrates an intelligent cross-layer architecture for reinforcement learning-based
cloud resource management that optimizes bandwidth allocation, scheduling workloads, minimizing

latency, and quality of service in cloud-based e-learning systems.

Algorithm 1: CRL-RA (Cross-Layer Reinforcement Learning Allocation)

Input:

«— Network delay

Output: Optimized resource allocation policy

Begin

1. Initialize reinforcement learning environment

2. Initialize Q-table Q (s, a)

3. Set learning rate 1

4. Set discount factor A

5. Set exploration rate €

6. While the termination condition is not satisfied, do
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7. Observe the current state S;
St < By,,S:,Cy, D
8.  Collect cross-layer parameters:
- bandwidth usage
- server load
- packet delay
- task queue size
9. Select action A;using RL policy
If a random value < ethen
Choose a random action
Else
Choose the action with the maximum Q-value
End If
10. Possible actions:
al < Allocate additional VM
a2« Increase bandwidth
a3« Migrate workload
a4« Rebalance traffic
11. Execute selected action
12. Measure system performance:
- throughput
- latency
- energy efficiency
- QoS score
13.  Compute reward R;
14.  Observe the next state S¢1)
15. Update Q-value using:
Q(St, Ap) < Q(Sp, Ap) + U[Rt + lmaxQ(S(Hl),A(Hl)) - Q(Stht)]
16. SetS; « S¢t41)
17. End While
18. Return optimized resource allocation policy
End

The proposed CRL-RA algorithm (Algorithm 1) method uses the idea of reinforcement learning for
the purposes of smart and dynamic resource allocation within cloud computing-based e-learning
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frameworks. CRL-RA makes use of network and cloud state observations, including the amount of
available bandwidth, server loads, CPU usage, delay, and queue size. Based on the mentioned
observations, the reinforcement learning-based agent determines the best actions, including virtual
machine placement, bandwidth redistribution, workload relocation, and load balancing. Following the
execution of the chosen action, system performance is determined through several metrics that include
throughput, latency, energy consumption, and QoS values. The learning process is based on rewards.

3.1 Mathematical Description

System Throughput Optimization Function

The throughput optimization objective of the proposed reinforcement learning framework is represented
as equation 1:

Nie Pi
Tope = max (?1“) (1)
Where, T,p,;= Optimized system throughput, P;= Number of successfully processed learning tasks,

T,xec= Total task execution time, n= Total number of user requests

Equation 1 maximizes the number of successfully processed educational tasks within a minimum
execution time to improve overall cloud service efficiency.

Load Balancing Function

The load balancing efficiency across distributed cloud servers is calculated as equation 2:
1 ©on 5
LB=—-%. _(Li=-L* (2

Where, LB= Load balancing factor, L;= Load on server i, L= Average system load, n= Total number
of cloud servers

The objective is to minimize the variance between server loads, ensuring balanced resource allocation
and preventing server congestion in cloud-based e-learning systems.

4 Results and Discussion

The suggested Cross-Layer Reinforcement Learning Resource Allocation (CRL-RA) paradigm was
analyzed experimentally within a cloud-supported e-learning system in order to assess the efficiency of
the model in resource optimization for network and computation. The experimental study involved an
assessment of the model based on QoS improvement, reduction of latency, increase in throughput, and
efficiency of energy usage during varying educational loads.

4.1 Software and Implementation Details

The proposed Cross-Layer Reinforcement Learning Resource Allocation (CRL-RA) framework was
developed with the help of a cloud computing simulation environment integrated with reinforcement
learning technology. The CRL-RA was implemented using Python 3.11 programming language with
libraries such as TensorFlow, Keras, and Scikit-learn. For simulation purposes, CloudSim Plus was used
to design a distributed cloud infrastructure. All experiments in this study were performed in an Ubuntu
22.04 operating system using an Intel Core i7 processor and a 16 GB RAM configuration. Data was
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created using educational cloud simulation settings with 50,000 users' requests, 100 virtual machines,
and 25 cloud nodes. Features in the dataset used in this research include available bandwidth, CPU
usage, network delay, queuing size, execution time, load on the virtual machine, and energy
consumption. For the purpose of optimization, parameters such as learning rate, discount factor,
exploration rate, and training episodes in reinforcement learning were set at 0.01, 0.90, 0.10, and 1000,
respectively.

4.2 Performance Metrics

Throughput: Equation 3 measures the amount of data successfully processed by the system within a
given transmission time.

TP =2 3)

Ty
Latency: Equation 4 represents the time delay between sending a request and receiving the
corresponding response.
L=T,—T, )
Resource Utilization Efficiency: Equation 5 evaluates how efficiently the available cloud resources

are utilized during system operation.

RU = Bused 5 100 (5)

Rtotal

Energy Consumption: Equation 6 measures the total energy utilized by cloud nodes during task
processing and communication.

EC = Z?:l Pi X Ti (6)

QoS Accuracy: Equation 7 indicates the percentage of user requests successfully handled by the
cloud-based e-learning system.

QoS = i_ix 100 (7)

4.3 Performance Comparison

Table 1: Performance comparison of the proposed CRL-RA framework with existing resource
allocation methods

Method Throughput | Latency Resource Energy QoS Accuracy
(“) (ms) | Utilization (%) | Consumption (kWh) (%)
Static Resource
Allocation (SRA) 824 165 71.2 58.6 84.3
Dynamic Load
Balancing (DLB) 86.7 142 789 524 83.5
Deep Learning
Scheduler (DLS) 90.3 128 84.1 46.7 912
Hybrid Cloud
Optimization 92.1 116 87.6 42.8 93.4
(HCO)
Proposed CRL-RA 96.8 89 94.5 352 97.1
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The comparative analysis of the performance metrics of the proposed framework against those of other
resource allocation strategies, which include SRA, DLB, DLS, and HCO, is shown in table 1. The
maximum throughput and QoS accuracy were 96.8% and 97.1%, respectively, of the proposed CRL-RA
framework, signifying high efficiency and service reliability. Furthermore, it had the minimum latency
and energy consumption of 89 ms and 35.2 kWh, respectively, meaning low response time and better
energy efficiency. Moreover, the proposed system demonstrated 94.5% resource utilization, which
means efficient use of cloud resources for adaptive workload balancing in e-learning cloud computing.

Normalized Performance Comparison
Throughput (%)

QoS Accuracy (%)

- Latency (ms)

Energy Consumption (kWh)

e DLB
s |DLS

HCO Resource Utilization (%)
we= Proposed CRL-RA

Figure 2: Normalized performance comparison of resource allocation and optimization methods

In figure 2 presents a normalized evaluation of four different algorithms, such as DLB, DLS, HCO,
and Proposed CRL-RA, against various performance measures such as latency, throughput, QoS
accuracy, energy consumption, and resource utilization. The proposed algorithm CRL-RA performs
better than other algorithms as well.

The proposed CRL-RA framework outperformed all other methods due to the adaptation of

reinforcement learning-based decision optimization techniques at different cloud and network layers.

4.4 Ablation Study

To understand the effect of each element of the proposed framework, an ablation study has been carried
out.

Table 2: Ablation study analysis

Configuration Throughput (%) | Latency (ms) | QoS Accuracy (%)
Without Cross-Layer Monitoring 88.1 142 89.4
Without RL Optimization 85.6 151 87.2
Without Load Balancing 90.2 133 91.8
Full Proposed CRL-RA Model 96.8 89 97.1
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The effectiveness of reinforcement learning optimization, as well as cross-layer monitoring, is
validated in table 2. As expected, the whole CRL-RA framework performed better than other approaches
on all the performance indicators.

4.5 Discussion

The results from experiments clearly show that the proposed CRL-RA model can increase the efficiency
of cloud resource management in e-learning systems. Through its ability to incorporate reinforcement
learning in resource management, the model is capable of altering resource allocation in line with
network dynamics and user demands. In contrast to the conventional approach, the proposed model was
able to decrease latency through proper bandwidth allocation and minimization of network congestion.

Throughput performance increased due to effective task scheduling and load balancing. Resource
utilization was at 94.5%, meaning efficient utilization of the cloud computing infrastructure was
achieved. Energy consumption was low, and the proposed model was capable of facilitating sustainable
cloud computing. In addition, the fact that the QoS performance was at 97.1% indicates that service
interruptions have been minimized.

The findings of the experiment are an indication of the success of cross-layer reinforcement learning
in creating energy-efficient resource allocation for wireless cloud-based e-learning systems.

5 Conclusion

The study introduced a Cross Layer Reinforcement Learning Resource Allocation (CRL-RA) model,
which aimed to optimize the performance of e-learning in the cloud by using it in a dynamically changing
wireless environment. The research methodology combined the application layer, network layer, and
infrastructure layer, along with reinforcement learning, to facilitate adaptive and intelligent resource
allocation in order to overcome the problems related to latency, bandwidth utilization, load balancing,
energy consumption, and quality of service. The experimental testing showed that the suggested
CRL-RA model outperformed all traditional resource allocation techniques, including Static Resource
Allocation (SRA), Dynamic Load Balancing (DLB), Deep Learning Scheduler (DLS), and Hybrid Cloud
Optimization (HCO). Thus, the new technique yielded 96.8% throughput — more than that of other
systems tested. At the same time, the network latency amounted to 89 ms, which means an increased
level of responsiveness is required for the operation of educational programs, virtual classes, and
multimedia solutions. Besides, the method showed 94.5% resource efficiency and reduced energy
consumption to 35.2 kWh, implying efficient cloud management. Finally, the QoS accuracy was 97.1%
— another indicator of the reliable and stable functioning of the new model. As shown by the ablation
analysis, both reinforcement learning optimization and cross-layer monitoring were crucial factors in
enhancing the performance of cloud-enabled educational platforms. In particular, the absence of either
of these elements led to a decline in performance, thus proving their critical importance. As follows,
reinforcement learning optimization and cross-layer management provide a basis for effective cloud
computing-based educational services. Further studies can include the use of techniques such as deep
reinforcement learning, federated learning, and edge-cloud collaboration to develop ultra-low-latency
education services. Other studies that can be done include security-aware resource management,
mobility prediction, and energy-efficient green cloud computing for intelligent e-learning.
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