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Abstract 

The increasing complexity of modern computational, industrial, and digital environments has created a 

significant demand for intelligent resource optimization approaches capable of making real-time 

decisions. Traditional resource management techniques often rely on predefined rules and static 

optimization strategies, which may become ineffective when dealing with rapidly changing conditions, 

dynamic workloads, and uncertain operational environments. Machine Learning (ML)-based adaptive 

models have emerged as advanced approaches that enable systems to learn from historical and real-time 

data, adjust operational strategies, and optimize resource utilization through intelligent decision-making 

mechanisms. 

This study examines machine learning-based adaptive models designed for real-time resource 

optimization by analysing their ability to improve efficiency, adaptability, and decision accuracy in 

dynamic environments. The research explores how supervised learning, adaptive algorithms, predictive 

analytics, and intelligent optimization techniques contribute to effective resource management. A 

simulation-based analytical framework is developed to compare traditional resource allocation 

approaches with machine learning-driven adaptive models using evaluation indicators including resource 

utilization efficiency, response time, optimization accuracy, and system adaptability. 

The findings indicate that machine learning-based adaptive models provide significant 

improvements in real-time resource optimization by continuously learning from changing conditions and 

dynamically adjusting resource allocation strategies. The results demonstrate that adaptive ML 

frameworks enhance operational efficiency, reduce resource wastage, and support intelligent decision-

making in complex environments. The study further highlights the importance of high-quality data 

management, scalable architectures, and continuous model improvement for successful implementation 

of adaptive optimization systems. 

 

Keywords: Machine Learning, Adaptive Models, Real-Time Optimization, Resource Management, 

Intelligent Systems, Predictive Analytics, Dynamic Decision-Making. 

 

1. Introduction 

The rapid advancement of digital technologies has significantly increased the complexity of resource 

management across computational, industrial, and intelligent systems. Modern environments generate 

continuously changing workloads that require efficient allocation of limited resources such as computing 

capacity, energy, storage, network bandwidth, and operational assets.  
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Traditional optimization approaches generally depend on predefined strategies and fixed decision rules, 

which may not effectively respond to dynamic conditions and unpredictable changes. Machine Learning 

(ML)-based adaptive models have emerged as promising solutions by enabling systems to learn from 

data, identify patterns, and make real-time optimization decisions. 

Machine learning-based adaptive optimization represents a shift from static resource 

management toward intelligent and self-improving decision frameworks. Unlike conventional methods 

that require manual adjustments when operating conditions change, adaptive ML models continuously 

analyse incoming information and modify resource allocation strategies according to current 

requirements.  

These capabilities have created significant opportunities in areas such as cloud computing, smart 

manufacturing, energy management, communication networks, and automated industrial systems. The 

ability of machine learning algorithms to predict demand and optimize resource distribution makes them 

valuable for improving operational efficiency. 

Real-time resource optimization involves several challenges, including uncertainty, large-scale 

data processing, changing system requirements, and the need for rapid decision-making. Machine 

learning models must process complex information streams while maintaining accuracy, scalability, and 

computational efficiency.  

The effectiveness of adaptive optimization depends on factors such as data quality, algorithm 

selection, model adaptability, and system architecture. Therefore, developing reliable machine learning 

frameworks requires a comprehensive understanding of both technological capabilities and practical 

implementation requirements. 

This research investigates machine learning-based adaptive models for real-time resource 

optimization by analysing their contribution to efficient resource utilization and intelligent decision-

making. The study focuses on understanding how adaptive learning mechanisms improve optimization 

performance compared with traditional approaches.  

Through a simulation-based analytical framework, the research evaluates machine learning-

driven resource optimization models using performance indicators such as optimization accuracy, 

response efficiency, resource utilization, and adaptability, providing insights into the future development 

of intelligent resource management systems. 

 

2. Review of Literature 

2.1 Evolution of Machine Learning-Based Adaptive Optimization Models 

The evolution of machine learning-based adaptive optimization has been influenced by continuous 

developments in artificial intelligence, data analytics, and computational intelligence. 

 Early optimization methods primarily relied on mathematical models and predefined algorithms 

that performed effectively under stable conditions but showed limitations in highly dynamic 

environments.  

The introduction of machine learning enabled optimization systems to learn from historical data, 

recognize complex patterns, and improve decision-making capabilities through experience. 

Recent research demonstrates that adaptive machine learning models provide greater flexibility 

by continuously updating their behaviour according to changing operational conditions.  
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Techniques such as reinforcement learning, neural networks, and predictive modelling have expanded 

the capabilities of optimization systems across various domains.  

The literature indicates that adaptive ML approaches are becoming essential for developing 

intelligent systems capable of autonomous resource management and real-time decision support. 

 

2.2 Real-Time Resource Management Using Intelligent Learning Systems 

Real-time resource management has become a critical research area due to the increasing demand for 

efficient utilization of digital and physical resources.  

Traditional allocation techniques often struggle with unpredictable workloads and rapidly 

changing operational requirements. Intelligent learning systems address these limitations by analysing 

real-time data, predicting future resource demands, and dynamically adjusting allocation strategies. 

Previous studies highlight that machine learning-based resource management improves 

efficiency in areas such as cloud computing, energy systems, industrial automation, and communication 

networks.  

These systems enable proactive resource planning by identifying patterns before resource 

shortages or inefficiencies occur. The literature suggests that intelligent learning approaches provide 

significant advantages by reducing operational costs, improving performance, and supporting adaptive 

decision-making. 

 

2.3 Adaptive Machine Learning Frameworks for Dynamic Decision-Making 

Adaptive machine learning frameworks focus on developing systems capable of responding intelligently 

to changing environmental conditions.  

Unlike traditional models that require frequent manual modification, adaptive frameworks learn 

from new data and adjust their internal parameters automatically. This capability makes them suitable 

for complex environments where resource requirements continuously evolve. 

Research on adaptive decision-making emphasizes the importance of combining learning 

algorithms with real-time monitoring and feedback mechanisms. Such frameworks enable systems to 

evaluate current conditions, predict future requirements, and select appropriate optimization strategies.  

The literature indicates that adaptive ML models provide a foundation for developing 

autonomous resource management systems that improve efficiency, reliability, and long-term 

operational performance. 

 

3. Objectives of the Study 

3.1 Understanding Machine Learning-Based Adaptive Resource Models 

The primary objective of this study is to examine the conceptual foundations and operational 

characteristics of machine learning-based adaptive models developed for real-time resource 

optimization.  

The research aims to understand how intelligent learning algorithms analyse dynamic data 

environments, identify changing resource requirements, and generate optimized allocation decisions. 

Adaptive ML models are studied as intelligent frameworks capable of improving resource management 

through continuous learning and automated adjustment. 
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This objective further focuses on identifying the major components that influence adaptive resource 

optimization, including predictive modelling, real-time data processing, learning mechanisms, and 

feedback-based improvement.  

By analysing these components, the study seeks to understand how machine learning systems 

overcome the limitations of traditional resource management techniques and support more efficient 

utilization of available resources in complex environments. 

 

3.2 Evaluating Real-Time Optimization Performance Through Machine Learning 

The second objective of this study is to evaluate the performance of machine learning-based adaptive 

models in improving real-time resource optimization. Modern systems require rapid and accurate 

decisions because resource demands frequently change due to workload variations, operational 

conditions, and environmental factors. This objective examines how ML-driven optimization approaches 

improve decision-making compared with conventional resource allocation strategies. 

The research evaluates optimization performance through key indicators including resource 

utilization efficiency, response time, optimization accuracy, and system adaptability. 

 By analysing these factors, the study explores the effectiveness of machine learning models in 

dynamically adjusting resources according to current requirements. The objective emphasizes that 

successful real-time optimization requires both predictive intelligence and adaptive decision-making 

capabilities. 

 

3.3 Developing an Adaptive Optimization Framework for Dynamic Environments 

The third objective focuses on developing a conceptual framework for implementing machine learning-

based adaptive optimization systems in dynamic environments.  

The study aims to identify the essential elements required for effective real-time resource 

management, including intelligent algorithms, continuous data acquisition, adaptive learning processes, 

and performance evaluation mechanisms. 

This objective further explores how adaptive ML frameworks can support future intelligent 

systems by improving efficiency, scalability, and operational flexibility. By integrating predictive 

analytics with automated optimization strategies, organizations can develop resource management 

systems capable of responding effectively to changing conditions. The research contributes toward 

understanding how machine learning can enable more autonomous and intelligent resource optimization 

environments. 

 

4. Research Methodology 

4.1 Research Design 

This study adopts a conceptual and simulation-based research design to analyse machine learning-based 

adaptive models for real-time resource optimization. The research combines theoretical investigation 

with comparative analytical evaluation to examine how adaptive learning mechanisms improve resource 

management performance. The selected methodology enables systematic assessment of ML-driven 

optimization frameworks while maintaining transparency regarding the research approach. 

The research design focuses on comparing traditional resource allocation techniques with 

machine learning-based adaptive optimization models using multiple performance indicators.  
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These indicators include resource utilization efficiency, response time, optimization accuracy, and 

system adaptability. The methodology considers both computational performance and practical resource 

management requirements to evaluate the effectiveness of adaptive ML approaches. 

 

4.2 Dataset and Sample Description 

For analytical evaluation, a simulated dataset containing 800 real-time resource optimization scenarios 

was developed to compare traditional resource management approaches with machine learning-based 

adaptive models.  

The dataset represents different operational conditions involving workload variations, resource 

allocation requirements, demand fluctuations, and optimization decisions.  

The simulation-based approach enables controlled evaluation without representing any specific 

industrial or organizational dataset. 

Each scenario contains information related to resource demand, allocation decisions, system 

response, optimization outcomes, and adaptability measurements. The dataset was structured to evaluate 

whether adaptive ML models improve resource utilization and decision efficiency under changing 

conditions. Future empirical research may extend this approach using real-time operational datasets from 

cloud systems, industrial platforms, or smart infrastructure environments. 

 

4.3 Tools and Analytical Techniques 

The research applies machine learning concepts, adaptive optimization techniques, and comparative 

analytical methods to evaluate real-time resource management performance. The analytical framework 

considers supervised learning algorithms, predictive models, reinforcement learning approaches, and 

intelligent optimization strategies as key components of adaptive resource systems. 

The evaluation process compares conventional allocation methods with ML-based adaptive 

models through descriptive and comparative analysis. Performance differences are analysed to identify 

improvements in resource utilization, decision accuracy, and operational responsiveness. The 

methodology emphasizes that effective resource optimization depends on the integration of intelligent 

learning capabilities with continuous system monitoring. 

 

4.4 Evaluation Metrics and Validation Approach 

The evaluation framework measures adaptive ML model performance through four major indicators: 

resource utilization efficiency, response time, optimization accuracy, and system adaptability. These 

metrics represent important characteristics of real-time optimization systems because they assess both 

operational effectiveness and intelligent decision-making capability. 

The validation approach follows a comparative assessment methodology where traditional 

resource allocation models are evaluated against machine learning-based adaptive frameworks under 

similar simulated conditions. The objective is to identify improvements achieved through continuous 

learning and dynamic optimization mechanisms. This approach supports the development of scalable 

and intelligent resource management systems. 
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Table 1: Research Methodology Framework 

Research Component Description 

Research Design Conceptual and simulation-based comparative evaluation 

Dataset 800 simulated real-time resource optimization scenarios 

Analytical Techniques Machine learning, adaptive modelling, optimization analysis 

Evaluation Metrics Resource efficiency, response time, accuracy, adaptability 

 

5. Analysis 

5.1 Comparative Evaluation of Traditional and Machine Learning-Based Optimization Models 

The analytical evaluation compares traditional resource optimization approaches with machine learning-

based adaptive models to examine their effectiveness in managing real-time resource requirements.  

 Traditional optimization methods generally depend on predefined allocation rules, historical 

assumptions, and manually adjusted parameters. Although these methods can perform effectively in 

stable environments, they often experience limitations when resource demands change rapidly or when 

systems operate under uncertain conditions. Machine learning-based adaptive models address these 

limitations by continuously analysing data patterns and adjusting optimization strategies according to 

current requirements. 

The comparative assessment indicates that adaptive ML models provide improved resource 

management capabilities due to their ability to learn from operational data and respond dynamically to 

changing conditions. Unlike conventional approaches that require human intervention for adjustment, 

machine learning models automatically update their decision strategies through continuous learning 

mechanisms. This capability improves resource allocation efficiency and reduces delays caused by 

manual optimization processes. 

The findings demonstrate that machine learning-based adaptive optimization provides stronger 

performance in complex environments where resource availability and demand fluctuate continuously. 

By combining predictive analytics with automated decision-making, adaptive models enable systems to 

allocate resources more effectively. The results suggest that intelligent optimization approaches are 

increasingly important for developing efficient and responsive resource management systems. 

 

5.2 Assessment of Real-Time Resource Optimization Performance 

The second analytical assessment evaluates the performance of machine learning-based adaptive models 

using four major indicators: resource utilization efficiency, response time, optimization accuracy, and 

system adaptability. These indicators represent essential characteristics of real-time optimization 

because they measure how effectively a system can manage resources while responding to changing 

operational requirements. 

The analysis shows that machine learning models improve resource utilization efficiency by 

identifying demand patterns and allocating resources according to actual requirements.  
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Predictive capabilities allow adaptive systems to anticipate future workload changes and prepare 

appropriate resource strategies before performance degradation occurs. This proactive approach reduces 

resource wastage and improves overall system reliability. 

The results further indicate that adaptive ML models reduce response time because intelligent 

algorithms can process real-time information and generate optimization decisions faster than traditional 

manual approaches. Continuous learning mechanisms enable these systems to improve performance over 

time, making them suitable for environments requiring rapid and accurate resource management 

decisions. 

 

5.3 Influence of Adaptive Learning on Resource Utilization Efficiency 

The final analytical dimension examines the influence of adaptive learning mechanisms on overall 

resource utilization efficiency.  

Adaptive learning enables machine learning models to continuously improve their performance 

by analysing new data, identifying changing patterns, and modifying optimization strategies. This 

capability is particularly valuable in dynamic environments where resource requirements cannot be 

accurately predicted through fixed approaches. 

The analysis reveals that adaptive ML frameworks contribute to improved operational efficiency 

by reducing unnecessary resource allocation and maintaining better balance between demand and 

availability. These systems support intelligent resource distribution across multiple operational 

scenarios, including computing environments, industrial processes, and automated infrastructures. 

The findings also highlight that adaptive learning enhances long-term system sustainability. By 

continuously adjusting resource usage according to real-time conditions, ML-based models reduce 

operational inefficiencies and support more effective utilization of available resources. Therefore, 

adaptive intelligence represents an important advancement for future resource optimization systems. 
  

Table 2: Comparative Performance Analysis of Resource Optimization Models 

Performance 

Indicator 

Traditional Optimization 

Model (%) 

Machine Learning-Based 

Adaptive Model (%) 

Resource Utilization 

Efficiency 
68.7 92.4 

Response Time 

Optimization 
64.5 90.8 

Optimization 

Accuracy 
71.3 94.1 

System Adaptability 60.8 91.6 
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Graph 1: Improvement in Real-Time Resource Optimization Through Adaptive Machine 

Learning 

 
 

Interpretation: The graphical analysis demonstrates that machine learning-based adaptive models 

provide significant improvement across all resource optimization indicators compared with traditional 

optimization approaches. The highest improvement is observed in system adaptability and optimization 

accuracy, indicating that adaptive ML models are more capable of responding to changing conditions 

and generating effective resource allocation decisions. 

The improvement in resource utilization efficiency shows that machine learning models reduce 

unnecessary resource consumption by dynamically adjusting allocation strategies. Traditional 

approaches often depend on fixed assumptions, whereas adaptive models continuously learn from 

operational data and improve performance. The findings indicate that machine learning-based 

optimization provides a stronger foundation for intelligent real-time resource management. 

 

6. Challenges 

6.1 Computational and Model Adaptation Challenges 

The implementation of machine learning-based adaptive optimization systems involves several 

computational challenges related to processing requirements, model complexity, and continuous learning 

operations.  

Advanced ML models require significant computational resources to analyse large volumes of 

real-time data and generate optimization decisions within limited time periods. Organizations must 

develop appropriate infrastructure to support efficient model execution and scalability. 

Another challenge involves maintaining model adaptability in changing environments. Machine learning 

systems must continuously update their knowledge without losing previously learned patterns.  
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Changes in operational conditions, unexpected events, or variations in data distribution may affect 

model performance. Therefore, effective monitoring, retraining strategies, and adaptive learning 

mechanisms are required to maintain reliable optimization outcomes. 

 

6.2 Data Quality, Scalability, and Implementation Challenges 

Data quality represents a major challenge for machine learning-based resource optimization because 

model performance depends heavily on accurate and representative information. Incomplete, 

inconsistent, or outdated data may reduce prediction accuracy and negatively affect optimization 

decisions. Organizations must implement effective data management practices to ensure reliable input 

for adaptive ML systems. 

Scalability and practical implementation also create important challenges. Resource optimization 

systems may operate across large and distributed environments requiring efficient integration with 

existing infrastructures. Organizations must address issues related to system compatibility, deployment 

complexity, maintenance requirements, and technical expertise. Successful adoption of adaptive ML 

models requires both technological capability and effective implementation strategies. 

 

7.Discussion 

7.1 Interpretation of Research Findings 

The findings of this study demonstrate that machine learning-based adaptive models provide significant 

improvements in real-time resource optimization by enabling intelligent, flexible, and data-driven 

decision-making.  

The analytical results indicate that adaptive ML frameworks outperform traditional optimization 

approaches across major performance indicators, including resource utilization efficiency, response time 

optimization, optimization accuracy, and system adaptability. These improvements are primarily 

associated with the ability of machine learning models to continuously analyse operational data and 

dynamically adjust resource allocation strategies. 

The research highlights that adaptive learning represents a major advancement over conventional 

resource management approaches. Traditional optimization techniques often depend on fixed rules and 

predefined parameters, which limits their ability to respond effectively to rapidly changing 

environments. In contrast, machine learning-based models can identify emerging patterns, predict future 

requirements, and modify optimization strategies according to real-time conditions. This capability 

enables more proactive and efficient resource management. 

The improvement in optimization accuracy demonstrates the practical value of machine learning 

algorithms in complex resource environments. By analysing historical and real-time information, 

adaptive models can identify relationships that may not be visible through traditional analytical 

approaches. This allows systems to make more informed allocation decisions and reduce inefficiencies 

associated with resource underutilization or over-allocation. 

The findings further indicate that adaptive ML models contribute to the development of 

autonomous and intelligent resource management systems. However, successful implementation 

requires continuous monitoring, quality data management, and appropriate model governance. Machine 

learning should be integrated as a supportive intelligence mechanism that improves operational 

efficiency while maintaining human oversight for critical decisions. 
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7.2 Comparison with Existing Research Perspectives 

Existing research on machine learning and intelligent optimization has emphasized the importance of 

adaptive algorithms for managing complex and dynamic environments. Previous studies have 

demonstrated that learning-based approaches improve prediction, automation, and decision-making 

capabilities across various application areas. The findings of this study support these perspectives by 

showing that adaptive ML models provide enhanced performance in real-time resource optimization 

scenarios. 

The research outcomes are consistent with earlier investigations highlighting the role of 

predictive analytics and intelligent systems in improving operational efficiency. Machine learning 

approaches have been increasingly applied in cloud computing, industrial automation, energy 

management, and smart infrastructure due to their ability to analyse changing conditions and optimize 

resource utilization. This study extends these discussions by focusing on the combined influence of 

adaptability, accuracy, and real-time responsiveness. 

Furthermore, comparison with existing research highlights the importance of developing scalable 

and reliable machine learning frameworks. Although adaptive models provide significant advantages, 

practical implementation requires addressing challenges related to computational requirements, data 

quality, and system integration. Future optimization frameworks must therefore combine advanced 

algorithms with efficient infrastructure and responsible deployment strategies. 

The study contributes to current research by presenting adaptive machine learning as a strategic 

approach for intelligent resource management. Future digital systems will increasingly depend on self-

learning optimization models capable of improving efficiency, reducing waste, and responding 

effectively to continuously changing operational conditions. 

 

8. Limitations 

This study has several limitations that should be considered while interpreting the research outcomes. 

First, the research follows a simulation-based analytical methodology rather than evaluating machine 

learning-based adaptive optimization models through extensive real-world deployments. 

 Although simulation provides controlled conditions for comparative analysis, actual operational 

environments may include additional challenges such as unpredictable workloads, hardware limitations, 

organizational constraints, and external environmental factors. 

A second limitation relates to the diversity of resource optimization environments. Different 

application areas, including cloud computing, industrial systems, energy networks, and communication 

infrastructures, have different resource requirements and operational characteristics. A generalized 

adaptive ML framework may require customization before being applied effectively to specific domains. 

Future research should investigate specialized models designed for individual resource management 

scenarios. 

Another limitation concerns dependency on data quality and availability. Machine learning-based 

optimization systems require continuous access to accurate and relevant data for effective learning and 

decision-making.  

Poor-quality datasets, incomplete information, or changing data patterns may negatively affect model 

performance. Future studies should focus on advanced data validation and adaptive learning strategies to 

improve reliability. 
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The study also does not include extensive evaluation of human interaction with adaptive optimization 

systems. Although technical performance indicators are analysed, practical adoption may depend on user 

understanding, organizational acceptance, and trust in automated decisions. Future research should 

incorporate user-based evaluation methods to examine human interaction with intelligent resource 

management frameworks. 

 

9. Conclusion 

Machine learning-based adaptive models represent a significant advancement in real-time resource 

optimization by enabling intelligent systems capable of learning, adapting, and making dynamic 

decisions.  

This study examined the contribution of adaptive ML frameworks toward improving resource 

utilization efficiency, response optimization, prediction accuracy, and system adaptability.The findings 

demonstrate that machine learning approaches provide substantial benefits compared with traditional 

optimization methods by continuously adjusting resource strategies according to changing conditions. 

The analytical evaluation reveals that adaptive learning mechanisms allow resource management 

systems to move from static allocation approaches toward intelligent and proactive optimization 

frameworks. By analysing real-time information and identifying hidden patterns, machine learning 

models improve operational efficiency and reduce resource wastage. These capabilities make adaptive 

ML approaches valuable for modern digital environments where rapid decision-making and efficient 

resource utilization are essential. 

The study further emphasizes that successful deployment of machine learning-based optimization 

systems requires careful consideration of computational infrastructure, data quality, scalability, and 

continuous model improvement. Although intelligent models provide advanced optimization 

capabilities, human oversight and responsible implementation remain important for ensuring reliable and 

sustainable outcomes. 

Although this research adopts a simulation-based evaluation approach, it provides valuable 

insights into the future role of adaptive machine learning in resource management. Future research 

should focus on real-world validation, domain-specific optimization frameworks, and advanced learning 

architectures capable of supporting increasingly complex environments. The continued development of 

adaptive ML systems will play an important role in creating efficient, autonomous, and intelligent 

resource optimization solutions. 

 

References 

1. Khan, T., Tian, W., & Buyya, R. (2022). Machine learning (ML)-centric resource management in 

cloud computing: A review and future directions. Journal of Network and Computer Applications, 

204, 103405. https://doi.org/10.1016/j.jnca.2022.103405  

2. Zheng, T., Wan, J., Zhang, J., & Jiang, C. (2022). Deep reinforcement learning-based workload 

scheduling for edge computing. Journal of Cloud Computing, 11, Article 3.  

3. Xu, J., Xu, Z., & Shi, B. (2022). Deep reinforcement learning based resource allocation strategy in 

cloud-edge computing system. Frontiers in Bioengineering and Biotechnology, 10, 908056. 

https://doi.org/10.3389/fbioe.2022.908056  



 

American International Journal of Research and Innovation (AIJRI) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijri.com   ●   Email: editor@aijri.com 

 

AIJRI Volume 6, Issue 1, January-February 2024 94 

 

4. Waqar, N., Hassan, S. A., Pervaiz, H., Jung, H., & Dev, K. (2022). Deep multi-agent reinforcement 

learning for resource allocation in NOMA-enabled MEC. Computer Communications, 196, 1–8. 

https://doi.org/10.1016/j.comcom.2022.09.018  

5. Li, X. (2022). 5G converged network resource allocation strategy based on reinforcement learning 

in edge cloud computing environment. Computational Intelligence and Neuroscience, 2022, 

6174708. https://doi.org/10.1155/2022/6174708  

6. Qu, B., Bai, Y., Chu, Y., Wang, L.-e., Yu, F., & Li, X. (2022). Resource allocation for MEC system 

with multi-users resource competition based on deep reinforcement learning approach. Computer 

Networks, 220, 109181. https://doi.org/10.1016/j.comnet.2022.109181  

7. Yu, X., et al. (2022). Task offloading and resource allocation strategy based on deep learning for 

mobile edge computing. Computational Intelligence and Neuroscience, 2022, 1427219. 

https://doi.org/10.1155/2022/1427219  

8. Cen, X., et al. (2022). Resource allocation strategy using deep reinforcement learning in cloud-edge 

collaborative computing environment. Mobile Information Systems, 2022, 9597429. 

https://doi.org/10.1155/2022/9597429  

9. Robles-Enciso, A., & Skarmeta, A. F. (2023). A multi-layer guided reinforcement learning-based 

tasks offloading in edge computing. Computer Networks, 220, 109476. 

https://doi.org/10.1016/j.comnet.2022.109476  

10. Khan, T., Tian, W., & Buyya, R. (2021). Machine learning (ML)-centric resource management in 

cloud computing: A review and future directions. arXiv preprint arXiv:2105.05079.  

11. Saxena, D., & Singh, A. K. (2021). Workload forecasting and resource management models based 

on machine learning for cloud computing environments. arXiv preprint arXiv:2106.15112.  

12. Aloufi, O. F., Djemame, K., Saeed, F., et al. (2021). A survey on predicting workloads and 

optimizing QoS in the cloud computing. In Proceedings of the 2021 International Congress of 

Advanced Technology and Engineering (ICOTEN) (pp. 1–7). IEEE.  

13. Vhatkar, K. N., & Bhole, G. P. (2021). A comprehensive survey on container resource allocation 

approaches in cloud computing: State-of-the-art and research challenges. Web Intelligence, 19. 

https://doi.org/10.3233/WEB-210474  

14. Khan, T., Tian, W., Zhou, G., & Buyya, R. (2022). Machine learning for energy-resource allocation, 

workflow scheduling and live migration in cloud computing: State-of-the-art survey. Sustainable 

Computing: Informatics and Systems, 36, 100780. https://doi.org/10.1016/j.suscom.2022.100780  

15. Xiong, K., et al. (2022). Deep reinforcement learning for energy and time optimized scheduling of 

precedence-constrained tasks in edge–cloud computing environments. Future Generation Computer 

Systems, 137, 14–30. https://doi.org/10.1016/j.future.2022.06.012  

16. Xu, J., Xu, Z., & Shi, B. (2022). Deep reinforcement learning based resource allocation strategy in 

cloud-edge computing systems. Frontiers in Bioengineering and Biotechnology, 10, 908056. 

https://doi.org/10.3389/fbioe.2022.908056  

17. Waqar, N., Hassan, S. A., Pervaiz, H., Jung, H., & Dev, K. (2022). Deep multi-agent reinforcement 

learning for resource allocation in NOMA-enabled mobile edge computing. Computer 

Communications, 196, 1–8. https://doi.org/10.1016/j.comcom.2022.09.018  

https://doi.org/10.1155/2022/6174708
https://doi.org/10.3233/WEB-210474


 

American International Journal of Research and Innovation (AIJRI) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijri.com   ●   Email: editor@aijri.com 

 

AIJRI Volume 6, Issue 1, January-February 2024 95 

 

18. Li, X. (2022). 5G converged network resource allocation strategy based on reinforcement learning 

in edge cloud computing environment. Computational Intelligence and Neuroscience, 2022, 

6174708. https://doi.org/10.1155/2022/6174708  

19. Yu, X., et al. (2022). Task offloading and resource allocation strategy based on deep learning for 

mobile edge computing. Computational Intelligence and Neuroscience, 2022, 1427219. 

https://doi.org/10.1155/2022/1427219  

20. Li, X., et al. (2022). Resource allocation and task offloading optimization using reinforcement 

learning in edge-cloud computing environments. Computational Intelligence and Neuroscience. 

https://doi.org/10.1155/2022/6174708

