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Abstract: The rapid growth of cloud computing and big data technologies has significantly increased 

the demand for efficient scheduling frameworks capable of handling massive computational workloads. 

Traditional scheduling algorithms often fail to optimize resource allocation, processing speed, and 

energy efficiency in dynamic cloud environments. Machine Learning -driven scheduling models have 

emerged as intelligent solutions that improve decision-making through predictive analytics, adaptive 

resource management, and automated optimization. This review paper examines the role of ML-based 

scheduling techniques in high-performance cloud platforms, discussing their architectures, 

methodologies, advantages, limitations, and future directions. The study also highlights various ML 

algorithms such as reinforcement learning, neural networks, support vector machines, and deep learning 

models used in cloud scheduling systems. 
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I. INTRODUCTION 

Cloud computing has become an essential platform for large-scale data processing and storage due to its scalability, 

flexibility, and cost-effectiveness. The emergence of big data applications in healthcare, finance, education, e-

commerce, and scientific research has created significant challenges in resource scheduling and workload management. 

Scheduling refers to the process of allocating computational tasks to available cloud resources efficiently. 

Traditional scheduling algorithms such as First Come First Serve, Round Robin, and Min-Min are inadequate for 

modern cloud systems because they cannot dynamically adapt to changing workloads and heterogeneous resources. 

Machine Learning-driven scheduling models provide intelligent mechanisms that analyze historical workload patterns, 

predict future resource demands, and optimize task allocation automatically. 

ML-based scheduling techniques improve throughput, reduce response time, minimize energy consumption, and 

enhance Quality of Service. These intelligent scheduling systems continuously learn from cloud environments and 

optimize performance in real-time. 

 

BIG DATA SCHEDULING IN CLOUD PLATFORMS 

Big data scheduling involves managing large-scale computational tasks across distributed cloud infrastructures. Cloud 

scheduling frameworks must address several challenges including: 

 Dynamic workload variations  

 Resource heterogeneity  

 Energy consumption  

 Network latency  

 Fault tolerance  

 Scalability issues  
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Modern cloud platforms such as Hadoop, Spark, Kubernetes, and Apache Mesos rely heavily on advanced scheduling 

mechanisms to improve computational efficiency. Machine learning techniques provide adaptive capabilities that 

traditional algorithms cannot achieve. 

 

MACHINE LEARNING TECHNIQUES USED IN CLOUD SCHEDULING 

I. Supervised Learning 

Supervised learning algorithms use labeled datasets to predict task execution time, resource utilization, and system 

performance. 

Common techniques include: 

 Decision Trees  

 Support Vector Machines (SVM)  

 Random Forest  

 Linear Regression  

These methods are widely used for workload prediction and VM allocation. 

 

II. Reinforcement Learning 

Reinforcement learning enables scheduling agents to learn optimal decisions through rewards and penalties. The 

scheduler continuously improves task allocation strategies based on environmental feedback. 

Applications include: 

 Dynamic VM scheduling  

 Energy-aware scheduling  

 Adaptive load balancing  

 

III. Deep Learning 

Deep learning models analyze massive cloud datasets and identify hidden workload patterns. Neural networks improve 

prediction accuracy for resource management. 

Popular models include: 

 Artificial Neural Networks (ANN)  

 Convolutional Neural Networks (CNN)  

 Long Short-Term Memory (LSTM)  

 

IV. Unsupervised Learning 

Unsupervised learning techniques cluster similar workloads and identify resource usage trends. These methods help 

optimize cloud resource distribution without labeled data. 

A typical ML-driven cloud scheduling framework consists of the following components: 

Table 1. Architecture of ML-Driven Scheduling Frameworks 

Component Function 

Data Collection Layer Collects workload and resource usage data 

Feature Extraction Module Identifies important scheduling parameters 

ML Prediction Engine Predicts workload and resource demand 

Scheduler Controller Allocates tasks to resources 

Feedback System Updates learning models dynamically 

Resource Manager Monitors cloud infrastructure 
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The framework continuously analyzes system behavior and improves scheduling decisions using historical and real-

time data. 

Table 2. Scheduling Algorithms in High-Performance Cloud Platforms 

Algorithm Technique Advantages Limitations 

FCFS Traditional Simple implementation Poor resource utilization 

Round Robin Time-sharing Fair task allocation High waiting time 

Min-Min Heuristic Faster small task execution Starvation problem 

Genetic Algorithm Evolutionary Near-optimal scheduling High computational complexity 

Reinforcement 

Learning 
ML-Based Adaptive optimization Training overhead 

Deep Q-Network 
Deep Reinforcement 

 Learning 

Intelligent resource 

 management 
Large training dataset required 

Random Forest 

Scheduler 
Supervised Learning 

Accurate workload  

prediction 
Complex model tuning 

Several metrics are used to evaluate scheduling performance in cloud platforms. 

Table 3. Performance Metrics for ML-Based Scheduling 

Performance Metric Description 

Makespan Total execution completion time 

Throughput Number of tasks completed per unit time 

Resource Utilization Efficiency of resource usage 

Energy Consumption Power usage by cloud servers 

Response Time Time taken to respond to requests 

SLA Violation Rate Failure to meet service agreements 

Load Balancing Efficiency Distribution of workload across nodes 

Machine learning-based schedulers significantly improve these metrics compared to conventional approaches. 

 

ADVANTAGES OF MACHINE LEARNING-DRIVEN SCHEDULING MODELS 

ML-driven scheduling models offer several benefits: 

1. Intelligent Resource Allocation 

Machine learning predicts workload behavior and allocates resources dynamically to maximize efficiency. 

2. Reduced Energy Consumption 

Energy-aware scheduling algorithms reduce unnecessary server usage and optimize power management. 

3. Improved Scalability 

ML models adapt effectively to increasing data volumes and cloud infrastructure growth. 

4. Enhanced Fault Tolerance 

Predictive analytics identify potential failures before they occur, improving system reliability. 

5. Real-Time Decision Making 

Advanced learning algorithms respond quickly to workload fluctuations in distributed cloud systems. 

 

CHALLENGES IN ML-BASED CLOUD SCHEDULING 

Despite numerous advantages, several challenges remain: 

 Large training data requirements  

 High computational overhead  

 Model complexity  

 Security and privacy concerns  
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 Real-time implementation difficulties  

 Scalability of learning models  

Cloud environments are highly dynamic, making accurate prediction and adaptation difficult in certain scenarios. 

Machine learning-driven scheduling systems are widely used in: 

Table 5. Applications of ML-Driven Scheduling 

Application Area Role of ML Scheduling 

Healthcare Analytics Fast medical data processing 

Financial Systems High-speed transaction analysis 

Smart Cities IoT data management 

E-Commerce Platforms Customer traffic balancing 

Scientific Simulations High-performance computation 

Video Streaming Services Dynamic workload optimization 

 

II. CONCLUSION 

Machine Learning-driven big data scheduling models have transformed high-performance cloud computing 

environments by enabling intelligent, adaptive, and scalable resource management. Traditional scheduling algorithms 

are no longer sufficient for handling modern big data workloads due to increasing complexity and dynamic resource 

demands. ML-based scheduling frameworks improve resource utilization, reduce execution time, optimize energy 

consumption, and enhance overall system performance. 

Reinforcement learning, deep learning, and predictive analytics play critical roles in modern cloud scheduling 

architectures. Although challenges such as computational overhead and model complexity still exist, continuous 

advancements in AI technologies are expected to further enhance scheduling efficiency in future cloud platforms. ML-

driven scheduling frameworks will remain a key research area for building intelligent, sustainable, and high-

performance cloud infrastructures. 
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