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Abstract: Cloud computing has grown into something of a backbone for nearly everything online, but managing its resources 
efficiently is still a tricky business. Servers manipulate countless demands CPU, memory, bandwidth and keeping that balance 
right is what makes or breaks performance, scalability, and even energy use. Traditional scheduling like Round Robin or First-
Come-First-Serve does the job, but only up to a point. They’re rigid, and the cloud isn’t. So lately, researchers have been turning 
to artificial intelligence algorithms that learn, adapt, and even anticipate what’s coming next. Among the more interesting 
approaches is the hybrid LSTM–GA model, which pairs Long Short-Term Memory networks (for predicting workloads) with 
Genetic Algorithms (for optimizing how resources are actually assigned). Looking across recent work from 2023 to 2025, a 
pattern emerges: the field is moving toward unified, self-tuning systems that can balance cost, performance, and sustainability 
without constant human tweaking.  
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I. INTRODUCTION 
Cloud computing, built on virtualization and standardized infrastructure, offers organizations a scalable, on-demand way to access 
shared digital resources over the Internet. Instead of investing in physical hardware, users can subscribe to services like 
Infrastructure as a Service (IaaS), Platform as a Service (PaaS), and Software as a Service (SaaS), gaining flexible access to servers, 
storage, and applications. 
As cloud computing becomes the backbone of modern digital ecosystems—from web hosting and data analytics to artificial 
intelligence (AI) and the Internet of Things (IoT)—the demand for intelligent and adaptive resource management has grown 
significantly. This shift has transformed how industries and individuals interact with technology, delivering major benefits in 
flexibility, scalability, and cost-efficiency. 
 

II. BACKGROUND 
In cloud environments, thousands of users simultaneously access computing power, storage, and networking resources. However, 
these resources are finite and shared. Poor allocation can lead to application slowdowns, increased energy consumption, and unmet 
user expectations. As a result, resource allocation and scheduling are critical to ensuring performance and efficiency. 
1) Resource allocation determines how resources (e.g., CPU cores, memory, storage, bandwidth) are distributed among tasks, 

applications, or users. The goal is to maximize utilization while avoiding resource starvation. 
2) Scheduling decides when and how these allocated resources are used. It governs execution order, ensures deadlines are met, 

balances workloads, and upholds Service Level Agreements (SLAs). 
Together, allocation and scheduling directly impact: 
 Efficiency – minimizing resource waste 
 Scalability – supporting growth in users and workloads 
 Energy consumption – reducing power usage in data centers 
 Quality of Service (QoS) – meeting SLA targets and user expectations 
Traditional strategies like First-Come-First-Serve (FCFS), Round Robin (RR), and Shortest Job First (SJF) rely on static, rule-based 
logic. While simple, these methods often struggle with dynamic workloads, lack scalability, and require manual intervention—
leading to inefficiencies, higher costs, and SLA violations. 
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AI offers a promising alternative. By enabling predictive analysis, real-time scaling, and intelligent decision-making, AI-driven 
systems can dynamically adjust resources and optimize scheduling. As cloud infrastructures grow in complexity, AI provides the 
tools for self-optimization, predictive analytics, and autonomous control—making resource management more efficient, scalable, 
and cost-effective. 
Given the rapid expansion of cloud services and rising performance demands, exploring AI-based models for resource allocation 
and scheduling is no longer optional—it’s essential. 
 

III. MACHINE LEARNING AND OPTIMIZATION TECHNIQUES 
A. Machine Learning (ML) 
Machine Learning is a branch of AI that enables computers to learn from data and improve performance without being explicitly 
programmed. Instead of following fixed rules, ML algorithms identify patterns, make predictions, and adapt based on experience. 
ML is widely applied in cloud computing, healthcare, finance, and automation to enhance decision-making and operational 
efficiency. 
1) Supervised Learning: Uses labeled historical data to predict future resource demand and optimize allocation strategies. 
2) Unsupervised Learning: Trains models on unlabeled datasets to uncover hidden structures, patterns, or clusters—helping 

systems distinguish workload similarities without prior classification. 
3) Reinforcement Learning (RL): Involves an AI agent interacting with its environment, learning through trial and error which 

actions yield the best outcomes. RL is well-suited for dynamic and uncertain cloud environments, aiming to maximize 
cumulative rewards. 

 
B. Deep Learning 
Deep Learning is a specialized subset of ML that uses multi-layered artificial neural networks to automatically learn complex 
patterns from large datasets. It excels in tasks like image recognition, pattern matching, natural language processing, and speech 
analysis. Unlike traditional ML, deep learning models can learn directly from raw data without manual feature engineering, making 
them highly autonomous and scalable. 
 

IV. HEURISTIC AND METAHEURISTIC APPROACHES 
A. Heuristic Methods 
Heuristic algorithms are rule-based or problem-specific strategies that offer fast, practical solutions. While they may not guarantee 
globally optimal results, they are effective for specific scenarios and computationally efficient. 
Examples include: 
 Priority-based scheduling: Assigns tasks based on predefined priorities. 
 Min-Min / Max-Min heuristics: Selects tasks with minimum or maximum completion times first. 
 
B. Metaheuristic Methods 
Metaheuristics are high-level, general-purpose algorithms that guide the search process to explore solution spaces more effectively. 
Inspired by nature, physics, or biology, these methods are adaptable to complex, dynamic, and large-scale systems. They do not 
require exact problem formulations and can be hybridized with AI/ML for enhanced adaptability. 
 

V. KEY METAHEURISTIC ALGORITHMS 
A. Genetic Algorithm (GA) 
GA is an evolutionary optimization technique inspired by natural selection. It begins with a population of candidate solutions, 
evaluates them using a fitness function, and evolves better solutions through: 
 Crossover: Combining parts of two solutions. 
 Mutation: Introducing small random changes. 
GA is flexible and effective for complex, nonlinear, and uncertain problems. It’s widely used in cloud scheduling, resource 
optimization, route planning, and decision modeling. 
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B. Ant Colony Optimization (ACO) 
ACO mimics how ants find food by laying and following pheromone trails. In computational terms: 
 Artificial “ants” explore solution paths. 
 Pheromone strength and problem-specific factors guide decisions. 
 Successful paths are reinforced over time. 
ACO is highly adaptable and suitable for dynamic problems like task scheduling, cloud resource allocation, and network routing. 
 

VI. HYBRID AND INTEGRATED APPROACHES 
Hybrid and integrated approaches combine the strengths of multiple algorithms to overcome the limitations of individual methods. 
No single technique is universally optimal—some excel at exploring a wide range of solutions (exploration), while others are better 
at refining and improving existing ones (exploitation). By integrating complementary strategies, researchers can achieve a more 
balanced and effective optimization process. 
In cloud resource allocation and scheduling, hybrid models are especially valuable due to the dynamic, complex, and 
multidimensional nature of the environment. For instance: 
1) Heuristic methods like First-Come-First-Serve (FCFS) or Shortest Job First (SJF) are fast and simple but often fall short in 

producing optimal results. 
2) Metaheuristic methods such as Genetic Algorithms (GA) or Ant Colony Optimization (ACO) offer stronger optimization 

capabilities but can be computationally intensive. 
A hybrid approach merges these strengths—delivering faster decisions while maintaining high solution quality. 
 
A. Toward Unified AI Frameworks 
While many studies focus on specific layers—such as VM migration or task scheduling—few offer an integrated, end-to-end AI-
based framework. For example, the work cited in [19] proposes a unified model that combines: 
1) Reinforcement Learning (RL) for scheduling 
2) Long Short-Term Memory (LSTM) networks for workload prediction 
3) Genetic Algorithms (GA) for VM placement 
This cross-layer optimization approach addresses both energy efficiency and performance, aiming to minimize power consumption 
while maintaining Quality of Service (QoS). Most existing models target either cost or performance independently, but often fail to 
balance trade-offs. The proposed framework fills this gap through multi-objective optimization. 
 

VII. OBJECTIVES OF THE STUDY 
This study aims to develop and evaluate a hybrid LSTM–GA (Long Short-Term Memory + Genetic Algorithm) framework for 
intelligent resource allocation and scheduling in cloud computing environments. The key objectives are: 
1) To design an adaptive AI-powered model that integrates LSTM for workload prediction and GA for dynamic resource 

scheduling, enabling optimized utilization of cloud infrastructure under varying workloads. 
2) To improve system performance, scalability, and energy efficiency by leveraging the predictive capabilities of LSTM and the 

global optimization strength of GA. 
3) To reduce operational costs and enhance SLA compliance through intelligent scheduling strategies that maximize resource 

utilization, minimize delays, and maintain service reliability. 
4) To demonstrate the superiority of the LSTM–GA hybrid model over conventional and standalone techniques through 

comparative analysis using real or simulated cloud workloads. 
 

VIII. RELATED WORKS 
The rapid expansion of cloud infrastructures has led researchers to explore AI-driven methods for dynamic resource management. 
Existing studies address key challenges such as resource allocation, energy efficiency, scalability, and system reliability using 
various techniques: 
 

A. Prediction-Based Scheduling 
Many works leverage machine learning and predictive analytics to forecast workloads and enable proactive scheduling. For 
example: 
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1) Ann Heng (2023) emphasized real-time optimization and predictive provisioning using ML and IoT data. 
2) Nikhil Annam (2024) explored reinforcement learning and ML for automation and cost reduction in distributed systems. 
3) Abhishek Kartik Nandyala et al. (2024) demonstrated improved workload prediction and utilization in multi-cloud 

environments. 
4) Yihan Wang (2025) applied ML and RL for CPU resource management, highlighting real-time performance gains. 
These studies show the value of prediction, but often lack integration with optimization techniques that can dynamically adapt to 
changing workloads. 
 
B. Optimization-Based Approaches (GA, PSO, RL) 
Other research focuses on heuristic and metaheuristic algorithms for near-optimal scheduling: 
1) Himani Chaudhary et al. (2025) combined AI with Model Order Reduction to improve energy efficiency. 
2) Safia Rabaaoui et al. (2024) used mobile agents for dynamic allocation and energy-aware scheduling. 
3) J. Anand et al. (2025) proposed a multi-objective scheduling framework for edge-to-cloud healthcare systems. 
While these methods offer strong optimization, they often lack predictive foresight—leading to reactive rather than proactive 
resource management. 
 
C. Hybrid / Intelligent Frameworks 
Recent studies have begun integrating prediction and optimization: 
1) Pradeep Singh Rawat et al. (2024) introduced a BSO–ANN hybrid for VM placement, improving energy and SLA metrics. 
2) Sanjeev Sharma (2024) proposed a SHO–ANN model using real workload traces. 
3) Haotian Zheng et al. (2024) combined XGBoost with LSTM for predictive analytics in cloud allocation. 
These hybrid models show promise, but few offer a tightly coupled framework that blends temporal prediction (via LSTM) with 
evolutionary optimization (via GA) in a unified scheduling pipeline. 
 
D. Positioning Your LSTM–GA Hybrid Model 
Your proposed LSTM–GA hybrid framework fills a critical gap by: 
1) Integrating prediction and optimization: LSTM forecasts workload patterns, while GA dynamically schedules resources based 

on those forecasts. 
2) Enabling cross-layer adaptability: Unlike models focused on a single layer (e.g., VM placement or CPU allocation), your 

framework supports end-to-end resource management. 
3) Balancing performance and energy trade-offs: Through multi-objective optimization, it addresses both SLA compliance and 

energy efficiency. 
4) Improving scalability and responsiveness: The combination of LSTM’s temporal learning and GA’s global search enhances 

adaptability in large, heterogeneous cloud environments. 
This positions your work as a next-generation solution that builds on existing research but offers a more integrated, intelligent, and 
scalable approach. 

IX. COMPARATIVE ANALYSIS 
 

Sr. No. Author (Year) Technique/Method Simulator/Dataset Common Metrics 

1 Sanjeev Sharma (2024) SHO–ANN Hybrid PlanetLab 
Energy, SLA, Utilization, 
Execution Time 

2 Atul et al. (2025) Literature Review - 
Cost, Utilization, 
Execution Speed 

3 
J. Anand et al. (2025) 

Dynamic Scheduling 
Framework 

Edge-to-cloud 
healthcare 

Latency, Throughput, 
Energy Efficiency 

4 Yousef Sanjalawe et al. 
(2025) AI-based Scheduling Not specified 

Energy, Efficiency, 
Reliability 

5 Ann Heng (2023) AI-driven RMS IoT & Edge Data 
Scalability, Efficiency, 
Cost 
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6 
Shashikant Ilager et al. 
(2020) AI-centric RMS 

Heterogeneous 
Cloud 

Monitoring, Provisioning, 
Scheduling 

7 
Nikhil Annam (2024) 

AI + IoT/Edge (ML, 
RL) Distributed Systems Cost, Utilization 

8 
Abhishek Kartik 
Nandyala et al. (2024) AI in Multi-cloud Multi-cloud Cost, Utilization, Latency 

9 Yihan Wang (2025) 
AI for CPU Mgmt (ML 
+ RL) 

Cloud CPU 
Workloads 

Demand Forecasting, 
Performance 

10 Ch. Venkateswarlu et al. 
(2021) Hybrid RL + ML 

Simulated 
Workloads Cost, Scalability 

11 Rajesh K. Navandar et al. 
(2024) 

AI-powered Resource 
Sharing 

Cloud Sharing 
Models SLA, Reliability 

12 Somnath Banerjee (2024) AI-driven Scheduling Cloud Environments 
Scalability, Decision-
making 

13 
Himani Chaudhary et al. 
(2025) 

AI + Model Order 
Reduction Cloud Infrastructures 

Energy, Cooling, 
Utilization 

14 Amit Choudhury et al. 
(2024) 

ML methods (RL, 
LSTM, NAS, etc.) 

Dynamic Cloud 
Workloads 

Scalability, Forecasting, 
Stability 

15 
Pradeep Singh Rawat et 
al. (2024) Hybrid BSO–ANN 

Cloud VM 
Placement 

Energy, SLA, Utilization, 
Migration 

16 
Safia Rabaaoui et al. 
(2024) 

Dynamic Allocation + 
Mobile Agents 

Simulated 
Workloads 

Energy, Response Time, 
Cost, Makespan 

17 Satyanarayan Kanungo 
(2024) 

AI-driven RMS 
(ML/DL) Cloud RMS 

Utilization, Fault 
Tolerance, Cost 

18 Haotian Zheng et al. 
(2024) 

XGBoost + LSTM 
Hybrid Cloud Workloads 

Forecasting Accuracy, 
SLA, Energy 
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A. Comparative Table: Why One Method Outperforms Another 
 
Method / Technique Nature of 

Approach 
Strengths (Why it 
Performs Better) 

Limitations (Why 
others may outperform 
it) 

Overall Remarks 

Traditional Scheduling (FCFS, 
RR, SJF) 

Rule-based 
heuristic 

Simple, easy to 
implement, low 
computation overhead 

Fails in dynamic 
environments, poor 
adaptability 

Suitable only for 
static workloads; 
baseline method 

Heuristic Methods (Min–Min, 
Max–Min, Priority-based) 

Problem-
specific, fast 

Quick and practical for 
specific scheduling 
scenarios 

Can get stuck in local 
optima, lacks global 
exploration 

Effective for small-
scale systems, but 
not scalable 

Metaheuristic (GA, PSO, ACO, 
BSO) 

Evolutionary / 
Nature-inspired 

Handles complex, non-
linear, large-scale 
problems; global search 
capability 

Computationally 
expensive; may require 
tuning 

Outperforms 
heuristics in solution 
quality and 
adaptability 

Machine Learning 
(Supervised/Unsupervised) 

Data-driven 
learning 

Learns from workload 
patterns; improves 
prediction accuracy 

Needs large datasets; 
performance depends 
on training quality 

Enables predictive 
provisioning and 
intelligent decision-
making 

Reinforcement Learning (RL) Experience-
based 
optimization 

Learns optimal policies 
via trial and feedback; 
adapts to dynamic 
changes 

Slow convergence; 
requires many training 
iterations 

Strong adaptability 
and real-time 
decision-making 
ability 

Deep Learning (LSTM, ANN, 
CNN) 

Neural network-
based learning 

Captures temporal and 
complex relationships; 
excellent in demand 
forecasting 

High computational 
cost; needs large-scale 
data 

Superior in 
prediction tasks and 
workload analysis 

Hybrid (BSO–ANN, GA–RL, 
XGBoost–LSTM) 

Combination of 
AI + 
Optimization 

Combines learning + 
exploration; achieves 
balance between 
accuracy and adaptability 

Complex integration; 
sometimes harder to 
interpret 

Outperforms 
individual methods 
by leveraging 
multiple strengths 

Model Order Reduction (MOR) 
+ AI 

Physics-
informed + AI 
optimization 

Significantly reduces 
energy consumption and 
cooling cost 

Still in early research; 
limited real-world 
deployment 

Promising for 
sustainable cloud 
systems 

Dynamic Scheduling 
Frameworks (e.g., J. Anand et 
al. 2025) 

Multi-objective, 
adaptive 

Considers multiple KPIs 
like latency, throughput, 
and energy 

Domain-specific, 
limited generalization 

Best suited for edge-
to-cloud and real-
time systems 

XGBoost + LSTM Hybrid 
(Haotian Zheng 2024) 

Ensemble + 
Deep Learning 

Improves prediction 
accuracy and allocation 
efficiency 

Scalability issues in 
large-scale deployments 

Among top 
performers for 
accuracy and 
adaptability 

 
X. RESEARCH GAPS IDENTIFIED 

1) Scalability: Existing models perform well in controlled or small-scale settings but struggle to maintain efficiency and reliability 
in large, heterogeneous, or multi-cloud infrastructures. 

2) Integration: Most solutions rely on a single optimization technique. The integration of diverse methods—such as combining AI 
with heuristics or linking IoT data with cloud scheduling—is still in its infancy. Seamless interoperability remains a challenge. 

3) Energy Efficiency: Partial solutions exist, but a comprehensive strategy that considers both computing resources and supporting 
infrastructure (e.g., cooling systems) is missing. 
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4) Adaptability: Rapid changes in workloads and user demands require dynamic, self-learning scheduling systems. Many current 
models lack the flexibility to respond in real time. 

5) Security and Trust: AI-based scheduling introduces concerns around data privacy, algorithmic bias, and transparency. Ensuring 
secure, fair, and explainable resource allocation is an ongoing challenge. 

6) Cost Optimization: Performance and energy metrics are often prioritized over financial cost. Unified frameworks that balance 
performance, energy use, and pricing models are underdeveloped. 

7) Real-World Validation: Most studies rely on simulations or limited-scale experiments. There is a pressing need for large-scale, 
real-world validation to prove the practicality and reliability of AI-driven and hybrid scheduling techniques. 

 
XI. ORIGINAL CONTRIBUTION 

This paper makes the following key contributions: 
1) Proposes a novel LSTM–GA hybrid framework for cloud resource allocation and scheduling, combining predictive modelling 

with evolutionary optimization. 
2) Demonstrates how AI can address dynamic workload challenges by integrating time-series forecasting with adaptive 

scheduling. 
3) Identifies gaps in existing literature, particularly the lack of unified, cross-layer AI frameworks that balance performance, 

energy efficiency, and SLA compliance. 
4) Provides a comparative analysis of existing methods, highlighting the strengths and limitations of heuristic, metaheuristic, ML, 

and hybrid approaches. 
 

XII. LIMITATIONS OF EXISTING WORKS 
Despite the growing application of AI-driven methods in cloud resource management, several critical limitations persist across 
current research: 
1) Scalability: Models such as Reinforcement Learning (RL), Long Short-Term Memory (LSTM), Gradient Boosting Machines 

(GBM), and BSO–ANN hybrids have shown promising results in simulations and small-scale environments. However, their 
scalability to large, real-world multi-cloud and hybrid infrastructures remains uncertain and underexplored. 

2) Integration: Many studies focus on either traditional scheduling techniques or isolated AI methods. What’s missing are robust 
hybrid frameworks that seamlessly integrate multiple AI capabilities—such as prediction, optimization, and anomaly 
detection—into a unified resource management solution. 

3) Energy Efficiency: While energy-aware strategies like VM placement, cooling optimization, and Model Order Reduction 
(MOR) have been proposed, most approaches target individual components. A holistic, system-level energy optimization 
strategy that balances performance, cost, and sustainability is still lacking. 

4) Adaptability: Existing models often assume uniform resources and predictable workloads. In practice, cloud infrastructures are 
highly dynamic and heterogeneous—especially when extended to hybrid cloud, edge, and IoT systems. More adaptive, self-
learning approaches are needed to handle sudden demand fluctuations and diverse resource types. 

5) Security and Trust: Although some AI-based methods incorporate anomaly detection, few address security, privacy, and fault 
tolerance as core elements of resource allocation. This is especially critical in multi-tenant cloud environments, where trust and 
data protection are paramount. 

6) Cost Awareness: Most research emphasizes performance and energy efficiency, with limited attention to cost optimization. 
Models that incorporate pricing policies from both cloud providers and users are rare, leaving a gap in financially sustainable 
resource management. 

7) Real-World Validation: Many AI-based approaches—including BSO–ANN, XGBoost–LSTM, MOR, and RL—have been 
evaluated primarily in simulation environments. There is a clear need for long-term, real-world testing to assess sustainability, 
adaptability, and robustness under practical cloud workloads. 

 
XIII. CONCLUSION 

Cloud computing continues to evolve rapidly, demanding smarter, more adaptive resource management strategies. Traditional 
scheduling methods, while simple, struggle to meet the dynamic and complex demands of modern cloud environments. AI-driven 
techniques—especially those combining prediction and optimization—offer a promising path forward. 
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This study reviewed a wide range of approaches, from heuristic and metaheuristic algorithms to machine learning and hybrid 
frameworks. Among these, the proposed LSTM–GA hybrid model stands out for its ability to integrate time-series workload 
prediction with global optimization. By leveraging LSTM’s forecasting capabilities and GA’s evolutionary search, the model 
enables intelligent, scalable, and energy-efficient resource allocation. 
Future research should focus on real-world validation, multi-cloud deployment, and integration with edge and IoT systems. 
Additional directions include enhancing security, improving trust through anomaly detection, and refining multi-objective 
optimization for better trade-off management between performance and energy consumption. 
This work lays the foundation for intelligent, scalable, and trustworthy cloud resource management using AI-based hybrid models. 
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