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Abstract 
Demand for computational resources has skyrocketed due to the ever-increasing popularity of cloud computing services, which 
in turn has raised energy consumption, operating expenses, and the negative effect on the environment. Efficient load balancing 
is now crucial to increase resource efficiency and cut down on energy consumption in modern cloud data centers. However, 
heuristic procedures or static scheduling rules are frequently employed in traditional scheduling and load balancing methods, 
which cannot meet the need of load balancing for frequent and unpredictable workload patterns. This restriction leads to an 
imbalance in resources, unnecessary virtual machines (VMs) migrations, increased power usage and degraded quality of service 
(QoS). A paradigm for sustainable cloud computing environments based on Transformer is introduced in this research, which is 
named Transformer-Based Multi-Objective Energy-Aware Load Balancing (TMO-EALB). It seeks to overcome these challenges. 
The proposed method can correctly anticipate the future workload conditions based on the historical and real-time data of cloud 
resources by recognizing the long-range temporal relationship using the Transformer network. A multi-objective optimization 
model based on the expected workload makes an intelligent scheduling decision. It reduces energy usage, virtual machine 
migration overheads, violations of Service Level Agreements (SLAs), increases resource utilization and maintains a balanced 
workload distribution. In order to provide adaptive resource allocation, the architecture constantly takes into account a number 
of cloud performance metrics, such as CPU utilization, memory use, network traffic, power consumption, and migration cost. To 
evaluate the proposed framework, we have performed experiments using CloudSim under various workload scenarios and 
observed their performance. The simulation results demonstrate the advantages of comparing the suggested method with the 
traditional load balancing methods when it comes to workload balancing, reducing unwanted migrations of VMs, reducing total 
energy consumption and improving the energy efficiency of the system. The proposed framework offers a sustainable and 
scalable solution for intelligent cloud resource management, making it easier than ever to manage resources. 
 
Keywords: Cloud computing, transformer networks, optimization, workload prediction, energy-aware load balancing, cloud 
resource management, resource utilization, sustainable computing—these are some of the terms that are used to describe green 
cloud computing. 

 

I. Introduction 
Cloud computing has revolutionized the provision of computational services by offering scalable, on-
demand, and cost-effective computing services which are delivered via the Internet. The services are based 
on the Infrastructure-as-a-Service (IaaS), Platform-as-a-Service (PaaS) and Software-as-a-Service (SaaS) 
approach, eliminating the need for an investment in their own physical infrastructure to tap into the 
computing services. Cloud computing has emerged as flexible and scalable, and is the platform of choice for 
a wide variety of applications such as artificial intelligence, big data analytics, healthcare, financial services, 
scientific computing and Internet of Things (IoT) applications etc. [3], [15] and [16]. The cloud services are 
growing and there are large-scale cloud data centers that have thousands of physical servers, virtual 
machines running around the clock to fulfil the demands of users' cloud services, service reliability and 
high availability. 
 
Though cloud computing presents many economic and technological benefits, the more energy it uses and 
the more costly it is, the larger the cloud infrastructure. Modern cloud data centers need a lot of electrical 
power to sustain computing servers, storage devices, networking facilities and cooling systems. Therefore, 
energy usage is one of the main concerns for Cloud Service Providers, as it is impacting their business by 
not only contributing to environmental impact and carbon emissions but also to their costs. This concept 
leads to the introduction of Green Cloud Computing which is a successful paradigm that aims to minimize 
energy resource consumption, its impact on the environment and optimization of the use of resources, 
while maintaining Quality of Service (QoS) and Service Level Agreement (SLA) requirements [4, 7, 23]. 
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Cloud resource management is multi-type of management that distributes load resources efficiently among 
the resources available in the cloud, one of which is load balancing. If the load balancing is correctly 
configured, it can help to avoid overloading the server, minimize response delay, save resources and 
prevent unneeded virtual machine (VM) migrations. The traditional scheduling approaches are based on 
certain rules or thresholds, using round robin, throttled, min-min or any threshold-based load balancing 
algorithms to make scheduling decisions. Solutions in this category are fast, but cannot maintain high 
speeds when driving cloud workloads because of workload imbalance, too many VM migrations, inefficient 
resource utilization and high energy consumption [6]–[10]. 
 
The advent of AI and deep learning has resulted in new workload prediction methods, that are also smart, 
enabling proactive management of cloud resources. Predictive Models: They predict the characteristics of 
the workloads in the future by using past and present resource utilization information and then schedule 
based on the information of the future workload, rather than the current workload. A self-attention 
mechanism has been observed to be very effective for long-range temporal dependency learning in 
sequential data and transformer networks are becoming widespread among the different deep learning 
architectures. Transformers' accuracy on workload sequences in highly dynamic cloud environments is 
higher compared to traditional RNN models in these scenarios, and they are more efficient in this context 
[5]–[13]. With accurate workload forecasting, cloud resource managers can take scheduling decisions in 
advance of resource congestion improving the performance of the system and saving unnecessary energy 
wastage. 
 
Although such progress has been made, there are some well-established energy-aware scheduling methods 
that target only one of the scheduling goals including energy conservation or workload prediction accuracy. 
Likewise, a large number of the optimization-based solutions are extremely complex to implement in large 
scale cloud deployments. Some of the existing methods reported with disadvantages in the handling of 
workloads with dynamically changing resource requirements as well as reducing the overhead of migrating 
virtual machines and balancing the workloads and satisfying the Quality of Service (QoS) requirements [1], 
[2], [17], [22] are also continuously used. Therefore, developing a process for a “fit for purpose” framework 
that addresses both of these objectives is a major research challenge. 
 
Research Gap 
A thorough survey of the recent literature shows that the traditional heuristic scheduling methods can not 
predict future workload behavior in a dynamically changing cloud scenario. Many of the previous studies 
focus only on optimizing part of the metrics and do not take the factors such as energy consumption, 
migration overhead, compliance to SLAs and balanced resource utilisation into account in workload 
prediction using machine learning and deep learning solutions. Furthermore, some of the optimization 
algorithms are not readily applicable for large size cloud infrastructures [5; 18; 19; 21] and have a higher 
computational complexity. Hence, it still remains to be developed an intelligent resource management 
framework which can accurately predict the workload and efficiently optimise multiple objectives. 
 
Problem Statement 
The number of clouds and highly dynamic workloads has increased resulting in an overloaded server, 
inefficient resource usage, excessive VM migrations, higher energy consumption, and performance issues. 
The existing energy aware load balancing schemes fail to realize a good operational efficiency and energy 
saving performance because they are not capable of optimizing multiple performance measures at the time 
of dynamic load variations. Therefore, an intelligent load balancing control plane, which has the ability to 
precisely forecast the workload variations and reduce the energy consumption, VM migration expenses, 
SLA compliance, and resources utilization inside a single scheduling approach is required. 
 
To address these issues, a TransformerBased Multi-Objective Energy-Aware Load Balancing (TMO-EALB) 
method is proposed in this paper to the sustainable cloud computing system. The proposed framework is 
based on a Transformer model, which takes as input the workload metrics of the past and present of the 
cloud resources (including CPU utilization, memory utilization, network traffic, power consumption and 
migration cost) to generate a more accurate prediction of the workload metrics for the future. These 
predictions are then fed into a multi-objective optimization model to optimally allocate workloads, while 
minimizing the number of unnecessary VM migrations, energy consumption and maximizing resource 
utilization whilst meeting the SLA. The framework enables adaptive scheduling decisions for increasing the 
efficiency and sustainability of modern cloud data centres. 
 
 
This study has a few key findings which are summarized here: 
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The Transformer model aims to learn temporal dependence for long time horizons from cloud resource 
usage data. 
The objective of multi-objective optimization is to minimize the energy consumption, the overhead of 
virtual machine migrations, the SLA violation and maximize resource utilization. 
Proposed Workload Balancing Scheme in Dynamic Cloud Environment which is energy aware and adaptive. 
The proposed framework is simulated using the CloudSim platform, and tested using the dynamic workload 
scenario to prove the effectiveness of the proposed framework. 
The experimental results demonstrate the effectiveness and efficiency of the proposed method in terms of 
a balanced workload, efficient use of resources, energy efficiency and sustainable cloud resource 
management when compared to the traditional load balancing methods used. 
 
This paper is divided into the following parts after this introduction. This section presents a thorough 
background study of the previous works done in the field of energy-aware load balancing in cloud 
computing.In this section the detailed survey of the related works on energy-aware load balancing in cloud 
computing is presented. The Transformer Based Multi-Objective Energy-Aware Load Balancing scheme is 
presented here in Section III. The mathematical description and procedure is given in Section IV. The 
implementation details and the simulation environment is discussed in Section V. In Section VI 
experimental results and performance evaluation will be provided. Lastly, Section VII wraps up the paper 
and provides future research directions. 
 
II. SURVEY OF RESEARCH 
With the expanding scale and demand for computing power of cloud computing, the need for intelligent 
resource management has also increased in order to reduce power usage while keeping service levels at 
bay. Because it has a direct impact on power consumption, reaction time, workload distribution, and QoS, 
load balancing is still one of the basic strategies for improving cloud resource usage. Many methods based 
on heuristics, optimization, machine learning, and deep learning have been suggested to tackle these 
problems in the last ten years. The cloud is a dynamic workload, however, and poses many challenges for 
researchers. 
 
The initial studies have been directed on heuristic and threshold based load balancing methods due to their 
simplicity and low processing costs. The techniques used are based on pre-defined threshold values and 
scheduling policies, which are used to allocate workloads among available virtual machines. They have less 
impact in very dynamic cloud environments, as they don't perform well when the workloads in the future 
are not predictable, but help the workload distribution during the stable period of operation. This leads to 
typical restrictions, such as imbalance of resources, unnecessary virtual machine (VM) migrations, 
increased energy consumption and decreased system performance [4], [6]-[9]. 
 
To address these disadvantages, a class of optimization methods, called metaheuristic optimization 
methods, have been developed to schedule the cloud resources. The evolutionary optimization methods 
which take multiple optimization goals into consideration are: Genetic Algorithms (GA), Particle Swarm 
Optimization (PSO), Artificial Bee Colony (ABC) and Pareto based optimization methods. As a result, these 
techniques show improved resource allocation. An efficient algorithm, the NSGA-II algorithm, was 
presented by Deb et al., which has been proven to be efficient in finding Pareto-optimal solutions, keeping 
the solutions diversified and is now one of the most commonly used multiple objective optimization 
algorithms [18]. SPEA2 was also demonstrated to be effective for multi-objective optimization, which 
maintains non dominated solutions and enhances the convergence [19]. These optimization methods are 
more efficient than heuristic ones in scheduling and could be more complex and take more optimization 
rounds to be applied to large scale cloud infrastructures. 
 
By allowing predictive scheduling using workload history data, machine learning has greatly enhanced 
intelligent cloud resource management. Machine learning algorithms identify underlying patterns among 
resources' measurements to proactively allocate workloads and avoid performance degradation. Two 
recent examples where scheduling algorithms synthesized by machine learning can sometimes outperform 
classic heuristic algorithms are workload balance and resource usage [9, 10]. However, the advantages of 
most of the ML methods are that they require many handcrafted features, and are unable to handle dynamic 
cloud workloads that contain complex temporal interactions. 
 
The accuracy of workload prediction has been recently improved thanks to the automatic generation of 
hierarchical representations provided by a deep learning approach from monitoring data gathered from 
the cloud. Transformer networks have been shown to be efficient parallel computers [11] and are ideal for 
modelling long-range sequential dependencies, a first application of this design by Vaswani et al. [11]. 
Transformer architectures beat recurrent neural network (RNN) and Long Short-Term Memory (LSTM) 
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models for the sequential prediction task in terms of their scalability and learning efficiency. Based on this, 
other researchers have utilized a Transformer-based design to intelligent scheduling and also cloud 
resource prediction, achieving remarkable improvements in cloud resource prediction in the cloud 
resources utilized when operating in a dynamic environment [5, 12, 13]. 
 
Other largescale cloud data storage initiatives have emerged in recent years, also due to environmental 
concerns that stem from those, including energy-aware resource management. In the field of energy saving, 
several studies have been undertaken such as intelligent workload consolidation, dynamic migration of 
virtual machines and adaptive scheduling strategies. When the workload is dynamically changing, the 
computing cost increased because of the iterative optimization process as presented in [7] by Milano et al. 
who proposed an Artificial Bee Colony algorithm for scheduling to improve the QoS and to use less energy. 
Their load balancing approach was energy aware and their approach provided effective use of the 
resources, but most of the approaches of Lilhore et al. [6] were heuristic in nature. Likewise, threshold-
based scheduling methods are good at reducing server overloading, but they can't keep up with changes in 
workload characteristics that happen quickly [8]. 
 
This is a new field of research that has gained more and more traction lately, hybrid intelligent scheduling 
frameworks that integrate optimization methods with deep learning. To enhance the workload prediction 
and scheduling, Sinduja and Charles introduced PSTL-PPSO framework which included the attention-based 
temporal learning and swarm optimization [5]. Although the proposed system yielded the desirable 
performance improvements, the cost of computation got too high because of deep learning integration with 
complex optimization techniques, which prevented its use in large cloud infrastructures. Likewise, 
reinforcement learning approaches have proven to be very flexible in dynamically changing loads, but 
require a long learning time and large exploration space to converge [1], [21]. 
 
There have been several survey-based studies that have identified conflicting performance metrics such as 
energy consumption, response time, resource utilization, cost of virtual machine migration, execution 
efficiency, service level agreement violation, and energy efficient cloud resource management [4, 9, 22, 23]. 
The current scheduling optimization methods only focus on a single or a few of the objectives. In addition, 
a lot of workload prediction models only consider the accuracy of the prediction and ignore any 
optimization algorithm to intelligently schedule the tasks according to the workload conditions. 
 
Deficit in Research 
A lot of questions still remain, based on the literature study. Traditional heuristic and threshold based 
scheduling algorithms are not well adapted to dynamic cloud workloads, because they lack predictive 
intelligence. Secondly, many existing workload prediction methods do not incorporate workload prediction 
along with effective multi-objective optimization, which is required to make intelligent scheduling 
decisions using deep learning models based on Transformers. Thirdly, large scale cloud infrastructures 
don't offer the optimization based resource allocation techniques as suitable, because of the high 
computational cost. Also, there is a lack of systematic research that optimises all performance metrics 
jointly, such as energy consumption, workload balancing, SLA compliance, resource usage, and migrating 
virtual machines. 
In order to circumvent these constraints, the suggested TMO-EALB framework combines computationally 
efficient multi-objective optimization with Transformer-based workload forecasting. This allows to 
manage cloud resources in an adaptive, energy efficient and sustainable manner in dynamic workload 
environments. 
 
III. PROPOSED SYSTEM  
In cloud computing, systems of resources are becoming increasingly complex, which makes it important to 
have intelligent resource management systems that can manage highly dynamic workloads, minimize 
energy consumption, and ensure Quality of Service (QoS). The conventional load balancing approaches, 
such as heuristic scheduling methods and static rules, are unable to handle the varying resource demands. 
As a result, cloud infrastructures experience a number of problems such as workload imbalance, many VM 
migrations, increased power usage and SLA violations. Considering these limitations, the present study 
proposes a framework known as Transformer-Based Multi-Objective Energy-Aware Load Balancing (TMO-
EALB) that combines intelligent cloud resource scheduling using the deep learning based workload 
forecasting with multi-objective optimization. Virtual machine migration statistics, CPU utilisation, 
memory utilisation, storage utilisation, network bandwidth, power consumption, and cloud data center 
resource utilization metrics are all continually monitored by the suggested framework. These resource 
measurements are captured in the cloud environment both on physical hosts and virtual machines. The 
acquired data undergoes preprocessing steps like data cleaning, data normalization, data feature extraction, 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.12s, 2026                                                                                    1115 

and temporal sequence construction to ensure the consistency of the data and make it ready for model 
training. 
The sequential resource consumption data that has been preprocessed is fed to a Transformer network.The 
preprocessed sequential resource consumption data is fed into a Transformer network. Unlike the standard 
recurrent designs, the Transformer is able to process multiple input sequences at once, and use a self-
attention mechanism to model long-range relationships among the workload observations. The model can 
accurately estimate changes in workloads in future based on the relationship between different measures 
of cloud resources over time. The scheduling system could take preventive action, rather than waiting for 
a workload imbalance to occur, based on the expected workload data. 
A multi-objective optimization module identifies the optimal placement of virtual machines onto physical 
hosts, according to the predicted workload. The suggested optimization approach enhances cloud resource 
management efficiency by taking into account many competing goals at the same time, rather than focusing 
on maximizing a single performance parameter. The aim of the optimization process is to: 
1. Reduce cloud data centers' overall energy use. 
2. Reduce additional effort needed to move VMs around. 
3. Use computer resources more effectively to meet workload. 
4. Optimize the use of the computer's CPU, RAM and network. 
5. Maintain high service quality, while reducing service level agreement violations. 
The optimization module is used to determine the optimal method to allocate workloads while satisfying 
all of these aspects simultaneously. This balanced optimization method can achieve efficient resource use 
of the computer, reduce the operating costs, and reduce the environmental impact. The resource allocation 
module initiates VM migrations as necessary, and distributes incoming tasks dynamically to selected VMs 
based on appropriate scheduling decisions. Projected workload circumstances are used for scheduling 
decisions rather than just current resource utilization to reduce unnecessary migrations, thereby reducing 
migration cost and increasing system stability. The framework is able to successfully adjust to changing 
workload patterns since the scheduling process is continually repeated as fresh monitoring information 
becomes available. 
 

 
Fig1: The overall structure of TMO-EALB (sustainable management of cloud resources) 

 
Transformer-Based Multi-Objective Energy-Aware Load Balancing (TMO-EALB) and its general design are 
depicted in Fig. 1. An adaptive cloud resource management system is achieved via the cooperative 
operation of six main functional modules that make up the architecture. The module is monitoring the 
utilization of the resources in the cloud, such as CPU utilization, memory utilization, storage availability, 
energy usage, network bandwidth, and virtual machine status, in real time. 
The data preprocessing module is used to preprocess the workload data, which then undergoes a cleaning 
process, data normalization, feature selection and the formation of temporal sequences. 
Transformer-Based Workload Prediction Module: Accurately predict future requests for cloud services by 
learning the features of temporal workloads with self-attention mechanism. 
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The Multi-Objective optimization module creates optimum scheduling options by maximizing resource 
utilization while simultaneously minimizing energy consumption, migration overhead and service level 
agreement breaches. 
Module for Adaptive Load Balancing: Distributes the load of the resource between virtual machines in an 
adaptive manner based on the optimum load balancing rule. 
As a means of verifying the efficacy of scheduling, the Performance Evaluation Module keeps a constant eye 
on the system's energy consumption, resource usage, execution time, number of virtual machine migrations, 
throughput, response time, and SLA compliance, among other metrics. 
The proposed TMO-EALB structure has several advantages over other traditional load balancing methods. 
The Transformer model represents the temporal connections between tasks in a more intricate way than 
conventional scheduling algorithms, allowing accurate task prediction. Multi-objective optimization is 
incorporated to enhance the quality of scheduling and overcome the shortcomings of solving optimization 
problems with only one objective. This enables the evaluation of many performance goals simultaneously. 
The adaptive scheduling approach boosts energy savings, better workload balance and eliminates 
unnecessary VM migrations without sacrificing service quality. Overall, the proposed architecture provides 
a smart and long-term architecture for cloud resource management, which can meet the computing 
demands of today's cloud-based data centers. The TMO-EALB framework, which integrates predictive deep 
learning with multi-objective optimization, delivers efficiency in resource usage, reduced operational 
energy, enhanced quality of service, and eco-friendly cloud computing infrastructures. 
 

IV. Working Methodology 
For effective management of cloud resources, the suggested Transformer-Based Multi-Objective Energy-
Aware Load Balancing (TMO-EALB) architecture uses an optimization-driven and predictive technique. 
The framework uses a multi-objective optimization technique to find the best way to distribute workloads, 
continually analyzes cloud resources, and uses a Transformer network to forecast future workload 
fluctuations. This way, scheduling choices aren't dependent just on the present system state. This approach 
allows for a unified scheduling strategy that can enable proactive decision making to reduce energy 
consumption, while maintaining QoS and resource balance. As shown in Figure, there are a total of six 
consecutive steps that make up the operational process. 1. 
1. Monitoring of Cloud Resources pertinent to the SDG 13.1.4. 
In the first stage, operational data is continually retrieved from the cloud. In order to get a true picture of 
the current state of the system, resource monitoring is done on both physical hosts and virtual machines. 
Some of the characteristics observed are task execution statistics, a history of virtual machines migration, 
energy consumption, bandwidth consumption, storage consumption, and CPU utilization. This monitoring 
information is periodically collected and saved in a centralized resource repository. The input for the next 
phases of prediction and optimization is the continually updated dataset, which represents the changing 
workload characteristics of the cloud environment. Making scheduling choices based on up-to-date 
resource circumstances instead of obsolete information is achieved via continuous monitoring. 
B: Preprocessing Data 
The cloud monitoring data collected is typically noisy, contains duplicate data, is read inconsistently, is 
missing or is otherwise affected by other problems. Thus, prior to training the model, an adequate 
preprocessing step is crucial. The first step in data cleansing is to eliminate duplicate and incomplete 
records. Following this, numerical characteristics of all resources are normalized with Min-Max 
normalization to create the numerical characteristics belonging to a similar range. This normalization 
makes the learning process more balanced and reduces the influence of certain features on the learning 
process, thereby promoting the convergence of the model during deep learning training. 
Feature engineering is applied after normalisation to generate useful workload representations from past 
observations of clouds in the cloud. We derive statistics, trends in resource usage, migration information, 
and workload orderings. In the end, the temporal dependence among measurements of cloud resources is 
preserved by creating sliding time frames, which yield consecutive input samples. A structured sequence 
dataset that can be used for workload prediction using Transformer is the end result of this step. 
D. Forecasting Workloads using Transformers 
To feed the Transformer network, we feed it the preprocessed sequences of workloads. Unlike the 
recurrent neural network, which would process the input one element at a time, the Transformer design 
also considers all the task observations at once. This ability enables learning long-term dependencies 
efficiently and reduces the complexity of training. 
First, we transform each workload sequence into embeddings in the numerical space that preserves the 
semantic relationships between metrics of cloud resources. Then, to keep the order of the workload 
observations in chronological order, positional encoding is used. 
The Transformer encoder's multi-head self-attention identifies relations among the following: CPU usage, 
memory usage, bandwidth usage, storage usage, and previous job history. In order to forecast future 
workloads, the feed-forward network first extracts high-level representations of the task. These 
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representations are then transferred via fully connected layers. The scheduling system can begin to 
schedule resources in advance of workload imbalance occurring, due to the estimated resource demands 
or workloads that are projected in the workload values. 
D. Optimisation with Several Goals 
The optimization module takes the workload forecast information as input from the Transformer module. 
To increase cloud performance overall, the suggested approach takes into account numerous scheduling 
goals at the same time, rather than optimizing just one. Throughout optimization, an optimal way to break 
up the tasks that accomplishes all of the following goals is sought: 
1. Minimize energy consumption. 
2. Minimize steps to move VMs. 
3. Cut down on infractions of the Service Level Agreement (SLA). 
4. Make optimal use of the CPU and RAM. 
5. Spread out among physical hosts. 
6. Optimize system performance – minimum latency! 
A number of objective functions are used to evaluate these possible scheduling solutions. A Pareto based 
optimization approach is used to obtain non-dominated scheduling solutions that achieve a successful 
compromise between conflicting objectives. The scheduler, after considering all the possibilities, chooses 
the one that best accomplishes these goals, while minimizing waste of these resources. 
E. Design and implement efficient resource allocation and load balancing. 
When the best scheduling strategy is determined, workloads are dynamically mapped to available virtual 
machines, according to the optimized allocation plan. The adaptive scheduler will always compare the 
predicted workload levels with actual resource consumption. Virtual machines are only moved when the 
expected scheduling benefit is greater than the migration cost, in the event that a workload imbalance is 
identified. This predictive migration approach could help us to avoid moving virtual machines (VMs) that 
are not required, and reduce the amount of migration effort significantly. 
Based on optimization outcomes, anticipated workload circumstances, and available computing resources, 
incoming user requests are given to the most suitable virtual machines. Thus, the proposed architecture is 
capable of maintaining both low execution latency and high service availability while providing a balanced 
resource utilization. 
F. The Assessment of Work will be discussed  
In the last step, we use the CloudSim platform to simulate the suggested scheduling system and see how 
well it works. There are several performance metrics for scheduling quality that are monitored in order to 
assess the scheduling quality in a dynamic and evolving cloud environment. 
The following are the key metrics for assessment: 
1. In the building's total energy usage, how many kilowatt-hours are being spent on energy? 
2. Processing Unit Usage (%) 
3. Memory Usage Percentage 
4. The proportion of resources utilised 
5. Virtual Machine Migrations 
6. Transfer Time (milliseconds) 
7. Performance Time to Execute 
The efficiency in balancing loads and SLA violation rate. 
These performance metrics are compared with the conventional cloud scheduling techniques to 
demonstrate the effectiveness of the proposed Transformer-Based Multi-Objective Energy-Aware Load 
Balancing framework.To demonstrate the effectiveness of the proposed Transformer-Based Multi-
Objective Energy-Aware Load Balancing framework, these performance metrics are compared with the 
conventional cloud scheduling techniques. 
G. The Over-all Process of the Suggested Architecture. 
1. This is a brief description of the entire methodology flow of the proposed methodology: 
2. Collect real-time data of the usage of cloud resources by hosts and virtual machines. 
3. Prepare the data for processing: cleaning, normalizing, extracting features and creating sequences. 
4. Use Transformer network to predict next workload. 
5. Create a number of potential scheduling solutions by using multi-objective optimization. 
6. Using the concepts of Pareto-optimal scheduling, select the most effective way of distributing resources. 
7. Move VMs and move workloads dynamically at runtime. 
8. Determine how well the schedule worked by looking at metrics like energy use, resource utilization, 
migration cost, response time, throughput, and compliance with service level agreements. 
9. The monitoring module can be utilized to give continuous adaptive scheduling by giving the assessment 
results as feedback. 
The suggested framework is able to adapt effectively to the dynamic nature of workloads thanks to the 
continuous feedback mechanism, which ensures that cloud resources are managed in a sustainable and 
energy-efficient way. 
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V. IMPLEMENTATION 
For intelligent task distribution in the cloud that minimizes energy consumption and maintains high 
resource utilization, the Transformer-Based Multi-Objective Energy-Aware Load Balancing (TMO-EALB) 
architecture was used. It involves combining the deep learning workload prediction and multi-objective 
optimization methods, which is a suitable approach to address adaptive resource scheduling in cloud 
computing environments.The proposed approach includes deep learning workload prediction and multi-
objective optimization, which is suitable for adaptive resource scheduling in always changing cloud 
computing environments. There are five main steps to the implementation process: (i) setting up the 
simulation environment, (ii) acquiring and preprocessing data, (iii) predicting workloads using 
Transformers, (iv) optimizing for multiple objectives, and (v) scheduling and evaluating adaptive 
workloads. 
A. Virtual Setting 
CloudSim simulation platform was selected because of its ability to simulate cloud infrastructures, virtual 
machines and energy aware scheduling algorithms. CloudSim was used for managing and provisioning 
resources, allocation and migration of virtual machines, energy modeling, while the Transformer model 
was built with Python and TensorFlow. The simulation environment was set up with a few physical hosts 
and virtual machines of varying computing power to simulate the behavior of real cloud data centers. In 
order to mimic genuine changes in workload, user requests were produced dynamically with different 
computing needs. 

 
Table 1. Simulation Environment 

S.NO Parameter Configuration 

1 Simulation Platform CloudSim 6.0 

2 Programming 
Language 

Python 

3 Deep Learning 
Framework 

TensorFlow 2.x 

4 Development 
Environment 

Eclipse IDE 

5 Operating System Windows 11 

6 Processor Intel Core i7 

7 Main Memory 16 GB RAM 

8 Database MySQL 

9 Resource Monitoring 
Interval 

5s 

10 Scheduling Policy Transformer + Multi-
Objective Optimization 

 
B: Preparing and Processing Datasets 
The suggested architecture continuously collects data for all the monitoring of the cloud resources on the 
physical and virtual hosts. The operational condition of the cloud infrastructure is described by each 
observation, which comprises many resource consumption metrics. 
 
As of time t, the resource vector looks like 
 

 
 
in which The variables CPUt, MEMt, STOt, BWt, Pt, and VMt stand for several aspects of system performance, 
including CPU utilization, memory utilization, storage utilization, power consumption, and the state of 
virtual machine migration. 
The collected data goes through a few preprocessing steps before being fed into the Transformer model for 
training. 
 
Data Purification 
To improve the data quality, the records are excluded if they are incomplete, duplicate or have inconsistent 
measurements. 
 
Normalizing Features 
The Min-Max normalization is used since the numerical ranges of the resource metrics are varied. 
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when Xnorm is used, X is the initial value of the feature, represents the adjusted value. 
 
Generate Sequences 
Because cloud workloads are dependent on one another over time, sliding windows are used to build 
samples in a sequential fashion. 

 
 
in which Si is used to indicate a single task sequence and k will denote the length of that sequence. 
 
The Transformer network takes these sequences as input. 
 
C. Predicting Workloads with Transformers 
The Transformer model can predict workloads on clouds because it recognises the temporal relationships 
between resources in the past and predicts these relationships for the future. 
 
It all starts with transforming each resource sequence into an embedding vector. 
 

 
 
Where X input sequence and W output. 
 
 The embedding weight matrix is denoted as . 
 
Temporal ordering can be preserved with the introduction of positional encoding. 
 

 
 
Where positional encoding (PE) is defined. 
 
Transformer encoder adopts the multi-head self-attention when it comes to multi-head self-attention. 
 
In the case, Q is the Query matrix, K is the Key matrix, V is the Value matrix, and dk is the value. 
 
The learnt representations are transformed by the feed-forward network. 
 

 
 
The last step is to get the workload forecast by 
 

 

 
 
Y^ represents the expected workload requirement, which is equal to Transformer(S i u). 
 
Proactive scheduling becomes possible thanks to the forecasted workload, before any congestion occurs on 
the server. 
 
D. Optimisation with Several Goals 
 
Optimization module takes the predicted workload, and schedules the tasks intelligently. Unlike 
conventional scheduling algorithms which target optimisation of a single objective, the suggested 
framework optimise several of the performance indicators simultaneously. 
 
Optimization objective definition: 
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The variables f1, f2, f3, f4 and f5 are the energy consumption, virtual machine migration cost, service level 
agreement violation, resource utilization and load imbalance respectively. 
 
This optimization is an attempt to: 
 

 
 
The sum of E, M, S and L is less than this. 
 
maximum value of U in which The amount of energy used, as represented by the letter E. 
Migration cost (M), service level agreement violation (S), load imbalance (L), and resource utilization (U). 
 
The following is an expression of the individual objective functions. 
 

 
 
where P i represents power consumption. Ti Measures the time it takes to execute a task. The cost of 
migration of virtual machines is the total of all the M values, i = 1. 
 
The optimization approach considers all the possible scheduling options, and selects the one that optimizes 
the Pareto-optimal trade-off between the competing goals. 
 
E. The implementation process as a whole. 
The following is a brief overview of the implementation of the proposed framework: 
1. In the simulation environment offered by CloudSim, set up the virtual computers, cloudlets and physical 
hosts. 
Collect information about the use of resources in the cloud in real time. 
2. Preprocess data for processing to keep it clean, normalized, feature extracted, and sequenced. 
3. To train the Transformer model use sequences of workloads from history. 
4. Forecast the state of incoming cloud requests' workloads in the future. 
5. Optimize the scheduling using a multi-objective optimization method and obtain the best scheduling 
strategy. 
6. Workloads can be dynamically allocated and virtual machines can be migrated as needed. 
7. Always monitor system performance and adjust the scheduling decision based on new workloads 
observed. 
8. Measure the system with indicators such as VM migration, response time, throughput, resource 
utilization, SLA violations and energy consumption. 
The proposed cloud resource management system, TMO-EALB, achieves intelligent, energy-efficient and 
adaptive management of cloud resources by combining predictive workload forecasting with multi-
objective optimization. This structure also ensures an even workload distribution and service quality. 
 
Vi. Simulation results explanation 
 

 
Figure :2 The utilization of the hosts and power consumption due to cloud resource scheduling. 
Figure 2 shows how the suggested Transformer-Based Multi-Objective Energy-Aware Load Balancing 
(TMO-EALB) framework changes in terms of host usage and power consumption while running. The orange 
graph indicates the equivalent power consumption at different scheduling intervals, while the blue curve 
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indicates the power use of cloud hosts. It is obvious that the higher the intensity of workload, the higher 
the power consumption. The proposed framework, however, efficiently manages resource allocation by 
monitoring the health of the system and planning tasks in advance, based on predictions made by 
Transformer. This advanced scheduling technique helps achieve both avoiding server overload and 
reducing the activation of unnecessary computer resources. Its high efficiency in maintaining host 
utilization and boosting energy efficiency in cloud environments, while handling dynamic workloads, 
demonstrates its ability to sustainably manage cloud resources. 
 

 
Fig 3:  simulation-related issues with the use of energy, migration of virtual machines, and 

violation of service level agreements. 
 

Energy usage, the number of virtual machine migrations, and service level agreement (SLA) breaches are 
three key performance metrics that are shown in Figure 3. The quantities are recorded throughout the 
simulation. With each iteration of the optimization algorithm workloads are increasingly distributed across 
the available cloud resources and the energy consumption curve gets steadily shallower. Similarly, when 
the first scheduling iteration has been completed, the amount of migrations for virtual machines decreases 
as the predictive model becomes more accurate as to what resources it will require in the future. An added 
bonus for this proposed scheduling technique is its ability to consistently lower operating energy 
consumption while maintaining application performance requirements, due to the continual low SLA 
violation curve, which contributes to the stability of the system. These results confirm that a good balance 
between energy efficiency and service quality could be achieved by coupling the workload prediction using 
Transformer with multi-objective optimization. 

 

 
Fig.4 An increase in the number of training samples increases the accuracy of the workload 

predictions. 
 
To evaluate how much the model can predict, the number of training data was increased to analyze the 
accuracy of the prediction. It was found that the more the number of training data, the more accurate the 
prediction of the Transformer model. (See Figure 4 below). The more the model gets trained, the more 
accurately it can predict the next phase of cloud workloads, which accelerates towards the beginning of the 
training. When the learning curve becomes stable and reaches an almost constant accuracy level with the 
processing of more task sequences, the model has converged. With its consistently accurate predictions, 
the Transformer design proves its capacity to capture resource consumption data's long-term 
relationships. The proposed architecture can improve response time, decrease undesirable virtual machine 
migrations, and improve energy efficiency through the ability to make planning decisions in advance based 
on reliable workload forecasting, which is the main advantage. 
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Fig.5. Comparing and evaluating the Suggested Load Balancing System. 

 
In Figure 5, the proposed Transformer-Based Multi-Objective Energy-Aware Load Balancing method is 
shown to be compared with the conventional scheduling techniques. The proposed approach is to predict 
the workload accurately and optimize it intelligently using multiple criteria, which is better than the 
scheduling performance as shown in the bar chart. Traditional scheduling algorithms can be based on 
heuristic decision-making processes, or fixed allocation rules: Both have limited flexibility to cope with the 
dynamic nature of cloud workloads. However, the proposed methodology could be used to optimally 
provide cloud resources by forecasting the future demand for the resources before scheduling. This means 
more even workloadings. Therefore, the proposed method improves the scheduling performance and also 
reduces the migration overhead, energy consumption and degradation of the service at the same time. 
 
Figures 2–5 show the experimental results of the proposed framework for energy-aware load balancing in 
dynamic cloud computing environments, which is based on transformers. By utilizing the Transformer 
model, predictions of future workload behavior can be made with great accuracy and proactive scheduling 
decisions can be made, resulting in much more efficient resource usage and reduced wasteful virtual 
machine migrations. Multi-objective optimization further improves scheduling efficiency by reducing the 
energy consumption, balancing the workloads of available hosts, and meeting the Service Level 
Agreements. The proposed methodology has been found to be more stable in operation and has less 
resource management overhead and higher sustainability when compared to the traditional scheduling 
approaches. The results indicate that the TMO-EALB architecture can give a smart and efficient solution to 
the problem of the future generation of cloud resources management. 
 

VII. Conclusion 
Intelligent resource management approaches that can effectively balance computational workloads while 
decreasing energy consumption and ensuring excellent service quality have become more important due 
to the fast growth of cloud computing. Traditional load balancing strategies based on heuristic algorithms 
or on static scheduling policies often lead to inefficiency in resource usage, need to migrate virtual 
machines a lot, result in higher operational costs, and consume more energy. These methods are not very 
successful at adapting to dynamically changing workloads. Scheduling algorithms that are predictive and 
optimization-driven and can make proactive choices about resource allocation are necessary to tackle these 
difficulties. 
In the context of an environmentally conscious cloud computing, this study proposed a system named 
Transformer-Based Multi-Objective Energy-Aware Load Balancing (TMO-EALB). The proposed system 
includes a Transformer network to forecast workload accurately and a multi-objective optimization 
approach for better cloud resource scheduling. Intelligent task allocation: The system will continuously 
track the usage of cloud resources, and predict the trend of future tasks, so as to allocate the tasks in 
advance before the resources are congested. The optimization module works simultaneously to use each 
of the available cloud hosts' resources to the greatest extent, while also lowering power usage, workload 
imbalance, service level agreements violations and virtual machine migration overhead. This integrated 
scheduling approach makes cloud data centers more efficient and eco friendly. The proposed framework 
was implemented in the CloudSim simulation platform and evaluated in the dynamic workload conditions. 
In experimental study, several performance measures such as energy consumption, workload distribution, 
response time, throughput, SLA compliance and total resource usage were found to be improved 
consistently.  The simulation results demonstrated that scheduling performance is significantly enhanced 
when incorporating predictive workload forecasting with multi-objective optimization when compared 
with the more traditional forms of cloud load balancing. Eliminating unnecessary VM migrations and 
maximizing the use of computing resources are additional ways that lead to lower operating costs and more 
eco-friendly cloud infrastructures. 
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To wrap up, the proposed architecture of TMO-EALB is a promising and scalable approach to address the 
challenge of intelligent cloud resource management. Multi-objective optimization together with 
Transformer-based workload prediction can potentially enhance the system performance and energy 
efficiency under dynamic cloud workloads. Therefore, the framework provides a promising approach to 
building green cloud computing platforms for the future that can deliver reliable, energy-efficient and eco-
friendly cloud computing services. 

 
Further research in adapting the proposed paradigm for multi-cloud systems, edge-cloud systems, hybrid 
cloud systems and large scale distributed cloud systems is suggested. The incorporation of reinforcement 
learning, federated learning, digital twin technology, and real-time adaptive optimization techniques with 
other smart city, industrial Internet of Things (IIoT), autonomous system, and intelligent computing 
environment applications could further enhance the scheduling accuracy, scalability, and energy efficiency. 
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