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Abstract

Objectives: To improve the throughput with minimum energy consumption
in cloud load balancing by using proposed Position Sensitive Transformer
Learning and Parallel Particle Swarm Optimization (PSTL-PPSO).Methods:
This work proposes Position Sensitive Transformer Learning and Parallel
Particle Swarm Optimization (PSTL-PPSO). Position Sensitive Attention-based
Transformer Learning is initially applied to distribute enormous volume of
data, to name a few being CPU usage, memory usage, network usage and
potentially user-specific information. The contribution of PSTL-PPSO improving
throughput, overhead efficiency with minimum response time. The collected
data is then fed as input into a Position Sensitive Attention-based Transformer
Learning model to analyze the relationships and patterns to comprehend
prevailing system state. Based on the Position Sensitive Attention function
the Transformer Learning model predicts optimal workload distribution across
servers aiming to minimize makespan and energy consumption. Next, Parallel
Particle Swarm Optimization (PPSO) algorithm is applied for fine-tuning cloud
load balancing where a fitness function is provided to measure quality of each
load balancing configuration on the basis of response time and throughput.
The PPSO algorithm fine-tunes the position of each particle in an iterative
fashion, exploring distinct load balancing alternatives in parallel fashion,
therefore ensuring faster convergence optimally. Simulations are performed
to validate the proposed PSTL-PPSO method in Cloud Simulator and Java
programming language in terms of makespan time, energy consumption,
high accuracy, associated overhead and throughput. Findings: PSTL-PPSO
method improves the throughput by 19% and reduces makespan 17%, energy
consumption by 26%, overhead efficiency by 26%. Novelty: The integration of
Position Sensitive Attention-based Transformer Learning with Parallel Particle
Swarm Optimization to enable adaptive, energy-efficient, and fast-converging
cloud load balancing under dynamic workloads. This hybrid model is applicable
to cloud platforms, data centers, and edge computing environments, where
efficient workload distribution and resource utilization are critical.
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1 Introduction

With the swift evolution of information technology (IT), cloud computing (CC) has grown to sophisticated information
structure. Load is a pivotal performance metric for measuring cloud platforms performance and efficiency that encompasses
a rigorous analysis of prevailing and historical resource usage patterns for anticipating future trends, in that way making
effective and optimal planning of resources. In addition, prediction efficiency is another paramount element that influences
cloud platforms stability. Hence, it is emerging yet demanding to design a mechanism for minimizing resource consumption
and boosting the overall data centers operational efficiency.

A Wavelet decomposition-enhanced External Transformer (WETformer) was designed in") with the aim of capturing
complicated temporal patterns therefore ensuring efficient load prediction for cloud servers. At first, discrete wavelet transform
was first incorporated with the objective of extracting long-term trends, focusing the inherent features of temporal sequences.
Following which a lightweight multi-head External Attention (EA) mechanism was designed parallel taking into consideration
the inter associations within load sequences and the correlations across different sequences, therefore improving prediction
efficiency with lesser inference time. Despite minimizing the inference time but the makepan one of the important load
prediction performance metrics was not analyzed. To address on this aspect, Position Sensitive Attention-based Transformer
Learning is introduced that with the aid of position sensitive attention function aids in reducing makespan with minimum
energy consumption.

An innovative and efficient Improved Lion Optimization (ILO) with Min-Max Algorithm, breaking new ground in the
research to use Genetic Operators for parallelization was proposed in®. By employing Improved Lion Optimization algorithm
both load balancing & power conservation were ensured. In addition, by employing the Min-Max Algorithm across various
substrate structural configurations aided in reducing maximum energy consumption along with the minimization of virtual
machine migration considerably. However, the overhead incurred was not focused. To concentrate on this research gap,
Parallel Particle Swarm Optimization (PPSO) algorithm that with the parallel nature not only enhances convergence speed
but also minimizes overhead considerably. Accurate electrical load forecasting is advantageous for more efficient scheduling of
electricity generation and reducing electrical energy. In®, an adaptive deep-learning load forecasting framework by combining
Transformer and domain knowledge (Adaptive-TgDLF) was proposed. Moreover, an adaptive learning to address the issues
arising due to insufficient historical load data and load distribution change were also designed. Here using transfer learning
and online learning in turn enhanced generalization ability both in terms of space and time, extensively, therefore minimizing
the MSE and training time extensively. With the evolution of a new surge of applications and services via the internet, a new
emergence of information dawn of information outburst is happening. Owing to this, there is a massive increase in the necessity
for data storage and data processing. Cloud computing environment creates the on-demand access of for profuse computing
services.

An innovative machine learning technique for ensuring high performance cloud computing and load balancing was
proposed in® with high-cost savings. However, the load imbalance aspect was not considered. A method to focus on the load
imbalance issue employing MIMO fuzzy logic was presented in®® therefore minimize load imbalance drastically. However,
prevailing load balancing techniques treated these workloads as monolithic jobs, therefore compromising diverse operational
objectives. To address on this aspect, large language model was designed in‘® that in turn minimized end-to-end delay in
an extensive manner. In this contemporary epoch of information technology, CC environment acts as the foundation of
computing services made on-demand. Workload prediction is one type of time series forecasting. However, it has consistently
been a substantial issue to impart accurate workload predictions. An efficient load balancing employing machine learning was
presented in ) toward sustainable energy management. However, it did not include both long term and short-term prediction.
To focus on this aspect, a recurrent neural network-based prediction model was designed in ® therefore ensuring accuracy. Yet
another method with short term forecasting employing deep learning was proposed in ) using k-Medoid based algorithm. Also,
with the aid of this algorithm resulted in the minimization of overall training time. However, interpretability and performance
aspects were not focused. To concentrate on this issue, masked encoding was employed as a pre-coding in? for cloud
transformer. This in turn ensured both interpretability and performance aspects extensively.

Cloud load balancing is the process of distributing network traffic and workloads across numerous servers or resources in
a cloud computing. A conventional Wavelet decomposition-enhanced External Transformer provides insufficient throughput.
Optimization technique, deep learning gives deficient latency. Machine learning technique and fuzzy logic does not achieve
higher throughput and efficiency. Load balancing and recurrent neural network does not minimize the energy consumption.
In every existing method unable to focus on computation cost minimization and time minimization. To concern these issues,
a new technique called Position Sensitive Transformer Learning and Parallel Particle Swarm Optimization (PSTL-PPSO) is
developed for improving the load balancing efficiency in cloud with minimum time consumption. Position Sensitive Attention-
based Transformer Learning is used for minimizing the energy consumption. Parallel Particle Swarm Optimization (PPSO)
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algorithm is utilized for fine-tuning cloud load balancing where a fitness function is given to calculate quality of every load
balancing configuration for reducing the makespan.

1.1 Major Contributions

Motivated by the above issues, like, makespan, overhead, energy consumption and throughput in cloud load balancing, in this
work, transformer-based method called, Position Sensitive Transformer Learning and Parallel Particle Swarm Optimization
(PSTL-PPSO) is proposed. Novelty of work are pointed below.

o To present a significant method for cloud load balancing called Position Sensitive Transformer Learning and Parallel
Particle Swarm Optimization (PSTL-PPSO).

« To design Position Sensitive Attention-based Transformer Learning (PSA-TL) for load balancing with the intent of
improving makepsan and energy consumption involved during the process.

o To propose a Parallel Particle Swarm Optimization-based fine-tuned cloud load balancing for making certain
convergence-efficient fine-tune load balancing is made.

o Finally, performance of the proposed transformer learning based PSTL-PPSO method is compared with the conventional
state-of-the-art methods.

1.2 Organization of the Paper

The rest of the paper is arranged in the following fashion. Related works are discussed in section 2. Section 3 exhibits
the complete architecture of our proposed method, Position Sensitive Transformer Learning and Parallel Particle Swarm
Optimization (PSTL-PPSO). Section 4 demonstrates the analysis and metrics of the experimental results following by discussion
with the aid of table and graphical representation. In section 5, we conclude and summarize the whole paper. Research
gaps :Cloud Computing (CC) nevertheless encounters several issues concerning load balancing. Different techniques have
been applied in the literature to enhance load balancing efficiency. A Wavelet decomposition-enhanced External Transformer
provides insufficient accuracy. Improved Lion Optimization (ILO) with Min-Max Algorithm gives deficient makespan.
Optimization technique and genetic algorithm ,deep-learning load forecasting methods do not achieve higher throughput.
In every existing method unable to focus on computation cost minimization and time minimization. To concern these issues,
a new technique called Position Sensitive Transformer Learning and Parallel Particle Swarm Optimization (PSTL-PPSO) is
developed for improving the cloud load balancing with minimum time consumption.

A review of machine learning techniques for cloud load balancing was investigated in '), However, owing to the complicated
loading environment and the ineffectiveness of feature extraction process load prediction still considered as a demanding issue.
A long short-term memory with map reduces was proposed in!?) to get better outcomes in resource allocation. As far as CC
is concerned, making certain the high availability and reliability is predominant for significant content delivery. Nevertheless,
optimal replication management while taking into consideration arbitrary changes remains a formidable issue. In order to
address these aspects, Dynamic Data Replication Strategy (TD2RS) with Temporal Fusion Transformer (TFT) was proposed
in(3). This by collecting historical data on content popularity dynamically addressed availability and reliability extensively.
Multivariate time series data were employed in'¥) in addition to network throughput to not only reduce the error rate but
also to improve throughput in an extensive manner. Yet another method to ensure low latency employing cosine similarity was
proposed in ! to accurate load balancing. Effective resource scheduling is one of the important issues in materializing CC.
Taking into consideration the increasing complexity of Cloud computing, future Cloud systems will necessitate more efficient
resource management methods. A review of deep learning techniques four efficient resource scheduling in CC environment
was presented in !®). A novel method combining decision function with normal distribution was proposed in !”) with minimal
response and makespan time. Yet another hierarchical taxonomy classification employing deep and machine learning for load
balancing was presented in'®. However, it did not minimize response time. To focus on this response time aspect, deep
reinforcement learning was applied in ') for better reliability and efficiency. A light weight deep learning technique to focus
on the throughput involved in workload distribution was proposed in®%). Nevertheless, in energy-efficient task scheduling
the centralized control architecture brings challenges. A novel method employing Entropy Oppositional Based Learning-
Interpolation along with Blue Monkey Optimization Algorithm (EOBL-IBMOA) was proposed in ?") with minimal response
time and high throughput. A hybrid deep learning technique with main emphasize on minimizing average error rate employing
long short term and convolutional neural network was presented in ??. By using this hybrid mechanism in turn minimized
the average error rate. The pros and cons involved in the analysis of load balancing techniques were made in 3. Yet another
method employing recommendation was proposed in ® using federated learning.
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Identifying accurate short-term load data is fundamental for meticulous research and formulation of policy. A machine
learning framework potential of forecasting future workloads was presented in ?*) by taking into consideration both of temporal
autocorrelation and inter-feature correlations. By taking into consideration both temporal and inter feature correlation in
turn ensured high degree of generalizability with minimal energy consumption. A two-stage genetic mechanism for workload
distribution by means of migration in cloud computing environment was presented in®®). Here, two genetic-based methods
were combined where initially virtual machines performance models were extracted and following which corresponding
performance measurement were made in a cloud computing environment. Routing towards efficient workload distribution
was designed in?”) to minimize transmission cost. Also, ensemble learning was applied in®® to ensure accurate predictive
performance. Yet another method based on point cloud classification was presented in®® that by considering both the local
and global feature enhanced the learning capability. In summary, the key objective behind the above-mentioned works is
to minimize the makespan while predicting workloads and finally fine-tune to ensure converge-efficient load balancing.
Throughput-efficient load balancing is necessary to assign resources more precisely between different cloud user requested
tasks. For the above-mentioned reasons, we propose a Position Sensitive Transformer Learning and Parallel Particle Swarm
Optimization (PSTL-PPSO) to gain better throughput in cloud load balancing by significantly minimizing the makespan and
energy consumption. Our model can balance learning techniques.

2 Methodology

In this section a method called, Position Sensitive Transformer Learning and Parallel Particle Swarm Optimization (PSTL-
PPSO) to take advantage of parallel processing capabilities in achieving faster and accurate load balancing is designed. Figurel
shows the framework of PSTL-PPSO method.

R

( Cloud computing

environment Gwa-bitbrains
) dataset
- >
T— Yy
R

!

Position sensitive attention-based
transformer leaming

optimal workload
distribution

Parallel PSO

|

Fine-tuned cloud load balancing
results

Fig 1. Framework of PSTL-PPSO method

As shown in figure 1, the framework of PSTL-PPSO method is split into three parts, namely data collection, optimal
workload distribution and fine-tuned cloud load balancing results. First the raw data are obtained as input from gwa-bitbrains
dataset. Following which Position Sensitive Attention-based Transformer Learning for Load Balancing based optimal workload
distribution model is applied to the generated data. Here piecewise regression is performed based on the breakpoint to
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generate the optimal workload distribution results with minimal makespan and energy consumption. Finally, optimal workload
distribution results are subjected to Parallel Particle Swarm Optimization to generate fine-tuned cloud load balanced results
accurately and precisely. The elaborate description of the PSTL-PPSO method is provided in the following sub-sections.

2.1 Position Sensitive Attention-based Transformer Learning for Load Balancing

Transformer learning in general is used in achieving dynamic balancing of load in Cloud Computing (CC) environment with
the intent of boosting both utilization of resource and network performance. By employing transformer models can aid in
predicting traffic patterns and then utilizing these predictions to steer load balancing decisions. Position Sensitive Attention-
based Transformer Learning (PSA-TL) for load balancing in our work influences positional information (i.e. organized
according by traces) to improve the attention mechanism. This permits the proposed model in better acquiring local context
and relationships within the input sequence (i.e. first trace, fastStorage and second trace, Rnd) resulting in more accurate and
efficient representations for load balancing in CC environment. In the proposed method, PSA-TL is initially applied to distribute
enormous volume of data (i.e. increased traffic) across available cloud resources. By using the PSA-TL complex relationships
between various criterions (i.e. timestamp and CPU cores) are extracted enabling load balancing decision upon comparison to
straightforward threshold-based mechanism. PSA-TL model comprises of three segments. They are feature extraction, encoding
and regression.

The feature extraction segment comprises of a fully connected layer along with position encoding that does the task of non-
linear dimensionality reduction on the raw data obtained from Bitbrains, distributed datacenter and encompasses positional
information. The Load Balancer ‘LB’ collects data (i.e. CPU usage, memory usage, network usage and potentially user-specific
information) from different Cloud Servers ‘CS ={[CS]_1, [CS]_2..., [CS]_N }’ The collected data is then fed as input into a
PSA-TL model for analyzing relationships and patterns to comprehend the prevailing system state. Finally optimal workload
distribution prediction across servers is made aiming at minimizing makespan. The encoding segment in addition compresses
and extracts relevant features employing Position Sensitive Attention mechanism to capture more contextual information,
therefore boosting the model’s potentiality to include both positional and local context simultaneously. The Position Sensitive
Attention mechanism enables the model to concentrate on the positional relationships of input data at each time step, thereby
enhancing its capability to capture local context, where the positional relationship here refers to how the Load Balancer (LB)
distributes incoming traffic to available Cloud Servers (CS) within a group. This approach measures Affinity Score between
each input element (i.e. samples) and all other elements based on these affinity scores and the output is model by taking into
consideration the weighted sum. By using positional information, boosts the model’s potentiality in capturing local context,
resulting in improved feature representations, therefore producing more efficient hidden features for accurately predicting
the load. Finally, the regression segment uses the proposed Piecewise Regression to adjust incoming data based on different
load conditions. Upon comparison to traditional regression model, it can more efficiently learn from hidden features, thereby
minimizing energy consumption extensively.

To start with the input is constructed as given below.

S\F, SiF, .. S,F

§={51, 5, ., 5y )35 = Spfy SpFy o Spb, (1)
S?‘LFI SnFQ .. SnFm
PE={PE,, PE,, ..,PE,} o

From the above equations (1) and (2) the input to the load prediction model consists of input sequence samples ‘S’ with relevant
position encoding ‘PE’ where ‘S’ denotes the sample representation of the % —th’ element and ‘PE” denotes the positional
encoding of cloud sample position ‘PE,’.

The feature extraction section then comprises of fully connected (FC) layer that does the task of non-linear dimensionality
reduction on the raw data employing Gaussian Radius Basis function (GRB) and incorporates positional information. The
feature extraction process is then formulated as given below.

K(F, Fy) = e 1REF) _ofon(rtem-2mm,) 9

:e(_'y(Fi2+FJZ)+2’yF1FJ) = e_’y(Fiz+F.72).e27FiFj (4)
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From the above equations (3) and (4) result ‘k (F;, F’ j>’ by applying GRB function transform high-dimensional data into a
lower-dimensional space while preserving data’s essential non-linear relationships. Following which for each sample “S;’ the
affinity score of “AS; ;" in the input sequence taking into consideration the impact of position encoding ‘PFE, ;" is written as
given below.

ASL = Affinity (S, PE ),M o
ij = Y (9, ij *(’Si*PEijD
. . Si- PEi -
A = Affinity (S.PE5) = (](SPE>) ©
i ij
AS,. = Af finit (48:;-457;) -
i =Affini y(‘ASij*Asfj )

Next, for each sample “S;] the attention weight ‘W, ;” is measured based on the above affinity score “AS; ;” results as given
below.

ZZ:l €Xp (AS'Lk>

Finally, the output results are obtained by evaluating weighted sum of attention weights ‘W_ij’ to the input sample ‘S_ij’ as given
below.

W,; = softmax (ASM) (8)

S/:Z;-Ll WS, 9)

From the above equation results (Equation 9) the proposed model takes into consideration both the association between
elements or samples and the impact of position encoding, generating more accurate and position-sensitive attention weights.
Finally, the Piecewise Regression employed in our work uses a linear model within specific segments of workload instead
of a single linear model across the entire rage with the intent of adaptively adjusting incoming data based on different load
conditions. By defining these pieces and their subsequent linear models, the load balancer adjusts incoming data dynamically
based on the current workload, therefore optimizing resource utilization. The Piecewise Regression analysis is based on the
presence of a set of ‘(dep, S)’ data in which ‘dep’ forms the dependent variable with *S” denoting the independent variableThe
least square method is applied separately to each piece, by which two regression lines are made to fit as closely as possible
while minimizing sum of squares of differences between observed ‘dep’ and calculated ‘Res’ values, generating the following
equations.

Res=C,.85+cy,if S<BP (10)

Res=C5.8+cy,if S>BP (11)

From the above equations (10) and (11) ‘Res’ represent the predicted or calculated result for a certain value of °S” via regression
coefficient ‘C’, ‘Cy’ and regression constants ‘c ; ‘c,” upon meeting the condition with respect to breakpoints ‘BP’ (i.e. mean
usage or network received throughput in our work). For example, with the regression coefficient values being 3, it refers to that
for every one unit increase in ‘S’ the predicted value of ‘dep’ will increase by 3 units within that piece. Also, with the assumption
that the regression constant is ‘4’ it denotes that when “S” is zero the predicted value of ‘dep’ will be ‘4’ within that piece.
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Algorithm 1. Position Sensitive Attention-based Transformer Learning Input: Dataset ‘DS’ Features ‘F =
{Fi, F5, ..., F,,};Samples ‘S = {S;, S,, ...,5,,}, Cloud Server'CS = {CS,, CS,,...,CSn}

Output: Energy-efficient load balancing

Step 1: Initialize ‘m = 11 ‘n = 50000, ‘N = 10, regression coeflicient ‘C; = 3} ‘Cy = 3’ regression constants ‘c; = 4,
‘co = 4, Load Balancer ‘LB’

Step 2: Begin

Step 3: For each Dataset ‘DS’ with Features ‘F”, Samples ‘S’, Cloud Server ‘C'S” and Load Balancer ‘LB’
//Construction of Raw Input data

Step 4: Formulate samples to model load balancing according to (Eq. 1) and (Eq. 2)

//Feature extraction

Step 5: Perform feature extraction process by employing Gaussian Radius Basis function (GRB) according to (Eq. 3)
and (Eq. 4)

//Encoding segment

Step 6: Measure affinity score with positional encoding according to (Eq. 5), (Eq. 6) and (Eq. 7)

Step 7: Evaluate attention weight based on the affinity score according to (Eq. 8)

Step 8: Measure weighted sum of attention weights according to (Eq. 9)

//Regression segment

Step 9: Formulate Piecewise Regression function according to (Eq. 10) and (Eq. 11)

Step 10: Generate regression results

Step 11: End for

Step 12: End

\. J

As given in the above algorithm the overall process of load balancing is split into three segments. In the first segment, raw
input data are constructed employing the Grid Workloads Archive-T-12 Bitbrains dataset. Following which feature extraction
is performed by applying the fully connected layer via the load balancer.

Here, Gaussian Radius Basis function (GRB) is employed that find mappings that account for complex relationships between
features, therefore visualizing complex data in 3D plots extensively. This in turn aids in minimizing the overall makespan. Next,
encoding process is performed using Position Sensitive Attention mechanism. Here positional encoding for each extracted
feature is performed by applying Gaussian Radius Basis function (GRB). By using this GRB function aid in capturing non-
linear relationships, therefore ensuring energy efficiency during the process of load balancing. Finally, Piecewise Regression
function is applied to generate regression results therefore making certain optimal load prediction results is generated.

2.2 Parallel Particle Swarm Optimization-based fine-tuned cloud load balancing

Next, Parallel Particle Swarm Optimization (PPSO) algorithm is applied for fine-tuning cloud load balancing results. Each
particle in the PPSO algorithm denotes a probable load balancing configuration, representing how cloud user requested tasks
“T” are allocated to distinct virtual machines VM. Following which a fitness function ‘fun’ is provided to measure quality of
each load balancing configuration on the basis of response time and throughput.

Finally, the PPSO algorithm fine-tunes the position of each particle in an iterative fashion, exploring distinct load balancing
alternatives in parallel fashion, therefore ensuring faster convergence optimally. Here by taking advantage of parallel processing
potentialities with the intent of fine-tuning workload distribution in a dynamic fashion across available servers, ensures faster
and accurate load balancing. Figure 2 shows the block diagram of Parallel Particle Swarm Optimization-based fine-tuned cloud
load balancing.

As shown in the figure 2 the main swarm is split into a number of sub-swarms where each sub-swarm functions as a single
PSO and each sub-swarm runs parallel to minimize the response time for acquiring the best result. Also as illustrated above
the Parallel Particle Swarm Optimization-based fine-tuned cloud load balancing model is split into two phases, namely single-
evolutionary and multi-evolutionary phase.

The swarm or data center ‘DC’ is arbitrarily split into ‘K’ sub-swarms or cloud servers ‘CS, during multi-evolutionary phase.
Each sub-swarm or cloud servers comprises of a number of particles or virtual machines ‘VMs, each of which can be evaluated
independently of the swarm.

fun = min (Throughput, RT [Ti,Tj] ) (12)
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A candidate solution or cloud . .
user requested task is a vector and a The task—task pair with mmum
population 15 composed of many candidate RT and high throughput is predicted
solutions
{ Update J { Selection J
Update virtual machines position and /\f:: Select the Pbest and Ghest

velocity

Fig 2. Structure of ensembles of a set of classifiers

From the above equation (12) the fitness function ‘ fun) result is arrived at based on the minimal response time and throughput
‘min(Throughput, RT')’ of the user requested task pair “T;, 7';> Upon successful obtaining of the optimal value based on the
fitness function results, each particle or virtual machine uses the equations given below to update its position and velocity based
on its own and the swarms’ best experiences.

Pos,(t+1) = Pos;(t)+Vel,(t+1) (13)

Vel,(t+1) =wVel,(t)+ cyry (Pbest;(t) — Pos,;(t)) + cory (Gbest(t) — Pos; (t)) (14)

From the above equations (13) and (14), the modified position ‘[Pos]_i (t+1)” and modified velocity results ‘[Vel]_i (t+1)’ are
arrived at based on the current position ‘[Pos]_i (t)} current velocity ‘[Vel]_i (t)’ ‘i-th’ virtual machine for iteration ‘t, personal
best ‘Pbest, global best ‘Gbest’ activated by weight ‘w), coefficient ‘c_1,c_2’ and random number r_1,r_2’ respectively. Following
which the sub-swarms or cloud servers ‘CS’ are then combined to form a single-evolutionary phase. The global best ‘Gbest’ is
ascertained by making a comparison between the swarm best ‘[Sw]_best’ of each sub-swarm as given below.

GbeSt:min(‘waestl’ waest27 ""waestk) (15)

Subsequent to the identification of the global best ‘Gbest’ as given in the above equation (15), each particle or virtual machine
‘VM’is updated according to the personal best ‘Pbest, swarm best ‘[Sw]_best’ and global best ‘Gbest’. Finally, the equations given
below are utilized in updating the velocity and position of all particles or virtual machines ‘VMs.

Vel ;(t+1) =wVel;(t)+cyry (Pbest; ;(t) — Pos, ;(t)) + corg (Pbest g,,;(t) — Pos, ;(t)) 4+ car5 (Gbest(t) — Pos; ;(t))  (16)

Posij(t—i—l) :Posij(t)—i—Velij(t) (17)
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From the above equations (16) and (17) results by performing the updates parallel not only speed ups the operation but also
minimize the response time to train. The pseudo code representation of Parallel Particle Swarm Optimization-based fine-tuned
cloud load balancing is given below.

e D

Algorithm 2. Parallel Particle Swarm Optimization-based fine-tuned cloud load balancing Input: Dataset ‘DS,
Features ‘F = {F, F,, ..., F,,}, Samples ‘S = {57, S, ..., S,, }> Cloud Server ‘C'S = {CS,, CS,,...,CSN}
Output: convergence-efficient fine-tune load balancing

Step 1: Initialize cloud user requested tasks ‘" = {1y, T, ...,T,,,}’

Step 2: Begin

Step 3: For each Dataset ‘D.S” with Features ‘F”, Samples S, Swarm ‘Sw’ [data center], Cloud Server ‘C'S’ [sub-swarms]
//Initialize population

Step 4: For each cloud user requested tasks 71"

Step 5: Evaluate fitness function according to (Eq. 12)

Step 6: Update position and velocity based on its own and the swarms best experiences according to (eq. 13) and (eq.
14)

Step 7: Generate global best ‘G'best’ results by making comparison between the swarm best ‘Swy ., ,” of each sub-swarm
according to (eq. 15)

Step 8: Update velocity and position of all particles according to (Eq. 16) and (Eq. 17)

Step 9: Return fine-tuned cloud load balanced results

Step 10: End for

Step 11: End for

Step 12: End

\. J

As given in the above algorithm to make certain that fine-tuned cloud load balancing results are generated, the conventional
PSO in our work is replaced by parallel PSO via multi-evolutionary and single-evolutionary. Initially population initialization
is performed by taking into considerations the cloud user requested tasks along with the swarm or data center, sub-swarms
or cloud server. Following which fitness function is formulated based on the quality of each load balancing configuration
according to response time and throughput. Finally, position of each particle is fine-tuned iteratively by investigating different
load balancing alternatives parallel. Here by taking advantage of the parallel processing in a dynamic fashion across available
servers, ensures enhanced throughput with improved convergence speed and accurate load balancing. As given in the above
algorithm with the aid of multi-evolutionary aspect optimization problem is solved with minimal response time. Also owing
to the parallelization aspects results in enhanced throughput with improved convergence speed, even in the presence of large
population size.

3 Result and discussion

In this section, performance measure of the proposed Position Sensitive Transformer Learning and Parallel Particle Swarm
Optimization (PSTL-PPSO) for cloud load balancing is designed. Detailed comparison is made with two existing methods,
Wavelet decomposition-enhanced External Transformer (WETformer) (1) and Min-Max with Improved Lion Optimization
(Min-Max with ILO) (2) are analyzed and validated in CloudSim simulation toolkit using gwa-bitbrains acquired from https:
/Iwww kaggle.com/datasets/gauravdhamane/gwa-bitbrains/data. The validation is performed in an Intel Core i5- 6200U CPU
@ 2.30GHz 4 cores with 4 Gigabytes of DDR4 RAM. Simulations are analyzed using four performances parameters, makespan,
overhead, energy consumption and throughput. Fair comparison is made using similar samples from both the training and
testing dataset for all the three methods, PSTL-PPSO, WETformer (1) and Min-Max with ILO (2) respectively for cloud load
balancing.

3.1 Performance analysis

Performance analysis was carried out based on four quality measures, i.e., makespan, energy consumption overhead and
throughput. These were defined as follows.

Makespan represents the predominant quality measure as it estimates the completion time for all tasks. Makespan is
employed in ascertaining the maximum completion time by evaluating the finishing time of the last task. It is measured as
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given below.

MS(CT phax) = maXZL T 1Fs 1, 15 oF; o0 15 1 Fy (18)

F-z—{ 1,if T, — VM, (15)

L 0, Otherwise

From the above equations (18) and (19) makespan ‘MS’ is measured based on the number of tasks and features involved
in assigning corresponding task to the respective virtual machine. It is measured in terms of milliseconds (ms). Energy
consumption and cloud load balancing are significantly related to each other. By distributing the workloads across multiple
resources via cloud server and load balancer, overload or underutilized load are said to be prevents that in turn results to
minimal energy consumption. This is mathematically formulated as given below.

EC,, :PoleCTij (20)

TECzl = Z?:1 Z;n:l PoleCT,.j (21)

From the above equations (20) and (22) total energy consumption ‘T'EC; ;’ is measured based on the power ‘Pow,’ and the
corresponding energy consumption of subsequent task ‘F'C ;" respectively. It is measured in terms of joules (Joules).

As far as cloud load balancing is considered, throughputzdenotes the amount of data transferred within a specific time
instance via a load balancer and cloud server. The throughput is considered as the chief performance indicator that in turn
shows how effectively the load balancer and cloud server are handling the traffic in an efficient fashion. Finally, overhead refers
to the time consumed by the load balancing procedures, specifically the power, memory and network bandwidth consumed.
Also, it includes the time it consumes in distributing cloud user requested tasks across multiple cloud servers.

3.2 Results and discussion

In this section results and discussion of the proposed Position Sensitive Transformer Learning and Parallel Particle Swarm
Optimization (PSTL-PPSO) for cloud load balancing along with the detailed comparison of two existing methods Wavelet
decomposition-enhanced External Transformer (WETformer) (1) and Min-Max with Improved Lion Optimization (Min-Max
with ILO) (2) are detailed. To make certain that fair comparisons are made same samples are applied to all the three methods and
their values are substituted given in the above performance metrics. Accordingly, results are generated for 10 distinct iterations.

3.2.1. Makespan analysis

First detailing of makepsan analysis is made using the proposed PSTL-PPSO and two existing methods, WETformer (1) and
Min-Max with IL (2) for cloud load balancing. Table 1 given below provides the makespan results using the PSTL-PPSO method,
WETformer (1) and Min-Max with ILO (2).

Figure 3 illustrates the performance outcomes of makespan versus the number of user requested tasks. The
number of user requested tasks, represented on the horizontal axis, ranged from 1000 to 10000, while the
Makespan of three methods, namely the PSA-TL method with various methods, WETformer (1) and Min-
Max with IL (2), is shown on the vertical axis. The overall observed results indicate that the Makespan of
the PSA-TL method is minimum compared to the existing methods (1) and (2). Hence, from the simulation
results, with 1000 user requested tasks considered as input, the makespan using the three methods were
observed to be 24ms, 28ms and 34ms respectively. For example, let us consider 2000 user requested tasks to
compute the makespan to be 28ms, 33ms, 37ms respectively. Similarly, consider 3000 user requested tasks
to compute the makespan to be 35ms,40ms,44ms respectively Likewise, different performance outcomes are
attained for each method. In the experiments, the same number of user requested tasks were used to compare
the performance of the methods. We compared the PSTL-PPSO method separately with the two methods,
(1) and (2). The results show an improvement in the performance of each algorithm upon comparison to
propose PSTL-PPSO method. Also, by repeating the experiment for 10 simulation runs the average result
analysis were also made to detail the effectiveness of each method. On the contrary ,in existing makespan
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Table 1. Makespan analysis

Number Makespan (ms)
of user
requested
tasks

PSTL-PPSO WETformer Min-Max with ILO
1000 24 28 34
2000 28 33 37
3000 35 40 44
4000 45 50 54
5000 55 60 64
6000 60 65 70
7000 68 73 77
8000 53 58 62
9000 46 51 55
10000 40 45 49

is not minimized. In proposed use feature extraction, encoding and regression for attaining minimum
makespan of load balancing. This was due to the incorporation of three different processes separately,
namely, feature extraction, encoding and regression via feature extraction, encoding and regression using
Position Sensitive Attention-based Transformer Learning (PSA-TL) for load balancing. By applying these
three different processes separately, relevant features were extracted employing Position Sensitive Attention
function, following which regression segment uses the proposed Piecewise Regression. With this the load
balanced results were acquired for further processing that in turn minimized the makespan using PSA-TL
method by 12% compared to (1) and 22% compared to (2) respectively.

Performance of Makespan

80
60

=

E_ 0 » PSTL-PPS0

7 » WETformer [1]

g I l » Min-Max with ILO [2]

1000 2000 3000 4000 6000 TO00 8000
Number of user requested tasks

Fig 3. Variation of Makespan

3.2.2. Energy consumption analysis
Second in this section detailed analysis of energy consumption is made employing the proposed PSTL-PPSO and two existing
methods, WETformer (1) and Min-Max with IL (2) in cloud computing environment with load balancing data analytics. Table 2
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given below lists the tabulation results of energy consumption employing PSTL-PPSO method, WETformer (1) and Min-Max
with ILO (2).

Table 2. Energy consumption analysis

Number Energy consumption (Joules)
of user
requested
tasks
PSTL-PPSO WETformer Min-Max with ILO
1000 27 33 35
2000 33 41 44
3000 35 43 46
4000 38 46 49
5000 42 50 53
6000 45 52 55
7000 37 45 48
8000 32 40 43
9000 35 43 46
10000 33 41 44

Figure 4 given above illustrates the experimental results of the energy consumption versus the number of user requested
tasks. In addition to the efficiency, which refers to the ratio of energy consumption with the number of cloud user requested
tasks used, figure depicts better results for proposed PSTL-PPSO method in comparison with two other methods, WETformer
(1) and Min-Max with ILO (2). The number of user requested tasks, represented on the horizontal axis, ranged from 1000 to
10000, while the energy consumption of three methods, namely the PSA-TL method with various methods, WETformer (1)
and Min-Max with IL (2), is shown on the vertical axis. The overall observed results indicate that the energy consumption
of the PSA-TL method is minimum compared to the existing methods (1) and (2). The overall observed results indicate that
the energy consumption of the PSA-TL method is minimum compared to the existing methods (1) and (2). The simulation
results indicate that the efficiency of our proposed PSTL-PPSOmethod is significantly improved, when increasing the number
of cloud user requested tasks apart from the WETformer (1) and Min-Max with ILO (2). This is evident from the simulation of
1000 cloud user requested tasks where the energy consumption using the three methods were observed to be 27Joules, 33]Joules
and 35]Joules respectively. For example, let us consider 2000 user requested tasks to compute the energy consumption to be
33ms, 41ms, 44ms respectively. Similarly, consider 3000 user requested tasks to compute the makespan to be 35ms, 43ms, 46ms
respectively Likewise, dissimilar performance outcomes are attained for each method. In contrast, existing energy consumption
is not minimized. In proposed use Gaussian Radius Basis functions (GRB) for attaining minimum energy consumption of load
balancing. The reason was due to the application of Position Sensitive Attention-based Transformer Learning (PSA-TL) for load
balancing algorithm. By applying this algorithm by applying Gaussian Radius Basis functions (GRB) mappings that account for
complex relationships between features were identified hence aiding in visualizing complicated data in an extensive manner.
Also, positional encoding for each extracted feature was done by using Gaussian Radius Basis function (GRB) that in turn
assists in acquiring non-linear relationships during the process of load balancing. This in turn aids in minimizing the energy
consumption of PSTL-PPSO method by 22% compared to (1) and 30% compared to (2).

3.2.3. Overhead analysis

Third in this section overhead incurred in cloud load balancing for different cloud user requested tasks are made and accordingly
the results are generated for three methods, PSTL-PPSO, WETformer (1) and Min-Max with IL (2). Table 3 given below
emphasizes the overhead analysis results using PSTL-PPSO method, WETformer (1) and Min-Max with ILO (2).

Figure 5 shows the comparison of overhead efficiency with respect to 10000 distinct cloud user requests made via the load
balancer and cloud sever. The number of user requested tasks, represented on the horizontal axis, ranged from 1000 to 10000,
while the overhead of three methods, namely the PSA-TL method with various methods, WETformer (1) and Min-Max with
IL (2), is shown on the vertical axis. The overall observed outcomes indicate that the overhead efficiency of the PSA-TL method
is minimum compared to the existing methods (1) and (2). The overall observed results indicate that the overhead efficiency
of the PSA-TL method is minimum compared to the existing methods (1) and (2). To measure the efficiency of overhead three
different methods were execute and accordingly values were substituted to obtain the results. An overall of ten simulation runs
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Performance of Energy consumption
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Table 3. Overhead analysis

Number Overhead
of user
requested
tasks

PSTL-PPSO WETformer Min-Max with ILO
1000 0.42 0.55 0.6
2000 0.5 0.63 0.67
3000 0.54 0.67 0.72
4000 0.56 0.7 0.75
5000 0.6 0.71 0.76
6000 0.62 0.72 0.78
7000 0.64 0.75 0.81
8000 0.66 0.78 0.83
9000 0.66 0.78 0.83
10000 0.65 0.76 0.8

were performed. It is clear that the average overhead efficiency of the proposed PSTL-PPSO method is 0.585, whereas 0.705 and
0.755 using (1) and (2) respectively. For example, let us consider 1000 user requested tasks to compute the overhead efficiency
to be 0.42, 0.55, 0.6 respectively. Similarly, consider 2000 user requested tasks to compute the overhead efficiency to be 0.5,
0.63, 0.67 respectively. Dissimilar performance outcomes are attained for each method. This clearly shows the high efficiency
or minimal overhead incurred during the fine-tuning of load balancing between cloud user requested tasks. In contrast ,
in existing overhead efficiency is not minimized. In proposed we use Particle Swarm Optimization for attaining minimum
overhead efficiency of load balancing This is due to the involvement of Parallel Particle Swarm Optimization-based fine-tuned
cloud load balancing algorithm. By applying this algorithm fitness function was formulated based on the minimal response
time and high throughput and activated via investigating different load balancing alternatives parallel. This in turn minimized
the overhead using PSTL-PPSO method by 21% compared to (1) and 30% compared to (2).

3.2.4. Throughput analysis
Finally, a holistic analysis of throughput is made using the three methods, PSTL-PPSO, WETformer (1) and Min-Max with IL
(2) respectively. Finally, throughput results are tabulated in table 4 as given below.

https://www.indjst.org/ 2365


https://www.indjst.org/

Sinduja & Charles / Indian Journal of Science and Technology 2025;18(29):2353-2368

o PSTL-FPS0

» WETformer [1]

# Min-Max with ILO [2]
4000

7000 6000 5000 3000 2000 1000
Number of user requested tasks

Performance of Overhead

0.8

0.

0.

0.

0.0 18008

5000 2000

=

Owverhead
-

&)

Fig 5. Variation of Overhead Analysis

Table 4. Throughput analysis

Number Throughput (bits/s)
of user
requested
tasks

PSTL-PPSO WETformer Min-Max with ILO
1000 715 530 490
2000 885 590 530
3000 1005 640 566
4000 1255 845 705
5000 2200 2105 2000
6000 2250 2125 2055
7000 2300 2265 2245
8000 2500 2345 2305
9000 2700 2425 2365
10000 2825 2525 2505

Finally figure 6 give above illustrates the throughput analysis using three methods, PSTL-PPSO, WETformer (1) and Min-
Max with ILO (2) performed with respect to cloud user requested tasks. The number of user requested tasks, represented on the
horizontal axis, ranged from 1000 to 10000, while the throughput of three methods, namely the PSA-TL method with various
methods, WETformer (1) and Min-Max with IL (2), is shown on the vertical axis. The entire observed outcomes indicate that
the throughput of the PSA-TL method is increased compared to the existing methods (1) and (2). The overall observed results
indicate that the throughput of the PSA-TL method is improved compared to the existing (1) and (2). An increase in throughput
was observed for increasing numbers of cloud user requested tasks using all the three methods. However, simulation results
showed improvement using PSTL-PPSO upon comparison to (1) and (2). For example, let us consider 1000 user requested
tasks to compute the throughput to be 715, 530, 490 respectively. Similarly, consider 2000 user requested tasks to compute the
throughput to be 885, 590, 530 respectively. Let us assume 3000 user requested tasks to compute the throughput to be 1005, 640,
566 respectively Likewise, dissimilar performance outcomes are attained for each method. In contrast , in existing throughput
is not increased. In proposed consistent throughput is achieved for load balancing. Particle Swarm Optimization is used in
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proposed work. The reason would be contributed to the application of Parallel Particle Swarm Optimization-based fine-tuned
cloud load balancing algorithm. By applying this algorithm population initialization was first done by considering the cloud
user requested tasks in addition to swarm or data center, sub-swarms or cloud server. Second fitness function was evaluated
for each cloud user requested task by taking into consideration the response time and throughput. Finally, fine-tuning was
performed by exploring distinct load balancing alternatives parallel. By taking advantage of parallel processing dynamically
across available servers in turn improved throughput of the PSTL-PPSO method by 17% compared to (1) and 21% compared
to (2).

Performance of Throughput
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4 Conclusion

Load balancing is a crucial issue in cloud computing as more number of heterogeneous cloud user requested tasks with
interdependencies or workflows comes to cloud application console and it is laborious and cumbersome to balance workload
appropriately between users. Ineffective load balancing led to the increase in resource utilization, minimizing scalability and
reducing availability making it harder to scale up or down with the changes in demand. To tackle this situation, in this paper,
we have modeled a Position Sensitive Transformer Learning and Parallel Particle Swarm Optimization (PSTL-PPSO) method
which captures number of cloud user requested tasks, to measure quality of each load balancing configuration and these are
fed to PPSO algorithm which is modeled with an optimization technique. The novelty of proposed PSTL-PPSO method is to
improve the efficiency of load balancing in cloud with minimum response time. This load balancer needs to generate decisions
based on data from different cloud servers, to name a few being CPU usage, memory usage while minimizing parameters
i.e. makespan, energy consumption and improving throughput, overhead. Our proposed PSTL-PPSO method is simulated
on CloudSim simulator. From results it is evident that the PSTL-PPSO method outperforms existing methods by minimizing
makespan, energy consumption and also maximizing throughput considerably. PSTL-PPSO method improves the throughput
by 19 % and reduces makespan 17%, energy consumption by 26%, overhead efficiency by 26%.More dataset parameters like
average resource utilization, space complexity used in future.
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