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Abstract: Cloud Computing makes use of the Internet to deliver standard and virtualized resources, software, and data
as a service. Users will have the option to take use of all of these advancements in information technologies with cloud
computing approach without needing to be extremely informed or competent in each one separately. An enormous
number of services are currently available. One of the main challenges in the cloud computing environment is the lack
of a workable method for developing online web services that may achieve high potential for Quality of Service while
following to service level agreement (SLA) boundaries. Choosing or composing those combined services is referred
to as nondeterministic polynomial time optimization problem. Many metaheuristic algorithms have been used in the
past due to the NP-hard complexity of service composition. The reliability and QoS (Quality of Service) issues with
other grid computing models are addressed. This paper presents the Coaching Based Multi-Verse Optimization
(CBMVO) methodology in Web services, covering their composition and implementation methods as a metaheuristic
algorithm to achieve the desired goals. The application of optimization techniques to choose web services in cloud
settings with a normalised quality of service (QoS). By considering various QoS metrics, employing a hybrid
optimization approach, and taking user preferences into account throughout the selection process, the method
outperforms previous methods. These developments lead to a more effective and customized choice of web services,
eventually enhancing user experience across cloud environments. The proposed methodology is evaluated and the
results are validated the efficiency and performance of the proposed approach in relation to reliability, availability and
cost. The new algorithm for quality of service stands out from other methods because it has a higher score of 0.89
while the MFO method only scored 0.77. This means that the suggested technique has improved the quality of service
by 13% compared to the CBMVO method.

Keywords: Cloud computing, Metaheuristic algorithm, Quality of service (QoS), Service level agreement (SLA),
Coaching based multi-verse optimization algorithm (CBMVO).

1. Introduction We are fully aware of the demands placed on modern

Today's cloud computing services provide a wide
range of possibilities, from the essentials of storage,
networking, and processing power to cutting-edge
innovations and technologies like artificial
intelligence and natural language processing as well
as conventional office applications. It is a distributed
cloud-based system where a number of devices are
inter connected together in order to make use of the
resources offered by the service provider [1]. More
than simply "lifting and transferring” outdated IT
infrastructures to the cloud for cost and
convenience’s sake represent digital transformation.
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technology and the necessity for constant innovation.
Because of this, businesses use Cloud to alter their
infrastructure and overcome their most difficult
problems [2]. In addition to the expansion of services
as a whole, a number of factors have also influenced
cloud computing. Here are some of these patterns
most significant explanations.

Containerization

Containerization is the bundling of software code
with only the OS libraries and dependencies
necessary to run the code in order to generate a single,
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lightweight executable, or container, which reliably
functions on any infrastructure. Containers have
replaced virtual machines (VMs) as the standard
compute unit for contemporary cloud-native apps
because they are more portable and resource-efficient

[3].
Serverless computing

Computing that is performed on controlled
infrastructure is known as serverless computing. It
frees up analysis, software development, Operations
and deployment teams from having to worry about
back-ends and allows engineers to concentrate only
on the functionality of applications or code. Google
workspace cloud functions and microsoft azure
functions are a few instances of serverless services

[4].
Edge computing

The expectations for latency and accessibility
have been significantly altered by the distributed
nature of cloud services. Users and data transfers
between cloud services have had to grow both in
number and volume. By bringing computation and
data analytics processes closer to people and devices,
edge computing has contributed to this expansion.
With the growth and aggregation of big data and the
internet of things (loT), edge computing is creating
much more opportunity [5, 6].

High performance computing

All of the major cloud computing provides HPC
(high performance processing), which is substantially
parallelized and offers massive computing
capabilities at an affordable price. Businesses employ
these HPC cloud services for computationally heavy
applications including analysis the big volume of data,
risk operation and structural genomics [7]. Even
while the cloud has made capacity provisioning much
simpler, managing quality-of-service (QoS) now
presents a number of fresh issues. This motive of
service is essential for both cloud providers and
customers, who must achieve the correct balance
between operating expenses and service levels. Users
expect providers to fulfil the claimed quality features
[8]. With a study of new QoS modelling techniques
that are suitable to cloud computing and a description
of their initial implementation in cloud resource
management, this paper intends to help such efforts
[9-42].
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Modelling of CC workload

For QoS models to have strong predictive
capability, correct workload models must be defined.
Here, we review studies on workload characterisation
and related modelling methods. To use benchmarking
to describe the QoS displayed by cloud deployment
scenarios. For example, network bandwidth variance,
virtual machine (VM) startup timings, and start
failure rates, need to be estimated with realistic
values. For several VM instance types, observations
of performance variability have been made and
reported [10].

Workloads of cloud computing application

The quality-of-service (QoS) applies also to
Traffic control methods that strive to either give
predictable or guaranteed performance to
applications, sessions or to distinguish performance
in accordance with application or network operator
requirements. Packet delay and other types of losses
are fundamental quality-of-service phenomena. [11-
12]. A flow is a series of packets travelling from a
source to a destination. A flow is said to strive for a
certain level of quality of service. All of the packets
in a flow in a connection-oriented network follow the
same order. Every packet in a network without
connections may take a different path. The main
parameters can be used to categorise each flow's
requirements are Reliability, Delay and Bandwidth
[13, 14]. In order to mix different services or select
the best services from those that have similar
functionality but varied Quality of Service to fulfil
the user's request, a service composition algorithm is
required Which service was tasked with that duty has
to be identified [11-14].

Currently, with y tasks and x related services of
function things for each type of task, there are now
Xy with composition of service options. An NP-hard
optimization issue is the service composition
problem [12]. As a result, a service composition that
offers high quality of service while meeting the
service level agreement (SLA) is needed [15]. In a
short amount of time, metaheuristic algorithms are
effective instruments for finding a solution that is
close to ideal. As a result, a few metaheuristic
algorithms have been developed to handle the NP-
hard problem of service composition. To attain higher
performance, however, it is necessary to find
algorithms whose performances can be enhanced.
An effective approach for handling numerical
optimization issues is the multi-verse optimization
(MVO) algorithm [16]. A new, coaching based
multiverse optimization (CBMVO) approach is
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presented on this work to address SLA restrictions
while solving the service composition problem. The
following list of MVO's enhancements is provided
[17]. The search space around the best answer is
determined by the travelling distance rate in order to
locate a better solution. The travelling distance rate,
which drops linearly with each iteration, is the
algorithm's initial flaw. While in the suggested
technique, iterations that fail to produce the new,
improved answer are increased while adaptively
decreasing iterations are increased. Instead of using
the single best option, with the collection best
optimization solutions p has been produced [43]. In
order to maintain diversity in the algorithm's first step,
the wormholes mechanism used by MVO is modified.
In order to reach the best outcome, the chance of
blackhole existence increases as more things are
exchanged between worlds via white and black holes
[44].

The further part of this paper can be structured as
given below: In part 2 discussed an overview of the
literature on stochastic optimization approaches, part
3 addresses multiverse theory topics and coaching
based multiverse  optimization = methodology
(CBMVO) for QoS in cloud based web services, part
4 reveals the performance of results achieved with the
newly proposed methodology and part 5, concludes
the proposed work and the possibility of
enhancements.

2. Related works

The problem of service composition is NP-hard
and has a broad range of possible solutions. As a
result, numerous meta-heuristic techniques have been
used to resolve this issue. For the purpose of
resolving the Quality of Service - aware service
composition challenge, a genetic algorithm-based
solution was designed and evaluated against
comprehensive study along with randomized
selection genetic algorithms [18, 19].

To solve the issue of web service composition
with quality-of-service awareness, an orthogonal GA
has been proposed; in this algorithm, the initial
population is constructed using an orthogonal design.
It performs better than a conventional genetic
algorithm. In  multi-cloud environments, the
CloudPick framework and ontology-based services
was proposed for the deployment of quality of service.
It offers a utility computing service repository so
users may access the quality of service of several
clouds. For optimization, it employed a GA built
selection method. Nevertheless, this methodology
shows certain limitations corresponding to time of
search, a poor convergence rate, and a local optimum
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caused by a fixed, planned crossover between two
parents [20].

The cloud manufacturing service composition
employed a hybrid artificial bee colony algorithm.
This method generates individuals using both chaos
and probabilistic operators. Compare to particle
swarm optimization and genetic algorithm it
performs better. ABC algorithm (artificial bee
colony), however, exhibits delayed convergence
properties [21, 22]. For the composition of cloud
services, a fuzzy-based bat algorithm was presented.
In this study, relationships between QoS components
have been taken into account to evaluate the
effectiveness of the bat algorithm using a fuzzy
method. The system performance is dependent on the
users’ mined rules with required membership
functions, which is a drawback of built fuzzy logic
before realisation, more adjusting [23]. The difficult
issue of scheduling user workloads while taking into
account users Quality of Service (QoS) criteria with
the aim of lowering physical machine energy
consumption [24].

To address the shortcomings of conventional
methods, we employ a backtracking-based algorithm
and a GA extension for enhancing quality online
service design adhering to agreement requirements.
An evolutionary algorithm and simulated tempering
were coupled to build the algorithm has taken to
improve the on-demand service design while
simultaneously  taking SLA limitations into
consideration in the cloud environment. The local
optimum possible solutions are reached by using the
single point crossover [25].

To resolve the QoS cloud service composition, a
new method called social learning optimization that
mimics the process of human intellect evolution has
been implemented. It performs well in terms of
search ability. However, the fact that it operates on
three co-evolution spaces makes it more difficult. An
algorithm built on the principles of ant colony
optimization has been proposed, using the fewest
possible utility computing in dispersed on demand
environments whereas taking response time and
service are to be consider into account [26].

The artificial bee colony (ABC) algorithm is then
introduced with a set of services to pick from, based
on the needs of each user, if the fitness function of the
services chosen by the genetic algorithm (GA) is
suitable. The system is tested using Cloud SIM
simulation, and the numerical outcomes demonstrate
its effectiveness in terms of dependability,
availability, and cost [27, 28]. In cloud environments
for web service composition, a new method meta-
heuristic optimization cuckoo algorithm was
presented. Fuzzy linear programming and rough set
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Table 1 Studies of QoS criteria
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Figure 1. Presents conceptual model of the suggested algorithm (CBMVO)
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methodology are proposed in the direction of resolve
competing constraints for online services. But before
realisation, fuzzy logic's rules and membership
functions still need some fine tweaking. Results
demonstrate the employed algorithm's great
performance. Modified invasive weed optimization
was used to balance multiple QoS characteristics,
meet connectivity requirements for cloud service
composition, and optimise multiple QoS parameters
[29].

A multi-criteria decision-making process called
simple additive weighting (SAW) has been presented,
which can assist customers in selecting the existing
cloud service that best suits their needs from a pool
of available options. In addition, an improved eagle
strategy with whale optimization (ESWOA)
methodology to keep the local and global optimums
in balance. From a selection of readily available
cloud services, our system can suggest time-saving,
reliable, trustworthy cloud services [30]. As part of
the eagle strategy to develop the algorithm, the whale
optimization algorithm's exploitation method was
applied in this algorithm. But in this work, SLA
restrictions were not taken into account [31]. To
choose the most effective service per request in a
geographically dispersed cloud environment for web
service composition problem, we present a linear
optimization programming solution, known as "LP-
WSC." This approach will help us to increase the
performance criteria for the on demand QoS [32].

3. CBMVO method for QoS in cloud based
services

3.1 Inspiration

A recently developed optimization technique that
draws inspiration from nature is called "multi-verse
optimization algorithm. For thoughtful three
planetary notions are used to represented as black,
white and worm holes help as the substance for the
multiverse optimizer (MVO). These notions have
respective mathematical models for exploration,
exploitation and local search. Bestowing in the
direction of big bang theory, the cosmos began as a
huge explosion. Another current and well-known
hypothesis among physicists is the multi-verse theory
[33]. This idea, there were multiple big bangs, and
each one resulted in the creation of a new universe.
Multiverse, which suggests the existence of worlds
other than the one we all now occupy, is the opposite
of universe. According to the multiverse theory, each
universe may have its own unique set of physical
laws [34]. White, black and worm holes are the
primary ideas from the multi-verse theory that we
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used as models for the MVO algorithm. Physicists
think that the big bang can be compared to a white
hole and may have been the driving force behind the
birth of the universe, despite the fact that a white hole
has never been seen in our universe [35]. White holes
behave radically differently from black holes, which
have been found regularly [36].

They have a tremendously strong gravitational
pull that attracts everything, including light beams
[37]. Wormholes are the openings that link various
regions of the universe together. According to the
multiverse theory, wormholes serve as time-and-
space conduits that enable items to immediately
travel between any two points in a universe [38].
Every cosmos experience perpetual inflation, which
results in the expansion of the universe through space
[39]. It is important for a universe's pace of inflation
to create stars, planets, asteroids, black holes, white
holes, wormholes, physical laws, and be conducive
for life. One of the cyclic multi-verse theories
suggests that worm, black and white holes allow
interaction across several universes to get to a stable
state [40].

3.2 MVO algorithm

The algorithm is made to address numerous
optimization issues that crop up in the fields of
engineering, science, and other fields. The main goal
of MVO is to simulate a large-scale multiverse made
up of several smaller worlds. MVVO explores the idea
of multiverses and worlds. The multiverse is an
optimization problem with various solution sets, and
the universe is a set of solutions to that issue. The
multiverse is first initialised by the algorithm with a
random distribution of universes. Every universe
stands for a potential answer to the issue at hand. The
programme then rates each universe in the population
according to its fitness. After assessing the original
population's fithess, MVVO goes on to carry out a
series of cosmic events. and work to raise the
standard of applicants in the field. MVVO is superior
to conventional optimization methods because it can
mimic cosmic events, which aid in escaping local
optima and successfully explore the solution space.
Also, it is a global optimization technique, which
enables us to tackle issues for which there are several
viable solutions or none at all.

In summary, the multi-verse optimization (MVO)
method is a swarm-based metaheuristic optimization
algorithm that uses the behaviour of the real world to
tackle different optimization issues. The technique,
which is regarded as a reliable and fast method for
resolving global optimization issues, makes
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advantage of cosmic occurrences to enhance the
quality of the solution set.

This illustration demonstrates between universes
how white/black hole tunnels enable items to travel.
When a white/black tunnel forms between the two
worlds, it is assumed that the universe with the
greater inflation rate has a white hole, while the
universe with the lower inflation rate is assumed to
have black holes. Then, the items are transferred from
the source universe's white holes to the destination
universe's black holes. The universes can swap items
with ease thanks to this technique. We make the
assumption that universes with high inflation rates
are very likely to include white holes in order to
improve the overall inflation rate of the universes.
Contrarily, black holes are more likely to exist in
worlds with modest rates of inflation. We used a
roulette wheel method to exchange the elements of
universes and mathematically describe the
white/black hole tunnels. According to the inflation
rates for each iteration, the universes are sorted and a
white hole is randomly selected in one of them using
a roulette wheel. To do this, the following actions are
taken.

Consider that

at a? - - af

| @ a2 - . af
Universe (U) = | : P @)

1 2 : '

ap a .. - ag

Where n denotes the universe in numbers and d
represents the variable parameters.

a ri< Norm(Ui)} 2

a; 11=Norm(Ui)

Where a{ denotes the jth parameter for the ith
position Universe, random number rl in the range [0,

1], a,]{ denotes the jth parameter for the kth position
Universe chosen using a selection procedure roulette
wheel method, Norm(Ui) denotes the Universe ith
normalization with inflation rate.

3.3 Coaching based multi-verse optimization
algorithm (CBMVOA)

Three fundamental components of the initial
algorithm were enhanced in the modified MVO. The
algorithm's travelling distance rate (TDR) reveals the
first flaw in the design. The original algorithm's TDR
reduces linearly with each iteration. To put it another
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way, the original algorithm's Travelling Distance
Rate (TDR) is as follows:

TDRateriging = 1 — (Iteration/
Max_Iteration) (3)

Travelling distance rate (TDR) starts off large and
then gradually diminishes throughout the repetitions.
When the finest answer may not be best after a certain
number of iterations, the suggested algorithm's TDR
is adaptive and can rapidly decrease. Since this
affects the search space size surrounding the finest
solution to discover one that is better than the best
solution already found, failure to improve the best
solution indicates that Travelling Distance Rate is
inappropriate and that TDR should be reduced even
more dramatically. In this research, the method was
cut in semi and the procedure was repetitive after
there was no better solution than the one that had
already been found after several iterations.

The successful pattern search algorithms that
were used to solve optimization issues are where this
concept originated. If a solution cannot be improved
using the pattern of points surrounding it, the pattern's
scale is lowered (frequently by partial), and new
design of arguments is created about the existing
result. This process is repeated until no better solution
can be found. The term "unsuccessful iteration™ refers
to the number of attempts made by an algorithm to
improve upon the best answer already in existence.
The wormhole-transferred objects are shown by
white points. It is possible to notice that wormholes
randomly alter the universes items without taking
into account their rates of inflation. In order to
provide local modifications for each universe and
have a high possibility of accelerating the inflation
rate via wormholes, we assume that wormhole
tunnels are continuously constructed between a
universe and the best world created thus far. This
mechanism's formulation is as follows:

a{;est + TDgate * ((uboundj — lboundj) *1rd 4+ lbound]-)
r3> 0.5 r, < WE_Prob
ai] aiest — TDgate * ((uboundj - lboundj) * 14 + lbound]-)
r3<05 r, <WE_Prob
a{ r, = WE_Prob

(4)

Where r2 < WE_Prob & r2> WE_Prob respectively,
where aj designates the jth value of parameter for the
finest universe yet formed, TD_Rate and WE_Prob
are coefficients, lower bound (Iboundj) denotes the
jth value of variable, upper bound (uboundj) denotes

the jth value of variable, a{ denotes the jth parameter
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value of the universe ith, and r2, r3, and r4 (random
numbers) in [0, 1].

The below logic shows the adaptive coefficients:
max — min) ( )

WE_Prob = max+ cur_iter * ( — itor

Where cur_iter is the current iteration, min denotes
the minimum (in this case, 0.2), max denotes the

maximum, and maximum iterations denotes max_iter.

. 1/
TD Rate = 1- Suriter” 6)

max_iterl/P

Where p is the iteration accuracy of the exploitation.
The faster and extra precise the exploitation/local
search is the greater p. In the MVO method, the
formation of a collection of random universes is first
step of optimization process. At each iteration, matter
from high-inflation worlds tends to travel through
black or white holes to universes with rates of low
inflation. While this is happening, wormholes
randomly transfer stuff from every universe to the
finest universe. The shown methods are repeated till
the requirement is satisfied (for example, after a
predetermined maximum number of repetitions). The
complexity of the suggested methods depends on the
number of iterations, the universe count, the roulette

wheel mechanism, and the universe sorting technique.

3.4 Proposed approach

The following observations help illustrate how
the suggested technique theoretically could be used
to resolve optimization issues:

e Since white holes are more likely to originate
in worlds with high inflation rates, they can
transport matter to other universes to help
them increase their inflation rates.

e Black holes are more likely to form in the
presence of low inflation rates, which
enhances the possibility that they will absorb
matter from other universes. This increases
the likelihood that inflation rates may

e increase once again in worlds with low rates.

o White/black hole tunnels commonly
transport things from universes with high
inflation rates to those with low inflation
rates, improving the overall/average inflation
rate of all universes over the course of
iterations.

o Wormholes often develop at random in any
universe, independent of inflation rate,
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preserving the variety of worlds throughout
time.

e Sudden changes can be used to break up local
optima stagnations.

The composite service's QoS is dependent on the
following pattern. Sequential modes, Parallel modes,
Probabilistic modes, and Circular modes of
composition patterns are discussed in 41.1t contain
the QoS estimations for various patterns. Where rtj,
ayj, ryj, ctj of service jth. probj remains chance of
implementation. These four Quality of Service serve
as the foundation for the SLA restrictions. The
method takes as inputs a task list T={T1, T2, T3, T4,
....,In} their process workflow, consider z atomic
serviceas S = {s1, s2, s3, s4, ..., sz} for each job, QoS
for every atomic service SL is denoted as <rtl, ayl, ryl,
ctl>. As a result, there are several ways to allocate an
atomic service from z services to n separate jobs and
SLA vector SLA =<SLArt, SLAay, SLAry, SLAct>.
The atomic service that maximises the best service
with satisfying service agreement constraints are
chosen as output for each job from a list of z atomic
Services.

Coaching based multiverse  optimization
algorithm (CBMVO) is continuous enhanced method.
In this study, the chosen fissionable facility for the
job jth & ith web design result is regarded to be the
continuous value of aj‘f computed by the procedure
converted to a numerical value of aj. indx =
rmd(a}).

Cost and benefit criterion are two types of
quality-of-service characteristics. Higher value of
attributes is equivalent to lower quality. Greater
attribute  values (such as dependability and
availability) are equivalent to higher quality in terms
of a benefit criterion. The following relationship can
be used to normalise quality of service attributes.

Valnorm(k) —
valk- ming

—~ palk € benefit_criteria
maxj— ming

(7)
maxy—valk . .
——*"— _ ypalk € cost_criteria
maxy— miny

Where valk is the QoS attribute's value before
normalisation, mink and maxk are the attribute's
minimum and maximum values. The normalisation
value for cost and benefit attributes is valnorm(k).

In the event that the user's selections for the kth
Quality  of  Service attribute is y¥ €
[0,1] in X)_, ¥ = 1for O parameters. The fitness
value can be constrained by attributes of the complex
service that satisfy the users can be taken as
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fit = Ef gy varnorno (8)

When a user's constraints are not fulfilled for a result,
a penalty is functional that is lower than the usual
fitness to demonstrate the poor performance. Below
formula shows the fitness for a non-satisfied
constraint result:

fit = ¥O_, y vamormto _
BetaVal X PenaltyVal — NumConf (9)

Be aware that an answer's fitness depends on its
quality and is strongest when the solution's is of high
guality. As a result, the regular fitness should be
reduced by the penalty level. A user-defined constant,
the Beta. When maintaining SLA criteria is more
crucial than the significance of QoS, beta should be
high, and vice versa. Based on how much the
characteristics deviate from the attribute limits, as can
be seen below, the consequence amount is
determined.

Uninorm(k) —
( stk— vaik
maxy— ming’
benefit_criteria, and not fulfilled constraint
9 valk—sLk
maxy— ming’
cost_criteria, and not fulfilled constraint
\ 0 Otherwise

valk €

valk €

(10)
Penalty = ¥9_, Unimorm(®) (11)

To ensure that any solution with unsatisfied
requirements has a lower fitness value than any
solution with fulfilled constraints, the number of
quality of service characteristics that could not meet
service level agreement criteria, termed NoConflict,
is removed from fitness benefits in relation to the
penalty values. When the kth feature of quality of
service in a service composition satisfies the
specified service level agreement, constraint,
uninorm(k) is zero. The values of maxk and values of
mink represent the highest and lowest of the kth
quality of service characteristic, respectively. The
SLKk is the service level agreement restriction that the
user has requested for the kth property. In this study,
the characteristics of quality of service include time
of response, resources availability, cost and reliable
of service. A cost attribute must have a value smaller
than the user's required service level agreement for
such an attribute. The provider may deliver quality
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service with a shorter reaction period than the user
requires (service level agreement for time of
response).

When the response time is smaller than the
necessary response time, the service level agreement
or constraint for response time is fulfilled, and
uninorm(1) = 0; the value of penalty is unaffected by
this property. When the response time exceeds the
necessary time of response, the value of penalty is
raised by uninorm(1) = (vall — SL1) / (max1 — minl).
As a result, if the value of a cost attribute exceeds the
compartment service level agreements, the penalty
may increase.

When the values of benefit qualities such as
reliability and resources availability are less than the
service level agreements restrictions, the penalty is
imposed. It will rise by uninorm(k) = (SLk - valk) /
(maxk — mink) as advantage features must take a
greater value than Service Level Agreements to meet
the same constraint. Raising the value of penalty
reduces the fitness. As an outcome, the method looks
for a solution that has higher fitness or a lower
penalty, which is the same as a solution that resolves
any conflicts between service level agreement criteria.

4. Results

Several optimization strategies, were employed
to assess the suggested approach including multi-
verse optimization (MVO) algorithm, particle swarm
optimization (PSO) algorithm, and genetic algorithm
(GA). In which algorithms parameter settings may be
summarised as follows. The total population of all
methods is 30. The following are the parameters that
are often utilised in the literature for various methods.
The genetic algorithm has a crossover probability
(probc) of 0.8 and a probability of mutation (probm)
of 0.01. The particle swarm optimization (PSO)
algorithm parameters are 0.5 for the cognitive
component, 1.25 for the social element, and 0.4 for
the inertia weight, which falls gradually from the
values 0.9 to 0.4. The suggested Multi-Verse
Optimization (MVO) algorithm parameters are based
on the features of the basic MVO that were
considered in prior research and the suitable values of
parameter settings were determined experimentally.
In MVO and CBMVO the maximum and lowest
WE_Prob, i.e. maxWE_Prob & minWE_Prob are 0.2
and 1 respectively. Upper and lower likelihood of
blackhole presence, i.e. maxBProp & minBProp, are
also the values of 1, 0.2.

Benchmark functions to evaluate

The suggested technique was evaluated using
benchmark functions that were both unimodal and
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multimodal, as shown in [2, 8] with a dimension
Value of 50. The suggested algorithm's ability to be
used is examined by the unimodal functions. The
multimodal functions put the method's capacity to
explore and depart from the local optimum to the test.

The findings for these tasks, including the mean,
minimum and standard deviation are shown in Table
1. Results are acquired for each function after thirty
runs and thousand repetitions for algorithms. In this
study as fundamental involvement is the introduction
of an algorithm for the creation of web services with
service level agreement that are quality of service
aware. Table 2 benchmark function findings,
however, demonstrate that increased multi-verse
optimization might produce the best outcomes in the
majority of (F(9) out of F(13) functions. Overall, it is
possible to state that the suggested algorithm's results
are the optimized performance solution. The
Schwefel function, often known as function F(3). For
this situation, the Particle swarm optimization (PSO)
could produce best outcomes. During the search
space, the PSO maintains the best minimum value in
terms of local associated to every person in the
environment. This mechanism might work well for
issues of this nature. Thus, taking into account the
localized best in multi-verse optimization can also be
taken into account to gain better performance. The
F(5) has a fairly smooth slope surrounding the global
optimum location and is known as the Rosenbrock
function. Even though the minimum value for GA
throughout the 30 runs was better (6.741), its standard
deviation as well as mean was worse than the
suggested improved MVO. The rate of inflation,
based on criterion selecting white and black holes
across algorithm iterations, might be adjusted to
account for the smooth slope of the F(5) in order to
further optimise the suggested method. The F(8) and
F(9) are also referred to as the Rastrigrin and
Schwefel functions, respectively. Numerous peaks
and valleys are present in these functions. The global
minimum may not be found by many algorithms. For
these issues to be resolved, algorithms need more
variety. Instead of using the best solution, the
proposed approach uses the best solutions of p. Both
the algorithm diversity and the diversity of best
solution can rise with an increase in p.

Coaching  based  multiverse

algorithm (CBMVO)

optimization

Four QoS characteristics of the atomic activities
in this work were chosen from [15] in the following
manner to simulate the suggested algorithm:
Response time is based on a distribution with a mean
value in the 20-1500 millisecond range. The value of
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availability is constant from the the range of 0.95 to
1. Values for cost and dependability are uniformly
distributed at random within the intervals of 2-15 and
0.4-1, respectively, and the users have equal
preferences. The service level agreement (SLA)
restrictions for a service selection with an assumption
that the QoS. For QoS attributes, web service
selection with SLA = <SLArt, SLAay, SLAry,
SLAct> are taken into consideration. Different
circumstances are taken into account to demonstrate
the performance of the suggested method. For five
alternative scenarios, the number of services is taken
into consideration as five different values of: 10, 30,
50, 70 & 90 respectively. The estimated number of
services with atomic for every set of value is
{200,300,400,500,600,700,800,900} . Ten
simulation runs for every situation were used to
average the findings. The suggested service
composition algorithm is contrasted through the
previously described  well-known algorithms,
including GA, PSO and MVO. Normalised service
for suggested technique in comparison to other
algorithms is shown in Fig. 2. Every graph compares
the normalised Quality of Service for a certain set of
services with various numbers of services for every
service. The statistics diagram demonstrates the
suggested  methodology  performs  improved
compared than others. For a limited number of
services, the performance of the proposed method is
comparable to current algorithms but in more
dimensional settings, the proposed algorithm's
differences from other methods quality of service are
more prominent.

In the figure, with 90 service sets and 900 micro
services per service set, the normalised quality of
service for the suggested technique is 0.89, whereas
MFO is 0.77. This is a 13% improvement in quality
of service over the CBMVO method. This is due to
the proposed algorithm's strong performance in the
area of global optimization and its ability to prevent
convergence rate to limited cost. When there are few
micro services in each group of services, there are
fewer possibilities for each service, fewer potentially
high-quality options are available, and quality of
service will suffer as a result. The service
composition problem has a larger and more
challenging solution space as a result of the growing
range of micro services for each services set and the
total number of services sets. Comparison of quality-
of-service attributes with regard to function
evaluations is shown in Fig. 3. Although the
suggested method has better quality of service when
compared to other algorithms, this does not
necessarily mean that it is superior in terms of all
guality-of-service aspects. Cloud computing web
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Table 2 Benchmark function findings

90

= GA PSO
Algorithm Algorithm
M A SD M A SD
F(1) 0.017 0.215 0.092 0.019 0.281 0.317
F(2) 1.812 5.771 2.104 0.899 3.101 0.951
F(3) 6.943 26.001 3591 2.408 7.384 4.034
F(4) 2.003 2.881 0.514 0.512 0.574 0.067
F(5) 6.948 104.07 63.99 105.73 152.1 40.12
F(6) 0.165 0.528 0.491 0.201 1.011 0.725
F(7) 0.912 191 0.801 0.431 1.541 0.697
F(8) -725 -712 44 -1621 -902 293
F(9) 9.845 27.01 8.12 24.03 40.12 10.91
F(10) 0.847 1.178 0.401 0.187 1.41 0.401
F(11) 0.007 0.008 0.007 0.002 0.024 0.015
F(12) 0.004 0.007 0.097 0.012 0.031 0.032
F(13) 0.006 0.054 0.044 0.032 0.247 0.069
E MVO CBMVO
Algorithm Algorithm
M A SD M A SD
F(1) 2.301 6980 8214 6.40E-04 1.20E-03 2.20E-04
F(2) 10.124 63.954 36.478 1.40E-02 1.70E-02 2.30E-03
F(3) 2.30E+04 5.70E+04 2.34E+04 47.8 105.2 38.1
F(4) 71.214 83.05 6.478 0.076 0.351 0.165
F(5) 799.102 1.30E+07 3.70E+07 35.97 66.67 32.14
F(6) 2.103 8801 10501 0.001 0.001 0
F(7) 0.312 22.074 24177 0.016 0.041 0.015
F(8) -16578 -13207 1432 -11901 -10391 524
F(9) 196.9 315.71 58.19 23.11 40.74 8.98
F(10) 18.123 19.784 0.436 0.006 0.007 0.001
F(11) 0.891 63.178 66.174 0.001 0.006 0.007
F(12) 4314 8.71E+05 4.70E+07 0 0.005 0.021
F(13) 17.574 1.40E+07 7.50E+07 0 0.004 0.007
Setof services (NoSLA) Offerd =70 service composition challenges with constraints of
' SLA are investigated, simulated & explored in the
1 sections that follow. Simulations were run five times
_-g 0.9 A for 10, 30, 50, 70, and 90 situations, with 200, 300,
g o8 400, 500, 600, 700, 800, and 900 atomic services in
s 07 ‘ | ‘ | ‘ ‘ ‘ | PSO each set.
0.0
Y 0.5 MWVO .
o 300 300 400 500 600 700 200 500 o 5. Conclusion and future enhancements
Count of Micro Services Utility or on-demand computing provides
platform to consumers over the revolutionized
Setof services (No SLA) Offerd =50 communications. The proposed approach for
choosing web services with normalised quality of
< 0.9 service (QoS) in cloud environments using
N 08 B GA optimization algorithms is a effective solution that
£ 07 incorporates a number of essential components.
2 06 ‘ ‘ ‘ ‘ 70 Firstly, the technique takes into account the
2 05 MVO significance of normalisation, which is necessary for
< 200 300 400 500 600 700 500 900 R the accurate evaluation and comparison of QoS

Count of Micro Services

Figure 2. Normalized QoS - set of services (70,90)
without SLA constraints for a range of microservices per
set
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indicators across various service providers. A readily
comparable collection of well-defined, normalised
QoS values across various providers is produced as a
result of this normalisation procedure, which is
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Set of services (with SLA) Offerd =70

_ 0.6
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— | |
T 0.4 GA
6 0.3 P50
=
PO 101000

MVO
& 01 !

200 300 400 500 600 700 800 900 CBMVO
Count of Micro Services
Set of services (with SLA) Offerd =90

_ 0.6
& 0.5
5 04 mGA
& 0.3 PSO
Z 02
ung|||||||| MVO
g o

200 300 400 500 600 700 800 900 CBMVO

Count of Micro Services

Figure 3. Normalized QoS - set of services (70,90) with
SLA constraints for a range of microservices per set

Table 3 Notation list

Parameter Notations
n universe in humbers
U Universe
d variable parameters
Norm(Ui) Normalization with Universe
TDR Travelling Distance Rate
ubound Upper bound
Lbound Lower bound
iteration accuracy of the
P exploitation
QoS Quality of Service
SLA Service Level Agreements
fit Fitness
z atomic service
T Task list
Wormhole Existen
WE_Prob ’ Prgbeilié/te ”
Val value of a cost attribute
Prob Probability
Probc crossover probability
Probm probability of mutation
F(x) benchmark function findings

carried out using multiverse optimizer (MVO)
methodologies. Secondly, based on the normalised
QoS values, optimization techniques are used to

International Journal of Intelligent Engineering and Systems, Vol.16, No.4, 2023

91

choose the optimal service provider for a specific or
collection of tasks. The technique is very adaptive
and versatile since the multiverse optimizer (MVVO)
and coaching based multi-verse optimization
algorithm  (CBMVOA) algorithms may be
personalized to meet the unique demands and
requirements of various end users. Finally, the
approach is made to operate in cloud environments,
which are growing more and more well-liked because
of their scalability, adaptability, and affordability.
This is taken into consideration in the suggested
strategy, which guarantees that the chosen web
services can operate effectively in cloud
environments, minimizing performance issues and
ensuring optimal resource allocation.

Overall, the proposed method for selecting web
services with normalised QoS in cloud environments
combines normalisation techniques, optimization
algorithms, and cloud-specific considerations to
make it an effective and valuable approach for end
users looking to improve their web service selection
process.
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