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ABSTRACT

In today's landscape, scheduling users' applications on distributed web
services has become increasingly challenging due to the diverse and stringent
nature of users' requirements. Additionally, the web market is flooded with a
large number of web services, many of which exhibit dynamic performance
characteristics during runtime, leading to significant uncertainties.
Consequently, service agents face difficulties in selecting the most suitable
web services that can meet the users' Quality of Service (QoS) demands. As
a result, users often experience violations of their requirements. Several
mechanisms have been proposed to address these issues. However, in
demanding scenarios, these mechanisms often generate subpar solutions of
low quality. To tackle this problem, this paper introduces a service selection
scheme specifically designed for cloud service brokers. This scheme aims to
minimize overhead while efficiently searching and recommending a suitable
set of services that can fulfill the users' QoS demands. Experimental results
demonstrate the capabilities of the proposed strategy and its effectiveness in
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producing satisfactory outcomes.

INTRODUCTION

Recently, the Web has experienced
high proliferation of cloud services. The key
players in the cloud service provider marketplace
include AWS, Google cloud, Microsoft Azure etc.
However, enormous specialist providers, who
offer computing and storage platforms as well as
other hosting services, exist. Cloud marketplace
is of two types: local, which is formed by services
offered by a single provider such as AWS
marketplace; or global, which offers services from
different participating providers. Moreover, there
are huge varieties of cloud services, particularly
in the global marketplace, and each variety can
be offered by several providers. Additionally,
multiple cloud service providers can possess
similar quality of service (QoS) attributes.
Moreover, it is a common requirement of many
industry projects to combine capability and
capacity from multiple cloud service providers.
However, determining which service provider to
include in the service composition requires
assessment and evaluation of every provider,
which is evidently a serious challenge on ordinary
customers. Cloud service brokers are usually
employed for this purpose. A cloud broker is “an
entity that manages the use, performance and
delivery of cloud services, and negotiates
relationships between cloud providers and cloud
consumers” [1]. It is typically an organisation that

acts as an intermediary  between
subscribers/end-users and SaaS vendors [2].
However, performance of a services broker is
affected by the kind of algorithms used in their
service selection and composition policy. Due to
the difficulty of the services selection problem,
intelligent optimization algorithms, such as
genetic algorithm (GA), ant colony optimization
(ACO), particle swarm optimization [3], are
common in broker design. Nevertheless, the high
diversity and stringency of users’ requirements,
couple with the huge number of web services with
their performance uncertainties, has made it
difficult for service agents to meet Quality of
Service (QoS) demand of users. In consequence,
users’ requirements are often violated. Various
mechanisms have been proposed on these
issues. However, in stringent situations, the
mechanisms often produce low-quality solutions.
Schemes have been proposed in the literature to
address this interesting issues. One of the
prominent algorithms under this category [4-6] is
the multi Qos workflow scheduling strategy based
on particle swarm optimization and a look ahead
heuristic (LAPSO) [7]. LAPSO was proposed to
improve performance and handle complex user
requirements. The algorithm selects the best
scheduling solutions based on a novel constraint-
handling strategy. It hybridizes PSO with a novel
look-ahead mechanism based on a min-max
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heuristic, designed to improve quality of solutions.
At the core of the LAPSO operation is the Look-
Ahead Task-Remapping algorithm (LATR), which
improves the best solution found by PSO at end
of every iteration of the algorithm. However, the
LATR waste CPU resource in its attempts to
improve incumbent solution.

In this paper, an enhanced LATR
(ELATR) is proposed to address the
aforementioned issue. The proposed method is
based on a Tournament selection technique. It
aims to offer the advantages of: ensuring
minimum/no violation in QoS delivery to stringent
user demands; and improving user satisfaction in
the QoS rendered. Results of experiments
demonstrate capabilities of the proposed
strategy.

In the remainder of this paper, Section
2 discusses related works. The operations of the
LAPSO, LATR as well as the proposed
Tournament-based  selection strategy are
presented in Section 3. Section 4 highlights the
performance results. Finally, Section 5 concludes
the paper and suggests future work.
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Figure 1: Reference architecture

RELATED WORKS

The workflow scheduling in distributed
computing resources has been a topic of interest
for many researchers. A lot of works address the
scheduling of single workflow. Few types of
research consider multiple workflow scheduling
but majority of them consider limited user quality
of service (Qos) requirement.

In [6] the authors present two online
algorithms to schedule multiple workflows under
deadlne and privacy constraints  while
considering the dynamic nature of hybrid cloud
environment. Elastic ~ Budget-constrained

resource Provisioning and Scheduling algorithm
for multiple workflows was proposed in [7] for
WaaS$ a platform. It was claimed that the method
reduces the computational overhead by
encouraging resource-sharing policy to minimize
workflows’ makespan while meeting user-defined
budget. In[8], a look ahead algorithm is proposed
to solve online multiple workflows scheduling
problem. Reference [9] proposed a competent
dynamic multi workflow scheduling (CMWS)
algorithms which are divided into two phases to
reduce the system overhead and power
consumption. Fairness Scheduling with Dynamic
Priority for Multi Workflow (FSDP) was proposed
in [9]. FSDP emphasized the fairess aspect as it
integrated slowdown metrics to their algorithm’s
policy. Slowdown value was the ratio of the
makespan of a workflow when it was being
scheduled in dedicated service to the makespan
of it being scheduled in a shared environment with
the other workflows. The authors in [10] proposed
a faimess-based scheduling algorithm called
fairness-based dynamic multiple heterogeneous
selection values to achieve high performance of
systems and a priority-based scheduling
algorithm called priority-based dynamic multiple
heterogeneous selection value. They combine
these algorithms to presents a tradeoff based
scheduling algorithm to meet the deadlines of
more higher-priority workflows while still allowing
the lower-priority workflows to be processed
actively for better performance of their systems.
A multi-objective  optimization  workflow
scheduling approach was presented based on
dynamic game-theoretic model [11]. The
approach aims at reducing workflow make-spans
and total cost while maximizing system fairess in
terms of workload distributon  among
heterogeneous cloud virtual machines (VMs). In
[12] the authors proposed an approach for
scheduling multiple workflows that takes fairness
into account with three different Qos objectives
and four workflow selection policies based on
unfairness metric: In ordered policy, round robin,
weighed round robin, and direct heuristic policy.
However, these approach takes into account very
limited Qos objectives and therefore difficult to fit
well in the present dynamic and complex cloud
environment.

In [7] a constraints aware multi Qos
workflow scheduling strategy based on particle
swarm optimization and a look ahead heuristic
(LAPSO) was proposed to improve performance
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and handle complex user requirements. The
algorithm selects the best scheduling solutions
based on a novel constraint-handling strategy. It
hybridizes PSO with a novel look-ahead
mechanism based on a min-max heuristic,
designed to improve quality of solutions. The
Multi-Qos scheduling model is made up of six Qos
constraint time, cost, reliability, availability,
security, and reputations. To select services set
for a workflow, two models were used: cumulative
Qos violation rate, which defines violation degree
of user defined constraints; and cumulative Qos
satisfaction rate, which is defined by the weighted
sum of the values of the six Qos objectives. At the
core of the LAPSO operation is the Look-Ahead
Task-Remapping algorithm  (LATR), which
improves the best solution found by PSO at end
of every iteration of the algorithm. The LAPSO’s
LATR algorithm achieves its purpose by making
two attempts: in the first attempt it uses the best
solution of the last iteration to improve the best
solution of the current iteration; if no improvement
is achieved in the first attempt, the algorithm
makes second attempt, where, for the sake of
simplicity, an arbitrary solution is randomly
choosing from the population. However, a closer
study of the algorithm reveals that the arbitrary
selection of a solution from the solution space
leads to numerous failed attempts. It is believed
that addressing the failure rate will significantly
boost the algorithm performance.

In the next section, the LATR of the LAPSO
algorithm is extended to minimize the failure rate.

Service Selection Method for Cloud Service
Brokerage

This section also demonstrates a
proposed mechanism for refining scheduling
solutions. In what follow, the two aspects of the
study are discussed separate subsections.

Overview of the LAPSO Algorithm

The algorithm is based on PSO
technique. It operates iteratively in three logical
phases: solutions search, solutions evaluation
and selection and solution improvement. The
search phase explores the available services and
returns a number of options called candidate
solutions. In the evaluation phase, the solutions
are evaluated based on QoS violation level and
total QoS value and a single best solution is
selected. In the improvement phase, the
scheduler checks for any service of the best

solution with lower QoS value and replace it with
a better service. Finally, the improved best
solution is returned to service agent if it fulfils the
user’s requirements, else the scheduler goes to
search phase again for the next iteration. The
reader is referred to [7] for details of the LAPSO
algorithm. The algorithrm uses a novel LATR
algorithm for the refinement of the best solution
found by PSO at the end of each iteration.

Algorithm 1: Improved Look-ahead QoS-aware Task-Remap
lnp“t: d’lgest
Output: ¢,
1 Uinferior « SearChOQoSSetbest
Tinferior

2 d){»‘ f « Search (Uinferinr)MapSerbegF )
3 counter « 1 //first attempt to improve &, ™"
4 ¢t{ijeterm < lggslt

Al
5 (Dr maerlor < Se%rch (Uinferior)MapSetdeterm

inferior inferior

6  Ifo, > @, then

Line 7 through 18, the algorithm tests whether remapping

the task to the service of the determinant solution can

maximise the overall QoS of the best solution [4].
19  Else
20 If counter < 1 then
21 counter ++ //second attempt to improve l;bfl"f erer

//invoke Algorithm 2

22 Gaeterm < tournament(Size, currPSOswarm)
23 Go to line 5
24 Return ¢j,,

Overview of the Look-Ahead Task-
Remapping (LATR) Technique

The LATR technique refines the best
solution of each PSO iteration by
deterministically altering one of the task-service
mappings of the solution. It chooses the task with
the lowest parameter value and re-assign it to an
alternate service that potentially improves its
value. The LTR algorithm learns from the good
mappings in other solution, called determinant
scheduling solution @ ;e¢erm, 10 make changes
in the best solution. The ¢yererm SEMVES @S a
guide for the remapping. To find the ¢ 4eterm the
algorithm makes two attempts: in the first
attempt, the best solution of the previous iteration
is used; in the second attempt, the ¢d4ererm IS
selected randomly from the solution space as
follows:

¢determ <

rand (current PSO swarm)

(1)
The quality of the chosen arbitrary
solution is then tested in terms of value of the
target parameter as well as potential for improving
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the overall fitness of the best solution. Additional
details of the LATR algorithm can be found in [7].
However, as highlighted above, arbitrary
selection of a single solution turns out to be less
effective. In the next subsection, a new method is
proposed.

A. Proposed Tournament-based Technique for

Solution Selection

The new method is based on tournament
selection technique. The new method is an
extension of the LATR algorithm for improving
solution found by PSO algorithm.

Originally, tournament selection involves
selection of a group of mr individuals, which are
randomly chosen from the population [13]. The
chosen group partake in a toumament; a winning
individual is determined based on its fitness
value. Eventually, the individual with the highest
fitness value is deterministically taken. The
winner is inserted into the next population and the
process is repeated multiple times to obtain a new
population. Note that in [7], the binary version of
the technique was also employed to carry out a
constraint-aware solution selection based on dual
functions.

In this paper, however, the purpose is to find
an alternate service with a parameter value better
than the corresponding lowest-value parameter of
the best solution of the current iteration.
Therefore, the tournament algorithm is designed
as follows: first, to maintain the simplicity,
arbitrary selection from the solution space is
made. In this approach, however, rather than
randomly selecting a single solution, a set of
arbitrary solutions are selected from the solution
space for the tournament. The size of the
tournament is chosen to be six, to correspond
with the size of the optimization objectives, which
are also six. The idea of choosing the tournament
size equal to the size of the optimization
objectives is to increase chances of finding at

least one alternate solution with a parameter
value better than the corresponding parameter
under consideration.

The proposed tournament algorithm is
depicted in Algorithm 2. It accepts as input the
tournament size and the PSO swarm (solution
space) of the current iteration and returns a high-
quality alternate solution to be used by LATR as
determinant solution. The algorithm first chooses
7 arbitrary particles from the current PSO swarm
for the tournament, where = = 6 (line 1). From
the tournament, best particle is determined (line 2
—3). The selected best fit solution is returned as
alternate determinant solution (line 4).

The LATR algorithm is extended with
the tournament-based algorithm (Algorithm 1)
such that selection of the ¢ 4.¢erm in the second
iteration is carried out by making invocation as
follows:

¢determ
tournament (Size, current PSO swarm) 2

—

Hence, the Enhanced LATR (ELATR)
algorithm (depicted in Algorithm 2) observes all
features and operations of LATR but invokes
algorithm 1 to find a good quality alternate
solution, if the attempt to improve current best
solution using best solution of the last iteration
fails. Therefore, like LATR, The ELATR algorithm
takes the current best solution ¢f,, as input.
First, it determines the QoS parameter of the
solution with the minimum normalised value
(Ginferior) from among the six parameters (line
1). Then it finds a task, which suffers low value
with respect to the inferior QoS parameter
Oinferior (line 2). Following this, it begins the first
attempt to maximise the QoS of the task using the
previous best solution ¢p5- L, as the determinant
solution @geterm (line 3-4). The algorithm
checks the corresponding mapping of the task for
alternative service AS in the determinant solution

Algorithm 2: Tournament-selection based so

lution selection

Input: currentPOS swarm, w // 7 is tournament size

OUtPUt: ¢determ

// select the set of tournament members of 7 size

1 Browrnament < rand(currPSOSwarm, )
2 Fori«1tomdo
3 Daeterm < best fit individual from Broyrnamen: //best fit in terms of the

corresponding
parameter of the best solution
4 Return ¢determ

//inferior
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(line 5). Line 6 through 18, the algorithm tests
whether remapping the task to the service of the
determinant solution can maximise the overall
QoS of the best solution [4]. If however the
condition of line 6 is not satisfied, then the
algorithm makes a second attempt by invoking
Algorithm 2, test and possibly effect the output of
the tournament-based method and then returns
the refined best solution as output (line 19-24).

EXPERIMENT AND RESULTS
Experimental Setup

This section presents the experiments
environment for the proposed method such as
computer resources, network topologies and the

experimental setup. The resources are used to
test the performance of the proposed algorithm.
The experimentation study was conducted by
means of simulation using Eclipse Java
Programming Environments. The simulation was
performed on a computer with a Pentium (R)
Dual- Core CPU (2.30 GHz, 2 Cores) and 8GB
RAM. The operating System was MS Windows
10. The algorithms were tested using a e-Protein
workflow application (shown in Fig. 2) as used in
the benchmark work [4]. The performance of the
proposed method is evaluated using two metrics:
percentage satisfaction rate and percentage
violation rate [4]. The performance of the method
is compared with the LATR, which is random-
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based and the LAPSO without LATR (original).
The algorithms were tested using a e-protein
workflow application with 15 tasks, the DAG of
which is depicted in Fig. 2, as used in reference
[xx]. The workflow tasks were assigned each a set
of service instances ranging from 60 to 120. Refer
to [4] for details of the service instances. As in the
previous work, six QoS parameters were used
and tighter QoS requirements were set, viz:
deadline, budget, reliability, availability, security
and reputation requirements were set to 22.0,
70.0, 0.85, 0.85, 5.6 and 4.7 respectively.

Figure 2: e-Business workflow [4]

Result

Fig. 3a and 3b depicts the experimental
results of the three compared approaches in
terms of percentage QoS violation rate and QoS
satisfaction rate, respectively. From the
simulation results, it can be observed in Fig. 3a
that enhancement of LATR (ELATR) achieves
best performance compared to LATR and, of
course, the No-LATR. No-LATR achieves lowest
performance because it does not improve best
solution found by PSO. Specifically, the ELATR
achieves lowest violation of only 0.11, while LATR
recorded 0.2. Both LATR and ELATR shows good
performance, but ELTR is better. The No-LATR
recorded about 2% violation. On the other hand,
Fig. 3b shows performance of the compared
algorithms in respect of QoS satisfaction rate.
From the figure, again the proposed ELATR
outperformed the compared. Specifically, the
proposed method recorded 0.24 and LATR
achieved 0.22, whereas No-LATR got 0.20. All
the algorithms achieved good performance, but
ELATR performance is better.

CONCLUSION

In this study, an enhanced LATR
algorithm is presented. LATR algorithm is an
auxiliary mechanism that assists LAPSO in
refining best solutions at end of each PSO
iteration. The ELATR is based on the Tournament
Selection method, which selects a set of
individuals for a tournament, where the best fit
individual emerges as the winner. This addresses
the problem of selecting only a single individual
randomly from the PSO population. Results of
experiment shows that although LATR is good,
ELATR achieved better performance. In future,
the ELATR will be tested with other evolutionary
techniques.
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