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ABSTRACT

Infrastructure as a Service (1aaS) is one of the common Cloud service models, which is most used by the scientific
applications. Asthe usersare charged only for the usage of resources based on the Service Level Agreements (SLA),
the usersareattracted towardsthe laaS. Workflow scheduling isa complex issuein 1aaS because multiple scheduling
parameters are to be considered to satisfy the Quality of Service parameters. Workflow applications comprises of
various sub-tasks, which are to be executed in a particular method. Thesetasks have parent child relationship. The
parent task needs to be executed before its child task. Workflow scheduling algorithms are supposed to preserve
dependency constraints implied by their nature and structure. Resources are alocated to various sub-tasks of the
origina task by keeping into account these constraints. The role of workflow scheduling agorithm is to find the
schedulewnhich satisfiesthe SLA document which iswritten between acloud user and acloud service provider. Many
heuristicalgorithmswere propaosed in theliterature, targeted only asingle parameter for scheduling. But the user may
require multiple objectives to be satisfied such as cost optimization, makespan optimization, reliability, deadline
constrained, budget constrained etc. Hence, it is the responsibility of the Scheduling algorithm to find the optimal
schedulethat satisfiesthe SLA. The proposed algorithm uses Differential Evol ution techniqueto optimize thescheduling
parameterssuch asexecution time of theapplication and Cogt of executing the application in the Cloud. The proposed
algorithm iscompared with the Genetic Algorithm and theresults outperform the Genetic Algorithm.

Keywords: Multi-objective optimization, Differential Evolution Algorithm, Mask mutati on, Recombi nation, Workfl ow
scheduling.

1. INTRODUCTION

InthisInformation era, large volume of dataaretransferred and processed over Internet. Scientific gpplications
need large amount of resourcesto execute their smulations. The suitable platformto handlethisever-increasing
dataand analysisof the scientific gpplicationsisthe Cloud Computing. Public Cloud usesthe pricing modelsbased
onutility computing with pay-as-you-go principle. The Cloud’sextraordinary features such as Scalability, Flexibility
and Cost efficiency grant fine solution for the Scientific Workflows.

One of theimportant issuesin Scentific Workflowsis scheduling. Good scheduling agorithmsneed to produce
optimal resultsaccording to objectivefunctionsin avery short time without consuming too many resources. The
chalengeinvolved in Workflow Schedulingis Quality of Service (QoS). QoSinvolvesvarious parameterssuch as
Budget, Deadline, Rdiahility, Availability, Minimizing the makespan, Supporting Service L evel Agreement, Security
and Load Balancing [ 1]. Among these parameters, minimizing the makespan and Cost of executing theworkflow
formstheimportant concern of theworkflow scheduling. Executing theworkflow with economic cost and minimum
makespan inthe laaS, isamulti-objective problem. In Multi-Objective Optimization (MOP), thereisno single
optimal solutionwith respect to al objectives, but thereisaset of tradeoff solutionsknown asPareto front [2]. The
main benefit of MOP isthat the user can choose the solution which suitstheir requirement.
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Evolutionary techniquesare now widely used for tackling complex M OP problems. Differentid Evolution (DE)
isonesuch evolutionary technique which has gained areputation of avery effectiveglobd optimizer. Theamof this
paper isto optimize the makespan and economic cost of theworkflow using DE. Since minimizing makespan and
minimizing economic cost are contrasting objectives, DE isthe best techniqueto get the optimal solution. Also DE
technique satisfiesthe Cloud usersby converting their choice on economic cost or makespan into the objective
function. Thusthe optimized result favorsthe user satisfaction.

2. MOTIVATION

Many heuristic and M eta-heuristic dgorithmswere proposed for the scheduling problemsintheliterature. The
heuristic lgorithm doesn't search the entire solution spaceto find the solution. Also, it fitsonly for aparticular type
of problem. In contrast to heurigtic agorithms, Meta-heuristic methodsfind anear optimal solution by improving
theinitial solution based on the quality parameters. In Cloud Workflow Scheduling, quality parametersforman
important role. Thequality parametersare Deadline, Budget, Security, Availability, Reliability, Makespan and Cost
[3]. Among these parameters M akespan and Cost need more attention in Cloud Scheduling. The parameters
Makegpan and Cog areinversdy related. So theworkflow scheduling can be downwithmulti-objective optimization
techniques. The most common Multi-objective workflow scheduling technique blendsthe multiple objectivesina
single function and optimizesthat function. Thereare many scheduling algorithms proposed by theresearchers
using the hybrid approach. Combining thelist scheduling algorithm with the meta-heuristic algorithm, they try to
optimize themulti-objective workflows. A new Pareto-based list scheduling heuristic proposed by Juanet. a. [2]
providesthe user with aset of tradeoff optimal solutions. The user hasto choose the one that better suitstheir
requirements manually. Ajeenaet. d. [4] proposed thebi-objective task scheduling agorithmused weighted sum
approachfor pareto-optimality and Particle swarm algorithmto solve the independent task scheduling. A task
scheduling dgorithmin cloud computing with the goa of the minimum completion time, maximum|oad balancing
degree and theminimum energy consumption usingimproved differential evolution dgorithmwasproposed by Jng
et.d.[5].

The optimizationtechnique of DE has been used for solving the multi-objective parametersin Grid scheduling
also. Jayasudhaet. d. [6] improved the DE technique to solve the multi-objective parameters of makespan and
flowtimeinthe Grid environment. Bessai et. d. [ 7] used three different gpproaches such asAggregation approach,
0-approach and Pareto approach to solve the bi-criterion allocation and scheduling strategy. These approaches
tried to optimize the workflow application completion time and cost incurred for the resource utilization.
Udomkasemsub et. al. [8] proposed ascheduling framework for Cloud DataAnalytics. Inthe scheduling plan
Artificial Bee Colony method isapplied. To solvethe conflicting objectives, Pareto based techniqueis adopted.
Leenaet. d. [9] proposed abi-objectiveoptimization algorithmusing NSGA 11, to optimize theexecution timeand
cost of scheduling in Hybrid Cloud. Hence, the Cloud Workflow Scheduling should be carefully coordinated and
optimized in order to achieve the minimum Cost and minimumMakespan. This paper gppliesDifferentid Evolution
Algorithmfor theworkflowsto optimize the makespan and the cost.

3. THEPROPOSED WORK

Workflow scheduling focuseson the resource alocation and execution of dependent task. Hence, theworkflow
goplicationsaremodded asaDirected Acydlic Graph (DAG) representing the different tasksand theinterdependency
among thetasks. In Cloud, to schedulethe workflow applications, many parametersareto be optimized. To get an
optimal schedule, satisfying different parameters Multi-Objective optimizationis needed. Thispaper makesan
attempt to provide an optimal schedule for workflow applicationsusing Differential Evolution Algorithm named
Differentid EvolutionWorkflow Scheduling (DEWS). The advantagesof Differential EvolutionAlgorithm (DEA)
areitssmplestructure, ease of use, speed and robustness. The DE algorithmisapopulation based algorithmlike
genetic dgorithmusingthesmilar operators, crossover, mutation and selection. Theadgorithmusesmutation operation
asasearch mechanism and selection operationto direct the searchtoward the prospectiveregionsinthe search
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Tablel
Sepsof Differential Evolution Algorithm

Initialization
Evaluation
Repest
Mutation
Recombination
Evaluation
Selection
Until (termination criteria are met)

space. By using the existing population membersto construct anew population, the recombination (crossover)
operator efficiently shufflesinformation about successful combinations, enabling the search for abetter solution
space. Themain stepsof theDEA [10] aregivenin Table 1.

3.1. Initialization

Asaninitia population, 20 scheduleswere produced by generating individuas (chromosomes) withthelist —based
heuristic algorithmssuch asHEFT [11], CFCSC [12] and LBTP[13]. Theremaining individualsare generated
randomly. The schedulesare checked for the precedence constraints of thetasks. Based on the number of tasksin
theinput DAG, theresources needed for the DAG isdecided using the equation 1.

r=|n| @
wherer isthe number of resourcesneeded for theinput DAG and nrepresentsthe number of tasksinthe DAG
[14]. Consder asample DAG with 10 tasks, namely, TOthrough T9 and theresourcesto be used are represented
as0, 1 and 2. Hencetheindividual chromosomeisrepresented as
P=(T0,1)(T1,0)(T3,1)(T2,2)(T4,0)(T5,1) (T6,2) (T7,0) (T8,0) (T9,1)

TO represent thefirst sub task of the DAG and it is allotted to resource 1. To generalize, an individual is
denoted as

R®=(RF.RS.RS....RC...P7) @
where Ginequation 2 denotescurrent generation, i=1, 2, ..., p.and p_denotes populationsize. The PijG (=1,2..n)

includesthe number of tasks. Oncetheinitid populationisgenerated, thefitnessvaue of eechindividua isevaluated.
Each of theindividua undergoesmutation, recombination and selection. Theinitia valuesof theother parametersare
giveninTable2.

Table2
Experimental Setup
Initial population 2
Alpha 06
Crossover rate (CR) 06
Number of Generations (G) 100

3.2. Fitness M easure

A fitnessfunctionis used to measurethe quality of the solutions according to the optimization objectives. The
scheduling parametersfor optimization of the schedule consdered inthe proposed algorithm DEWS are Makespan
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(MS) and Monetary Cost (C). Considering the Makespan and the Monetary Cost, the fithessfunction for the
proposed dgorithm DEWSisgiveninequation 3.

f(X) = Alpha* (M Smaximum - M Scurrent) + (1 _Alpha) * (Cmaximum - Ccurrent) (3)
isthe highest makespanvaueinthe current generation, MS_ __ isthe makespan of the current
schedule, C__.  isthemonetary cost of the schedulewhose mekespanisthe highest inthisgenerationandC_,
isthe monetary cost of the current generation. Alphaisacogt-efficient factor that representsthe user’s preference
for the makespan and the monetary cost. The vaue of Alpharanges between 0 and 1. For the proposed adgorithm
theAlphavaueisvaried from0.5t0 0.8 instepsof 0.1 and it isfound that the 0.6 for Alphaoptimizes schedulefor

thegivenDAG

whereMS

maximum

3.3. Mutation

There are different mutation techniqueswhich are very popular in theliterature [ 15]. One of themisgivenin
equation 3.

Q7 =R +F(R°-F7) 4)

where P®, P®and Pf arerandomly selected fromthe populationsuch that a, b, canddbelongto{1,2,3,...,p}

and a# b#c#d. Themask mutation operator r isused inequation 4, Sncethemutation scaling factor FInDEA isnot
applicablefor workflow scheduling problems[ 15]. Hence the equation 3is modified asrepresented in equation 5.

Q7 = R°OF(R°6RY) )

wherer isamask mutation factor, whichisfromaninteger set V corresponding to the number of resources. TheV
israndomly divided into thetwo setsV_ and V., whereV, NV =randV =V U V.. To preservethe precedence
constraint of task execution, the order of tasksremains unchanged in mask mutation. The algorithm for mask
mutationisgivenin Table 3. For example, if aDAG with Tentasksexecuted on Three Virtual Machines, the steps
of mask mutationisillustrated below. Consider that the schedules P, and P, selected randomly inthe place of P_
and P, then

P,=(T0,1)(T1,1)(T3,2)(T6,1) (T4,1) (T2, 1) (T7,1) (T5,2) (T8,2) (T9,2)
P,=(T0,1)(T1, 1) (T3,1) (T6,1)(T2,2) (T4,2) (T9,2)(T7,1)(T5,1)(T8,2)

Table3
Algorithmfor Mask Mutation [16]

Begin
forx=1to010
if (x"elementof P) e V, then
V, andV, <« x" dement of P,
end
if (x"elementof P) € V, then
V, andV, <« x"dement of P,
end
end
End

Consider that the set VV comprising of three Virtual Machines(VMs), V ={0, 1, 2} . The set V israndomly
divided intotwo setsV, andV,, suchthat V. ={2} and V,={0, 1} respectively. The mask mutation agorithmin
Table 3isappliedto P,and P, which produce schedules Q, and Q, asgiven below.
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Q,=(T0,1)(T1,1)(T3,1)(T6,1)(T4,2)(T2,2)(T7,1) (T5,1) (T8,2)(T9, 2)
Q,=(T0,1)(T1,1)(T3,1) (T6,1)(T2,2) (T4,2) (T9,2)(T7,1) (T5,1)(T8,2)

3.4. Recombination
Eachmutant vector Q® recombineswithitsrespectiveparent P through crossover operationto produceitsfina
offspring schedule R® . Theschedule R® isproduced based onthe crossover rate CR whichisbetweenOand 1.

Q ifrand (0, 1) < CR
:{Plifrand (0, 1)>CR ©)
For example, P, and Q, recombineto form R, following theequation 6. Theresultant recombined scheduleis
given below.
P,=(T0,1)(T1,1)(T3,2)(T6,1) (T4,1) (T2, 1) (T7,1) (T5,2) (T8,2) (T9,2)
Q,=(T0,1)(T1, 1) (T3,1)(T6,1)(T4,2)(T2,2) (T7,1)(T5,1) (T8,2) (T9, 2)

When CR = 0.6 and arandom sequence of tennumberswithintherange [0, 1] are generated asfollows: 0.67,
0.24,0.35,0.46, 0.78, 0.54, 0.48, 0.03, 0.25 and 0.5. By applying the equation 5, the resultant R is generated
asbelow.

R,=(T0,1)(T1,1)(T3,1)(T6,1)(T4,1) (T2,2) (T7,1) (T5,1) (T8,2) (T9, 2)

3.5. Selection

Each generated new individud isevauated with the fitness function and based on thefitness valueeither the new
individual R, or the Parent P, isselected for the next generation as giveninthe equation 7.

o1 |REIFF(R?) <f(P°)
R :{ (7)

R?, otherwife

Thefitnessvauefor theindividual P®& R® are15.35and 13.2 respectively. As R® islessthan P®, R® is

assignedto P®*. Thisprocessisrepestedtill thetermination criteriaare met.

Table4
M ak espan (Sec.)
No. of Tasks No. of Resources Algorithms

WSGA DEWS
10 3 56.2 46.28
20 4 61.26 45.66
50 7 1268 11019
100 10 148 134.27
150 12 15368 15128
20 14 176.95 17055

4. RESULTSAND DISCUSSION

The proposed algorithm DEWS isdeveloped in Javain the Netbeans IDE 7.1. Theinput for the WSGA isthe
arbitrary task graph generated by aprogram developed in Java[17]. This program generatesthe needed virtual



48 D. |. George Amalarethinam and T. Lucia Agnes Beena
Table5
Cost (9)
No. of Tasks No. of Resources Algorithms
WSGA DEWS
10 3 38 274
20 4 39 339
0 7 16.32 76
100 10 533 23
150 12 46.14 4012
200 14 75.25 519
Makespan (Sec.)
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Figure 1: Graphical representation of Makespan
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Figure 2. Graphical representation of Cost
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machineinstance with various speeds randomly. Giventhe number of tasksto be generated and the number of
virtua machines, the program generatesthe arbitrary task graphs. The arbitrary task graphsare givenasinput to
the heurigticsalgorithmto form someinitia individualsand other needed individuas are spawned randomly. The
virtual machineinstanceis charged based on the Google AppEngine scheme| 18]. In GoogleAppEnginethevirtua
machineinstanceis charged per minute usage but the proposed algorithm chargesfor per second usage. The
number of tasksin the arbitrary task graph is varied from 10 to 200, the scheduling parameters (makespan,
monetary cost) are observed. By repeeting the experiment from 100 generationsto 2000 generations, it wasfound
that the optimal schedulefor the given arbitrary task graphsis achievedin the 100" generation. Theresultsare
tabulated in Table4 and Table 5.

The scheduling parameters makespan and monetary cost are compared with the Genetic Algorithm WSGA
[19]. Theproposed dgorithm DEWS outperformsthe WSGA. The graphical representation of theresult isreveadled
inFigure 1 and Figure 2.

5. CONCLUSION

Cloud computing ispopular because of its pay-as-you-go model. Thereforethe Cloud usersconcentrateonthe
Cogt of using theresourcesand Cost becomesthe vital parameter. TheWorkflow scheduling in Cloud hasto focus
on more than one scheduling parameter, in order to providethe optimal schedulefor theworkflow. Thispaper
proposed amulti-objective dgorithm for workflow scheduling using Differentid Evolutiontechnique. The proposed
DEWSistested with the arbitrary task graphs and compared with the Genetic algorithm.

Theresultsgave optimad solution with two conflicting scheduling parametersthe makespan and the cost, when
compared with the Genetic dgorithm. Asafuture effort, the performance of the algorithm DEWS hasto betested
under thesmulated environment CloudSim.
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