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1. Introduction

Grids [22] have emerged as a global cyber-infrastine for the next-generation of e-Science and e-
business applications, by integrating large-scdistributed and heterogeneous resources. A numiber o
Grid middleware and management tools such as Gl@iJsUNICORE [1], Legion [27] and Gridbus [13]
have been developed, in order to provide infrastingcthat enables users to access remote resdraoss
parently over a secure, shared scalable world-wete/ork. More recently, Grid computing has progeess
towards a service-oriented paradigm [7][24] whiaimes a new way of service provisioning based on
utility computing models. Within utility Grids, ehaesource is represented as a service to whicbuoon
ers can negotiate their usage and quality of servic

Scientific communities in areas such as high-engtgysics, gravitational-wave physics, geophysiss, a
tronomy and bioinformatics, are utilizing Grids gbare, manage and process large data sets. Intorder
support complex scientific experiments, distributeslources such as computational devices, daticapp
tions, and scientific instruments need to be orthtsd while managing the application workflow cgper
tions within Grid environments [36]. Workflow is koerned with the automation of procedures, whereby
files and other data are passed between partisipatiording to a defined set of rules in orderdioieve

an overall goal [30]. A workflow management systdefines, manages and executes workflows on com-
puting resources.
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Figure 1. Grid Workflow Management System.

Figure 1 shows an architecture of workflow manag®nsgstems for Grid computing. In general, a work-
flow specification is created by a user using wiaikf modeling tools, or generated automatically vifib

aid of Grid information services such as MDS [2068&/DS [23] prior to the run time. A workflow speci
fication defines workflow activities (tasks) anceithcontrol and data dependencies. At run time ogkw
flow enactment engine manages the execution ofmbwkflow by utilizing Grid middleware. There are
three major components in a workflow enactment regigihe workflow scheduling, data movement and
fault management. Workflow scheduling discoveroueses and allocates tasks on suitable resources to
meet users’ requirements, while data movement nendagta transfer between selected resources ahd fau
management provides mechanisms for failure handlimgng execution. In addition, the enactment eagin



provides feedback to a monitor so that users caw the workflow process status through a Grid wowkf
monitor.

Workflow scheduling is one of the key issues inwwkflow management [59] . A scheduling is a psxe
that maps and manages the execution of inter-depemasks on the distributed resources. It all@cait-
able resources to workflow tasks so that the exatwtan be completed to satisfy objective functions
posed by users. Proper scheduling can have signifimpact on the performance of the system. Iregen
the problem of mapping tasks on distributed sesviselongs to a class of problems known as NP-hard
problems [53]. For such problems, no known algonghare able to generate the optimal solution within
polynomial time. Even though the workflow schedgliproblem can be solved by using exhaustive search,
the complexity of the methods for solving it is wérigh. In Grid environments, scheduling decisiomsst

be made in the shortest time possible, because #nermany users competing for resources, andslioie
desired by one user could be taken by anotheraisery moment.

Many heuristics and metaheuristics based algorithen& been proposed to schedule workflow applica-
tions in heterogeneous distributed system enviranisnén this chapter, we discuss several existingw
flow scheduling algorithms developed and deployedarious Grid environments.

2. Workflow scheduling algorithms for Grid computing

Many heuristics [33] have been developed to scleeiiér-dependent tasks in homogenous and dedicated
cluster environments. However, there are new chgdls for scheduling workflow applications in a Grid
environment, such as:
- Resources are shared on Grids and many users aofope¢sources.

Resources are not under the control of the schedule

Resources are heterogeneous and may not all peidentically for any given task.

Many workflow applications are data-intensive aajé data sets are required to be transferred

between multiple sites.
Therefore, Grid workflow scheduling is requireddonsider non-dedicated and heterogeneous execution
environments. It also needs to address the isslaggd data transmission across various data coficarun
tion links.

The input of workflow scheduling algorithms is nadhy anabstract workflow modekhich defines work-
flow tasks without specifying the physical locatiohresources on which the tasks are executed eTdrer
two types of abstract workflow modaleterministicand non-deterministicin a deterministic model, the
dependencies of tasks and I/O data are known iaredy whereas in a non-deterministic model, they ar
only known at run time.

The workflow scheduling algorithms presented inftiillowing sections are based on the determinisfie
of the abstract workflow model and are represeated Directed Acyclic Graph (DAG). Letbe the fi-
nite set of task (LEi £n). Let be the set of directed edges. Each edge is debgt€d,T;), corre-
sponding to the data communication between TaskdT; , whereT,; is called an immediate parent task of

T,, andT, the immediate child task of . We assume that a child task cannot be executidallrof its
parent tasks are completed. Then, the workflowiegibn can be described as a tuple, ).

In a workflow graph, a task which does not have panent task is called amntry task denoted aSpyy

and a task which does not have any child tasklisccanexit task denoted aJy,;;. If a workflow schedul-

ing algorithm requires a single entry task or gk&rexit task, and there is more than one entily taexit
task in the workflow graph, we can connect thera i®ro-cost pseudo entry or exit task, withoutcifife
the schedule [45].

To date, there are two major types of workflow sthimg (see Figure 2hest-effort basednd QoS con-
straint basedscheduling. The best-effort based scheduling giterto minimize the execution time ignor-
ing other factors such as the monetary cost ofssticg resources and various users’ QoS satisfaleion



els. On the other hand, QoS constraint based sthgditempts to minimize performance under most im
portant QoS constraints, for example time minimaatinder budget constraints or cost minimization u
der deadline constraints.
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Figure 2. A taxonomy of Grid workflow scheduling algorithms

3. Best-effort based workflow scheduling

Best-effort based workflow scheduling algorithme targeted towards Grids in which resources areedha
by different organizations, based on a communitylehdknown ascommunity Grigl In the community
model based resource allocation, monetary costti€ensidered during resource access. Best-efemtd
workflow scheduling algorithms attempt to completeecution at the earliest time, or to minimize the
makesparof the workflow application. The makespan of aplagation is the time taken from the start of
the application, up until all outputs are availatdehe user [14].

In general, best-effort based scheduling algorithmesderived from eithdreuristics basedr metaheuris-
tics basedapproach. The heuristic based approach is to dewelscheduling algorithm which fit only a
particular type of problem, while the metaheuridiased approach is to develop a algorithm basea on
metaheuristic method which provides a general molunethod for developing a specific heuristic itoaf
particular kind of problem [29].



Table I. Overview of Workflow Scheduling Algorithms

Scheduling Method Algorithm Project Organization Application
Condor University of
Individual task schedulingMyopic DAG Man Wisconsin- N/A
Madison, USA.
VGrADS Rice University, EMAN bio-
USA. imaging
Min-min University of Montage astron-
Pegasus Southern Califor- om 9
o Batch mode nia, USA. y
g - . - -
ol Max-min | VGrADS Rice University, _EMA_N bio-
Sl 3 USA. imaging
8| < Rice University, | EMAN bio-
5 § Sufferage | vGrADS USA. imaging
I o -
- University of Ygrlr‘f’c\:lﬁgmc:gfrl n
Dependency mode HEFT ASKALON Innsbruck, Aus- Y
tria Invmod hydro-
logical
Dependency-batch Hvbrid Sakellarious University of Randomly gener-
mode y & Zhao Manchester, UK. | ated task graphs
Cluster based schedullngTANH Ranaweera | University of Randomly gener-
Duplication based & Agrawal | Cincinnati, USA | ated task graphs
scheduling
. . University of Inns1 WIEN2K quantum
8 Genetic algorithms (GA) ASKALON bruck, Austria. chemistry
Az . . University of
S | S rocsaue (Rl | Pegasus | Sounem Cator| (e e
= P nia, USA. y
o ; Randomly gener-
. . London e-Science
= | Simulated annealing (SA) ICENI Centre, UK. ated task graphs

3.1 Heuristics

In general, there are four classes of schedulingistecs for workflow applications, namelgdividual task
schedulinglist schedulingandcluster and duplication based scheduling

3.1.1 Individual task scheduling

The individual task scheduling is the simplest sithieg method for scheduling workflow applicaticssd

it makes schedule decision based only on one iddalitask. TheMyopic algorithm [52] has been imple-
mented in some Grid systems such as Condor DAGM@ The detail of the algorithm is shown in Algo-
rithm 1. The algorithm schedules an unmapped réaskyto the resource that is expected to comihete

task earliest, until all tasks have been scheduled.

Algorithm 1. Myopic scheduling algorithm

Input: A workflow graph ( , )

Output: A schedule

1 while $t1 G is not completedo

2 task get a ready task whose parent tasks have beedutete
3 r getaresource which can complete t at earlies tim

4 schedule onr

5 end while




3.1.2 List scheduling

A list scheduling heuristic prioritizes workflowdles and scheldules the tasks based on their orit
There are two major phases in a list schedulingistéz) the task prioritizing phase and theesource
selectionphase [33]. The task prioritizing phase sets theripy of each task with a rank value and
generates a scheduling list by sorting the taskerding to their rank values. The resource selagivase
selects tasks in the order of their priorities arap each selected task on its optimal resource.

Different list scheduling heuristics use differatiributes and strategies to decide the task figerand the
optimal resource for each task. We categorize vMmnkbased list scheduling algorithms as eithatch
mode dependency mode dependency-batch made

The batch mode scheduling group workflow tasks s&eeral independent tasks and consider tasksironly
the current group. The dependency mode ranks vamwkfhsks based on its weight value and the rank
value of its inter-dependent tasks, while the depeny-batch mode further use a batch mode algotithm
re-ranks the independent tasks with similar rankes

Batch mode

Batch mode scheduling algorithms are initially desid for scheduling parallel independent tasksh sisc
bag of tasks and parameter tasks, on a pool ofiress. Since the number of resources is much thess t
the number of tasks, the tasks need to be schedulége resources in a certain order. A batch nabgle-
rithm intends to provide a strategy to order ang itieese parallel tasks on the resources, in oodeom-
plete the execution of these parallel tasks atesadime. Even though batch mode scheduling alyos
aim at the scheduling problem of independent tatles; can also be applied to optimize the executioa
of a workflow application which consists of a Idtiadependent parallel tasks with a limited numbér
resources.

o Batch Mode Algorithms

Min-Min, Max-Min, Sufferageproposed by Maheswaran et al [39] are three ntagarristics which have
been employed for scheduling workflow tasks in vBG\[11] and pegasus [35]. The decision making by
the heuristics is based on the performance estimdtir task execution and I/O data transmissiore Th
definition of each performance metric is given eble II.

The Min-Min heuristic schedules sets of independasiks iteratively (Algorithm 2: 1-4). For eachrétve
step, it computes ECTs of each task on its eveajlable resource and obtains the MCT for each takk
gorithm 2: 7-12). A task having minimum MCT valueeo all tasks is chosen to be scheduled firstiat th
iteration. It assigns the task on the resource wisi@xpected to complete it at earliest time.

Table Il. Performance Matrices.

Symbol Definition

EET(t,r) | Estimated Execution Time the amount of time the resourcevill
take to execute the taskfrom the time the task starts to execute|on
the resource.

EAT(t,r) | Estimated Availability Time: The time at which the resources
available to execute task

FAT(t,r) | File Available Time: the earliest time by which all the files re-
quired by the taskwill be available at the resource

ECT(t,r) | Estimated Completion Time: the estimated time by which task
will complete execution at resource

ECTt, r) = EET(t, r) + maxEAT(t,r), FAT(t, r))
MCT(t) Minimum Estimated Completion Time: Minimum ECT for task
over all available resources.




Algorithm 2. Min-Min and Max-Min task scheduling al gorithms

Input: A workflow graph ( , )

Output: A schedule

1 While $t1 G is not completedo
availTasks get a set of unscheduled ready tasks whose pass
have been scheduled

3 scheduledvailTask$

4  end while

5 procedure scheduledvailTask$

6

7

8

N

while $tT availTasksiot scheduledo
for all tT availTaskslo
availResources get available resources fer

9 for all r1 availResourceslo
10 computeCT(t,r)
11 end for
12 //geMCT(t,r) for each resource
R arg min ECTtr)
13 end for
14 /I Min-Min: get a task with minimunECT(t,r) over tasks

T arg min ECT(t,R)

/I Max-Min: get a task with maximuBCT(t,r) over tasks
T arg min ECT(t,R)

1 availTasks

15 scheduleTl onRy
16 remové& from availTasks
17 updateAT(Ry)

18 end while

The Max-Min heuristic is similar to the Min-Min hastic. The only difference is the Max-Min heuristi
sets the priority to the task that requires longescution time rather than shortest execution .tikfeer
obtaining MCT values for each task (Algorithm 214}, a task having maximum MCT is chosen to be
scheduled on the resource which is expected to Istentne task at earliest time.

Instead of using minimum MCT and maximum MCT, théf&age heuristic sets priority to tasks based on
their sufferage value. The sufferage value of & taghe difference between its earliest completiome
and its second earliest completion time (AlgoritBni3-15).

Algorithm 3. Sufferage task scheduling algorithm
Input: A workflow graph ( , )
Output: A schedule
1 while $t7 G is not completedo
2 availTasks get unscheduled ready tasks whose parent tasks
have been scheduled
scheduledvail Task$
end while
procedure scheduledvailJoby
while $t1 availTasksot scheduledo
forall tT availTaskslo
availResources get available resources for
for all r1 availResourceslo
0 computECT(t,r)

PO ~NOOhW




11 end for
13 /lcompute earliest ECT
R arg min  ECT(t,r)

rT avail Resources

14 /tompute second earliest ECT
R: arg min ECT(t,r)
rT availResource& & r* R
15 /I compute sufferage value for tagk
suf ECT(t, R*)- ECT(t, R')
16 end for
17 T arg max suf
tl availTasks
18 scheduleTl onR:
19 remov@ from availTasks
20 updateAT(Ry)

21 end while

o Comparison of batch mode algorithms

Table I1l. Overview of batch mode algorithms

Algorithm Features
Min-Min It sets high scheduling priority to tasks which éale shortest execution time,
Max-Min It sets high scheduling priority to tasks which édong execution time.
Sufferage It sets high scheduling priority to tasks whose plation time by the second

best resource is far from that of the best resowtdeh can complete the task at
earliest time. T

The overview of three batch mode algorithms areashim Table Ill. The Min-Min heuristic schedules
tasks having shortest execution time first so ithegsults in the higher percentage of tasks assiga their
best choice (which can complete the tasks at eaniee) than Max-Min heuristics [12]. Experimental
results conducted by Maheswaran et al [39] and itagaet al [14] have proved that Min-Min heuristic
outperform Max-Min heuristic. However, since Maxanschedule tasks with longest execution time first
a long execution execution task may have more @aifdeing executed in parallel with shorter tasks.
Therefore, it might be expected that the Max-Mimgic perform better than the Min-Min heuristic
the cases where there are many more short tagk$athg tasks [12][39].

On the other hand, since the Sufferage heuristisider the adverse effect in the completion tima tdsk

if it is not scheduled on the resource having withimum completion time [39], it is expected to foem
better in the cases where large performance difterdoetween resources. The experimental results con
ducted by Maheswaran et al shows that the Suffanagestic produced the shortest makespan in thte hi
heterogeneity environment among three heuristissudision in this section. However, Casanova et4l [
argue that the Sufferage heuristic could performstvim the case of data-intensive applications ultiple
cluster environments.

o Extended batch mode algorithms

XSufferage is an extension of the Suffereage hieiris computes the sufferage value on a clusteell
with the hope that the files presented in a cluster be maximally reused. A modified Min-Min hetids
QoS guided Min-Minis also proposed in [28]. In addition to compgrthe minimum completion time
over tasks, it takes into account different levels quality of service (QoS) required by the tasksl
provided by Grid resources such as desirable bafidywmemory and CPU speed. In general, a task
requiring low levels of QoS can be executed eitireresources with low QoS or resources with higlsQo
whereas the task requiring high levels of QoS cenpbocessed only on resources with high QoS.
Scheduling tasks without considering QoS requirdmehntasks may lead to poor performance, since low
QoS tasks may have higher priority on high QoS ueses than high QoS tasks, while resources with low
QoS remain idle[28]. The QoS guided Min-Min heudsttarts to map low QoS tasks until all high QoS



tasks have been mapped. The priorities of taskis thi2¢ same QoS level are set in the same way of the
Min-Min heuristic.

Dependency Mode

Dependency mode scheduling algorithms are derik@d the algorithms for scheduling a task graph with
interdependent tasks on distributed computing envirents. It intends to provide a strategy to oatet
map workflow tasks on heterogeneous resources basethalyzing the dependencies of the entire task
graph, in order to complete these interdependeabistat earliest time. Unlike batch mode algorithins,
ranks the priorities of all tasks in a workflow &pation at one time.

0 Weight computing approximation approaches
Many dependency mode heuristics rank tasks aradb@sehe weights of task nodes and edges in a task
graph. As illustrated in Figure 4, a weightis assigned to a ta§kand a weightv; is assigned to an edge
(Ti, T;). Many list scheduling [33] developed for sched-
uling task graphs on homogenous systems set the
weight of each task and edge to be equal to itmast
tion execution time and communication time, sinca i
homogenous environment, the execution times ofla ta
and data transmission time on all available resmirc
are identical. However, in a Grid environment, re-
sources are heterogeneous. The computation tinesvar
from resource to resource and the communicatioe tim
varies from data link to data link between resosrce
Therefore, it needs to consider processing speéds o
different resources and different transmission dpexf
different data links and an approximation approazh
weight tasks and edges for computing the rank value

Zhao and Sakellariou [61] proposed six possible ap=igure 4. a weighted task graph exan
proximation optionsmean valugmedian valugworst

value, best valyesimple worst valueand simple best valuerhese approximation approaches assign a
weight to each task node and edge as either thagejemedian, maximum, or minimum computation time
and communication time of processing the task allggossible resources. Instead of using approtiima
values of execution time and transmission time, é&td Dongarra [46] assign a higher weight valua to
task with less capable resources. Their motivaBoquite similar to the QoS guided min-min scheagi
i.e., it may cause longer delay if tasks with searapable resources are not scheduled first, bechase

are less choices of resources to process these task

o Dependency Mode Algorithm

The Heterogeneous-Earliest-Finish-Tim@lEFT) algorithm proposed by Topcuoglu et al [$iHs been
applied by the ASKALON project [18][55] to provideheduling for a quantum chemistry application,
WIEN2K [10], and a hydrological application, Invmg4B], on the Austrian Grid [2].

As shown in Algorithm 4, the algorithm first calatgés average execution time for each task and geera
communication time between resources of two suomesasks. Letime(T;, r) be the execution time of
taskT; on resource and letR be the set of all available resources for proogsgi The average execution
time of a tasK; is defined as
_time(T, 1)
_1R

vV, =————— (1)

| R]

Let time(g;, 1;, rj) be the data transfer time between resourcasdr; which process the tadk and taskT,
respectively. LeR andR be the set of all available resources for proogssi andT, respectively. The
average transmission time fromto T; is defined by:



timee, ,r., 1,
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Then tasks in the workflow are ordered in HEFT blase a rank fuction. For a exit ta$k the rank value
is:

rank(T,) = w, (3)
The rank values of other tasks are computed realysbased on (1)(2)(3)as shown in (4).
rank(T;) = w, +T1Trg§cé)(cij +rank(T))) . 4

wheresucdT;) is the set of immediate successors of sk

The algorithm then sorts the tasks by decreasidgrasf their rank values. The task with higher raalue
is given higher priority. In the resource seleatirphase, tasks are scheduled in the order afgherities
and each task is assigned to the resource thatoraplete the task at the earliest time.

Algorithm 4. Heterogeneous-Earliest-Finish-Time (HET) algorithm
Input: A workflow graph ( , )

Output: A schedule

1 compute the average execution time for each tas& according to (1)

2 compute the average data transfer time between tasktheir successors ac-
cording to (2)

3 compute rank value for each task according tq4B)

4 sort the tasks in a scheduling i3by decreasing order of task rank value.

5 while Qis not emptydo

6 t  remove the first task frorQ.

7

8

9

r  find a resource which can complétat earliest time.
schedulea tor.
end while

Even though original HEFT proposed by Topcuoglalgbl] computes the rank value for each tashaisi
the mean value of the task execution time and comization time over all resources, Zhao and Sakellar
[61] investigated and compared the performancethefHEFT algorithm produced by other different
approximation methods on different cases. The tesfl the expeirments showed that the mean value
method is not the most effiecient choice, and teefgpmance could differ significantly from one
application to another [61].

Dependency-Batch Mode

Sakellariou and Zhao [45] proposed a hybrid hearfsr scheduling DAG on heterogeneous systems. The
heuristic combines dependency mode and batch mislelescribed in Algorithm 5, the heuristic first
compute rank values of each task and ranks alktaskhe decreasing order of their rank values ¢Alg
rithm:line 1-3). And then it creates groups of ipdadent tasks (Algorithm 5:line 4-10). In the grmg
phase, it processes tasks in the order of thek values and add tasks into the current group. Q@rfoels

a task which has a dependency with any task withéngroup, it creates another new group. As a tresul
number of groups of independent tasks are generAtetithe group number is assigned based on ther ord
of rank values of their tasks, i.e.,nit>n, the ranking value of tasks in groupis higher than that of the
tasks in groum. Then it schedules tasks group by group and ubasch mode algorithm to reprioritize the
tasks in the group.

10



Algorithm 5. Hybrid heuristic
Input: A workflow graph ( , )

Output: A schedule

1  compute the weight of each task node and edge @iogato (1)(2)

2 compute the rank value of each task according)t¢4(3

3 sort the tasks in a scheduling li® by decreasing order of the rank values of
tasks

4 create a new grou@; andi=0

5  while Qis not emptydo

6 t  remove the first task fromQ.

7

8

9

if t has a dependence with a taslGirthen
i++; create a new group,

addt to G
10 end while
11 j=0
12 while j<=i
13 scheduling tasks i®; by using a batch mode algorithm
14 j++
15 end while

3.1.3 Cluster based and Duplication based schedugin

Both cluster based scheduling and duplication baskdduling are designed to avoid the transmigsios

of results between data interdependent tasks, thatht is able to reduce the overall executionetimhe
cluster based scheduling clusters tasks and aksgs in the same cluster into the same resouttée the
duplication based scheduling use the idling timea aksource to duplicate some parent tasks, whieh a
also being scheduled on other resources.

Bajai and Agrawal [3] proposedtask duplication based scheduling algorithm fotwark of heterogene-
ous systeméTANH). The algorithm combine cluster based sclieduand duplication based scheduling
and the overview of the algorithm is shown in Aigamn 6. It first traverses the task graph to coreppa-
rameters of each node including earliest startcmdpletion time, latest start and completion tieréjcal
immediate parent task, best resource and the tdvitle task. After that it clusters tasks basedrmse
parameters. The tasks in a same cluster are suppmde scheduled on a same resource. If the nuafber
the cluster is greater than the number of resouitsesales down the number of clusters to the ramalb
resources by merging some clusters. Otherwisgilizas the idle times of resources to duplicatksaand
rearrange tasks in order to decrease the overatiution time.

Algorithm 6. TANH Algorithm
Input: A workflow graph ( , )

Output: A schedule

compute parameters for each task node

cluster workflow tasks

if the number of clusters greater than the numbavaiable resourcalen
reducing the number of clusters to the nunobewvailable resources

else
perform duplication of tasks

end if

~NOoO g~ WNE

3.2 Metaheuristics

Metaheuristics provide both a general structurestrategy guidelines for devoping a heuristic folvig
computational problems. They are generally appiced large and complicated problem. They provide an

11



efficient way of moving quickly toward a very goadlution. Many metahuristics have been applied for
solving workflow scheduling problmes, including GBR, Genetic Algorithms and Simulated Annealing.
The details of these algorithms are presentedérstitn-sections that follow.

3.2.1 Greedy Randomized Adaptive Search Procedur&RASP)

A Greedy Randomized Adaptive Search ProcedGIRASP) is an iterative randomized search techeiqu
Feo and Resende [19] proposed guidelines for dpirejoheuristics to solve combinatorial optimization
problems based on the GRASP concept. Binato e8]didve shown that the GRASP can solve job-shop
scheduling problems effectively. Recently, the GIRABas been investigated by Blythe et al [11] for
workflow scheduling on Grids by comparing with tkén-Min heuristic on both computational- and data-
intensive applicaitons.

Algorithm 7 describes a GRASP. In a GRASP, a nundfeterations are conducted to search a possible
optimal solution for scheduling tasks on resourdesolution is generated at each iterative step thed
best solution is kept as the final schedule (Aldponi:line 1-5). A GRASP is terminated when the sfedi
termination criterion is satisfied, for exampleteafcompleting a certain number of interationsgémeral,
there are two phases in each interatmmstruction phasandlocal search phase

Algorithm 7. GRASP algorithm
Input: A workflow
Output: bestSchedule

1 while stopping criterion not satisfietb

2 schedule createSchedule(rkflow)
3 if schedulds better thamestSchedulthen
4 bestSchedule schedule

5 end while

6 procedure createSchedule(rkflow)

7 solution  constructSolutiongorkflow)
8 nSolution localSearctgolution

9 ifnSolutionis better tharsolutionthen
10 returnnSolution

11 return solution

12 endcreateSchedule

13 procedure constructSolutionorkflow)

14 while schedule is not completeid

15 T get all unmapped ready tasks

16 make a RCL for eachl T

17 subSolution select a resource randomly for eatfr from its RCL.
18 solution solution  subSolution

19 update information for further RCL making.

20 end while

21 return solution

22 endconstructSolution

23 procedure localSearctgolution

24 nSolution find a optimal local solution.
25 ReturnnSolution

26 endlocalSearch

The construction phase (Algorithm:line 7 and lir2R) generates a feasible solution. A feasiblatsnt
for the workflow scheduling problem is requiredrteeet the following conditions: a task must be sthrt

12



after all its predecessors have been completedy ¢ask appears once and only once in the schebiule.
the construction phase restricted candidate listRCL) is used to record the best candidates, bunhac-
essarily the top candidate of the resources focgssing each task. There are two major mechanisans t
can be used to generate the R€4ardinality-based RClandvalue-based RCLThe cardinality-based RCL
records thek best rated solution components, while the valisedaRCL records all solution components
whose performance evaluated values are betterahgimen threshold [31]. In the GRASP, the resource
allocated to each task is randomly selected frenR{ETL (Algorithm 7: line 17). After allocating aseurce

to a task, the resource information is updatedthadgcheduler continues to process other unmajséd.t

Algorithm 8 shows the detailed implementation of ttonstruction phase for workflow scheduling pre-
sented by Blythe et al [11] which uses a value-8d&€EL method. The scheduler estimatesrttekespan
increasefor each unmapped ready task (Algorithm 8: lingé @ad line 13-19) on each resource that is able
to process the task. A makespan increase of & taska resourceis the increase of the execution length to
the current completion length (makespan)ig allocated td. Let minl andmaxIbe the lowest and highest
makespan increase found respectively. The schedelects a task assignment randomly from the tadk a
resource pair whose makespan increase is lessitm  (max! - min), wherea is a parameter to de-
termine how much variation is allowed for creatR@L for each task andea £1.

Algorithm 8. Construction phase procedure for workiow scheduling
Input: A workflow graph ( , ,D)
Output: a feasible solution
procedure constructSolutiof )
while $tT G is not completedo
availTasks get unmapped ready tasks
subSolution scheduledvailTask3
solution solution subSolution
end while
Return solution
end constructSolution

1
2
3
4
5
6
7
8

9 procedure schedule@asky

10 availTasks tasks

11 pairs [3]

12 while $t1 tasksnot scheduled

13 forall tT availTaskslo

14 availResources get available resources for

15 for all r1 availResourceslo

16 computicreaseMakespdtr)

17 pairs pairs tr

18 end for

19 end for

20 minl  minimum makespan increase oesmailPairs

21 maxl maximum makespan increase ogegailPairs

22 availPairs  select pairs whose makespan increase is less than
minl+  (maxkminl)

23 (t',y') selecta pair at random fromvailPairs

24 removet’ from availTasks

25 solution solution (t',r")

26 end while

27 return solution

28 end procedure

13



Once a feasible solution is constructed, a locatcdeis applied into the solution to improve it.eTlocal
search process searches local optima in the nailgbbd of the current solution and generates a rodw s
tion. The new solution will replace the current stwacted solution if its overall performance istbe(i.e.
its makespan is shorter than that of the solutiemegated) in the construction phase. Binato e8Japfo-
vide an implementation of the local search phasgole-shop scheduling. It identifies the criticaltp in
the disjunctive graph of the solution generatethenconstruction phase and swaps two consecutiesop
tions in the critical path on the same machinéhédfexchange improves the performance, it is aedept

3.2.2 Genetic Algorithms (GASs)

Genetic algorithms (GAs) [25] provide robust seatethniques that allow a high-quality solution ® b
derived from a large search space in polynomiaétby applying the principle of evolution. Using gén
algorithms to schedule task graphs in homogeneaods dedicated multiprocessor systems have been
proposed in [31][56][64]. Wang et al [54] have deyed a genetic-algorithm-based scheduling to nmab a
schedule task graphs on heterogeneous envorimridan and Fahringer [42] have employed GAs to
schedule WIEN2k workflow[10] on Grids. Spooner &t[47] have employed GAs to schedule sub-
workflows in a local Grid site.

A genetic algorithm combines exploitation of bedtiions from past searches with the explorationef
regions of the solution space. Any solution in ¢glearch space of the problem is represented bydividn
ual (chromosome). A genetic algorithm maintain®pytation of individuals that evolves over genemasi.
The quality of an individual in the population istdrmined by ditnessfunction. The fitness value indi-
cates how good the individual is compared to otivetke population.

A typical genetic algorithm is illustrated in Figud. It first
creates an initial population consisting of randpanerated

solutions. After applying genetic operators, nanssiection

crossoverandmutation one after the other, new offspring are

Initialize the population of

possiblelsol T generated. Then the evaluation of the fithessachendivid-

ual in the population is conducted. The fittestividlals are

l selected to be carried over next generation. Tlwelsteps

Generatecffninatc i —— are repeated until the termination condition iss§iad. Typi-
by genetic operators . . . . .

il No cally, a GA is terminated after a certain numbeitefations,

or if a certain level of fithess value has beerched [64].

A

Evaluate the fitness of each

RN R e The construction of a genetic algorithm for the estifling
problem can be divided into four parts [32]: theoicke of
Selwtheﬁn'es‘soluﬁonsm representation  of individual in the population; the
the population Teminatey determination of the fitness function; the designgenetic
operators; the determination of probabilities colfitrg the
ves genetic operators.

Figure 4. Genetic Algorithms

As genetic algorithms manipulate the code of theupater set rather than the parameters themselmes,
encoding mechanism is required to represent indalglin the population. Wang et al [54] encodecheac
chromosome with two separated parts: thatching stringand thescheduling string Matching string
represents the assignment of tasks on machineg wtiileduling string represents the execution astler
the tasks (Figure 5a.). However, a more intuitivkesne two-dimensional coding scherieeemployed by
many work [32][56][64] for scheduling tasks in dibtited systems. As illustrated in Figure 5c, each
schedule is simplified by representing it as a #ihg. One dimension represents the numbers olress
while the other dimension shows the order of tasksach resource.
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A fitness function is used to measure the qualitthe individuals in the population. The fithessiétion
should encourage the formation of the solutiondbieve the objective function. For example, thedis
function developed in [32] i€, - FT(l), whereCpa is the maximum completion time observed so far

andFT(l) is the completion time of the individuklAs the objective function is to minimize the exton
time, an individual with a large value of fitnesdfitter than the one with a small value of fitness
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Figure 5. (a) workflow application and schedulg.qgbperated machine
string and scheduling string. (c) two-dimensiorighg.

After the fitness evaluation process, the new iildigls are compared with the previous generatidre T
selection process is then conducted to retainittestf individuals in the population, as succesgjeaera-
tions evolve. Many methods for selecting the fitiedividuals have been used for solving task salied
problems such a®ulette wheel selectiomank selectiorandelitism

Table Il. Fitness Values and Slots for RoulettegdlSelection.

Individual Fitness  Slot Slot

. Roulette Wheel Selection
value Size

1 0.45 0.25 0.25 individual 1,
2 030 017 042 03 _
3 025 014 0.56 idvidual 4, navidiaz, |0
1 Individual
4 0.78 0.44 1 042 0 Individual 3
Total 1.78 1 Individual 3, O ndividual 4

0.56
Figure 6. Roulette Weel Selection Examp!

The roulette wheel selection assigns each indivittua slot of a roulette wheel and the slot sizeupied
by each individual is determined by its fitnessuealFor example, there are four individuals (selalélH)
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and their fithess values are 0.45, 0.30, 0.25 an#l, @espectively. The slot size of an individuwakalcu-
lated by dividing its fitness value by the sum bfidividual fitness in the population. As illustied in
Figure 6,individual lis placed in the slot ranging from 0-0.25 whildividual 2is in the slot ranging from
0.26-0.42. After that, a random number is gendrattween 0 and 1, which is used to determine which
individuals will be preserved to the next generatidhe individuals with a higher fithess value arere
likely to be selected since they occupy a larget rsinge.

Tablke IFitness Values and Slots for Rank Selection.

Individual  Fitness Rank Slot  Slot

value Size
1 0.45 3 0.3 0.3
2 0.30 2 0.2 0.5
3 0.25 1 0.1 0.6
4 0.78 4 0.4 1

The roulette wheel selection will have problems whieere are large differences between the fithakses
of individuals in the population [41]. For exampifethe best fithess value is 95% of all slotslté toulette
wheel, other individuals will have very few chandesbe selected. Unlike the roulette wheel selectio
which the slot size of an individual is proportibtaits fitness value, a rank selection processtl§i sorts
all individuals from best to worst according toitiféness values and then assigns slots basetenrank.
For example, the size of slots for each individughlemented by DOAN and Ozgiiner [16] is propor-
tional to their rank value. As shown in Table Ithe size of the slot for individudl is defined as

R(1)

P =— whereR(l) is the rank value dfand n is the number of all individuals.
R(i)

i=1
Both the roulette wheel selection and the rankcsiele select individuals according to their fithesdue.
The higher the fitness value, the higher the chédnedl be selected into the next generation. Huere
this does not guarantee that the individual with lighest value goes to the next generation faodkp-
tion. Elitism can be incorporated into these twtest#on methods, by first copying the fittest inidival
into the next generation and then using the ratdcten or roulette wheel selection to construet tést of
the population. Hou et al [32] showed that thesgtitmethod can improve the performance of the genet
algorithm.

In addition to selection, crossover and mutatiatao other major genetic operators. Crossoversised
to create new individuals in the current populatignrcombining and rearranging parts of the existinti-

viduals. The idea behind the crossover is thatay mesult in an even better individual by combining

fittest individuals [32]. Mutations occasionallyag in order to allow a certain child to obtaintieas that
are not possessed by either parent. It helps aigetgorithm to explore new and potentially betjenetic
material than was previously considered. The fraquef mutation operation occurrence is controlgd
the mutation rate whose value is determined expriatly [32].

3.2.3 Simulated Annealing (SA)

Simulated Annealing (SA) [38] derives from the Mearlo method for statistically searching the glob
The concept is originally from the way in which stglline structures can be formed into a more edler
state by use of the annealing process, which rgpleatheating and slowly cooling a structure. Sé lheen
used by YarKhan and Dongarra [57] to select a Blgtaize of a set of machines for scheduling a
ScalLAPACK applicaton [9] in a Grid environment. Yauet al [58] have investigated performances of SA
algorithms for scheduling workflow applicationsdarGrid envrionment.

A typical SA algorithm is illustrated in Figure 8he input of the algorithm is an initial solutiorhigh is
constructed by assigning a resource to each tasdndbm. There are several steps that the simutated
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nealing algorithm needs to go through while thepgerature is decreased by a specified rate. Thealinge
process runs through a number of iterations at tsmperature to sample the search space. At eabth, cy
it generates a new solution by applying random ghamn the current solution. Young et al [58] imple-
mented this randomization by moving one task orddfarent resource. Whether or not the new sofutio
accepted as a current solution is determined bivigteopolis algorithm [38][58] shown in Algorithm
the Metropolis algorithm, the new solution and tuerent solution are compared and the new soluson
unconditionally accepted if it is better than therent one. In the case of the minimization probleim
workflow scheduling, the better solution is one gthhas a lower execution time and the improvedevadu

denoted asl , the new solution is accepted with the Boltzmarobability s [38] where

T is the current temperature. Once a specified nurabeycles have been completed, the temperature is
decreased. The process is repeated until the losllested temperature has been reached. During this
process, the algorithm keeps the best solutiorasoahd returns this solution at termination asfihal
optimal solution.

-

h 4

< >_ N
Algorithm 9. Metropolis algorithm
Input:  current solution and new solution
Output: true or false
1 if d <Othen
2 returntrue
3 else ifa random number less than  then
= 4 return true
5 else
returnfalse
6 endif

{>

-

Figure 8. Simulated Annealir

3.3 Comparison of best-effort scheduling algorithms

The overview of the best effort scheduling is liste Table IV. In general, the heuristic based athms
can produce a reasonable good solution in a polisddime. Among the heuristic algorithms, individua
task scheduling is simplest and only suitable forpte workflow structures such as a pipeline in ethi
several tasks are required to be executed in ségluddnlike individual task scheduling, list schditg
algorithms set the priorities of tasks in ordemake an efficient schedule in the situation of mtasks
compete for limited number of resources. The prjoof the tasks determines their execution ordée T
batch mode approach orders the tasks required Exbeuted in parallel based on their execution time
whereas the dependency mode approach orders Reeltased on the length of their critical path. &de
vantage of the dependency mode approach is tiraeitt to complete tasks earlier whose interdepende
tasks required longer time in order to reduce therall execution time. However, its complexity igtrer
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since it is required to compute the critical pattalbtasks. Another drawback of the dependency enagt
proach is that it cannot efficiently solve resouccenpetition problem for a workflow consisting ofiny
parallel tasks having the same length of theifoalitpath. The dependency-batch mode approachaan t
advantage of both approaches, and Sakellariou &wat 4] shows that it outperforms the dependency
mode approach in most cases. However, computikgptdarities based on both batch mode and depend-
ency mode approach results in higher scheduling.tim

Table IV. Comparison of Best-effort Workflow Schéidg Algorithms

Scheduling Method Algorithm |Complexity” Features
Individual task schedulingMyopic O(vm) Decision is based on one task.
Min-min - .
2| Batch mode Max-min | O(vgm) Decision based on a set of parallel indg-
= pendent tasks
S Sufferage
8 8 — —
ag é Dependency mode HEET Gta) tDae;ilsmn based on the critical path of the
=} -~
| 0 : T
T 5 : Ranking tasks based on their critical path
Dependency-batch Hybrid O(¥m+vgm)| and re-ranking adjacent independent
mode . i
tasks by using a batch mode algorithm
Cluster based scheduling Replicating tasks to more than one re-
Duplication based TANH o(V) sources in order to reduce transmissior
scheduling time
Greedy randomized adaptive guided ran- G_Iobal solution obtained by comparing
differences between randomized sched-
search procedure (GRASP) dom search . .
" ules over a number of iteration.
S uided ran- Global solution obtained by combining
2 | Genetic algorithms (GA) gom search current best solutions and exploiting new
é search region over generations.
[ Global solution obtained by comparing
2 uided ran- | differences between schedules which are
Simulated annealing (SA) 9 generated based on current accepted solu-
dom search| ? . . .
tions over a number of iterations, while
the acceptance rate is decreased.

* where v is the number of tasks in the workflows thé number of resources and g is the numberstkta
in a group of tasks for the batch mode scheduling.

Even though data transmission time has been caeside the list scheduling approach, it still mayt n
provide an efficient schedule for data intensivekflow applications, in which the majority of comimg
time is used for transferring data of results betwthe inter-dependent tasks. The main focus ofishe
scheduling is to find an efficient execution ordéia set of parallel tasks and the determinatiothefbest
execution resource for each task is based onlyhennformation of current task. Therefore, it may as-
sign data inter-dependent tasks on resources ambith an optimized data transmission path is predid
Both cluster based and duplication based schedalppgyoach focus on reducing communication delay
among interdependent tasks. The clustering bagedagh minimizes the data transmission time by grou
ing heavily communicating tasks to a same tasketusnd assigns all tasks in the cluster to oneures,

in order to minimize the data transmission time,ilevlduplication based approach duplicates data-
interdependent tasks to avoid data transmissiomeder, the restriction of the algorithms based leesé
two approaches up to date may not be suitablelfdgrad workflow applications, since it assumesttha
heavily communicating tasks can be executed oma sasource. Tasks in Grid workflow applications ca
be highly heterogeneous and require different tfpesources.
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The metaheuristics based workflow scheduling uséegurandom search techniques and exploit the-feasi
ble solution space iteratively. The GRASP generatemndomized schedule at each iteration and kibeps
best solution as the final solution. The SA and GAare the same fundamental assumption that an even
better solution is more probably derived from g@miutions. Instead of creating a new solution hyra
domized search, SA and GAs generate new solutipmardomly modifying current already know good
solutions. The SA uses a point-to-point method, iehanly one solution is modified in each iteration,
whereas GAs manipulate a population of solutiongarallel which reduce the probability of trappingp

a local optimum [65]. Another benefit of produciagollection of solutions at each iteration is siearch

time can be significantly decreased by using soaralielism techniques.

Compared with the heuristics based scheduling @gbes, the advantage of the metaheuristics based ap
proaches is that it produces an optimized scheglgiatution based on the performance of entire viawnkf
rather than the partial of the workflow as consédieby heuristics based approach. Thus, unlikeistas
based approach designed for a specified type dfflear application, it can produce good quality sauas

for different types of workflow applications (e.different workflow structure, data- and computasibn
intensive workflows, etc). However, the schedultimge used for producing a good quality solution re
quired by metaheuristics based algorithms is siganitly higher. Therefore, the heuristics based:dah

ing algorithms are well suited for a workflow withsimple structure, while the metaheuristics baged
proaches have a lot of potential for solving laagel complex structure workflows. It is also comnton
incorporate these two types of scheduling appraatiyeusing a solution generated by a heuristic hase
algorithm as a start search point for the metak#gosi based algorithms to generate a satisfactioyien

in shorter time.

3.4 Dynamic Scheduling Techniques

The heuristics presented in last section assumehbastimation of the performance of task execusind
data communication is accurate. However, it isialiff to accurately predict execution performange i
community Grid environments due to its dynamic rmatdn a community Grid, the utilization and avail-
ability of resources varies over time and a betsource can join at any time. Constructing a saleefbr
entire workflow before the execution may resulaipoor schedule. If a resource is allocated to &sdhat

the beginning of workflow execution, the executemvironment may be very different at the time ekta
execution. A ‘best’ resource may become a ‘worssource. Therefore, the workflow scheduler must be
able to adapt the resource dynamics and updatsctiexiule using up-to-date system information. Sver
approaches have been proposed to address thedenpsoln this section, we focus on the approaches
which can apply the algorithms in dynamic environise

For individual task and batch mode based scheddilingyeasy for the scheduler to use the mostougate
information, since it only takes into account therent task or a group of independent tasks. Thedider
could map tasks only after their parent tasks bectimbe executed.

For dependency mode and metahueristics based dictigedhe scheduling decision is based on the entir
workflow. In other words, scheduling current tas&quire information about its successive tasks. élax,

it is very difficult to estimate execution perfornt@ accurately, since the execution environment may
change a lot for the tasks which are executed Tdte.problems appear more significant for a lorsgithg
workflow. In general, two approaches, task partitig and iterative re-computing, have been propdsed
allow these scheduling approaches to allocate regsumore efficiently in a dynamic environment.

Task partitioning is proposed by Deelman et al [1f7partitions a workflow into multiple sub-worlfivs
which are executed sequentially. Rather than mapihie entire workflow on Grids, allocates resourttes
tasks in one sub-workflow at a time. A new sub-vflortk mapping is started only after the last mapped
sub-workflow has begun to be executed. For eachnarkflow, the scheduler applies a workflow schedul
ing algorithm to generate an optimized scheduledas more up-to-date information.

Iterative re-computing keeps applying the scheduéitgorithm on the remaining unexecuted partialkwor

flow during the workflow execution. It does noteuthe initial assignment to schedule all workfl@asks
but reschedule unexecuted tasks when the enviranchanges. A low-cost rescheduling policy has been
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developed by Sakellariou and Zhao [44]. It redubesoverhead produced by conducting reschedulihg on
when the delay of a task execution impacts on thieeeworkflow execution.

In addition to mapping tasks before execution usipgo-date information, task migration [4][42] Hasen
widely employed to reschedule a task to anothesureg after it has been executed. The task wilinbe
grated when the task execution is timed out orteebeesource is found to improve the performance.

4. QoS-constraint based workflow scheduling

Many workflow applications require some assurarafeguality of services (QoS). For example, a work-
flow application for maxillo-facial surgery planri6] needs results to be delivered before a cetiaie.
For these applications, workflow scheduling is ieggito be able to analyze users’ QoS requiremamts
map workflows on suitable resources such that thekflow execution can be completed to satisfy users
QoS constraints.

However, completing the execution within a requi@aS not only depends on the global scheduling-deci
sion of the workflow scheduler, but also dependshenlocal resource allocation model of each exenut
site. If the execution of every single task in tharkflow cannot be completed as expected by theduer,

it is impossible to guarantee the entire workfloye@ution. Instead of scheduling tasks on community
Grids, QoS-constraint based schedulers should leetakinteract with service-oriented Grid servides
ensure resource availability and QoS levels. teduired that the scheduler can negotiate withicemro-
viders to establish a service level agreement (SkAich is a contract specifying the minimum expecta
tions and obligations between service providers @mtsumers. Users normally would like to specify a
QoS constraint for entire workflow. The scheduleeds to determine a QoS constraint for each tatlein
workflow, such that the QoS of entire workflow egisfied.

Table V. Overview of QoS constrained workflow sahiéty algorithms

Scheduling Method Algorithm Project Organization Application
George Mason
2 . Menasc & | University, USA
q-) - L
.% Back-tracking Casalicchio| Univ. Roma “Tor N/A
‘E Heuristics based Vergata”, Italy
<} . . University of
9'5 D_eadilme dis- Gridbus Melbourne, Aus- Randomly gener-
tribution : ated task graphs
£ tralia
e]
@ . University of
[} - -
] Metaheuristics baseal(.Bene'[IC algo Gridbus Melbourne, Aus- Randomly gener
rithms : ated task graphs
tralia
3 University of Cy-
£ . LOSS and . prus, Cyprus Randomly gener-
S Heuristics based GAIN CoreGrid University of Mant ated task graphs
g chester, UK
Q
g Genetic algo- University of Randomly gener-
S Metaheuristics based . 997 Gridbus Melbourne, Aus- Y9
a rithms tralia ated task graphs

In general, service-oriented Grid services are dhaseutility computing models. Users need to payré
source access and service pricing is based ondlsel€Yyel and current market supply and demand.eFher
fore, unlike the scheduling strategy deployed imownity Grids, QoS constraint based scheduling may
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not always need to complete the execution at satiilme. They sometimes may prefer to use cheagper s
vices with a lower QoS that is sufficient to mdwit requirements.

To date, supporting QoS in scheduling of workflopplications is at a very preliminary stage. MostSQo
constraint based workflow scheduling heuristics lzmsed on eitheime or cost constraints. Time is the
total execution time of the workflow (known dsadling. Cost is the total expense for executing workflow
execution including the usage charges by accessimpte resources and data transfer cost (known as
budge}. In this section, we present scheduling algamgtbased on these two constraints, cdlleddline
constrainedscheduling andudget constrainedcheduling. Table V presents the overview of QoB-c
strained workflow scheduling algorithms.

4.1 Deadline constrained scheduling

Some workflow applications are time critical anguiee the execution can be completed within a gerta
timeframe. Deadline constrained scheduling is desigfor these applications to deliver results ketbe
deadline. The distinction between the deadline ttaimed scheduling and the best-effort schedukntipat

the deadline constrained scheduling also needrisider monetary cost when it schedules tasks. tiergé,
users need to pay for service assess. The prizasisd on their usages and QoS levels. For exasgite,
vices which can process faster may charges highee.Scheduling the tasks based on the best-effort
based scheduling algorithms presented in the pusvsections, attempting to minimize the executioret

will results in high and unnecessary cost. Themfardeadline constrained scheduling algorithmitgeto
minimize the execution cost while meeting the sjpettideadline constraint.

Two heuristics have been developed to minimizecthet while meeting a specified time constraint. @ne
proposed by Menas@and Casalicchio [37] denoted Rack-tracking and the other is proposed by Yu et al
[60] denoted a®eadline Distribution

Back-tracking

The heuristic developed by Menasand Casalicchio assigns available tasks to leqetrsive computing
resources. An available task is an unmapped tasls@vparent tasks have been scheduled. If therers m
than one available task, the algorithm assigndasle with the largest computational demand to #stebt
resources in its available resource list. The Iséigriepeats the procedure until all tasks have Inegpped.
After each iterative step, the execution time ofrent assignment is computed. If the execution tare
ceeds the time constraint, the heuristic back-wable previous step and remove the least expensive
source from its resource list and reassigns tastkstive reduced resource set. If the resourcaslismpty
the heuristic keep back-tracking to the previoep steduces corresponding resource list and reagsgy
tasks.

Deadline distribution (TD)

Instead of back-tracking and repairing the inisehedule, the TD heuristic partitions a workflowd atis-
tributes overall deadline into each task basecheir tvorkload and dependencies. After deadlineidist
tion, the entire workflow scheduling problem hagibeéivided into several sub-task scheduling problem

As shown in Figure 8, in workflow task partitioningorkflow tasks are categorized as eitbgnchroniza-
tion tasksor simple tasksA synchronization task is defined as a task wiiak more than one parent or
child task. For exampler;, T,, andT,, are synchronization tasks. Other tasks which loag one parent

task and child task are simple tasks. For example,T, and T, - T,; are simple tasks. Simple tasks are
then clustered into laranch A branch is a set of interdependent simple tds&sare executed sequentially
between two synchronization tasks. For examplepthaches in the example ang,1,, 1,3, {Ts. Te} » {T7}»

{Tg.To}» {Tog} aNd{Ty,,Tg} -
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O Simple task {7 Branch

[ Synchronization task

a) Before partitioning b) After partitioning

Figure 8. Workflow Task Partition.

After task partitioning, workflow tasks are then clustered into partitions and the ovetadidline is dis-
tributed over each partition. The deadline assigrirerategy considers the following facts:

The cumulative expected execution time of a singath between two synchronization tasks is
same.

The cumulative expected execution time of any fadim an entry task to an exit task is equal to
the overall deadline.

The overall deadline is divided over task partiidn proportion to their minimum processing
time.

After distributing overall deadline into task p#dns, each task partition is assigned a deadlihere
are three attributes associated with a task partitj: deadline @i[v;]), ready time (t[V;]), and expected

execution time éefv;]). The ready time o¥/; is the earliest time when its first task can beoceed. It can
be computed according to its parent partitionsdefihed by

0

Toniry] V.
o V _ - ] entl’y [
[Vil erTT1|6_}‘>\</i diVil  otherwise

where PV, is the set of parent task partitions\gf The relation between three attributes of a taskitipn
V; follows that:
eefVi] = di[V]- rt[V]

A sub-deadline can be also assigned to each tagdlmn the deadline of its task partition. If tasktis a
synchronization task, its sub-deadline is equah&odeadline of its task partition. However, ifask is a
simple task of a branch, its sub-deadline is assidmy dividing the deadline of its partition basadits
processing time. LeR be the set of parent tasks Bf and S is the set of resources that are capable to

execute; . tij is the sum of input data transmission time and @tk@e time of executind; on §. The
sub-deadline of task; in partitionV is defined by:

difTi] = eefT;] + rt[V]
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where eefT;] = eefV]
min t
TIVIEIES
0
T =T,
Tl = B i entry
[Tl Tr:}a;fdl[TJ], otherwise

Once each task has its own sub-deadline, a lodahalpschedule can be generated for each taslacth e
local schedule guarantees that their task executionbe completed within their sub-deadline, theleh
workflow execution will be completed within the ga#t deadline. Similarly, the result of the costnimii-
zation solution for each task leads to an optimieest solution for the entire workflow. Therefoea op-
timized workflow schedule can be constructed frdimiacal optimal schedules. The schedule allocates
every workflow task to a selected service such thay can meet its assigned sub-deadline at lowuexe
tion cost.

4.2 Budget constrained scheduling

As the QoS guaranteed resources charges accesssarstwould like to execute workflows based on the
budget they available. Budget constrained scheglufitends to minimize workflow execution time while
meeting users’ specified budgets. Tsiakkouri §62] present budget constrained scheduling cdl@&s
and GAIN

LOSS and GAIN

LOSS and GAIN scheduling approach adjusts a sckedlich is generated by a time optimized heuristic
and a cost optimized heuristic to meet users’ budgestraints, respectively. A time optimized hstici
attempts to minimize execution time while a cogirojzation attempts to minimize execution cost.

If the total execution cost generated by time ojatd schedule is not greater than the budget,chedsile

can be used as the final assignment; otherwisd,@8S approach is applied. The idea behinds LOSS is to
gain a minimum loss in execution time for the maximmoney savings, while amending the schedule to
satisfy the budget. The algorithm repeats to ségasthe tasks with smallest values of tlissWeighuntil

the budget constraint is satisfied. ThessWeightvalue for each task to each available resourceiis- ¢
puted and it is defined by:

. . T -7
LossWeiglfii,r ) = —ew_old_
Cold -C

new
where T,y andCyq are the execution time and corresponding cosasi T, on the original resource as-
signed by the time optimized schedulifige, andC,,, are the execution time of ta3kon resource re-
spectively. IfC,q is not greater tha@,.,, the value of.ossWeights set to zero.

If the total execution cost generated by a cosinopéd scheduler is less than the budget, the G&pN
proach is applied to uses surplus to decreasextbeuton time. The idea behinds GAIN is to gain the
maximum benefit in execution time for the minimunomatary cost, while amending the schedule. The
algorithm repeats to re-assign the tasks with liggalue of theGainWeightuntil the cost exceeds the
budget. ThesainWeightvalue for each task to each available resourcerigputed and it is defined by:

GainWeighti,r ) = Toa ~ Toew
c C:old

new ~

whereThew Toids Chew@andCog have the same meaning as in the LOSS approaGh.iis greater thaiyyg
or Cewis equal taC, 4, the value ofsainWeightis set to zero.
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4.3 Metaheuristic based constrained workflow scheding

A genetic algorithm [61] is also developed to sdllve deadline and budget constrained schedulinig-pro
lem. It defines a fitness function which consistdwo components;ost-fitnessandtime-fitness For the
budget constrained scheduling, the cost-fitnesspoorent encourages the formation of the solutioas th
satisfy the budget constraint. For the deadline tcaimed scheduling, it encourages the genetic dlgor
to choose individuals with less cost. The coseBmfunction of an individudl is defined by:

c(l)

— =7 a={0
B? (maxCosf 2)) a ={oh

Feost (1) =

wherec(l) is the sum of the task execution cost and datestnission cost df, maxCosis the most expen-
sive solution of the current population aBds the budget constraing is a binary variable and =1 if
users specify the budget constraint, othervase0.

For the budget constrained scheduling, the timedgncomponent is designed to encourage the genetic
algorithm to choose individuals with earliest coatfgn time from the current population. For tiheadline
constrained scheduling, it encourages the formaifandividuals that satisfy the deadline constrairhe

time fitness function of an individuél is defined by:

t(1)

Fiime(1) = —
tme(1) Db(maxTimél' b))

b ={01}

wheret(l) is the completion time df, maxTimes the largest completion time of the current papon and
D is the deadline constraint is a binary variable and =1 if users specify the deadline constraint, other-

wise b =0.

For the deadline constrained scheduling problem fitie fithess function combines two parts andsit i
expressed as:
F(l) = Fime(1). if Fime(1)>1
Feost(1): otherwise

For the budget constrained scheduling problem, itre fitness function combines two parts and iexs

pressed as:

F(l): FCOS'((I)V if FCOS’((I)>1
Fime(1), otherwise

In order to applying mutation operators in Grid ieoement, it developed two types of mutation operst,
swapping mutatiomndreplacing mutationSwapping mutation aims to change the executideraof tasks
in an individual that compete for a same time dtatandomly selects a resource and swaps thei@osiof
two randomly selected tasks on the resource. Rieplanutation re-allocates an alternative resoucce t
task in an individual. It randomly selects a task aeplaces its current resource assignment wids@urce
randomly selected in the resources which are abdxécute the task.

4.4 Comparison of QoS constrained scheduling algdhims

The overview of QoS constrained scheduling is listeTiable VI. Comparing two heuristics for the dead
line constrained problem, the back-tracking appnaaenore naive. It is like a constrained basedpit/o
algorithm since it makes a greedy decision for eaely task without planning in the view of entiverk-
flow. It is required to track back to the assigt&sks once it finds the deadline constraint cabedtatis-
fied by the current assignments. It is restrictechany situations such as data flow and the digioh of
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execution time and cost of workflow tasks. It ni@yrequired to go through many iterations to mothify
assigned schedule in order to satisfy the deadbnstraint. In contrast, the deadline distributioakes a
scheduling decision for each task based on a ptasme-deadline according to the workflow dependssici
and overall deadline. Therefore, it has a bettan pthile scheduling current tasks and does notirequ
tracing back the assigned schedule. However, diftadleadline distribution strategies may affectpee
formance of the schedule produced from one work8twcture to another.

Table VI. Comparison of QoS Workflow Scheduling Aligloms

Scheduling Method Algorithm Features
It assigns ready tasks whose parent tasks have
been mapped to the least expensive computing
Back- . :

. resources and back-tracks to previous assign-
tracking . . . .
o ment if the current cumulative execution time
Heuristics based exceeds the deadline.

It distributes the deadline over task partitions jn

Deadline-
constrained

Deadline . . )
distribution workflow_s_ and optlmlzes_ execu_t|on cost for_eclch
task partition while meeting their sub-deadlings.
. It uses a genetic algorithm to search for a splu-
Genetic

Metaheuristics basefd tion which has minimum execution cost within

algorithms the deadline.
LOSS and It iteratively adjusts a schedule which is gener-
Heuristics based GAIN ated by a time optimized heuristic or a cost pp-

timized heuristic to meet the budget.

It uses a genetic algorithm to search a solution
which has minimum execution time within the
budget.

Genetic

Metaheuristics basefd .
algorithms

Budget-
Constrained

To date, the LOSS and GAIN approach is the onlyikgarthat addresses the budget constrained schedul
ing problem for Grid workflow applications. It takedvantage of heuristics designed for a singteréi
optimization problem such as time optimization am$t optimization scheduling problems to solve a
multi-criteria optimization problem. It amends thehedule optimized for one factor to satisfy thieeot
factor in the way that it can gain maximum benefitminimum loss. Even though the original heursstic
are targeted at the budget-constrained scheduliolgleggm, such concept is easy to apply to other con-
strained scheduling. However, there are some lifoita. It relies on the results generated by amopa-

tion heuristics for a single objective. Even thouighe optimization based heuristics have been dpesl
over two decades, there is a lack of workflow optation heuristics for other factors such as mamyeta
cost based on different workflow application scésrin addition, large scheduling computation time
could occur for data-intensive applications dueh® weight re-computation for each pair of task asd
source after amending a task assignment.

Unlike best-effort scheduling in which only oneglm objective (either optimizing time or systemlins-
tion) is considered, QoS constrained scheduling sieedonsider more factors such as monetary cabt an
reliability. It needs to optimize multiple objeatis among which some objectives are conflicting. e,
with the increase of the number of factors andahjes required to be considered, it becomes iitfEato
develop a heuristic to solve QoS constrained sciregloptimization problems. For this reason, we belie
that metahueristics based scheduling approachasigenetic algorithms will play more important rtde

the multi-objective and multi-constraint based witlank scheduling.
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5. Simulation Results

In this section, we present an experimental comsparfor workflow scheduling algorithms. The deaelin
constrained scheduling heuristics described iniptsvsection are implemented and compared based on
different workflow applications and QoS constraaudls.

5.1 Workflow Applications

Given that different workflow applications may hawvelifferent impact on the performance of the sohed
ing algorithms, a task graph generator is develdpedutomatically generate a workflow based on the
specified workflow structure, and the range of tagkkload and the 1/0 data. Since the execution re-
quirements for tasks in scientific workflows arddregeneous, the service type attribute is usaepme-
sent different types of services. The range ofisertypes in the workflow can be specified. Thetwidnd
depth of the workflow can also be adjusted in otdegenerate workflow graphs of different sizes.

a) balanced-structure application b) -structure

Figure 9. Small Portion of Workflow Applications.

According to many Grid workflow projects [11][35Bh workflow application structures can be catego-
rized as eithebalanced structur@r unbalanced structureExamples of balanced structure include Neuro-
Science application workflows [63] and EMAN refinemevorkflows [35], while the examples of unbal-
anced structure include protein annotation workdd0] and Montage workflows [11]. Figure 9 shows
two workflow structures, &alanced-structure applicatioand anunbalanced-structure applicatipmsed

in our experiments. As shown in Figure 9a, the laddrstructure application consists of several pelral
pipelines, which require the same types of servimgsprocess different data sets. In Figure 9b sthec-
ture of the unbalanced-structure application isencomplex. Unlike the balanced-structure applicgtio
many parallel tasks in the unbalanced structurairedlifferent types of services, and their workl@nd

I/O data varies significantly.

5.2 Experiment Setting

GridSim [48] is used to simulate a Grid environmfemtexperiments. Figure 10 shows the simulatiori-env
ronment, in which simulated services are discovéneduerying the GridSim Index Service (GIS). Every
service is able to provide free slot query, anddi@neservation request and reservation commitment.

There are 15 types of services with various prates in the simulated Grid testbed, each of whiels w
supported by 10 service providers with various pssing capability. The topology of the system ishsu
that all services are connected to one anotherflandvailable network bandwidths between servizes
100Mbps, 200Mbps, 512Mbps and 1024Mbps.
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2. query(type A)

Workflow
System

\

~

4. availableSlotQuery(duration

6. makeReservation(task)

Figure 1C. Simulation Environnent.

Table VII. Service speed and Table VIII . Transmission
corresponding price for executing a task. bandwidth and corresponding price.
Service Processing Time Cost Bandwidth Cost

ID (sec) ($/sec) (Mbps) ($/sec)
1 1200 300 100 1
2 600 600 200 2
3 400 900 512 5.12
4 300 1200 1024 10.24

For the experiments, the cost that a user needaytdgo a workflow execution comprises of two parts:
processing cost and data transmission cost. Talbllehéws an example of processing cost, while Table
VIII shows an example of data transmission costalt be seen that the processing cost and trangmiss
cost are inversely proportional to the processiimg tand transmission time respectively.

In order to evaluate algorithms on a reasonablédlateaconstraint we also implemented a time optémiz
tion algorithm, HEFT, and a cost optimization altfum, Greedy Cos{GC). The HEFT algorithm is a list
scheduling algorithm which attempts to schedule D¥A§ks at minimum execution time on a heterogene-
ous environment. The GC approach is to minimizekflaw execution cost by assigning tasks to services
of lowest cost. The deadline used for the experimare based on the results of these two algorithets

T.x a@ndT  be the total execution time produced by GC and HEdSpectively. Deadlin® is defined

max

by:

D :Tmin + I((Tmax - Tmin)

The value ofk varies between 0 and 10 to evaluate the algorghrformance from tight constraint to re-
laxed constraint. Ak increases, the constraint is more relaxed.

5.3 Backtracing vs. TD

In this section, TD is compared with BackTrackirendted as BT on the two workflow applications, bal-
anced and unbalanced. In order to show the results clearly, we normalize the execution time aost.c
Let C,. andT,be the execution time and the monetary cost gesekiay the algorithms in the ex-

value
periments respectively. The execution time is ndized by usingT,,,./D , and the execution cost by
usingC, o/ Crin» Wherec,;, is the minimum cost achieved Greedy Cost. Thenabtred values of the
execution time should be no greater than onegifgorithms meet their deadline constraints.
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Execution Time/Deadline

Normalized Scheduling Time

A comparison of the execution time and cost resofitthe two deadline constrained scheduling methods
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Figure 11.Execution Time for Scheduling Balanced- and Unbadrgtructure Applications.
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Figure 12.Execution Cost for Scheduling Balanced- and Unlmadrstructure Applications.
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Figure 13.Scheduling Overhead for Deadline Constrained Sdhedu

for the balanced-structure application and unbadsstructure application is shown in Figure 11 Bigd
ure 12 respectively. From Figure 11, we can seeTiBaslightly exceeds deadline k&0, while BT can
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satisfy deadlines each time. For execution costiredby the two approaches shown in Figure 12, TD
significantly outperforms BT. TD saves almost 50%a@ution cost when deadlines are relatively low.
However, the two approaches produce similar resitisn deadline is greatly relaxed.

Figure 13 shows the comparison of scheduling runtimg for two approaches. The scheduling time re-
quired by TD is much lower than BT. As the deadMagies, BT requires more running time when dead-
lines are relatively tight. For example, scheduliimges atk = 0,2,4 are much longer than &= 6,810.
This is because it needs to back-track for momatiens to adjust previous task assignments inraime
meet tight deadlines.

5.4 TD vs. Genetic Algorithms

In this section, the deadline constrained genégiorithm is compared with the non-GA heuristice (iTD)
on the two workflow structures, balanced and uniizdd workflows.

The genetic algorithm is investigated by startinthviwo different initial populations. One initiglopula-
tion consists of randomly generated solutions, evttie other initial population consists of a sautpro-
duced by TD together with other randomly generatddtions. In the result presentation, the resydiser-
ated by GA with a completely random initial popidatis denoted by GA, while the results generatgd b
GA which include an initial individual produced tiye TD heuristic are denoted as GA+TD. The parame-
ter settings used as the default configuratiorferproposed genetic algorithm are listed in Tatle

Table XI. Default parameters

Parameter Value/type
Population size 10
Maximum generation 100
Crossover probability 0.9
Reordering mutation probability 0.5
Replacing mutation probability 0.5

Selection scheme
Initial individuals

elitism-rank selection
randomly generated

Figure 14 and Figure 15 compare the execution tintkcast of using three scheduling approaches for
scheduling the balanced-structure application amuhlanced-structure application with various dewsadli

respectively.
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Figure 14. Normalized Execution Time and Cost for SchedulintaBeed-
structure Application.

We can see that it is hard for both GA and TD tocsssfully meet the low deadline individually. As
shown in Figure 14a and 15a, the normalized exacutimes produced by TD and GA exceed 1 at tight
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deadline k =0), and GA performs worse than TD since its valgehkigher than TD, especially for bal-
anced-structure application. However, the resultsraproved when incorporating GA and TD together b
putting the solution produced by TD into the idipapulation of GA. As shown in Figure 15a, theueabf
GA+TD is much lower than that of GA and TD at thght deadline.

Unbalanced-structure application (Execution Time) Unbalanced-structure application (Execution Cost)
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| Deadline ' ' 8 j ! i ™ o 1
1 GA &

0.95 - B,
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(a) execution time (b) execution cost

Figure 1E. Normalized Execution Time and Cost for Schedulimpalanced-
structure Application.

As the deadline increases, both GA and TD can tineetieadline (see Figure 14a and 15a) and GA can
outperform TD. For example, execution time (seaifédl4a) and cost (see Figure 14b) generated bgtGA

k =2 are lower than that of TD. However, as shown iguFé 14b the performance of GA is reduced and
TD can perform better, when the deadline becomeslagge (k =8 and 10). In general, GA+TD performs
best. This shows that the genetic algorithm carraweg the results returned by other simple heusddbg
employing these heuristic results as individualgsiinitial population.

6. Summary

In this chapter, we have presented a survey of fimwkscheduling algorithms for Grid computing. We
have categorized current existing Grid workflowestling algorithms as either best-effort based dghe
ing or QoS constraint based scheduling.

Best-effort scheduling algorithms target on comrug@rids in which resource providers provide free a
cess. Several heuristics and metahueristics bdgedtms which intend to optimize workflow exeati
times on community Grids have been presented. ®hgarison of these algorithms in terms of computing
time, applications and resources scenarios hashalso examined in detail. Since the service pronisg
model of the community Grids is based on best gffprality of service and service availability cathibe
guaranteed. Therefore, we have also discussedaségehniques on how to employ the scheduling algo-
rithms in dynamic Grid environments.

QoS constraint based scheduling algorithms tarijét/@rids in which service level agreements astab-
lished between service providers and consumergemeral, users are charged for service access based
their usage and QoS levels. The objective functa®0S constraint based scheduling algorithmsdare
termined by QoS requirements of workflow applicatioln this chapter, we have focused on examining
scheduling algorithms which intend to solve perfante optimization problems based on two typical QoS
constraints, deadline and budget.
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