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Abstract

Grid computing has emerged as a global cydemstructure for the
next-generation of e-Science applications by irggg large-scale, distributed
and heterogeneous resources. Scientific commuratesutilizing Grids to share,
manage and process large data sets. In order ppgugpmplex scientific experi-
ments, distributed resources such as computatdmates, data, applications, and
scientific instruments need to be orchestrated evhilanaging the application
workflow operations within Grid environments. Thigesis investigates properties
of Grid workflow management systems, presents &flow engine and algo-
rithms for mapping scientific workflow applicatiorte Grid resources based on
specified QoS (Quality of Service) constraints.

To address the field of Grid computing of workfl@application scheduling,
the thesis has made the following contributions:
proposed a taxonomy of workflow management system&rid comput-
ing.

developed a workflow engine which leverages tuglacss to provide
event-based execution management.

developed deadline and budget distribution strategiased on the work-
load and dependency of tasks.

developed algorithms for scheduling workflows w@bS constraints using
genetic algorithms.

leveraged multi-objective evolutionary algorithm8@EAS) for workflow
execution planning to generate a set of trade{tdfraative scheduling so-
lutions.
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Chapter 1

Introduction

This chapter introduces the context of the reseprekented in this thesis. It firstly
provides a high-level overview of workflow managermeystems. Then, it briefly
presents the inspiration of QoS-based workflow daheg and the primary contribu-
tions. This chapter ends with a discussion on tgargzation for the rest of this

thesis.

1.1 Grid Workflow Management Systems

Grids [65] have emerged as global cyber-infrastmgctfor the next-generation of
e-Science applications by integrating large-scdistributed and heterogeneous re-
sources. More recently, Grid computing has progedsswards a service-oriented
paradigm, which defines a new way of service pionisg based on utility comput-
ing models [166]. Within utility Grids, each resoaris represented as a service to
which consumers can negotiate their usage andtygadiservice.

Scientific communities, such as high-energy physicavitational-wave physics,
geophysics, astronomy and bioinformatics, arezitigj Grids to share, manage and
process large data sets [162]. In order to supgmrtplex scientific experiments, dis-
tributed resources such as computational devicats, dpplications, and scientific
instruments need to be orchestrated while manabm@pplication operations within
Grid environments [115]. A workflow expresses atoaation of procedures wherein
files and data are passed between procedures ajqhis according to a defined set of

rules, to achieve an overall goal [44]. A workflemanagement system defines, man-



ages and executes workflows on computing resouides.use of the workflow para-
digm for application composition on Grids offervesml advantages [153] such as:
Ability to build dynamic applications and orchestrdahe use of distributed
resources.
Utilization of resources that are located in a ahlg domain to increase
throughput or reduce execution costs.
Execution spanning multiple administrative domamsbtain specific proc-
essing capabilities.
Integration of multiple teams involved in managuhiferent parts of the ex-

periment workflow — thus promoting inter-organipaial collaborations.

Realizing workflow management for Grid computinguges a number of chal-
lenges to be overcome. They include workflow agian modeling, workflow
scheduling, resource discovery, information sesjicgata management, and fault
management. However, from the user’s perspective,important barriers that need
to be overcome are: (1) the complexity of develgmnd deploying workflow appli-
cations; and (2) their scheduling on heterogenemus distributed resources to
enhance the utility of resources and meet user @afality of Service) demands.
This thesis presents a software framework for camgoand managing scientific

workflow applications, and scheduling algorithmsdx on users’ requirements.

1.2 QoS Workflow Scheduling

Workflow scheduling is one of the key issues in iienagement of workflow execu-
tion. Scheduling is a process that maps and managssution of inter-dependent
tasks on distributed resources. It introduces atlog suitable resources to workflow
tasks so that the execution can be completed igfysabjective functions specified by
users. Proper scheduling can have significant ilpac¢he performance of the system.
In general, the problem of mapping tasks on digtad resources belongs to a class of

problems known as NP-hard problems [62]. For suoblpms, no known algorithms



are able to generate the optimal solution withitypomial time. Even though the
workflow scheduling problem can be solved by usexjhaustive search, the time
taken for generating the solution is very high. &ttlling decisions must be made in
the shortest time possible in Grid environmentgabee there are many users com-
peting for resources, so time slots desired byus®s could be taken by another user

at any moment.

Surgery Business Scientific
Planning Process Experiment

m [}

a Application
Workflow

QoS Constraints )

Workflow
Engine

Figure 1.1: A high-level view of a Grid workflow egution environment.

A number ofbest-effortscheduling heuristics [21][109][181] such as MinA\ind
HEFT (Heterogeneous Earliest Finish Time) have bdewveloped and applied to
schedule Grid workflows. These best-effort schedulalgorithms attempt to com-
plete execution within the shortest time possilbleey neither have any provision for
users to specify their QoS requirements nor angipeupport to meet them. How-
ever, many workflow applications in both scientified business domains require
some certain assurance of QoS (see Figure 1.1exXeonple, a workflow application
for maxillo-facial surgery planning [79] needs riégsuo be delivered before a certain

time. For these applications, the workflow schaaylapplied should be able to ana-



lyze users’ QoS requirements and map workflow task® suitable resources such
that the workflow execution can be completed tesBatheir requirements.

Several new challenges are presented while scmgdworkflows with QoS con-
straints for Grid computing. A Grid environment sats of large number of resources
owned by different organizations or providers witlrying functionalities and able to
guarantee differing QoS levels. Unlike best-effeheduling algorithms, which only
consider one factor (e.g. execution time), multigi¢eria must be considered to opti-
mize the execution performance of QoS constrainedkflows. In addition to
execution time, monetary execution cost is alsangportant factor that determines
guality of scheduling algorithms, because serviaviders may charge differently for
different levels of QoS [26]. Therefore, a scheduannot always assign tasks onto
services with the highest QoS levels. Instead,ay mse cheaper services with lower
QoS that is sufficient enough to meet the requirgmef the users.

Also, completing the execution within a requiredQoot only depends on the
global scheduling decision of the workflow schedulrut also depends on the local
resource allocation model of each execution ditdhd execution of every single task
in the workflow cannot be completed as expectethbyscheduler, it is impossible to
guarantee QoS levels for the entire workflow. Thaes schedulers should be able to
interact with service providers to ensure resoanaglability and QoS levels. It is re-
quired that the scheduler can determine QoS remeinés for each task and negotiate
with service providers to establish a Service Le\gieement (SLA) [106], which is a
contract specifying the minimum expectations antigabons between service pro-
viders and consumers.

This thesis, therefore, is focused on developind)@raluating a number of work-
flow scheduling algorithms based on QoS constrasnish as deadline and budget
while taking into account the costs and capabdlité Grid services. It also presents a
workflow execution framework to facilitate deploymeof scheduling strategies and

interaction with Grid resources.



1.3 Contributions

This thesis makes several contributions towardsecihg the understanding of work-
flow management in Grid environments and advandimg area of QoS-aware
workflow scheduling as specified below:

1. This thesis provides comprehensive taxonomies abwa aspects of work-
flow design, information retrieval, workflow schdihg, fault tolerance and
data movement. The taxonomies not only provide sasbiar differentiating
various Grid workflow systems but also identifyestgths and weaknesses of

the state-of-art in Grid workflows and offer dinects for future work.

2. This thesis presents the design and developmeatnafrkflow enactment en-
gine for composing and deploying workflows ontodamsources. The engine
utilizes functions offered by the Gridbus resoubceker to support interac-
tion with different Grid middleware such as glob@gndor [158] and Sun
Grid Engine [157]. It provides a decentralized #ettture to facilitate de-
ployment of multiple scheduling strategies for witow tasks. It uses an
event-driven mechanism to trigger workflow task @x@n in order to sup-
port complex workflow structures. The tuple spacragdigm has been
leveraged to simplify implementation of the workflengine. Parameteriza-
tion is also supported at both workflow languageeleand execution level in
order to support large scientific experiments. Tapabilities of the engine
have been demonstrated using real-world applicatincreating a neurosci-

ence application and executing it on global Grgbreces.

3. This thesis presents heuristics to optimize exenufperformance while
meeting users’ specified time or monetary cost tairgs. These heuristics
provide strategies to distribute the overall desland budget of the entire
workflow over single workflow tasks based on theorkload and dependen-



cies. The sub-deadline and sub-budget assigneactotask are important for
negotiating and monitoring SLAs between the workflengine and service

providers for task execution.

4.  This thesis develops Genetic Algorithm (GA) - inegi techniques for sched-
uling workflows with QoS constraints. The goal igher to minimize
execution time while meeting the user’'s budget traimg or to minimize
execution cost while meeting the user's deadlinestraint. The algorithm
has been evaluated by comparing with non-GA algorst for various con-

straint levels and workflow structures.

5.  This thesis presents a multi-objective planningrapph for workflow execu-
tion. It introduces Multi-Objective Evolutionary @drithms (MOEAS) for
generating a set of trade-off scheduling solutiacsording to users’ QoS re-
quirements. The goal is to simultaneously minintize conflicting objectives
- execution time and execution price while meetisgrs’ maximum time
constraint (deadline) and cost constraint (budgetnulation studies have
been conducted using the GridSim Toolkit [155] emnnstrate the ability of
MOEAs in optimally scheduling workflows derived froneuroscience appli-

cations and astronomy applications.

1.4 Thesis Organization

The rest of this thesis is organized as followsaglbr 2 presents an overview of Grid
workflow management systems and proposes a taxotlbabyharacterizes and clas-
sifies approaches of scientific workflow systemsthe context of Grid computing.
This thesis then presents the design of the woskBoactment engine in Chapter 3.
The engine supports parameterization and decerddalscheduling architecture.
Chapter 4 presents the formalization of schedypiradplems for utility Grids, applica-
tion models and evaluation simulation environmertsalso introduces overall

deadline and budget distribution strategies fodtiea and budget constrained heuris-



tics. Genetic algorithms-based scheduling algorgthon solving the QoS constrained
problems are presented in Chapter 5. Chapter 6Godontes and evaluates
multi-objective evolutionary algorithms (MOEAs) fevorkflow execution planning.
Finally, this thesis concludes and presents futgek in Chapter 7.

The core chapters are derived from various rekepapers published during the
course of the PhD. candidature as detailed below:

Chaper 2is derived from:
Jia Yu and Rajkumar Buyya, A Taxonomy of Workflow ManagsmhSystems
for Grid ComputingJournal of Grid ComputingSpringer Press, New York,
USA. September 2005.

Jia Yu and Rajkumar Buyya, A Taxonomy of Scientific Wadokf Systems for
Grid Computing Special Issue on Scientific WorkflowSIGMOD Record
34(3):44-49, ACM Press, New York, USA, Septembdd=320

Chapter 3is derived from:

- Jia Yu and Rajkumar Buyya, A Novel Architecture for Remlg Grid
Workflow using Tuple Spaces, Proceedingshef 8" IEEE/ACM International
Workshop on Grid Computin@srid 2004, IEEE CS Press, Los Alamitos, CA
USA), November 8, 2004, Pittsburgh, USA.

Jia Yu, Srikumar Venugopal, Rajkumar Buyya, A Market-@texl Grid
Directory Service for Publication and DiscoveryGxid Service Providers and
their ServicesJournal of Supercomputerkluwer Academic Publishers, USA,
January 2006.

Chapter 4is derived from:

- Jia Yu, Rajkumar Buyya and Chen Khong Tham, Cost-baséediding of
Workflow Applications on Utility Grids, Proceedingsf the 1% IEEE
International Conference on e-Science and Grid Qaimg (eScience2005,
IEEE CS Press, Los Alamitos, CA, USA), December, 2@05, Melbourne,
Australia.

Jia Yu, Rajkumar Buyya and Ramamohanarao Kotagiri, WovkfEcheduling
Algorithms for Grid Computing, Fatos Xhafa and AjitAbraham (ed.),
Meta-heuristics for Schedulin@pringer, 2008. (in press)

Chapter 5is derived from:
Jia Yu and Rajkumar Buyya, A Constrained Scheduling of rkfflow



Applications on Utility Grids using Genetic Algdrins, Workshop on

Workflows in Support of Large-Scale Sciend®DC 2006, June 19-23, 2006,
Paris, France.

Jia Yu and Rajkumar Buyya, Scheduling Scientific Workfl@wpplications
with Deadline and Budget Constraints using GenAtgorithms, Scientific
Programming Journal 14(3-4):217-230, I0S Press, Amsterdam, The
Netherlands, December 2006.

Chapter 6is derived from:

- Jia Yu, Michael Kirley and Rajkumar Buyya, Multi-objectivPlanning for
Workflow Execution on Utility Grids, Proceedings tiie 8th IEEE/ACM
International Conference on Grid Computi(@rid 2007, IEEE CS Press, Los
Alamitos, CA USA), Austin, USA, September 19-21020



Chapter 2

A Taxonomy of Workflow
Management Systems

This chapter provides a general model and taxonoih@rid workflow systems. The
taxonomy covers the topics such as workflow desigfiormation retrieval, workflow
scheduling, fault tolerance and data movement. Thapter also classifies mecha-
nisms developed and applied in several represeataBrid workflow systems

according to the taxonomy.

2.1 Grid Workflow Management Systems

Figure 2.1 shows the architecture and functioealisupported by various compo-
nents of the Grid workflow system based on the Wowk reference model [44]
proposed by Workflow Management Coalition (WfMCB#] in 1995. At the highest
level, functions of Grid workflow management sysseaould be characterized into
build-time functions andun-time functions. The build-time functions are concerned
with defining, and modeling workflow tasks and thelependencies; while the
run-time functions are concerned with managing Wovk executions and interac-
tions with Grid resources for processing workfloppbcations. Users interact with
workflow modeling tools to generate a workflow sifieation, which is submitted to
a run-time service called the workflow enactmenvise for execution. Major func-
tions provided by the workflow enactment service scheduling, fault management
and data movement. Workflow scheduling discovessueces and allocates tasks on



suitable resources to meet users’ requirementdevdaita movement manages data
transfer between selected resources and fault reare&g provides mechanisms for
failure handling during execution. In addition, taractment engine provides feed-
back to a monitor so that users can view the wovkfprocess status through a Grid

workflow monitor.

: O @) O O
Grid Users
T T K ... ¥
MRS 5
Workflow Grid Workflow Modeling
Workflow Design Monitor & Definition Tools
& Definition
T L \’ Grid Information Services |
Build Time Grid Workflow - :
- feedback ———| Specification [—— i | Resource Info Service
Run Time

| ¥

Grid Workflow Enactment Engine
Application Info Ser-

Workflow Scheduling // vice (e.g. VDS)

(e.g. MDS)

Interaction with Infor-
Data Move- Fault Manage- mation services
ment ment

Workflow Execution
& Control i
v

Grid Middleware
A

A

Interaction with Grid Grid Resources
resources

Figure 2.1: Workflow management system.

The workflow enactment service may be built on tiye of low level Grid mid-
dleware (e.g. Globus toolkit [69], UNICORE [169] carhichemi [107]), through
which the workflow management system invokes ses/mrovided by Grid resources.
At both the build-time and run-time stages, theinfation about resources and ap-
plications may need to be retrieved using Gridnmi@tion services.

In the recent past, several Grid workflow systdrage been proposed and devel-
oped for defining, managing and executing scientiforkflows. In order to enhance

our understanding of the field, a taxonomy is psgubto primarily (a) capture archi-
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tectural styles and (b) identify design and engimgesimilarities and differences
between them. The taxonomy provides an in-depthenstanding of building and
executing workflows on Grids. It compares differapproaches and also helps users

to decide on minimum subset of features requiredhieir systems.

2.2 Taxonomy

The taxonomy characterizes and classifies apprgachevorkflow management in
the context of Grid computing. As shown in Figur2, 2t consists of five elements of
a Grid workflow management system: (a) workflowides(b) information retrieval,
(c) workflow scheduling, (d) fault tolerance and ¢&ata movement. In this section,
we look at each element and its taxonomy in detail.

Grid Workflow Management System
|

| | | | |
Workflow Design  Information Workflow Fault Data
Retrieval Scheduling Tolerance  Movement

Figure 2.2Elements of a Grid workflow management system.

2.2.1 Workflow Design
As shown in Figure 2.3, workflow design includesrféey factors, namely (a) work-
flow structure, (b) workflow model/specification;) (workflow composition system,

and (d) workflow QoS (Quality of Service) consttain

Workflow Desigr

|
\ \ \ \
Workflow Workflow Workflow Workflow

Structure Model/Specification =~ Composition SystenQoS Constraints

Figure 2.3: Workflow design taxonomy.
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2.2.1.1 Workflow Structure

A workflow is composed by connecting multiple taslkcording to their dependen-
cies. The workflow structure, also referred as \ilovk pattern [2][3][6], indicates the
temporal relationship between these tasks. FigutesBows the workflow structure
taxonomy. In general, a workflow can be represemtedDirected Acyclic Graph
(DAG)[140] or anon-DAG

WorkroW Structure
I |
DAG Non-DAG

\ \ \ \ \ \
SequenceParallelism Choice SequenceParalldism  Choice Iteration

Figure 2.4: Workflow structure taxonomy.

In DAG-based workflow, workflow structure can bassified asequencepar-
allelism andchoice Sequence is defined as an ordered series of, tasth a task
starting after previous one has been completedllBlism represents tasks which are
performed concurrently, rather than serially. Iick control pattern, a task is se-
lected to execute at run-time when its associateditions are true.

In addition to all patterns contained in a DAG-wha@rkflow, a non-DAG work-
flow also includes théteration structure in which sections of workflow tasks in an
iteration block are allowed to be repeated. Iterais also known akop or cycle
The iteration structure is quite frequently usedarentific applications, where one or
more tasks need to be executed repeatedly [114}eXample, in a promoter identifi-
cation workflow [105] as shown in Figure 2-5, stepp step 8 are executed iteratively
to create and refine a promoter model.

These four types of workflow structure, namely saope, parallelism, choice and
iteration, can be used to construct many complexrkfiavs. Moreover,
sub-workflows can also use these types of workf&tkucture as building blocks to

form a large-scale workflow.
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Step 1 Step 2 Step 3 Step «

MicroArray Clusfavor . GenBank NCBI BLAST
analysi: analysi: sequence search
retrieva
Step 8 Step 7 Step 6 y Step 5
NCBI BLAST|_ | Promoter Model_ | Promoter | | Transfac
searc| generator Identification search

|| f

new candidate target genes

Figure 2.5: Promoter identification workflow.

2.2.1.2 Workflow Model/Specification

Workflow Model (also called workflow specificatiomefines a workflow including
its task definition and structure definition. A8 in Figure 2.6, there are two types
of workflow models, namelyabstractandconcrete They are also referred to as ab-
stract workflows and concrete workflows [50][52h some literature (e.g. [104]),

concrete models are referred to as executable loarkf

Workflow Model/Specificatio
|

Abstrac Concrett

Figure 2.6: Workflow model taxonomy.

In an abstract model, a workflow is described inatustract form in which the
workflow is specified without referring to speciftérid resources for task execution.
An abstract model provides a flexible way for userslefine workflows without be-
ing concerned about low-level implementation dstailasks in an abstract model are
portable and can be mapped onto any suitable @ridcgs at run-time by using suit-

able discovery and mapping mechanisms. Using astreodels also eases the
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sharing of workflow descriptions between Grid ugé; in particular it benefits the
participants of Virtual Organizations (VOS) [66].

In contrast, a concrete model binds workflow taskspecific resources. In some
cases, a concrete model may include tasks actidgtasmovement to transfer data in
and out of the computation and data publicatiopublish newly derived data into
VO [52]. In other situations, tasks in a concretedel may also include necessary ap-
plication movement to transfer computational canle tdata site for large scale data
analysis.

Given the dynamic nature of the Grid environmeinis more suitable for users to
define workflow applications in abstract modelsfull or partial concrete model can
be generated just before or during workflow exemutccording to the current status
of resources. Additionally, in some systems [1@®kry task in a workflow is concre-
tized only at the time of task execution. Howewamcrete models may be used by
some end users who want to control the executiQnesee [95].

2.2.1.3 Workflow Composition System

Workflow composition systems are designed for engblisers to assemble compo-
nents into workflows. They need to provide a Hgylrel view for the construction of
Grid workflow applications and hide the complexityunderlying Grid systems. Fig-
ure 2.7 shows the taxonomy for the workflow composi systemsUser-directed
composition systems allow users to edit workflowedaly, whereasutomaticcom-
position systems generate workflows for users aatmally. In general, users can
use workflow languages fdanguage-based modelirand the tools fograph-based
modelingto compose workflows.

Within language-based modeling, users may expras&flw using amarkup
language such as Extensible Markup Language (XML)6] (e.g. GridAnt [95],
WSFL [99], XLANG [164], BPEL4WS [15], W3C XML-Pipele language [179],
and Gridbus Workflow [192]) or other formats (e@ondor DAGman [158]). Lan-
guage-based modeling may be convenient for skillests, but they require users to

memorize a lot of language-specific syntax. In addj it is impossible for users to
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express a complex and large workflow by scriptimykflow components manually.
However, workflow languages are more appropriatesfzaring and manipulation,
whereas the graphical representations are intuliiviethey require to be converted
into other forms for manipulation. So in most Gsigstems, workflow languages are
designed to bridge the gap between the graphigaitsland the Grid workflow exe-
cution engine [76]. XML-based languages are useabkblyifor workflow specification
as it facilitates information description in a regkstructure. Moreover, many tools are
provided to validate XML syntax and verify XML daments against XML schema
[178] or DTD (Document Type Definitio)L76]. Furthermore, many XML parsing
tools (e.g. JDOM [87] and dom4j [54] ) are widelyadable.

Workflow Composition System

User-directed Automatic
|
| |
Languag?-based Modeling Graph-based Modeling
\
| \ \ \
MarLup Others Petri Net UML  User-defined Component

Figure 2.7: Workflow composition system taxonomy.

Graph-based modeling allows graphical definitionham arbitrary workflow
through a few basic graph elements. It allows usensork with a graphical repre-
sentation of the workflow. Users can compose anewea workflow by just clicking
and dropping the components of interest. It avéodslevel details and hence en-
ables users to focus on higher levels of abstnaetiapplication level [78]. The major
modeling approaches aRetri Nets[129], UML (Unified Modeling Language) [124]
anduser-defined componerBraph-based modeling is preferred by users aesmop
to language-based modeling.

Petri Nets are a special class of directed gramdiscan model sequential, parallel,

loops and conditional execution of tasks [76][80hey have been used in many
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workflow management systems such as Grid-Flow [Fe¢wManager [98], and
XRL/Flower [175]. UML activity diagrams [125] havalso been extended and ap-
plied as a workflow specification language [18][A&1]. Compared with UML
activity diagrams, Petri Nets have formal semangiod have been used widely for
constructing several workflows [1][57]. A vast nuenbof algorithms and tools for
Petri Nets analysis have been developed alongdghesy111]. However, Eshuis et al.
[57] argue that Petri Nets may be unable to modetkfhow activities accurately
without extending its semantics and this drawbaak lheen addressed in UML activ-
ity diagrams. Rather than following the standardtay and semantics of Petri Nets
and UML, many workflow editors for Grid workflow &ts create their own graphical
representation of workflow components. For exampléana [161] allows users to
predefine software components and reuse them igrdBsAG-based workflows. Ke-
pler [14] provides graphical environment and a feamark that supports the design
and reuse of grid workflows. These tools are marevenient for users to manipulate
their workflow applications, as they provide a maser-friendly programming envi-
ronment. They have also been integrated into uyiderllocal applications, Grid
middleware and monitoring systems. For example RABE [89][103] interoperates
with a wide range of parallel applications in agugitto Condor and Globus based
Grid middleware. It also allows users to accessrandify program code of a work-
flow task through a graphical editor. However, laok standards hinders the
collaboration between these projects. Many workstlams replicated such as different
user interfaces developed by different projectstiier same functionality. Moreover,
workflow structures supported by most of them aretéd to only sequence and par-
allelism.

Graph-based modeling is very intuitive and can bedhed easily even by a
non-expert user. However, the layout of workflonmgamnents on a display screen
can become very huge and difficult to manage [128]e of the solutions to over-
come this limitation is to use hierarchical gragfimition [80]. Another solution is to
have a system which composes workflows automagicB®leégasus [52] is one such

automatic composition system for Grid computinghas to be adapted to particular
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applications, because the composition is basedophcation-dependent metadata. It
receives a metadatiescription of desired data products and initiguinvalues from
users. The tasks are then composed automaticaftyrrio a workflow by querying a
virtual data catalog [67] that contains informatifmm data derivation of application
components. Compared with user-directed systentsyratic composition systems
are ideal for large scale workflows which are vienye consuming to compose manu-
ally. However, the automatic composition of apgima components is challenging
because it is difficult to capture the functionalitf components and data types used
by the components [33] [126].

2.2.1.4 Workflow QoS Constraints

In a Grid environment, there are a large numbesiraflar or equivalent resources pro-
vided by different parties. Grid users can seledtable resources and use them for
their workflow applications. These resources mayvjate the same functionality, but
optimize different QoS measures. In addition, défé users or applications may have
different expectations and requirements. Therefibiis, not sufficient for a workflow
management system to only consider functional cbarigtics of the workflow. QoS
requirements such as time limit (deadline) and edfare limit (budget) for work-
flow execution also need to be managed by workflfoenagement systems. Users
must be able to specify their QoS expectationshefworkflow at the design level.
Then, the actions conducted by workflow systemagisiin-time must be chosen ac-

cording to the initial QoS requirements.

Workflow O‘oS Constrain

| | | | |
Time Cos Fidelity Reliability  Security

Figure 2.8: Workflow QoS constraints taxonomy.

Figure 2.8 shows the taxonomy of Grid workflow Qo&hstraints based on a
QoS model for Web services based workflow providgdardoso et al. [34] and QoS
of Web services [110][128]. It includes five dimanss:time, cost fidelity, reliability
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andsecurity Timeis a basic measure of performance. For workflowesys, it refers
to the total time required for completing the exemuof a workflow. Costepresents
the cost associated with the execution of workflamguding the cost for managing
workflow systems and usage charge of Grid resouregrocessing workflow tasks.
Fidelity refers to the measurement related to thality of the output of workflow
execution. Reliabilitys related to the number of failures for executdrworkflows.
Security refers to confidentiality of the executiohworkflow tasks and trustworthi-
ness of resources.

As indicated in Figure 2.9, there are two différeays to assign QoS constraints
in a workflow model. One way is to allow users $3ign QoS constraints tsk-level
The overall QoS can be assessed by computing dillidual tasks. For example, a
user assigns desired execution time for everyitaskworkflow. The deadline for the
entire workflow execution can be calculated by akl#low reduction algorithm (e.g.
SWR(w) algorithm [32]). Another way is to assign®)oconstraints aworkflow-leve)
allowing users to define the overall workflow Qajuirements. However, QoS con-
straints for each task may be required by scheslfberesource allocation at run-time.
For the time dimension, users are likely to speaifyeadline for the entire workflow
execution rather than for every single task. Ireottd fulfill the deadline for the entire
workflow, the scheduler needs to decide how fasheask has to be processed using
a deadline assignment approach (e.g. Ultimate regdEffective Deadline, Equal

Slack, and Equal Flexibility strategies in [90]).

QoS Constrai‘nts Assignment

Task-level Workflow-level

Figure 2.9: QoS constraints assignment taxgnom

2.2.2 Information Retrieval

A Grid workflow management system does not exethaetasks itself, but it merely

coordinates the execution of the tasks by the @swurces. To map tasks onto suit-
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able resources, information about the resourceddae retrieved from appropriate
sources [189]. As indicated in Figure 2.10, theeethree dimensions of information
retrieval:static information historical informationanddynamic information

Static information refers to information that doed vary with time. It may in-
clude infrastructure-related(e.g. the number of processorspnfiguration-related
(e.g. operating system, librarie§)pS-related(e.g. flat usage chargeg¢ccess-related
(e.g. service operations), ander-relatednformation (e.g. authentication ID). Gener-
ally, static information is utilized by Grid workiflv management systems to pre-select

resources during the initiation of the workflow eng@on.

Information Retrieval
|

Static Historical Dynamic
Information Information Information
| |
| | | | ‘ |
Infrastructure QoS User Resource Market
related related related related £yacution related
Configuration Access related
related related

Figure 2.10: Information retrieval taxonomy.

As Grid resources are not dedicated to the owoietise workflow management
systems, the Grid workflow management system aésms to identify dynamic in-
formation such as resource accessibility, systemkiwad, and network performance
during execution time. Unlike static informationynémic informationreflects the
status of the Grid resources, such as load aveshgecluster, available disk space,
CPU usage, and active processes. It also incluakds éxecution information and
market related information such as dynamic resoprice.

Historical information is obtained from previougeats that have occurred such
as performance history and execution history oflGesources and application com-
ponents. Generally, workflow management systemsaoatyze historical information

to predict the future behaviors of resources amgdiegtion components on a given set
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of resources. Historical information can also bedut improve the reliability of fu-
ture workflow execution. For example, the user camrect the logic of a failed
workflow according to the log of the workflow syste

Several information services are available for asitey static and dynamic infor-
mation about Grid resources. For example, Monitpand Discovery System (MDS)
[139] provides static hardware information suchC&dJ type, memory size and soft-
ware information such as operating system inforomatiand some dynamic
information such as CPU load snapshot. Network WaraService (NWS) [183] pro-
vides additional dynamic information about availigpi of CPU, memory, and
bandwidth. Anobject oriented model for publication and retriegélelectronic re-

sources is given in [40].

2.2.3 Workflow Scheduling

Casavant et al. [36] categorized task schedulirgjstributed computing systems into
‘local’ task scheduling and ‘global’ task schedglin.ocal scheduling involves han-
dling the assignment of tasks to time-slices ofiragle resource whereas global
scheduling involves deciding where to execute k. tag\ccording to this definition,
workflow scheduling is a kind of global task schialy as it focuses on mapping and
managing the execution of inter-dependent taskshamed resources that are not di-

rectly under its control.

Workflow Scheduling

|
\ \ ! ! \

Architecture Decision Planning Strategies Performance
Making Scheme Estimation

Figure 2.11: Workflow scheduling taxonomy.
The workflow scheduler needs to coordinate withedde local management sys-
tems as Grid resources are heterogeneous in térimsab configuration and policies.
Taking into account users’ QoS constraints is afgmortant in the scheduling process

SO as to satisfy user requirements. In this sectie discuss workflow scheduling
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taxonomy from the view of (a) scheduling architeefyb) decision making, (c) plan-
ning scheme, (d) scheduling strategy, and (e) padaoce estimation as shown in
Figure 2.11.

2.2.3.1 Scheduling Architecture

The architecture of the scheduling infrastructusevery important for scalability,

autonomy, quality and performance of the systenj.[Three major categories of
workflow scheduling architecture as shown in FigRrE2 are centralized, hierarchical

and decentralized scheduling schemes.

Scheduling Architecture
|

\ \ \
Centralized Hierarchical Decentralized

Figure 2.12: Scheduling architecture taxonomy.

In acentralizedworkflow enactment environment, one central warkflsched-
uler makes scheduling decisions for all tasks enwlorkflow. The scheduler has the
information about the entire workflow and colleatormation of all available proc-
essing resources. It is believed that the cemtrdlischeme can produce efficient
schedules because it has all necessary inform@fign However, it is not scalable
with respect to the number of tasks, the classdsnamber of Grid resources. It is
thus only suitable for a small scale workflow dagge scale workflow in which every
task has the same objective (e.g. same classaines).

Unlike centralized scheduling, bottierarchical and decentralizedscheduling
allow tasks to be scheduled by multiple schedulefherefore, one scheduler only
maintains the information related to a sub-workfloMius, compared toentralized
scheduling, they are more scalable since they lindtnumber of tasks managed by
one scheduler. However, the best decision made foartial workflow may lead to
sub-optimal performance for the overall workfloweextion. Moreover, conflict
problems are more severe [112]. One example dficois that tasks from different

sub-workflows scheduled by different schedulers @mypete for the same resource.
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For hierarchical scheduling, there is a central manager and meltgpher-level
sub-workflow schedulers. This central manager spoesible for controlling the
workflow execution and assigning the sub-workflotesthe low-level schedulers.
For example, in GridFlow project [31], there is omerkflow manager and multiple
lower-level schedulers. The workflow manager schesigsub-workflows onto corre-
sponding lower-level schedulers. Each lower-levehesluler is responsible for
scheduling tasks in a sub-workflow onto resourcegen by one organization. The
major advantage of using the hierarchical architects that the different scheduling
policies can be deployed in the central managel@mer-level schedulers [77]. How-
ever, the failure of the central manager will régulentire system failure.

In contrast, there are multiple schedulers withewtentral controller in decen-
tralized scheduling. Every scheduler can commueieath each other and schedule a
sub-workflow to another scheduler with lower lo&bhmpared to hierarchical sched-
uling, decentralized scheduling is more scalablefdees more challenges to generate

optimal solutions for overall workflow performanaad minimize conflict problems.

2.2.3.2 Decision Making

There is no single best solution for mapping waw® onto resources for all work-
flow applications, since the applications can haeey different characteristics. It
depends to some degree on the application moddie &cheduled. In general, deci-
sions about mapping tasks in a workflow onto resesircan be based on the
information of the current task or of the entirerikftow and can be of two types,
namelylocal decision andylobal decision [50] as shown in Figure 2.13. Scheduling
decisions made with reference to just the taskibrgorkflow at hand are called local
decisions whereas scheduling decisions made wiénergce to the whole workflow

are called global decisions.

Decisi‘on Making
| |

Local Global

Figure 2.13: Decision making taxonomy.
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Local decision based scheduling only takes onk ¢assub-workflow into ac-
count, so it may produce the best schedule forcthieent task or sub-workflow but
could also reduce the entire workflow performarfae.example given by Deelman et
al. [50] assumes that there is a data-intensivécgion where the overall run-time is
driven by data transfer costs. Consider a situatibrre the output of a task is very
large. If the selection of a resource for a tadkaised only on a local decision without
consideration of data transfer between other ressumwhen selection of a resource
for child tasks need to be made, the initial se&ctay be found to be a poor choice
if latency between the nodes is very high. This Mfdeiad to higher data transfer costs
for this child task and hence the entire workflow.

Scheduling workflow tasks using global decisiorpioves the performance of
the entire workflow. There are some algorithmsdcineduling task graphs in parallel
systems that could be applied to Grid workflow stthimg. Li et al. [100] developed
the Forward-Looking Analysis Method (FLAM). It agaks dependencies of the en-
tire graph to resolve the conflicts of parallelksasvhich compete for the same
resource. It is believed that global decision basededuling can provide a better
overall result. However, it may take much more timecheduling decision making.
Thus, the overhead produced by global schedulingdcreduce the overall benefit
and may even exceed the benefits it will produd®.[bherefore, the choice of deci-
sion making for workflow scheduling should not bada without considering balance
between the overall execution time and scheduimg.tHowever, for some applica-
tions such as a data analysis application whereukmuts of tasks in the workflow are
always smaller than the inputs, using local denisiased scheduling is sufficient.

2.3.3.3 Planning Scheme

A planning scheme is a method for translating alestworkflows to concrete work-
flows. As shown in Figure 2.14, schemes for theedake planning of workflow
applications can be categorized into eitst&tic scheme odynamicscheme. In a
static scheme, concrete models have to be gendraterk the execution according to

current information about the execution environmand the dynamically changing
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state of the resources is not taken into accoumntohtrast, a dynamic scheme uses
both dynamic information and static information abcesources to make scheduling

decisions at run-time.

Planning Scheme
|
\ |
Static Dynamic

\ \
\ \ \ \

User-direct Simulation-based Predictio-based Just ir-time

Figure 2.14: Planning scheme taxonomy.

Static schemes, also known fsgl-ahead planning, includeuser-directedand
simulation-basedcheduling. In user-directed scheduling, userslaeuhe schedul-
ing process and make resource mapping decisionsrdicg to their knowledge,
preference and/or performance criteria. For examysers prefer to map tasks to re-
sources on which they have not experienced faildresimulation-based scheduling,
the ‘best’ schedule is achieved by simulating tagkcution on a given set of re-
sources before a workflow starts execution. Theukation can be processed based on
static information or the result of performancereation. For example, in GridFlow
[31], the ‘best’ resource selected for schedulingsk is based on the predictive task
execution time that the resource provides.

Dynamic schemes includeediction-basedandjust in-timescheduling. Predic-
tion-based dynamic scheduling uses dynamic infdonan conjunction with some
results based on prediction. It is similar to siatan-based static scheduling, in
which the scheduler is required to predict the qrenbnce of task execution on re-
sources and generate a near optimal schedule doratk before it starts execution.
However, it changes the initial schedule dynamycdiiring the execution. For exam-
ple, GrADS [39] generates preliminary mapping byngsprediction results, but it
migrates a task execution to another resource whenitial contract is broken or a
better resource is found for execution. Sakellagbwl. [140] developed a low-cost

rescheduling policy for the mapping of workflows @nids. It considers rescheduling
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workflow tasks at a few carefully selected pointsinlg execution in a dynamically
changing Grid environment, since the initial scHedwuilt using inaccurate predic-
tions can affect performance significantly.

Rather than making a schedule ahead, just in-tioheduling [52] only makes
scheduling decision at the time of task executi®lanning ahead in Grid environ-
ments may produce a poor schedule, since it is reardic environment where
utilization and availability of resources varieseo¥ime and a better resource can join
at any time. Moreover, it is not easy to accurapebdict the execution time of all ap-
plication components on Grid resources. Howeverthas technology of advance
reservation [155] for various resources improvess believed that the role of static

and prediction-based planning will increase [50].

2.3.3.4 Scheduling Strategy

In general, scheduling workflow applications in astdbuted system is an
NP-complete problem [62]. Therefore, many heursstiave been developed to obtain
near-optimal solutions to match users’ QoS con#isaiAs shown in Figure 2.15 we
categorize strategies of major scheduling appraadatte performance-drivenmar-

ket-drivenandtrust-driven

Scheduling Strategy

\
\ ! \
Performance-driven Market-driven Trust-driven

Figure 2.15: Scheduling strategy taxonomy.

Performance-driven strategies try to find a mappmhgvorkflow tasks onto re-
sources that achieves optimal execution performasweh as minimize overall
execution time. Most of Grid workflow schedulingssgms falls in this category.
GrADS [39] optimizes DAG-based workflows using Mifin, Max-Min and Suf-

frage heuristics, hoping to obtain minimum complettimes. Prodan et al. [132] use
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classical genetic algorithms with cycle eliminati@echniques to minimize non-DAG
based workflow execution on Grids.

Market-driven strategies employ market models &mage resource allocation for
processing workflow tasks. They apply computatiom@nomy principle and estab-
lish an open electronic marketplace between workflnanagement systems and
participating resource providers. Workflow schedslact as consumers buying ser-
vices from the resource providers and pay someomati electronic currency for
executing tasks in the workflow. The tasks in thekilow are dynamically scheduled
at run-time depending on resource cost, qualityaradlability, to achieve the desired
level of quality for deadline and budget. Unlikee tperformance-driven strategy,
market-driven schedulers may choose a resourcelatgh deadline if its usage price
is cheaper. Market-driven strategies have beeneapfu several Grid systems such as
Nimrod-G [9] and Gridbus data resource broker [113he example of the mar-
ket-driven workflow scheduling proposed by Geppettal. [72] utilizes market
mechanisms during the task assignment. In thersydtiels are collected from eligible
resource providers for each task. The optimal giskiected by computing the amount
of time and cost saved or overdrawn up to the pdirthe execution time has been
minimized at the expense of an overdrawn costdanith lower price will be chosen
as the optimal bid. Consequently, scheduler asdigmgask to the resource whose
provider offers the optimal bid. A recent work amstbased scheduling of workflow
tasks on Grids is reported in [22].

Recently, trust-driven scheduling approaches (EQOF project in [196] and
GridSec project in [150][151]) in distributed syst® are emerging. Trust-driven
schedulers select resources based on their trwsdslé=or example, within GridSec,
the scheduler accesses the trust level of Grid.ditenaps tasks onto resources whose
trust level is higher than users’ demand. Trust eha@d resources is based on attrib-
utes such as security policy, accumulated reputaself-defense capability, attack
history, and site vulnerability. By using trustaden approaches, workflow manage-

ment systems can reduce the chance of selectingiousl hosts, and non-reputable
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resources [196]. Therefore, overall accuracy arnidhiéty of workflow execution

will be increased.

2.3.3.5 Performance Estimation

In order to produce a good schedule, estimatingpémrmance of tasks on resources
is crucial, especially for constructing a prelimyavorkflow schedule. By using per-
formance estimation techniques, it is possiblenforkflow schedulers to predict how
tasks in a workflow or sub-workflow will behave dalistributed heterogeneous re-
sources and thus make decisions on how and wherantdhem. As indicated in
Figure 2.16, there are several performance estimatpproachessimulation ana-

lytical modeling historical datg on-line learning andhybrid.

Performanﬁe Estimation

) _ Analytical Historical On-line Hvbrid
Simulation  \jodeling  Data Learning yon

Figure 2.16: Performance estimation taxonomy.

Simulation approaches [53][199] provide resourtrusation environments to
emulate the execution of tasks in the workflow ptm its actual execution. In ana-
lytical modeling [39][46][123], a scheduler predicthe performance of tasks in
workflow on a given set of resources based on alyda metric. For example, in
GrADS [39], two types of performance models aredligyed, namely memory hier-
archy performance model and computational modelusigg these models, one can
predict memory requirements and the execution diren application component for
a resource according to the associated problem $ize historical data approach
[86][114][148] relies on historical data to preditie task’s execution performance.
The historical data related to a particular usapplication performance or experience
can also be used in predicting the share of aVailabresources for that user while
making scheduling decisions based on QoS congrdihe on-line learning approach
predicts task execution performance from on-linpeglence without prior knowledge
of the environment’s dynamics. For example, Bugyal. [27][28] and Galstyan et
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al. [71] map a job onto a ‘best’ Grid resource &grhing the completion time of most
recent jobs submitted to resources. As historiodl @n-line learning approaches use
experimental data, they can be broadly termednagirical modelingapproaches for
performance estimation.

In certain conditions, these approaches could d&&l wogether in a hybrid ap-
proach for generating performance evaluation of kilow tasks. For instance,
Bacigalupo et al. [17] use both layered queuing @liad and historical performance
data to predict the performance of dynamic e-Coromaystems on heterogeneous
servers. In addition, GrADS constructs computationadels semi-automatically by
emulating the execution of workflow components orall data sets. That is, it uses a

combination of historical and analytical approactoegperformance estimation.

2.2.4 Fault Tolerance

In a Grid environment, workflow execution failurarcoccur for various reasons: the
variation in the execution environment configuratioon-availability of required ser-
vices or software components, overloaded resowndittons, system running out of
memory, and faults in computational and networkitabomponents. Grid workflow
management systems should be able to identify andlé failures and support reli-

able execution in the presence of concurrency aiharés.

Fault Toleance

Task-level Workflow-level
| | | |
Retry Replication Alternate Rescue
Task workflow
Alternate Checkpoint RedundancyUser-defined
Resource /Restart Exception
Handling

Figure 2.17: Fault tolerance taxonomy.
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As shown in Figure 2.17, Hwang et al. [82] dividedrkflow failure handling
techniques into two different levels, naméhgk-levelandworkflow-level Task-level
techniques mask the effects of the execution faibfrtasks in the workflow, while
workflow-leveltechniques manipulate the workflow structure sastexecution flow
to deal with erroneous conditions.

Task-level techniques have been widely studiecanmalfel and distributed systems.
They can be cataloged intetry, alternate resourcecheckpoint/restarandreplica-
tion. The retry technique [159] is the simplest failoeeovery technique, as it simply
tries to execute the same task on the same resaftecdailure. The alternate resource
technique [159] submits the failed task to anottesmource. The checkpoint/restart
technique [45] moves failed tasks transparentlgth®r resources, so that the task can
continue its execution from the point of failuréh€elreplication technique [7][82] runs
the same task simultaneously on different Grid weses to ensure task execution
provided that at least one of the replicas doegailot

Workflow-level techniques includalternate taskredundancy user-defined ex-
ceptionhandlingandrescue workflowThe first three approaches proposed by Hwang
and Kesselman [82] assume there is more than oplenmentation for a certain com-
putation with different execution characteristithe alternate task technique executes
another implementation of a certain task if thevimas one failed, while the redun-
dancy technique executes multiple alternative tasksiltaneously. The user-defined
exception handling allows the users to specifyecisp treatment for a certain failure
of a task in workflow. The rescue workflow techreqgeveloped in Condor DAGMan
system [45] ignores the failed tasks and continoesxecute the remainder of the
workflow until no more forward progress can be mateen, a rescue workflow de-
scription called rescue DAG, which indicates faitemtles with statistical information,

is generated for later submission.

2.2.5 Intermediate Data Movement
For Grid workflow applications, the input files t&fsks need to be staged to a remote

site before processing the task. Similarly, oufijas may be required by their chil-
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dren tasks which are processed on other resoufbesefore, the intermediate data
has to be staged out to the corresponding Grid.sBeme systems require users to
manage intermediate data transfer in the workflpecgication, rather than providing
automaticmechanisms to transfer intermediate data. As atedcin Figure 2.18, we
categorize approaches afitomaticintermediate data movement irgentralized me-

diatedandpeer-to-peer

Intermediate Dat
\

Usel-directe( Automatic

Centralize Mediated Pee-to-Peer

Figure 2.18: Intermediate data movement.

Basically a centralized approach transfers interatedlata between resources via
a central point. For example, a central workflone@xion engine can collect the
execution results after task completion and trartsiem to the processing entities of
corresponding successors. Centralized approadieesasy to implement and suit
workflow applications in which large-scale datanles not required.

In a mediated approach, rather than using a ceptiat, the locations of the in-
termediate data are managed by a distributed dategement system. For example,
in Pegasus system, the intermediate data geneaatabry step is registered in a rep-
lication catalog service [37], so that input file every task can be obtained by
guerying the replication catalog service. Mediadpgroaches are more scalable and
suitable for applications which need to keep inetrate data for later use.

A peer-to-peer approach transfers data betweeregsorg resources. Since data is
transmitted from the source resource to the ddagimaesource directly without in-
volving any third-party service, peer-to-peer aggites save the transmission time
and reduce the bottleneck problem caused by theatiged and mediated approaches.
Thus, they are suitable for large-scale intermeddsta transfer. However, there are

more difficulties in deployment because they regjevery Grid node to be capable of
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providing both data management and movement serliceontrast, centralized and

meditated approaches are more suitable to be usedpplications such as

bio-applications, in which users need to monitod &nowse intermediate results. In

addition, they also need to record them for futegfication purposes.

2.3 Survey

In this section, we present a detailed survey aftexg Grid workflow systems in ad-

dition to mapping the proposed taxonomy. Tableshdws the summary of selected

Grid workflow management projects. A comparisonvafious Grid workflow sys-

tems and their categorization based on the taxonsrmslyown in Table 2.2, Table 2.3,
and Table 2.4.

Table 2.1: Summary of Grid workflow management @ctg.

Name Organization Grid Integration Applications
DAGMan University of Wiscon- Condor which can run  Compute-intensive
[158] sin-Madison, USA. on top of Gobus Toolkit

http://www.cs.wisc.edu/ version 2 (GT2)
condor/dagman/
Pegasus  University of Southern Condor and Globus. Targeted for
[51] California, USA. data-intensive, but
http://pegasus.isi.edu supports other types.
Triana Cardiff University, UK. GAT (JXTA, Web ser- Compute-intensive
[161] http://www.trianacode.org/ vices, Globus)
ICENI London e-Science Jini, JXTA, Globus Compute-intensive
[116] Centre, UK.
http://www.lesc.ic.ac.uk/
iceni/
Taverna  Collaboration between sev- Web services, Soaplab, Service Grids
[125] eral European Institutes andlocal processor, Bio-
industries. Moby, etc.
http://taverna.sourceforge.n
et/
GridAnt Argonne National Labora- GT2, GT3, GT4 Client controllable
[95] tory, USA. workflow applications
http://www.cogkit.org/
GrADS Collaboration between sev- Globus, Parallel Sys- Compute-intensive
[19] eral American Universities. tems (e.g. MPI) and communica-
http://www.hipersoft.rice.ed tion-intensive
u/grads/ applications with

MPI components
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Name Organization Grid Integration Applications
GridFlow  University of Warwick, UK. Parallel Systems (e.g. MPI and PVM based
[31] http://www.dcs.warwick.ac. MPI and PVM) components

uk/research/hpsg/workflow/
workflow.html

Unicore Collaboration between Unicore Computa-

[13] German research institu- tional-intensive and
tions and industries MPI components
http://www.unicore.org

Gridbus The University of Mel- GT2 Computational-and

workflow  bourne, Australia. Data-intensive

[192] http://www.gridbus.org

Askalon University of Innsbruck GT2, GT4, WSRF, Performance- ori-

[59] http://dps.uibk.ac.at/askalonWeb services ented applications

Karajan Argonne National Labora- GT2, GT3, GT4, Con- Those required to

[96] tory dor, runtime exec, ssh, access Grid middle-
http://www.cogkit.org WebDAV ware

Kepler A cross-project collabora- Globus, Storage Re-  Scientific workflow

[14] tion. source Broker(SRB), applications
http://kepler-project.org EcoGrid, Web services

Table 2.2: Workflow design taxonomy mapping.
Project Structure Model Composition QoS'
Name Systems Constraints

DAGMan  DAG Abstract User-directed User specified

- Language-based rank expression
for desired re-
sources

Pegasus DAG Abstract User-directed N/A

- Language-based
Automatic
Triana Non-DAG  Abstract User-directed N/A
- Graph-based
ICENI Non-DAG  Abstract User-directed Metrics specified
- Language-based by users
- Graph-based
Taverna DAG Abstract/  User-directed N/A
Concrete - Language-based
- Graph-based
GridAnt Non-DAG Concrete User-directed N/A
- Language-based
GrADS DAG Abstract User-directed Estimated applica-
- Language-based tion execution
time
GridFlow DAG Abstract User-directed Application exe
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Project Structure Model Composition QoS_
Name Systems Constraints
- Graph-based cution time
Language-based
Unicore Non-DAG Concrete User-directed N/A
- Graph-based
Askalon Non-DAG  Abstract User-directed Constrains and
- Graph-based properties speci-
. Language-based fied by users or
pre-defined
Karajan Non-DAG  Abstract User-directed N/A
- Language-based
- Graph-based
Kepler Non-DAG  Abstract/ User-directed N/A
Concrete - Graph-based
Table 2.3: Workflow scheduling taxonomy mapping.
Project . Decision  Plannin . Performance
NaJme Architecture Making Schemg Strategies Estimation
DAGMan Centralized Local Just in-time PerformanceN/A
driven
Pegasus Centralized Local/ User-directed/ Performance- Historical data,
Global  Justin-time  driven Analytical mod-
eling
Triana Decentralized Local Just in-time PerforneancN/A
driven
ICENI Centralized Global Predic- Performance/ Historical data
tion-based Mar-
ket-driven
Taverna  Centralized Local Just in-time Performanci{A
driven
GridAnt  Centralized User- User-directed User-defined* N/A
defined*
GrADS Centralized Local/  Prediction- Performance- Historical data
Global based driven (empirical) ,
Analytical mod-
eling
GridFlow Hierarchical  Local Simulation- Perform- Analytical mod-
based ance-driven eling
Unicore  Centralized User- User-directed User-definediN/A
defined*
Askalon  Decentralized Global Just in-time/ Performance/ Analytical mod-
Prediction- Market-driven eling,
based Historical data
Karajan Centralized User- User-defined* User-dadin N/A

33



Project Architecture Decision  Planning Strategies Performance
Name Making Scheme Estimation
defined*
Kepler Centralized User-  User-defined* User-defined*N/A
defined*

*user-defined -the architecture of the system has been explidakigned for user
extension.

Table 2.4: Information retrieval, fault-toleranagedadata movement.

Project Information Retrieval Fault-tolerance Data
Name Movement
DAGMan Resource information is re- Task Level User-directed
trieved by Condor - Migration
Matchmakeithat manages - Retrying
resource and task info adver-wWorkflow Level
tisement and notification. . Rescue
workflow
Pegasus Resource information re- Based on DAGMan Mediated
trieved through Globus MDS
and RLS. Application com-
ponent information is
retrieved from the GriPhyN
Transformation Catalog.
Triana Based on GAT protocol Based on GAT manger erRePeer
ICENI Application componentin-  Based on middleware Mediated
formation is retrieved by the
component metadata service
and performance repository
service.
Taverna Service information isre-  Task Level Centralized
trieved through DAML-S - Retry
web service ontology, do- . Alternate Resource
main ontology information
service, and UDDI.
GridAnt Resource information is re- User-defined* User-directed
trieved through Globus
MDS.
GrADS Resource information is re- Task Level in resched- Peer-to-Peer
trieved through Globus MDS uling work in GrADS,
and GrADS information ser- but not in workflows.
vice (GIS). Dynamic
information is retrieved by
NWS. Autopilot is used for
provide performance contract
information.
GridFlow Resource information is re- Task Level PeePeer
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Project Information Retrieval Fault-tolerance Data

Name Movement
trieved through Titan - Alternate resource
Unicore Unicore information service  Based on Unicore midMediated
dleware
Askalon Static information Task Level Centralized
Infrastructure-related - Retry User-directed
Configuration-related - Alternate resource
QoS-related Workflow level
Dynamic information - Rescue workflow

Resource-related
Execution-related
Karajan User-defined* Task Level User-directed
Retry
Alternate resource
Workflow Level

User-defined ex-
ception handling

Kepler User-defined* Task Level Centralized
Alternative resource Mediated
Workflow Level Peer-to-Peer

User-defined ex-

ception handling

Workflow rescue
*user-defined -the architecture of the system has been explidakigned for user
extension.

2.3.1 Condor DAGMan

Condor [101][158][163] is a specialized Resourcenilgement System (RMS) de-
veloped at the University of Wisconsin-Madison émmpute-intensive jobs. Condor
provides a High Throughput Computing (HTC) envir@mnhbased on large collec-
tions of distributed computing resources rangirgnfrdesktop workstations to super
computers. Condor-G, a component within Condolizes Globus GRAM serving as
a uniform interface to heterogeneous batch systdms,enabling large scale compu-
tational Grids.Matchmakingwithin Condor, matches jobs and available resaurce
according to their job and resource classified aament. When more than one re-
source satisfies the job requirement, the resoutiitehigher value of rank expression,
which expresses the desirability of a match, i$gpred.
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The Directed Acyclic Graph Manager (DAGMan) [45]815s a meta-scheduler
for Condor jobs. While Condor aims to discover &alde machines for the execution
of jobs, DAGMan handles the dependencies betwesijothts. DAGMan uses DAG
as the data structure to represent job dependeff@eh job is a node in the graph and
the edges identify their dependencies. Each nodéaae any number of “parent” or
“children” nodes. Children cannot run until theiarpnts have completed. Cycles,
where two jobs are both descended from one anaheprohibited, because it would
lead to deadlock. DAGMan does not support automatermediate data movement,
so users have to specify data movement transfesughr pre-processing and
post-processing commands associated with procegding

The individual job execution is managed by Conddresluler. Hence if a job
fails due to the nature of the distributed systeuth as loss of network connection, it
will be recovered by Condor while DAGMan is unawafesuch failures. However,
DAGMan is responsible for reporting errors for get of submitted jobs, and gener-
ates a rescue DAG. In the case of a job failure,rémainder of the DAG continues
until no more progress can be made. A failed nadebe retried a configurable num-
ber of times. The rescue DAG indicates the uncotegl@ortions of the DAG with
detail of failures. Users can correct the errordaded jobs and resubmit the rescue
DAG.

2.3.2 Pegasus in GriPhyN

GriPhyN [75] aims to support large-scale data mansnt in physics experiments
such as high-energy physics, astronomy, and gtent wave physics. Pegasus
[50][51][52] (Planning for Execution in Grids) iswworkflow manager in GriPhyN
developed by the University of Southern California.

Pegasus performs a mapping from an abstract wevkitothe set of available
Grid resources, and generates an executable warkfAo abstract workflow can be
constructed by querying Chimera [67], a virtualadaystem, or provided by users in
DAX (DAG XML description). An abstract workflow desbes the computation in

terms of logical files and logical application coomgnts and indicates their depend-
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encies in the form of Directed Acyclic Graph (DA@efore mapping, Pegasus re-
duces the abstract workflow by reusing a mateedlidataset which is produced by
other users within a VO. Reduction optimizationuases that it is more costly to
produce a dataset than access the processingsreludt reduction algorithm removes
any antecedents of the redundant jobs that do aa¢ lany unmaterialized descen-
dents in order to reduce the complexity of the ataule workflow.

Pegasus consults various Grid information servicdsd the resources, software,
and data that are used in the workflow. A Replicedtion Service (RLS) [37] and
Transformation Catalog (TC) [49] are used to lodhtereplicas of the required data,
and to find the location of the logical applicatioomponents respectively. Pegasus
also queries Globus Monitoring and Discovery Ser\(@gIDS) [41] to find available
resources and their characteristics.

There are two methods used in Pegasus for resealeetion, one is through ran-
dom allocation, the other is through a performapiagiction approach. In the latter
approach, Pegasus interacts with Prophesy [86][M8ffich serves as an infrastruc-
ture for performance analysis and modeling of pelrand distributed applications.
Prophesy is used to predict the best site to egemmutapplication component by using
performance historical data. Prophesy gathers amekss the performance data of
every application. The performance information paovide insight into the perform-
ance relationship between the application and harehand between the application,
compilers, and run-time systems. An analytical nhasl@roduced based on the per-
formance data and is used by the prediction entgin@edict the performance of the
application on different platforms. It is requirdtht Pegasus send the request associ-
ated with information such as the component naheesémantic parameter names and
their values, and the list of available resourdd®s ranking of the given resources is
returned by Prophesy after the query is received.

For ease of use, Pegasus is able to generate awofkom a metadata descrip-
tion of the desired data product with the aid ofifiaral intelligence planning
techniques. Although, the workflow execution of Begs is based on static planning

and its executable workflow is transformed into @onjobs for execution manage-
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ment by Condor DAGMan, it has been recently extdntte support just in-time
scheduling [52] and pluggable task scheduling sgiat.

2.3.3 Triana

Triana [160][161] is a visual workflow-oriented dadnalysis environment developed
at Cardiff University. In 2002, Triana was extendedmplement a consumer Grid
[160] by using a peer-to-peer approach. Receiitiyagna has been redesigned and
integrated with Grids via GridLab GAT (Grid Appliban Toolkit) interface [12].
GAT defines a high level API for core Grid servimecess through JXTA [88], Web
services [177], and OGSA [68][168].

Triana provides a visual programming interface vithctionality represented by
units. Applications are written by dragging theuied units onto the workplace and
connecting them to construct a workflow. Apart fromany implemented tool units,
Triana also provides a custom user interface tonalisers to build their own units.
Several control units (e.g. loop) and logic unégy( if) are also provided for users to
control the logic of workflow execution. Since cmitand logic units are imple-
mented as a standard Triana unit, it is easy toodote new flow patterns.
Interconnected units can also be grouped into apgumit, which has the same prop-
erties as normal unit.

Triana clients such as Triana GUI can log into iada Controlling Service (TCS),
remotely build and run a workflow and then visualihe result on their device (e.g.
PC, PDA, etc). Each TCS interacts with the Triangie and every engine provides a
service and is capable of executing complete digbaask-graphs locally, or by dis-
tributing the code to other servers based on tleeifipd distribution policy for the
supplied task-graph. The distribution policy isdz®n the concept of group units and
two distribution policies have been implementednealy parallel and peer-to-peer.
Both policies distribute every unit in the groupsteparated hosts, however while the
peer-to-peer mechanism relies on intermediate lolsiteg passed between hosts, there

is no such host-based communication with the pEraiblicy. Since a distributed
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task-graph is not fixed to a specific set of resesr it can be dynamically allocated to

available services in the most effective way.

2.3.4 Workflow Management in ICENI

The ICENI (Imperial College e-Science Network lstracture) [116][117] developed
at London e-Science Centre provides component-b&adl middleware. Within
ICENI, users construct an abstract workflow, whih collection of components, and
then submit this to ICENI environment for execution

Each ICENI component is described in terms of megncontrol flow and im-
plementation. The workflow components are primacbmposed based on a spatial
view, in which all units are represented concutyemntith details of how they relate
and interact with each other. Then a temporal véederived from the spatial view by
the system. In the temporal view, workflow inforioat is attached to each compo-
nent that consists of a graph in which the direcieds contain the partnership
according to the temporal dependence. Within ICEN, workflow model is similar
to that of the YAWL (Yet Another Workflow Languagf)], although simplified in
certain respects. The workflow language includebadic workflow structure such as
sequence, parallelism, choice and iteration.

The scheduling service [116][117] within ICENI issponsible for concretizing
the abstract workflow. The scheduling task includestching component meaning
with component implementation and mapping thesdifqgth components onto a
suitable subset of the available resources. Segehaduling algorithms used to de-
termine resource mapping have been implementedy Fotude random, best of
random, simulated annealing and game theory. Mdsdilers implemented within
ICENI aim to provide approximate optimal solutidsmap the abstract workflow to
a combination of component implementations and uess in terms of execution
time and cost. The schedulers take into accourdoatiponents in applications rather
than standalone components. The scheduling frankevatso allows third-party

scheduling algorithms to be plugged in.

39



ICENI has developed a performance repository syqtetd] which is able to
monitor running applications and obtain and staeegqgymance data for the compo-
nents within the applications. This data is stongthin a repository with meta-data
about the resource the component was executedheniplementation of the com-
ponent used, and the number of other componentuo@mtly running on the same
resource. This data can be used by schedulersitimref runs of applications to esti-
mate the execution times of each component witrenatorkflow.

Two scheduling schemes [116] are considered withENI, namely lazy sched-
uling and advanced reservation. The metadata ofctivaponent implementation
indicates which scheme the component can benefit.fiNon-reservation component
is scheduled to a resource just before it is regiiiwhile reservation component has
been allocated to a resource and has made a reéserirmadvance. The schedulers
can interrogate the performance repository to pteelkecution in order to produce
accurate reservation. The reservation negotiatrotopol is based on WS-Agreement
[74].

2.3.5 Taverna in ™ Grid

Taverna [125] is the workflow management systerthefGrid [154] project, which
aims to exploit Grid technology to develop highdemiddleware for supporting per-
sonalized in silico experiments in biology. Taversa collaboration among several
European universities, institutes and industri¢ge purpose of Taverna is used to as-
sist scientists with the development and executidnioinformatics workflows on the
Grid. Taverna provides data models, enactor tagkneions, and graphical user inter-
faces. FreeFluo [125] is also integrated into Tageas a workflow enactment engine
to transfer intermediate data and invoke services.

In Taverna, data models can be represented inreitigeaphical format or in an
XML based language called Simple Conceptual Unifidow Language (SCUFL).
The data model consists of inputs, outputs, prascsesslata flow and control flow. In
addition to specifying execution order, the conftolv can also be trigged by state

transitions during the execution of parent processGompared to other workflow
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languages, such as the Business Process Executingudge for Web Services
(BPEL4WS) [15] , SCUFL allows implicit iteration ewincoming data sets based on
a specified strategy. At the execution level, tloekftow enactor also provides a mul-
tithreading mechanism to speed up the iteratiomgs®. Users are allowed to set the
Threadproperty to specify how many concurrent instanciissend parallel requests
to the iteration processor. It is especially suédbr services that are capable of han-
dling significant simultaneous processing, for eplana service that is backed by a
cluster. It also can reduce service waiting timecesiworkflow engine can send the
next input data at the same time as the servie®iiking on the current input.

Taverna also provides a user-friendly multi-windemwvironment for users to ma-
nipulate workflows, validate and select availabésaurces, and then execute and
monitor these workflows. The enactment status p@te®d] of Taverna shows the
current progress of a workflow invocation. It alsitows the users to browse the in-
termediate and final results. Through the enactrpanel, users can handle storage of
those results on local or remote data stores grigty of formats.

Fault tolerance [159] in the workflow management™&rid is achieved by set-
ting configuration for each processor in the waki] for example, the number of
retries, time delay and alternate processorssti allows users to specify the critical
level for faults on each processor. If the processset a<ritical, after all retries
and alternates have failed, entire workflow exemutwill be terminated, otherwise,
the workflow will continue but children nodes ofetlfiailed processor will never be
invoked.

™Grid follows service-oriented grid architecture aswpports several different
types of services within the workflow managemendtem, including WSDL-based
[185] single operation web services, soaplab bieises [142] and local services
such as programs coded as java classes. In additifmmmation services such as
UDDI (the Universal Description, Discovery and igitation) [169] and ontology di-

rectory [186] are adopted for service discovery.
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2.3.6 GridAnt

The GridAnt [95] is an extensible client-side wdoké management system devel-
oped by Argonne National Laboratory. It has beesigieed for Grid end-users as a
convenient tool to express and control the exeowEguence without having any ex-
pertise in sophisticated workflow systems. GridAotuses on distributed process
management rather than the aggregation of servitesh is the concern of most
other Grid-enabled workflow frameworks.

GridAnt consists of four major components, nametykflow engine, run-time
environment, workflow vocabulary and workflow maring. The workflow engine is
the central controller that handles task depenéendailure recoveries, performance
analysis, and process synchronization. GridAnt Wovk engine extends Ant [16], an
existing commodity tool for controlling build prog® in Java, by adding additional
components to support workflow orchestration anchpasition. GridAnt also pro-
vides an environment for inter-task communicatiem,that individual GridAnt tasks
can read and write intermediate data by using badlip accessible whiteboard-style
communication model. Several important construathsas constants, arithmetic ex-
pressions, global variables, array references|itardls are supported by the run-time
environment. GridAnt extends Ant’s vocabulary ie @Brid domain with the addition
of the tags such as grid-copy, grid-authenticat® gmd-query. These new tags are
used by users to predefine the Grid tasks and manstomplex workflows at compile
time. It uses a control construct provided by Aomtainer for expressing parallel and
sequential tasks. Furthermore, users are allowedanitor the progress of the exe-
cution by means of graphical visualization tool.

In addition to mapping complex client-side workflewGridAnt can be used for
testing the functionality of different Grid servgcelt has been developed to support
version 2 and version 3 of the Globus toolkit [69]using the Java CoG kit [94]. It
has been applied for Position-Resolved Diffrac{ibfi], which is a new experimental
technique for the study of nanoscale structurgsagisof the Argonne National Labo-

ratory’s advanced analytical electron microscope.
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2.3.7 Workflow Management in GrADS

The Grid Application Development Software (GrADSpject [19] aims to provide
programming tools and execution environments falinary scientific users to de-
velop, execute, and tune applications on the @IADS is a collaboration between
several American Universities. GrADS supports a@gtion development either by
assembling domain-specific components from a haylell toolkit or by creating a
module by relatively low-level (e.g., MPI) code]3

GrADS provides application-level scheduling to nveqrkflow application tasks
to a set of resources. New Grid scheduling ancheziding methods [39] are intro-
duced in GrADS. These scheduling methods are guigedn objective function to
minimize the overall job completion timen@kespaj of the workflow application.
The scheduler obtains resource information by usergices such as MDS [139] and
NWS [183] and locates necessary software on thedsteéd node by querying
GrADS Information Service (GIS). The workflow sclwgl ranks each qualified re-
source for each application component. A rank vabkiecalculated by using “a
weighted sum of the expected execution time orréeeurce and the expected cost of
data movement for the component.” After rankingpeaformance matrix is con-
structed and used by the scheduling heuristicsbtaim a mapping of components
onto resources. Three heuristics have been appli€&lrADS; those are Min-Min,
Max-Min, and Sufferage heuristics [108].

GrADS has built up an architecture-independent rhoti¢he workflow compo-
nent from individual component models. It employsalgtical models that are
constructed semi-automatically from empirical madglistorical data/sample execu-
tion data), in order to estimate the performanca wforkflow component on a single
Grid node. It uses hardware performance countexllect operation counts from
several executions of the workflow components wiifferent, small-size input prob-
lems, and then it performs a least-squares fiheodata to construct computational
models. In addition, GrADS reuses distance datamoall inputs to predict the fac-
tion of cache hits and misses on the given data aauhe configuration by its

memory-hierarchy performance models.
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GrADS utilizes Autopilot [135] to monitor performe@ of the agreement be-
tween the application demands and resource capehilOnce the contract is violated,
the rescheduler [39] of the GrADS takes correctiggons. It has been implemented
using two rescheduling approaches for MPI applicesj the stop/restart approach and
process swapping. In the former approach, an exegcatpplication component is
suspended and migrated to a new resource if lregeurces are found for improving
the execution performance [172]. As a migrationngwan involve large data transfers,
expensive startup costs and significant applicatiothe modifications, process swap-
ping provides a lightweight, but less flexible, ealtative approach. In process
swapping more machines than will actually be usedHle computation are launched
for an MPI application component, and slower maesim the active set are swapped
with faster machines in the inactive set periodycaccording to the performance of

machines.

2.3.8 GridFlow
GridFlow [31] is a Grid workflow management systdeveloped at the University of
Warwick. This work is built on the top of an Agdmised Resource Management
System for Grid computing (ARMS) [30]. Rather thfasusing on workflow specifi-
cation and the communication protocol, GridFlow nsore concerned about
service-level scheduling and workflow management.

There are three layers of Grid resource managewiémn the GridFlow system:
the Grid resource, the local Grid and the globatlGk Grid resource is simply just a
particular Grid resource; local Grid consists ofltiple Grid resources that belong to
one organization; and a global Grid consists ofadal Grids. Global Grid also pro-
vides a portal for compose the workflow.

A workflow in GridFlow is represented as a flow s#veral different activities,
each activity represented by a sub-workflow. Eadirsorkflow is a flow of closely
related tasks that is to be executed in a locadl.Gki portal has been developed by

GridFlow as graphical user interface for usersaimpose workflow elements.
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The workflow management within GridFlow is conduttby a hierarchical
scheduling system including global Grid workflow mager and local Grid
sub-workflow scheduling. Global Grid workflow marmageceives requests from the
GridFlow portal with the workflow description inghformat of XML, and then simu-
lates workflow execution to find a near-optimal edhle. After the users accept the
simulated result, GridFlow schedules the workflomtcodifferent local Grids through
ARMS. Within ARMS, each agent represents a locatl @t a global level of Grid
resource management, and conducts local Grid sukfla scheduling. In contrast
to the global Grid workflow management, the localdGchedulers handle conflicts
since scheduled sub-workflows may belong to difiereorkflows.

ARMS has integrated Titan [152], which utilizesfoemance data obtained from
PACE [123], a toolset for resource performance asdge analysis, with iterative
heuristic algorithms to minimize the makespan adié time of a Grid resource.
PACE can exact control flow, and use an analytcatiel approach based on queuing
theory, to predict application performance on aegiset of resources such as time,

scalability and system resource usage. Titan al®ages Grid resource information.

2.3.9 Workflow Management in Unicore Plus
Unicore plus [171] provides seamless and securesado distributed resources of the
German high performance computing centers. Uniptus is a follow-on project of
Unicore (Uniform Interface to Computing Resourdds), started in 1997 to improve
uniform interfaces to distributed High Performa@@mputing and data resources us-
ing the mechanisms of the World Wide Web. Unicdrtes provides a programming
environment for users to design and execute joh.flo

Within Unicore, one job or job group that can bea&xed on any Unicore site
may contains other jobs and/or job groups. TheimalgJnicore job model supports
jobs that are constructed as a set of directedliagy@phs with temporal dependen-
cies. Since Unicore version 4, advanced flow cdsiinave been added, which include
conditional execution (e.g. if-then-else), repeatecution (e.g. da), conditional

repeated execution (e.g. do-repeat), and condltguspend action (e.g. hold-job). In
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addition, three types of run-time conditions arelemented for supporting condi-
tional checking; these are based on the return @dda previous executed task,
existence or properties of a file and whether @gitrtme and date have passed.

Unicore plus provides graphical tools that alloverssto create a job flow and
convert it into an Abstract Job Object (AJO) whisha serialized java object. The
AJO is submitted from a user client to a Unicorevee The server translates the job
specification into a number of batch jobs and didpes them to the target resource.
The server also makes sure that a successor iategdatits predecessors are finished
and all necessary data is available at the exeratia.

Unicore allows users to specify jobs and differgatts of job group onto multiple
resources. The output of individual jobs may bededeby its successors. Therefore, a
temporary Unicore space is created for each johpfor transferring data sets. Uni-
core also allows users to explicitly specify thensfer function as a task through GUI,
it is also able to perform the necessary data mewtifiunction without user interven-

tion.

2.3.10 Askalon

Askalon [60] is a Grid application development ammputing environment devel-
oped by the University of Innsbruck, Austria. Thaimobjective of Askalon is to
simplify the development and optimization of mog#yid workflow applications that
can harness the power of Grid computing.

Askalon comes with two separate composition systehGWL (Abstract Grid
Workflow Language) [58] and Teuta [59], that sugptire development of Grid
workflow applications. AGWL is an XML-based lang@adt provides a rich set of
constructs to express sequence, parallelism, chaiak iteration workflow structure.
In addition, programmers can specify high-level stomints and properties defined
over functional and non-functional parameters &sks and their dependencies which
can be useful for a runtime system to optimize wlekflow execution. Teuta sup-
ports the graphical specification of Grid workflapplications based on the UML
activity diagram which is a graphical interfaceNGWL.
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Askalon provides a new hybrid approach for schedulvorkflow applications on
the Grid through dynamic monitoring and steeringhbmmed with a static optimiza-
tion. Static scheduling maps entire workflows otite Grid using genetic algorithms
based on user-defined QoS parameter. A dynamicdathg algorithm takes into
consideration the dynamic nature of the Grid resesisuch as machine crashes or
external CPU and network load. Performance cordraict defined for every task and
monitor whether tasks execute properly or whethey should be migrated. Askalon
also develops a fault tolerant execution enginé gshpports reliable workflow execu-
tion in the presence of resource failures throudieckpointing and migration
techniques.

In Askalon, the performance of workflow comporserg estimated based on a
training phase which measures the actual exectitios of tasks for different loads
and problem sizes on a variety of Grid sites. Ppleeformance estimation of the
workflow is conducted based on a combination otdnisal data obtained from a

training phase and analytical modeling.

2.3.11 Karajan

Karajan [96][97], developed by Argonne National bedtory, aims to provide an in-
tegrated approach of exposing workflow to the Gxidnmunity. It is an extensible
workflow framework and can be easily utilized byrdhparties to provide workflow
solutions for a variety of users. It is derivednr GridAnt and provides additional
capabilities such as scalability, workflow struet@nd error handling.

Karajan is part of Java CoG Kit. Java CoG Kit &sé&d on modular design and
provides mechanisms for fast application develograed easy integration of the va-
riety of Grid middleware. It provides a number abgramming abstractions for job
executions and file transfers. The concepGatl providersis introduced to facilitate
different middleware to be used as part of an m&ton of Grid abstractions. As a
result, it is easy to integrate Karajan to any ri@dare. To date, it has been integrated
into various versions of Globus, Condor, runtimeexssh, and some data transfer

techniques such as WebDAV [38] and SCP. Karajaaréges lower-level program-
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ming abstractions in Java CoG Kit to access thd,@nd at the same time it provides
programming interfaces for higher level applicasi@uch as workflow schedulers and
application portlets to develop users’ strategies.

In addition to sequence and parallelism, Karajappsrts choices and loops of
workflow structures. It also provides a user frigndML-based workflow language.
Elements used for the description of workflow taaks user-definable. Thus, the user
can define names and parameters along with anoosatind descriptions for a new
element. A number of standard operators includirghematical and boolean opera-
tors are defined for integration within executiaantrol statements. It also provides
advanced data structures such as list, range, apd(ar hash tables) for repetitive
tasks (e.g. parameter studies) as part of the Voovkf

A number of fault handling methods are supportelarajan.Error handling al-
lows users to integrate strategies for errors arcemions into the workflow.
Checkpointing enables users to store intermediatessof the workflow execution for

later roll back when a problem occurs.

2.3.12 Kepler

Kepler [14][105] is one of the popular workflow $gss with advanced features for
composing scientific applications. It is derivedrfr Ptolemy Il system [102] and cur-
rently under development across a number of sfiekata management projects. In
addition to a user-friendly graphical user-inteefa@nd an extendable open source
platform, Kepler also inherits the actor-orientedttire from Ptolemy II. It models a
workflow system as a composition of independent moments (actors) that commu-
nicate through well-defined interfaces. An actoamsencapsulation of parameterized
operations performed on input to produce outpud.danh execution model of a work-
flow, which can be defined in director object, imposes an execution order and
communication mechanisms on the usable actorseoitirkflow. This modular de-
sign approach allows different execution modelsnarchineries to be implemented
and easily plugged into workflows without changengy of the components of work-

flows.
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Kepler has been extended to support seamlesssaocesmote resources and ser-
vices. A web service HARVESTER component can regriall service description
files in a web page or service repository to créadeantiations of web services actors
in the user’s local actor library. Each web sersiegtor can be instantiated for any
particular operation specified in its service dggmn. A number of fault-tolerant
methods have been developed to make workflows wéh services more reliable.
Instead of associating a service operation witixedf URL, a list of services is al-
lowed to provide the alternative invocation durisgyvice failure. It is also able to
produce partial results even when the entire wovkffails. Advanced failure han-
dling can also be supported through extensions xgkmion-catching actors. In
addition, Kepler has defined a set of Grid actarsaccess authentication, file copy,
job execution, job monitoring, execution reportistprage access, data discovery, and

service discovery.

2.4 Summary

A taxonomy for Grid workflow management systems Ib@sn presented in this chap-
ter. The taxonomy focuses on topics including wWorkfdesign, workflow scheduling,
fault management and data movement. Several wavkfftmnagement systems for
Grid computing have been surveyed and classifiea different categories using the
taxonomy. This chapter thus helps to understand Weskflow management ap-
proaches and current state of Grid workflow systems

Many Grid workflow-enabled systems have develogexph-based editing envi-
ronments. They allow users to compose a workflow dogigging and dropping
components on a composition panel. A workflow axttispecification or concrete
specification is then generated by these visudstand passed to the workflow en-
actment engine. These processes are transpaneser®to aid usability. In addition, a
number of web-services based workflow languages Haen developed and sup-
ported in the workflow systems.

Several performance information services are eftilim the Grid workflow pro-

jects to predict performance prediction to optimazarkflow execution. Some simple
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fault handling techniques such as retry and alter@maesources have been developed
and implemented in most systems.

However, Quality of Service (QoS) issues have resnbaddressed very well in
most Grid workflow management systems due to floes on the use of system cen-
tric policies in resource allocation. When workflemanagement systems are used in
commercial or production environments, supportingSCQat both specification and
execution level becomes increasingly critical. Ae tspecification level, workflow
languages need to allow users to express their I©@q&rements. At the execution
level, the workflow system must be able to negetiaith resource providers and map
the workflow onto Grid resources to meet users’ Qequirements. Therefore, the
requirement for QoS based workflow specificationl @xecution is increasingly im-
portant, though it is currently ignored by moststixig Grid workflow management
systems.

In the following chapters, a workflow execution er@and several QoS-based

workflow scheduling algorithms are presented.
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Chapter 3

Workflow Enactment Engine

With the advent of Grid technologies, scientistd angineers are building more and
more complex applications to manage and procegs ldata sets, and execute scien-
tific experiments on distributed Grid resourcesil@nog complex workflows requires
means for composing and executing distributed aggiins. Even though efforts have
been made by several projects as described in @hAaptapabilities such as support
for parameterization and run-time data-driven maddm are required by many ap-
plication domains.

This chapter presents a novel workflow enactmagtre. It first presents the ar-
chitecture of the system and its event-driven ett@sunanagement mechanism. Then
the details of service discovery, parameterizatoabled workflow language and
fault handling are described. The chapter alsdlprprovides the implementation of

the engine and it finishes with a case study irostience applications.

3.1 Workflow Engine

Executing a Grid workflow is a complex endeavor.¥flow tasks are expected to be
executed on heterogeneous resources which maydggagdically distributed. Dif-
ferent resources may be involved in the executfoone workflow. For example, in a
scientific experiment, one needs to acquire datan fan instrument, and analyze it on

resources owned by other organizations, in sequenae parallel with other tasks.
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Therefore, discovery and selection of resourcegfecuting workflow tasks could be
quite complicated. In addition, a large numberasks may be required to be executed
and monitored in parallel and the location of imtediate data may be known only at
run-time.

Given the complexity of Grid workflow execution eronments, a decentralized
architecture is developed in the Workflow Enactmémigine (WFEE) to support
various middleware access and resource allocatrategies. The details of the archi-

tecture are presented in the following subsections.

3.1.1 Entities
The primary components of WFEE and their relatignstith other services in the
Grid infrastructure are shown in Figure 3.1. Warkflapplications, such as scientific
application portals, submit task definitions alomigh their dependencies, expressed
in a workflow language, as well as associated Qagfhlirements to WFEE. WFEE
schedules tasks through Grid middleware on the @gdurces.
The key components of WFEE are: workflow submissmorkflow language
parser, resource discovery, dispatcher, data mavieamel workflow executor.
Workflow submission accepts workflow enactment exjs from planner level
applications.
Workflow language parser converts workflow desooiptfrom XML format into
Java objectsTask ParameterandDataConstraint(workflow dependency) which
can be accessed by workflow scheduler.
Resource discovery is carried out by querying @rfdrmation services such as
Globus MDS [69], directory service and replica taga, to locate suitable re-
sources for the tasks.
Dispatcher is used to access middleware. Resourtagse Grid-enabled by dif-
ferent middleware such as Globus [69] or Web sesvid5]. WFEE had been
designed to support different middleware by creptimspatchers for each mid-
dleware to support interaction with resources.

Data movement system enables data transfer bet@admodes by using HTTP
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and GridFTP [11] protocols.

Workflow executor is the central component in WFHEEnteracts withresource
discoveryto find suitable Grid resources at run time; ¢dtes a task on resources
by using the dispatcher component; it controls ingata transfer between task

execution nodes througlata movement
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Figure 3.1: Architecture of WFEE.

3.1.2 Workflow Execution Management

The workflow execution is managed using a deceamtdlarchitecture. Instead of a
central scheduler for handling whole workflow extimo, a task manager is created
for handling the processing of a task or a groutasks, including resource discovery
and allocation, task dispatcher and failure praogs®ifferent scheduling strategies
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can be deployed in different Task Managers (TMs)ésource selection, QoS nego-
tiation and data transmission optimization. Thetithes of TMs, as well as the whole
workflow execution, are controlled by a Workflow @dinator (WCO).

As shown in Figure 3.2, dedicated TMs are creaie@/kO for each task group.
Each TM has its own monitor which is responsible rfmnitoring the health of the
task execution on the remote node. Every TM maistai resource group which is a
set of resources that provides services requirethi execution of an assigned task.
TMs and WCO communicate through an Event ServiceeB€ESS).

Workflow Task Manager
Coordinator Factory

|

Event T TaSk Manager Sgrt-'ect'ullng
Service " e
Resource
Group

Workflow Execution Management
Figure 3.2: Execution management.

3.1.3 Communication Approach
A communication approach is needed for task masagen one hand, every task
manager is an independent thread of executionteddan be run in parallel. On the
other hand, the behavior of each task manager mpgmd on the processing status of
other task managers according to the task depeiede®r example, a task manager
should not execute the task on a remote node iintne generated by its parent tasks
is not available for any reason.

In addition, in a workflow, a task may have morarttone input that comes from
different tasks. Furthermore, the output of theskd may also be required by other

task managers as well. Hence the communication hbateeen the task managers is
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not just one-to-one or one-to-many, but it couldneny-to-many depending on task
dependencies of the workflow.

Given this motivation, an event-driven mechanisrthvgiubscription-notification
model has been developed to control and manageigxe@ctivities. In the system,
the behaviors of task managers and workflow coatdinare driven by events. A task
manager is not required to handle communicatiorh withers and only generates
events according to a task’s processing statughétsame time, the task managers
take actions only depending on the events occunigitbut concern for details of
other task managers. The benefit of this eventedrinechanism is that it provides
loosely-coupled control; hence the design and agweént of the system is very

flexible and additional components can be easiggéd in.

Workflow Coordinor

notify
control
FEJOS:;—I Event Service
notify p [ e
e e
status " PO e T
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notify |
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‘ Task Manager ‘ ‘ Task Manager ‘ ,,,,,, Task Manager
Py =3 - = - =3

Grid resources

Figure 3.3: Event-driven mechanism.

The event notification is based on subscriptiorifivation model. WCO and
TMs just subscribe to events of interest aftervatiton, and then are informed imme-
diately when a subscribed event occurs. Therehaee thasic types of eventtatus
eventsoutput eventeindcontrol eventsStatus events are sent by the TMs to provide
information on the status of task execution. OQutgugnts are sent by TMs to an-
nounce the task output is ready along with thetlonaof its storage. Control events
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are used to send control messages, such @esuteandresumethe execution, to task
managers

As illustrated in Figure 3.3, TMs inform each otlerd communicate with the
WCO through the ESS. For example, TMs put theik &secution status (e.g. exe-
cuting, done, failure) into the ESS, which notiftae WCO. If the output of a task is
required by its child tasks, the task managers@ichild tasks can subscribe to output
events of the task. Once the task generates thredoputput, an output event is sent
to the ESS, which notifies immediately, the chilf§ that have subscripted to the
output event. A user can control and monitor thekflmw execution by subscribing
to status events and sending control evens thraugsual user interface.

3.1.4 State Transition

The state transition of WCO is illustrated in Figus.4. WCO registers with the ESS
and start TMs of first level tasks, and then masitactivated TMs. Upon receiving
execution status from a TM, WCO starts the TMst®fchild tasks. If the WCO re-
ceives a statudoneevent, it checks whether other TMs are still ragnilf so, WCO
goes back tononitoring otherwise it exits. If WCO receives a failed eviegam a TM,

it proceeds tdailure processingand then ends.

The state transition of TMs is illustrated in Fig8.5. The TM registers events,
such as output events, status events, generatés pgrent tasks and waits for the
events to occur; when an event occurs, the TM toése event processingtate. If
all input data is available, it starts a new threagrocess execution for a job; other-
wise, the TM goes back teait state. A job is a unit of work that a TM sends.tGrid
node and one task may create more than one jolesjobhexecution is started from
resource matchingin which a suitable resource is selected fromréds®urce group
created by querying a directory service (see Secd®). If a suitable resource is
available, the TM submits a job to the resource #esh monitors the status of job
execution on the remote resource. If the executamfailed, the TM goes back rie-
source matchin@nd selects an alternative resource and then sulbime job to it. If

all parent tasks and execution jobs are complétedTM ends.
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Figure 3.4: State transition of WCO.
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Figure 3.5: State transition of TM.

3.1.5 Interaction

The interactions between the WCO, TMs, ESS and tremssources are illustrated in
Figure 3.6. First, the WCO needs to register toEB& and subscribe to task status
events. Then, the WCO activates task managergsbfiéivel tasks of which, in this
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example, there is only one TM1. After TM1 finishtbe preprocessing for the task
execution, it sends a message to ESS sayiagn“executing the taskESS informs
the WCO and WCO activates TMs of the child task3MfL, namely TM2 and TM3,

in this example.

WCO Event Service ™1 Resources ™2 ™3

|
} register task status events
|

:

T T
| | | |
| | | |
| | | |
| | | |
| | | |
| | | |
| | | |
| | | |
| | | | |
activate | ! ! !
1 - | | |
; send status [executing] ; ; ;
| | |
notify status [executing] } } }
| | |
activate | | |
i ‘ |
activate } }
I
register output event[parent TaskNafne, portNo] D
| |
| |
| |
| |
register output event[parent TaskName, portNo] ‘
L] ; L]
} submit job } }
| |
| T ‘
} inform output location } ] wait for inputs
|
| [ </'W
y . ! ! wait for inputs
L ‘ ngtlfy output to registered TM ; \u
| t t
} } notify output to registered TM ‘ ‘ }
| | | -
| T send status [done] | ' '
| L'J | | |
! notify status [done] ‘ ! ! !
| | | |
! | send status [executing] | | |
t |
notify status [done] | send status [executing] ;
} ! submit job
| N
} submit job
1 L]
| |
| |
| |
| |
| |
| |

Figure 3.6: Interaction sequence diagram the WQ®s @nd ESS.

The inputs of the task managed by TM2 and TM3 oelyhe output of the task of
TM1, so TM2 and TM3 register to ESS and listenttodutput events. Once TM1
identifies a suitable resource, it submits taskhad resource. As soon as TM1 knows
the output of the task, it informs TM2 and TM3 thgh ESS, sayingmy output of
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port No. x is ready and its location is xxxAf all input data for TM2 and TM3 are
ready, TM2 and TM3 reports execution status to EBfd, then proceeds to initialize
the execution of their tasks. After WCO receives tiotification of the execution of
the tasks in TM2 and TM3, WCO will activate thelnld task managers, so that they
can prepare for task execution. This process wilcbntinued until the end of work-

flow execution.

3.2 Service Discovery

In a Grid environment, many services having sametfanality and user interaction,
can be provided by different organizations. In &ddj a service may be replicated
and deployed in many locations. From the usersitpoi view, it is better to use a
service that offers a higher performance at a lopvare. Therefore, a method is re-

quired to allow users to find replicated servicasilg.

Workflow Engine Grid Market Directory

5.subscribe 3. publish %
' ‘ ) Repository
Runtime Data Service Information

4, create/update] 2. create/update

6. notification

1. register

Service Provider

Figure 3.7: Service discovery using GMD.

A directory service calle&rid Market Directory(GMD) has been developed to
support service publishing and discovery. GMD isrdrastructure that allows (a) the
creation of one or more registries for service mters; (b) the service providers to
register their resources/application servicesttey wish to provide; (c) users such as
workflow engine to discover resources/services thed attributes (e.g., access price,

location and usage constraints) that meet their @g8irements.
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Figure 3.8: Grid application service schema.

Figure 3.7 illustrates service publishing and di&eyg in a Grid environment
through GMD. Service providers first register witte GMD and publish their static
information such as location, service capabilitd ascess methods. A Grid user such
as the workflow engine can query GMD to find a @hbiié service. After that, the user
can also query and subscribe to the service prowdilectly to obtain more dynamic
information such as service execution status.

A provider can provide their specialist applicaidor others to access remotely.
Figure 3.8 shows an application service schemaagpiication service provider may

also provide hosted machine information such ashths¢ name and host public key
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for remote secure access. Service providers alsd teeindicate middleware through
which Grid users can access the service.

Grid Application Mode(GAM) is developed for application identificatioBAM
is a set of specifications and APIs for a Grid agtion. The GAM can be published
by service providers within the GMD, and the usems search GMD for services
conforming to a particular GAM. The applicationglwihe same GAM name provide
the same function and API. In the case of the wovkEystem, if users do not specify
a particular service for a task in the workflow cgstion, the scheduler uses the
GAM name associated with the executable of the taskuery the GMD. The GMD
will return a list of services. These servicesall@ble to execute the task.

3.3 Workflow Language

In order to allow users to describe tasks and tihependencies, a XML-based work-
flow language (XWFL) has been defined. The workflawguage provides the means

to build new applications by linking standalone laggtions.

[ workdiow B3 5
This iz the root workfow
elernent

Figure 3.9: Structure of workflow language.
Figure 3.9 shows the basic structure of the wovkflanguage. It consists of two

parts: task definitions defined intasks>, data dependencies defined ilnks> and

QoS constraints defined irQoSconstraints.
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3.3.1 Tasks
The element tasks is a set of definitions of tasks that are to beceted. Figure 3.10
shows the schema of task definition. A task caa Bangle task or a parameter sweep
task. A parameter sweep task is able to process af parameters. The parameters
are defined in paras>. The detailed design of parameter tasks is inirted in Sec-
tion 3.4.3. The elementexecutable is used to define the information about the
application, input and output data of the task. Waekflow language supports both
abstract and concrete workflows. The user or higherkflow planner can either
specify the location of a particular service prangla required application inser-
vice> or leave it to the engine to identify their prders dynamically at run-time. The
middleware of the application is identified througtservice information file by the
GMD when dispatching tasks.

In the example that follows, task A executes doak.program on hodbelle-
grid.comin the directory/servicesand the executablgock has two input 1/O ports
port O (a file) and port 1 (a parameter value. fdpmresentation of task shown below

has a single output port.

<task name= “A">
<executable>
<name>dock</name>
<service>
<hostname="bellegrid.com” />
<accesspoint value="/services/dock.exe” />
</service>
<input>
<port num=0 type="file” url=http://www.gridbus.or g/dock.in
value="dock.in"/>
<port num=1 type="msg” value=1/>
</input>
<output>
<port num=2 type="file” value="dock.out”/>
</output>
</executable>
</task>

! Ports play a role of data links to or from a nadéhe workflow. The data on the link can be  stan-
dard data items or files.
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Figure 3.10: Schema of task definition.
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3.3.2 Data Dependencies

A data link is used to specify the data flow betwéego tasks. The schema of the data
link is defined in Figure 3.9. Figure 3.11 shows #xample of a data flow description.
The inputs of taslB and taskC rely on the output of tash. The output of tasiA
needs to be transferred to the node on which tAsksdC are executed. Input could

be a file, parameter value or data stream.

<workflow>
<tasks>
<task name= “A”"> o
""" file
</task> L
<task name= “B"> ® other
</task> ®

<task name= “C">

</task>

<task name= “D">

<
</tasks> /
<links>
<link> E
<from task="A" port=2 />
<to task="B” port=0 /> . .
</link> Figure 3.11: Flow diagram of task A, B, C and D.

<link>
<from task="A" port=2 />
<to task="C" port=0 />
</link>
<link>
<from task="B” port=1 />
<to task="D" port=0 />
</link>
<link>
<from task="C” port=2 />
<to task="D" port=1 />
</link>
</links>
</workflow>

3.3.3 Parameterization

Supporting parameterization in the workflow langeiag very important for scientific
applications. It enables scientists to perform expents across a range of different
parameters without being concerned about the ddtaorkflow description. A pa-
rameter defined in each task type is callddcal parameter, when it is defined for
the entire workflow, it is called global parameterAs shown in Figure 3.9, multiple
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parameters types such as single, range, file antheration are supported. An exam-
ple for a single parameter type and a range pagrgde is given in Figure 3.12.

<paras>
<para type= “single”>
<name>X</name>
<value type=integer>10</value>
</para>
<para type= “range”>
<name>Y</name>
<min>1</min>
<max>20</max>
<step>2</step>
</para>
</paras>

Figure 3.12: Single parameter and range parameter.

Figure 3.13: lllustration of workflow parameters.

Among these parameter types, range and enumetggies are used to define the
range or a list of parameters which the task isiired to be executed with. This type
of task is called as parameter-sweepask [8] and is structured as a set of multiple
execution jobs, each of which is executed with stimfit set of parameters. Figure
3.13 illustrates parameter sweep tasks. Therevareparameter sweep tasks: task
and taskB. Each task is required to input a global param@tamediime_stepand a
local parameter. The local parameter of tAsis a range type parameter (namgd
while the local parameter of tagk (hamedz) is an enumeration type. At execution
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time, the global parameter value is combined walhelocal parameter value and
generates 10 sub-job&{— Ja10) for taskA and 3 sub-jobslf; — Jy3) for taskB.

3.3.4 1/0 Models

As shown in Figure 3.11, a task receives outpua daim its parent as its input
through a data link. However, for some tasks, ntbegén one output could be gener-
ated by one output port. For example, such a taskdde a data collecting task that
continues to read information from a sensor desit@ generate corresponding output
data or a parameter-sweep task that generatesphaultaita based on various sets of
parameters. These outputs can be produced atetiffémes. Some successor tasks
may not require to be processed until all thespudullata are generated. It can proc-
ess the output once it is available. However, a@océasks can process the output data
generated from a single parent differently, depegdin their requirements.

Three 1/0 models have been developed in the woskfgystem to provide
data-handling capabilities. These models anany-to-manymany-to-oneand syn-
chronization In Figure 3.13, there are two tasks: taskand taskB. They are
connected by a data link. There are multiple sdis-jm A and each job produces an
output. For the many-to-many model, tdlstarts to process data and generates an
output once there is an input available on the biaka As shown in Figure 3.14a, four
outputs generated by four sub-jobsAadire processed individually by four sub-jobs of
B. For the many-to-one model, taBkstarts to process data once there is an input
available, however, the result is calculated basedhe result generated by earlier
sub-jobs. As shown in Figure 3.14b, sub-Pb processes the output generated by
sub-jobAl. Once the output dk2is available, sub-joB2is created and processes the
output ofA2 based on the output generatedBdy For the synchronization model, task
B does not start processing until all the outpwvailable on the data link. As shown
in Figure 3.14c, there is only one sub-job in tBsknd it processes all outputs gener-
ated by sub-jobs @4 at one time.
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Figure 3.14: Input/output models.

3.4 Fault Handling

Two fault handling mechanism are developed in ty&esn, retry submissiorand
critical task replication

The retry submission mechanism basically combihesfault handling methods
of retry and alternative resource which are descdrilm Chapter 2. It reschedules a
failed job onto a current available resource, dsd eecords the number of failed jobs
for each resource. Once the failed job number a@seewarning threshold the
scheduler decreases the number of jobs submittéeese resources. If the number of
failed jobs exceeds eitical threshold the scheduler terminates submission of jobs
onto this resource.

The critical task replication mechanism replicadessk execution on more than
one resource. The result produced earliest is tiseal for the rest of the workflow.
This mechanism is designed to execute a long rgntask when there are multiple

sSpare resources.

3.4 Implementation

The WFEE has been implemented by leveraging tHewolg key technologies: (1)
IBM TSpaces [188] for supporting subscription-nictifion based event exchange; (2)
Gridbus broker for deploying and managing job execouon various middleware; (3)
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XML parsing tools including JDOM [87]. The detailethss diagram and event server

implementation are presented as follows:

3.4.1 Design Diagram

The class design diagram of the WFEE is shownguré 3.15XMLParsingToModel
parses XML formatted workflow description into JaMajects which are instances of
class ofTask Port, DataConstraint These objects are passed oMtorkflowModel
WorkflowModelToDiGraphconverts WorkflowModel into a directed graph repre-
sented by clasPiGraph which encompasses ma@®raphNodeobjects. An instance
of GraphNodecontains a workflow task and the reference&aphNodeof its par-
ent and child tasksWorkflowCoordinatorcreates and controls the instantiation of
TaskManageraccording to the graph node dependendi@sclass represents a unit of
work assigned to a Grid resource. Every job haoaitor implemented byobMoni-
tor to monitor job execution status on the remote ndd®rder to extend WFEE to
support multiple Grid middleware, we abstract clResourceand Dispatcherwhich

provides interfaces that interact with Grid resestc

XMLParsingToModel ‘ WorkflowModelToDiGraph ‘
 — [ ]
[ ]

DiGraph -
L 1
/ & <L1”n / . n/
L.n 1.n 1.n GraphNode
DataConstraint ‘ ‘ Port ‘ Task B children : List ——
} I | | Eparents : List

<<Abstract>>Resource

Figure 3.15: Class diagram of WFEE.
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3.4.2 Event Messages

We have utilized tuple spaces to exchange evehtstdple space model is originated
at Yale with the Linda system [35]. A tuple is sisnp vector of typed values (Fields).
A tuple space is a collection of tuples that carshared by multiple parties by using
operations such as read, write and delete. In @ukwve have leveraged IBM's re-

cent implementation of tuple spaces called TSpH®&S] to be the event server.

Table 3.1: Format of events.

Event name Fieldl Field2 Field3 Tuple template for registration

task status task No. “status” value new Tuple(new Field(String)

event status, new Field(String))

output event task No. port No. value new Tuple(skportNo, new
Field(String))

job status event job No. task No. value new Tuq@e(Field(String),
taskNo, new Field(String))

There are three types of event tuples whose forsnahown in Table 3.ltask
status eventoutput evenaandjob status evenfTask status event is sent by TMs and
WCO use it to control TMs activation. The firstlflas the ID of the task, the second
field is string “status” to indicate the type ofpta for the registration purposes, and
the third field gives the value of status.

Child TMs need output events sent by the parent Tavise informed if their in-
puts are available. The events have three fieldstask ID is given in the first field,
the second field is port numbers, and the thirdl fi® the location of output.

One task can have multiple jobs. Job status ewetsent by the job monitor.
Every job status event provides a job ID and itk t® with status value. TMs make
decisions according to the job events. For exanwhen a job has failed, the TM can
reschedule it on another resource in the resoumgg

The tuple templates are used for subscribing toctiteesponding event. For ex-
ample, task status events can be received by a teipiplate with the second field as a

String called “status”.
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3.5 A Case Study in fMRI Data Analysis

Magnetic Resonance Imaging (MRI) [113] uses radaves and a strong magnetic
field to provide detailed images of internal organsl tissues. Functional MRI (fMRI)
[81] is a procedure that uses MRI to measure theasichanges in an active part of
the brain. fMRI is becoming a major diagnostic noetlior learning how a normal, or
a diseased brain is working. fMRI images obtainggdanning the brains of subjects
as they perform cognitive tasks. A typical studyMRI data consist of multiple-stage
processes that begin with pre-processing of raw datl conclude with a statistical
analysis. Such analysis procedures often requiom inindreds or even thousands of
images [198].

3.5.1 Population-based Atlas Workflow

fMRI images of different subjects

warp parameter sets
align_warp reslice

resliced images

atlas X slice

\ | convert |._| slicerX |‘*

atlas Y slice

| convert |‘_| slicerY |‘_ i atlas image softmean

atlas Z slice

/| convert | slicerz [+
i generate 2D atlas E ]

parallel Sequential
processing processing

Figure 3.16: Population-based atlas workflow.
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Population-based atlas [165] creation is one ohtlhagr fMRI research activities.
These atlases combine anatomy imaging data fromthlyeand diseased populations.
These describe how the brain varies with age, geadd demographics. They can be
used for identifying systematic effects on bramaiure. For instance, they provide a
comprehensive approach for studying a particuléaigsaup, with a specific disease,
receiving different medications, or neuropsychatlisorder. Population-based atlases
contain anatomical models from many subjects. Téteye population templates and
statistical maps to summarize features of the @damu. They also average individual
images together so that common features of thersupgare reinforced.

Figure 3.16 shows a workflow that employs the Autted Image Registration
(AIR) [182] and FSL [149] suite for creating popiide-based brain atlases from high
resolution anatomical data. The stages of this flmskare follows:

a) The inputs to the workflow are a set of brain inmgéhich are 3D brain
scans of population with varying resolutions andeference brain image.
For each brain imagelign_warp adjusts the position and shape of each
image to match the reference brain. The outputacheprocess is warp
parameter setlefining the spatial transformation to be perfadme

b) For each warp parameter sedslice creates a new version of the original
brain image according to the configuration paramnsetfined in the warp
parameter set. The output of each reslice procadwaeesliced image.

c) softmearaverages all the resliced images into one sirttde anage.

d) The averaged image is sliced ussiiger to give a 2D atlas along a plane in
three dimension (X, y and z), taken through thdreeof the 3D image. The
output is an atlas data set.

e) Finally, each atlas data set is converted intoaplgcal atlas image using

convert
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3.5.2 Experiment

Table 3.2: Applications configuration of Grid sites

Node / Details Applications Location
Manjra.cs.mu.oz.au éISRL University of Melbourne,
Australia
Convert
vgtest.vpac.org AIR VPAC, Australia
Vgdev.vpac.org AIR VPAC, Australia
Brecca-1.vpac.org AIR VPAC, Australia
Brecca-2.vpac.org AIR VPAC, Australia
: University of Innsbruck,
karwendel.dps.uibk.ac.at FSL Austria
University of Elec-
uuuu.maekawa.is.uec.ac.jp FSL tro-Communications,
Japan
University of Elec-
walkure.maekawa.is.uec.ac.|p FSL tro-Communications,
Japan

* AIR package includes software for executing thskt

Table 3.3: Resource attributes.

Node / Details CPU Middleware
(typel#/GHz)

manjra.cs.mu.oz.au 4/Intel Xeon/2.00GHz SSHI/IGT2
vgtest.vpac.org 1/Intel Xeon/3.20GHz SSH/IGT4
ngdev.vpac.org 1/Intel Xeon/3.20GHz SSHI/IGT4
brecca-1.vpac.org Intel Xeon/4/2.80GHz SSH
karwendel.dps.uibk.ac.at 2/AMD Opteron 880/2.39 GHz SSH/SGE
uuuu.maekawa.is.uec.ac.jp 1/Intel Xeon/2.80 GHz /594
walkure.maekawa.is.uec.ac.jf 1/Intel Xeon/2.80 GHz SSH/GT4
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The experiment was conducted using the testbedded\by the University of
Melbourne (Australia), Victorian Partnership for veshced Computing (VPAC)
(Australia), Universityof Electro-Communications (Japan), and Universityirms-
bruck (Austria). The configuration of all resouréedisted in Table 3.2 and Table 3.3.
Table 3.2 shows the application software availaleevery resource. All application
software cannot be installed on every resource,tdukeir varied capability and ad-
ministration policy. The AIR application requireorfexecuting proceduraign_warp
reslice and softmeanis installed on the sites of VPAC and the Univeraf Mel-
bourne, while the FSL application required for exewy procedursslicer is installed
on other sites. The Convert application require@xecute procedureonvertis only
available on the site of the University of Melboerimable 3.3 shows processor ca-
bability and supporting middleware of each resource

In the first experiment, the impact of the numbeGoid sites is investigated for
the various numbers of subjects. Figure 3.17 shbw$otal execution times using 1-5
Grid sites for generating atlas of 25, 50 and lifjexts. The size of image file asso-
ciated with each subject is around 16 to 22 MB. &&e see that the total execution
time increases as the number of subjects increAslegionally, the larger the number
of Grid sites, the faster execution time is achieveor example, the total execution
time of generating an atlas of 100 subjects usimg @Grid node is 95 minutes; how-
ever, it only takes 45 minutes using five Grid nadEhe speedup rate is over 50%. It
shows the performance of conducting fMRI data agialgan be significantly im-
proved by using the Grid.

Figure 3.18 shows the execution progress for peagsH0 subjects. At the be-
ginning of the workflow execution, 5lign_warpjobs are generated for the first step,
and each job processes one subject image. Onteia floe step one is completed, the
task manager of the step two is notified by theoouevent of this job. It then gener-
ates a neweslicejob of the step two. Therefore, the number of wgifjobs does not
continuously reduce whealign_warpjobs are completed. In Figure 3.18, we can ob-
serve that the number of waiting jobs remains adda® until the 50 jobs of the step

one are completed. All the results of the step aneprocessed once by thaftmean
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task, and the completion sbftmeargenerates thredicer jobs to produce 2D images
along three dimensions. Therefore, there is onlglsmumber of waiting jobs after

600 seconds.
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Figure 3.17: Total execution times of processingStband 100 subjects over various

Grid sites.
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Figure 3.18: Execution progress for processinguifjests.
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Figure 3.19: Execution tasks for processing 50exibj

Figure 3.19 shows the number of jobs of each tasking over the execution.
Available jobs of the step one and step two caexXeeuted in parallel. However, the
jobs of the step one have a higher priority thass¢hof the step two, when they are
compete for resources. As we can obverse the mesugon jobs during 0-580 sec-

onds are produced @&lignWarpand only a few of the jobs oéslicewere executed.

Table 3.4: Detailed execution times of the taskgpfocessing 100 subjects.

Start Time | End Time | Duration

Task . . .

(min) (min) (min)
align warp | O 22.82 22.82
reslice 2.65 28.50 25.85
softmean 28.92 43.08 14.17
sliceX 43.1 441 1
sliceY 43.1 4413 1.03
sliceZ 43.1 44.07 0.97
convertX 44 .4 44,72 0.32
convertY 44 .42 44,75 0.33
convertZ 44.07 44.43 0.37

Table 3.4 shows the start and end time for eadhitahe workflow for 100 sub-

jects. The start time we measured is the time whenstage-in of input data to the
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remote resource is started and the end time isdimpletion time of a task. As we can
see from Figure 3.16, there are multiple sub-taskaskalign_wrapandreslice The
taskresliceprocess was started afidign_wrapprocess, once an output produced by
a sub-task ofalign_wrap was available. However, the taskftmeanis started to
process after all sub-tasks of align_wrap have loeemeleted, because it requires all
results produced by the sub-taskatijn_wrapto generate a mean image. Theoreti-
cally, after tasksoftmeanfinishes, its child tasks should be submitted irdiaeely,
however, there are some time intervals betweerpénent tasks’ end time and child
tasks’ start time. That gap can be attributed ® dlierhead of running WFEE, in-
cluding time involved in processing event notifioas, resource discovery and
remote resource submission. However, comparecketoutining time of tasks, this gap

is insignificant and less than 2%.

3.6 Related Work

The workflow engine presented in this chapter isna@ependent workflow execution
system and takes advantage of various middlewavéces such as security, Grid re-
source access, file movement and replica manageswnices provided by the
Globus middleware [64][69], and multiple middlewatspatchers provided by the
Gridbus Broker.

Many efforts toward grid workflow management haeem made. DAGMan [163]
was developed to schedule jobs to the Condor systeam order represented by a
DAG and to process them. With the integration ofn@ra [67], Pegasus [52] maps
and executes complex workflows based on full-ah@adning. In Pegasus, a work-
flow can be generated from metadata descriptiothefdesired data product using
Al-based planning technologies. The Taverna prdj&25] has developed a tool for
the composition and enactment of bioinformaticskflow for the life science com-
munity. The tool provides a graphical user integféar the composition of workflows.
Other workflow projects in the Grid context includé&NICORE [136], ICENI [116],
Karajan [97], Triana [161] and ASKLON [60].

76



Compared with the work listed above, the workflowgi@e provides a decentral-
ized scheduling system by using tuple spaces madeth facilitates deployment of
different scheduling strategies to each task.db @&nables resources to be discovered
and negotiated at run-time.

A number of workflow languages have been developga\WL (Abstract Grid
Workflow Language) [58] is an XML-based languageiaihallows users to define a
graph of activities that refer to computationak&sr user interactions without con-
cerning the complexity of underlying technologieQoWL (QoS-aware Grid
Workflow Language) [23] allows users to define th@ieferences regarding the exe-
cution location affinity for activities with speafsecurity and legal constraints. Some
languages such as WSBPEL [15] and GSFL [93] addveskflows for web services.
The workflow language proposed in this chapter iddbeware independent and sup-
port both abstract and concrete models. It alspatip parameterization [8], which is
important to scientific applications.

3.7 Summary

In this chapter, a workflow enactment engine isodticed to facilitate composition
and execution of workflows in a user-friendly mannghe engine supports different
Grid middleware as well as run-time service discgvé is capable of linking geo-
graphically distributed standalone applications dakies advantage of distributed
computational resources to achieve high throughput.

The event-driven and subscription-notification nmatukms developed using the
tuple spaces model make the workflow executiondyesoupled and flexible. Sup-
porting parameterization in the workflow languadl®ves users to easily define a
range and list of parameters for scientific expenis to generate a set of multiple
parallel execution jobs. The engine has been ssftdBsapplied to an fMRI analysis
application.

The engine proposed in this chapter facilitatessuge build workflows to solve
their domain problems and provides a basic infuastire to schedule workflows in

Grid environments. The next chapter presents sdimgdproblems posed by intro-
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ducing the service-oriented paradigm in Grid cormgutA number of heuristics are
then developed to optimize execution performancéewmmeeting users’ QoS re-

guirements.
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Chapter 4

Cost-Aware Workflow
Scheduling

Grid technologies provide the basis for creatingeevice-oriented paradigm that en-
ables a new way of service provisioning based alityutomputing models. For
typical utility computing-based services, users @narged for consuming services
based on their usage and QoS level required. Tdrexeivhile scheduling workflows
on utility Grids, service price must be considewddle optimizing the execution per-
formance.

In this chapter, the characteristics of utility @riand the corresponding schedul-
ing problems are discussed followed by two schedulfieuristics based on two QoS
constraints, deadline and budget. Two differentkfftow structures and experiment

settings are also presented for the evaluatioheptoposed scheduling heuristics.

4.1 Utility Grids

Utility computing [166] has emerged as a new seryimvisioning model [43] and is
capable of supporting diverse computing servicesh as servers, storage, network
and applications for e-Business and e-Science awgobal network. For utility com-
puting-based services, users consume requiredcesnand pay only for what they
use. With economic incentive, utility computing eacages organizations to offer
their specialized applications and other computitifities as services so that other
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individuals/organizations can access these ressuerrotely. Therefore, it facilitates
individuals/organizations to develop their own caotivities without maintaining and
developing fundamental compute infrastructure.he tecent past, providing utility
computing services has been reinforced by serviesved Grid computing, that cre-
ates an infrastructure for enabling users to comsservices transparently over a

secure, shared, scalable, sustainable and stawdadiwide network environment.

Table 4.1: Community Grids vs. Utility Grids.

Type of Grids Community N
: tility Grids

Attributes Grids

Availability Best effort Advanced reservation

QoS Best effort Contract/Service Level

Agreement (SLA)
Pricing Not considered of Usage, QoS level, Market sup-
free access ply and demand

Table 4.1 shows different aspects between comm@ritys and utility Grids in
terms of availability, Quality of Services (QoS)dapricing. In utility Grids, users can
make a reservation with a service provider in adeato ensure service availability,
and users can also negotiate service level agrdesmeti service providers for the
required QoS. Compared with utility Grids, servaailability and QoS in commu-
nity Grids may not be guaranteed. However, commu@itids provide free access
based on mutual agreement driven by partnershifC(&kd [84]) or free access (e.qg.,
SETI@Home [156] ), whereas users need to pay foicgeaccess in utility Grids. In
general, the service pricing is based on the Qu&,land current market supply and
demand.

Typically, service providers charge higher pricesHigher QoS. Therefore users
do not always need to complete workflows earli@ntkhey require. They sometimes
prefer to use cheaper services with a lower Qo§ ithaufficient to meet their re-

guirements. Given this motivation, cost based wovkfscheduling is developed to
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schedule workflow tasks on utility Grids accorditogusers’ QoS constraints such as
deadline and budget.

4.2 Problem Overview

4.2.1 Problem Description
A workflow application can be modeled as a Directed/clic Graph (DAG). Let

be the finite set of task3, (1£i £n). Let be the set of directed edges. Each
edge is denoted byT,,T;), where T, is called an immediate parent task Bf, and
T, the immediate child task of;. A child task cannot be executed until all of its

parent tasks have been completed. There is a trssiem time and cost associated
with each edge.
In a workflow graph, a task which does not have jpawent task is called amtry

task denoted asl,,,, and a task which does not have any child tasklled anexit

ntry

task denoted asT,,, . In this thesis, we assume there is only dig, and T, in

Xit * exit
the workflow graph. If there are multiple entrykasand exit tasks in a workflow, we
can connect them to a zero-cost pseudo entry dtaesk.

The execution requirements for tasks in a workfloould be heterogeneous. A
service may be able to execute some of workflokstaShe set of services capable of

executing taskT, is denoted asS, and each task is only assigned for execution on
one service. Services have varied processing dagadelivered at different prices.
The task runtime on each service and input datasfiea time are assumed to be
known. The estimation of task runtime is presemte8ection 4.2.2. The data transfer

time can be computed using bandwidth and latenfoyrimation between the services.
t) is the sum of the processing time and input datastission time, and; is the

sum of the service price and data transmission faysprocessingT, on service

§AEEIS).
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Let B be the cost constraint (budget) am be the time constraint (deadline)
specified by a user for workflow execution. The gedconstrained scheduling prob-

lem is to map everyl, onto a suitable service to minimize the executiom of the

workflow and complete it with the total cost lebst B. The deadline constrained

scheduling problem is to map evefly onto a suitable service to minimize the exe-

cution cost of the workflow and complete it befdeadline D .

4.2.2 Performance Estimation

Performance estimation is the prediction of perfamoe of task execution on services
and is crucial for generating an efficient schedoleadvance reservations. Different
performance estimation approaches can be appliddfévent types of utility services.
We classify existing utility services as eitlmesource servicegapplication servicesr
information service

Resource services provide hardware resources ssiotpraputing processors,
network resources, storage and memory, as a seiicemote clients. To submit
tasks to resource services, the scheduler needstéomine the number of resources
and duration required to run tasks on the discavesrvices. The performance esti-
mation for resource services can be achieved bwygusxisting performance
estimation techniques (e.g. analytical modelingpieical and historical data) to pre-
dict task execution time on every discovered resmgervice.

Application services allow remote clients to useitttspecialized applications,
while information services provide information fibile users. Unlike resource services,
an application service and information serviceagable of providing estimated ser-
vice times based on the metadata of users’ ser@gaests. As a result, the task

execution time can be obtained by the providers.

4.3 Cost-based Workflow Scheduling Heuristics

Workflow scheduling focuses on mapping and manading execution of in-

ter-dependent tasks on diverse utility servicesthis Section, two heuristics are
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provided as a baseline for cost-based workflow dalveg problems. The heuristics
follow the divide-and-conquer technique and thehmodology is listed below:
Step 1 Discover available services and predict exeauiime for every task.
Step 2 Distribute users’ overall deadline or budgetiavery task.
Step 3 Query available time durations (time slots), gyate an optimized sched-
ule plan and make advance reservations based docddeoptimal solution

of every task partition.

4.3.1 Deadline Constrained Scheduling

The proposed deadline constrained scheduling heursscalledGreedy Cost-Time
Distribution (GreedyCost-TD). In order to produce an efficischedule, Greedy-
Cost-TD groups workflow tasks into task partiticared assigns sub-deadlines to each
task based on their workload and dependenciesutime, a task is scheduled on a
service, which is able to complete it within itsigmed sub-deadline at the lowest

cost.

Workflow Task Partitioning
O S,
]

Figure 4.1: Workflow task partition.

In workflow task partitioning, workflow tasks arast categorized as eitheyn-

chronization task®r simple tasksA synchronization task is defined as a task which
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has more than one parent or child task. In Figute &, T,, and T,, are synchro-
nization tasks. Other tasks which have only onemtatask and child task are simple
tasks.

In Figure 4.1, T, - T, and T, - T,; are simple tasks. Simple tasks are then clus-
tered into éranch A branch is a set of interdependent simple tds&sare executed
sequentially between two synchronization tasks.é@mple, the branches in Figure
4.1b are{T,,T,, T, } {T.,Ts}. {T5}, {T5, o}, {T,,} and {T,, T, }

After task partitioning, workflow tasks are then clustered into partitions. As
shown in Figure 4.1b, partition V,(LEi £k) is either a branch or a set of one syn-
chronization task, wheré is the total number of branches and synchroniaaasks
in the workflow. For a given workflom\(C,L), the corresponding task partition

graph W(G,L ) is created as follows:
G ={V|V, isapartitionin W, wherel£i £k }
L ={(vi,w)|vT V,,wi V,,and(v,w)T L}
where C is a set of task partitiorand L is the set of directed edges of the form

M,V,), andV, is a parent task partition ofV, and V, is a child task partition of

V..

Deadline Distribution

After workflow task partitioning, the overall deaw is distributed over eacl, in

W . The deadline assigned to aiWy is called asub-deadlineof the overall dead-

lineD . The deadline assignment strategy considers thewolh facts:

P1 The cumulative expected execution time of any sipgth between two synchro-

nization tasks must be the same.

A simple pathn W is a sequence of task partitions such that treesedirected

edge from every task partition (in the simple pathits child, where none of the task
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partitions in the simple path is repeated. For edam{V,, V,, V,} and {V,, V,, V;,
V,, V,}are two simple paths betweewi and V.

A synchronization task cannot be executed untitaks in its parent task parti-
tions are completed. Thus, instead of waiting fitkleo simple paths to be completed, a
path capable of being finished earlier can be eteelcan slower but cheaper services.

For example, the deadline assigned{iQ,T, is}the same 43, ih Figure 4.1.
Similarly, deadlines assigned{, T,,T, {¥..T.}, and{{T, },{T,.}, {T.,.T.}} are

the same.

P2. The cumulative expected execution time of any et V, (TemryT V) to

Vv, (T, 1 V,) is not greater than the overall deadlibe

P2 assures that once every task partition is coedpatthin its assigned deadline,
the whole workflow execution can satisfy the useeguired deadline.

P3. Any assigned sub-deadline must be greater thamuoaleto the minimum proc-
essing time of the corresponding task partition.

If the assigned sub-deadline is less than the mimnprocessing time of a task
partition, its expected execution time will exceabd capability that its execution ser-

vices can provide.

P4. The overall deadline is divided over task partison proportion to their mini-
mum processing time.

The execution times of tasks in workflows vary; sotasks may only need 20
minutes to be completed, and some others may ridedsa one hour. Thus, the dead-
line distribution for a task partition should beskbd on its execution time. Since there
are multiple possible processing times for evesktave use the minimum processing
time to distribute the deadline.

The deadline assignment strategy on the task ipartifraph is implemented by
combining Breadth-First Search (BFS) and DepthtBesarch (DFS) algorithms with
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critical path analysis to compute start times, prapn and deadlines of every task
partition. After distributing overall deadline intask partitions, each task partition is

assigned a deadline. There are three attributesciagsd with a task partitiotV, :
deadline @IV, ), ready time (t[V, ], and expected execution timeefV, ). [The
ready time ofV, is the earliest time when its first task can becexed. It can be

computed according to its parent partitions aniheefby

1= o el Y @
17 maxdiVi] | otherwise

where PV is the set of parent task partitions \@f. The relation between three at-

tributes of a task partition/; follows that:

eefvi] =dI[V,]- rt[V] (4.2)

(152)V,

V3(152) V5(284)
350

Figure 4.2: Deadline distribution.

After deadline distribution over task partitionsswb-deadline is assigned to each
task. Figure 4.2 shows an example of spreadingveeall deadline (350 time units)
over partitions Y1 - V7). If the task is a synchronization task, its seladline is equal
to the deadline of its task partition. As shownthe example, the sub-deadline as-
signed toT, is 217 time units. However, if a task is a simgdsk of a branch, its
sub-deadline is assigned by dividing the deadlinésgartition based on its process-
ing time. For example, there are two tasks/inand the sub-deadline of each task
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need to be computed based on the sub-deadling ahd the minimum processing

time of each task. LeP be the set of parent tasks @f. The assigned deadline of

task T in partition V is defined by:

di[T]=eefT] +rt[V] (@3
min t/

where eefT] =&.‘|' eefV] (4.4)

~ mint,
T VIEIE|S]
0 T=T
rt T — ’ i entry 45
(1] rTTj}aF}d'[T,-], otherwise o)

Greedy Cost-Time Distribution (TD)

Once each task has its own sub-deadline, a locahaptschedule can be generated
for each task. If each local schedule guarantessthieir task execution can be com-
pleted within their sub-deadline, the whole workfloneextion will be completed
within the overall deadline. Similarly, the resufttbe cost minimization solution for
each task leads to an optimized cost solution Herdntire workflow. Therefore, an
optimized workflow schedule can be constructed frdhlogal optimal schedules.
The schedule allocates every workflow task to a saieservice such that they can

meet its assigned sub-deadline at low execution testCos{(T,) be the sum of data
transmission cost and service cost for procesdingThe objective for scheduling

task T. is:

nel, (4.6)

Minimize Cos{(T,) :Emﬁi‘s“
J

subject tot £ eefT, ]
The details of GreedyCost-TD heuristic are preskinieAlgorithm 4.1. It first
partitions workflow tasks and distributes overahdline over each task partition and

then divides the deadline of each partition intohesingle task. Unscheduled tasks are

gueued in the ready queue waiting to be scheddled.order of tasks in the ready
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gueue is sorted by a ranking strategy which ismesd in Section 4.3.3. The sched-

uler schedules tasks in the ready queue one byTdre.entry task is the first task

which is put into the ready task and scheduled.eCalcparents of a task have been

scheduled, the task becomes ready for schedulidgisaput into the ready queue

(Line 15). The ready time of each task is compuatietthe time it is scheduled (Line 9).

After obtaining all available time slots (Line 9gaded on the ready time and

sub-deadline of current scheduling tasks, the imskheduled on a service which can

meet the scheduling objective. If no such servicavailable, the service which can

complete the task at earliest time is selecteatisfy the overall time constraint (Line

11-12).

Algorithm 4.1: Greedy Cost-Time Distribution Heuris tic
Input: A workflow graph &(' ,%), deadline D
Output: A schedule for all workflow tasks
1 Request processing time and price from available se rvices

for " TI
2 Convert & into task partition graph W(G,L)
3 Distributedeadline Dover " V.1 G andassignasub- deadline

to each task
4  Put the entry task into ready task queue Q
5 while there are ready tasks in Q do
6 Sort all tasks in Q
7 T = the first task from Q
8 Compute ready time of T
9 Query available time slots during ready time

and sub-deadline
10 S- a service which meets Equation 4-6
11 if S=7 then
12 - gl i = intl
S- §' such that J argrlEjlgé‘
13 end if
14 Make advance reservations of Ton S
15 Putreadychildtasksinto Q whoseparenttaskshavebeen
scheduled

16 end while
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4.3.2 Budget Constrained Scheduling

The proposed budget constrained scheduling heuniistcalledGreedy Time-Cost

Distribution (GreedyTime-CD). It distributes portions of theeoall budget to each

task in the workflow. At runtime, a task is schestulon a service which is able to

complete it with less cost than its assigned sullgbtiat the earliest time.

Budget Distribution
The budget distribution process is to distribute tiverall budget over tasks. In the
budget distribution, both workload and dependenbiesveen tasks are considered

when assigning sub-budgets to tasks. There arenayor steps:

Step 1.Assigning portions of the overall budget to eagkt

In this step, an initial sub-budget is assignethsis based on their average exe-
cution and data transmission cost. In a workflaxgks may require different types of
services with various price rates, and their comfpatal workload and required 1/0
data transmission may vary. Therefore, the poribtihe overall budget each task ob-
tains should be based on the proportion of thgdeasge requirements. Since there are
multiple possible services and data links for exiegua task, their average cost values

are used for measuring their expense requiremé&hts.expected budget for task

is defined by:
eegT] = 2V9CoIT] 4.7)
_avgCosfT;]
TiG
where avgCosfT,] = %

Step 2.Adjusting initial sub-budget assigned to each thgkconsidering their task
dependencies.

The sub-budget of a task assigned in the first &egnly based on its average
cost without considering its execution time. Howgw®me tasks could be completed

at earliest time using more expensive servicescaseheir local budget, but its child
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tasks cannot start execution until other paremtsthgve been completed. Therefore, it
IS necessary to consider task dependencies fgrasgia sub-budget to a task. In the
second step, the initial assigned sub-budgetss&btare adjusted. It first computes the
approximate execution time based on its initialemtpd execution budget and its unit
time per cost so that the approximate start tinteeard time of each task partition can

be calculated. The approximate execution timesK t§ is defined by:

- ., avgTim§T ]
ael[Ti] - ee¢Ti] WOS[[TI] (48)
t)
whereavgTim§T | = 22501
S|

Then it partitions workflow tasks and computes agpnate start time and end time
of each partition. If the end time of a task paotitis earlier than the start time of its
child partition, it is assumed that the initial dodadget of this partition is higher than
what it really requires and its sub-budget is redlucThe spare budget produced by
reducing initial sub-budgets is calculated andere:d by:

spareBudge=B-  ee(T] (4.9)

TiG
Finally, the spare budget is distributed to eacbkk tdbased on their assigned

sub-budgets. The final expected budget assigneddb task is:

eedT;]
ee¢T;]

TiG

eefT.] =eeqT.] + spareBudge’ (4.10)

Greedy Time-Cost Distribution (CD)
After budget distribution, CD attempts to allocdkee fastest service to each task
among those services which are able to completdatsie execution within its as-

signed budget. LetTimgT, )be the completion time off,. The objective for

scheduling taskT, is:

90



Minimize TimgT) = min t!, 4.11
T = min t (4.1)
subject toc’ £ ee¢T ]
Algorithm 4.2: Greedy Time-Cost Distribution Heuris tic
Input: A workflow graph ( , ),budgetB
Output: A schedule for all workflow tasks
1  Requestprocessing time and price from available se rvices
for " T1
2 Distribute budget Bover "TI1G
3 plannedCot=0; acturalCos =0
4 Put the entry task into ready task queue Q
5 while there are ready tasks in Q do
6 Sort all tasks in Q
7 S the first task from Q
8 Compute starttime of T, and query available time slots
9 ee¢T,] = plannedCost- acturalCog + eeqT ]
10 S - a service which meets Equation 4-11
11 if S=Ff then
12 S- S suchthat  j=argming
1£j£[S|
13 end if
14 Make advance reservations with of Ton S
15 acturalCog = acturalCos + ¢/
16 plannedCot= plannedCot+ eegT ]
17 Putreadychildtasksinto Q whoseparenttaskshavebeen
scheduled
18 end while

The detail of Greedy Time-Cost Distribution is meted in Algorithm 4.2. It first
distributes the overall budget to all tasks. Aftieat, it starts to schedule first level
tasks of the workflow. Once all parents of a taskérbeen scheduled, the task is
ready for scheduling and then the scheduler putat a ready queue (Line 17). The
order of tasks in the ready queue is sorted bynkimg strategy (see Section 4.3.3).
The actual costs of allocated tasks and their gdroosts are also computed succes-
sively at runtime (Line 15-16). If the aggregatetual cost is less than the aggregated
planned cost, the scheduler adds the unspent aggcegudget to sub-budget of the
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current scheduling task (Line 9). A service is etdd if it satisfies the scheduling ob-

jective;

otherwise, a service with the least exiecutost is selected in order to meet

the overall cost constraint.

4.3.3 Ranking Strategy for Parallel Tasks
In a large scale workflow, many parallel tasks docbmpete for time slots on the
same service. For example, in Figure 4.1, afteis scheduled],, Ts, T; andTg be-

come ready tasks and are put into the ready taslequhe scheduling order of these

tasks may impact on performance significantly.

Eight strategies are developed and investigateddaing ready tasks in the ready

queue:

MaxMin-Time : Obtains the minimum execution time and data trassion
time of executing each task on all their availabéevices and sets higher
scheduling priority to tasks which have longer mmaom processing time.
MaxMin-Cost: Obtains the minimum execution cost and data tréssaon
cost of executing each task on all their availad#evices and sets higher
scheduling priority to tasks which require more ®i@ny expense.
MinMin-Time: Obtains minimum execution time and data transimisgime

of executing each task on all their available smwiand sets higher sched-
uling priority to tasks which have shorter minimgnocessing time.
MinMin-Cost : Obtains minimum execution cost and data transorssost
of executing each task on all their available smwiand sets higher sched-
uling priority to tasks which require less monetarpense.

Upward Ranking: Sorts tasks based on upward ranking [167]. Thadnig
upward rank value, the higher scheduling prioritiie upward rank of task
T is recursively defined by:

rank(T;) = v, +Tjirpu§(;<m(qj +rank(T)))

rank(Texit) =0
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where V; is the average execution time of executing taskn all its

available services an«fj is the average transmission time of transfering

intermediate data fro to T;.

First Come First Serve (FCFS) Sorts tasks based on their available time;
the earlier available time, the higher schedulingriy.

MissingDeadlineFirst: Sets higher scheduling priority to tasks which éav
earlier sub-deadline.

MissingBudgetFirst: Sets higher scheduling priority to tasks which have

fewer sub-budgets.

4.4 Workflow Applications

Given that different workflow applications may haaedifferent impact on the per-
formance of the scheduling algorithms, a task gragehnerator is developed to
automatically generate a workflow based on theifipdonvorkflow structure, and the
range of task workload and the I/O data. Sincesttexution requirements for tasks in
scientific workflows are heterogeneous, the sertype attribute is used to represent
different types of services. The range of servigee$ in the workflow can be speci-
fied. The width and depth of the workflow can als® adjusted in order to generate
workflow graphs of different sizes.

According to many Grid workflow projects [21][102B1], workflow application
structures can be categorized as eit@anced structureor unbalanced structure
Examples of balanced structure include Neuro-Seiapplication workflows [197]
and EMAN refinement workflows [109], while the expi®s of unbalanced structure
include protein annotation workflows [25] and Maggaworkflows [21]. Figure 4.3
shows two workflow structures, balanced-structure applicatiorand anunbal-
anced-structure applicatigrused in our experiments. As shown in Figure 4,3fe
balanced-structure application consists of seyeaedllel pipelines, which require the
same types of services but process different adaga B Figure 4.3(b), the structure of

the unbalanced-structure application is more corplmlike the balanced-structure
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application, many parallel tasks in the unbalanstedcture require different types of
services, and their workload and I/O data varigeiBcantly.

D task l

7TTITT:
TTI200T

a) balanced-structure application b) unbalanced-structure application

Figure 4.3: Small portion of workflow applications.

4.5 Other Heuristics

In order to evaluate the cost-based schedulinggsegin this chapter, two other heu-
ristics which are derived from existing work areplemented and compared with the
TD and CD.

4.5.1 Greedy-Time and Greedy-Cost

Greedy-Timeand Greedy-Costare derived from the cost and deadline optimimatio
algorithms in Nimrod-G [9], which is initially degned for scheduling independent
tasks on Grids. Greedy-Time is used for solvingetiaptimization problem with a
budget. It sorts services by their processing tiara$ assigns as many tasks as possi-
ble to the fastest services without exceeding thégbt. Greedy-Cost is used for
solving the cost optimization problem within theadkne. It sorts services by their
processing prices and assigns as many tasks ablpdasscheapest services without

exceeding the deadline.
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4.5.2 Backtracking

Backtracking denoted as BT is proposed by Mefaastwl Casalicchio [118]. It assigns
ready tasks to least expensive computing resoufides.heuristic repeats the proce-
dure until all tasks have been mapped. After etarative step, the execution time of
the current assignment is computed. If the exeoutime exceeds the deadline, it
back-tracks to the previous step and removes Hst Expensive resource from its re-
source list and reassigns tasks with the reducsouree set. If the resource list is
empty the heuristic keeps back-tracking to the ipres step. It reduces the corre-
sponding resource list and then reassigns the.tasksbacktracking method is also
extended to support optimizing cost while meetingldet constraints. Budget con-
strained backtracking assigns ready tasks to tasbesputing resources.

4.6 Performance Evaluation

4.6.1 Experimental Setup

GridSim [155] is used to simulate a Grid environt&r experiments. Figure 4.4
shows the simulation environment, in which simulaservices are discovered by
guerying the GridSim Index Service (GIS). Everyvgar is able to provide free slot

guery, and handle reservation request and reservedimmitment.

2. query(type A)

3. service list

4. availableSlotQuery(duration) @

6. makeReservation(task)

Figure 4.4: A Simulation scenatrio.

Workflow
System

15 types of services with various price rates aoglefed to simulate a heteroge-

neous environment, each of which was supporteddsetvice providers with various
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processing capability. The topology of the systensuch that all services are con-
nected to one another, and the available networdwilths between services are
100Mbps, 200Mbps, 512Mbps and 1024Mbps.

Table 4.2: Service speed and corresponding pricexecuting a task.

Service Processing Time  Cost

ID (sec) (G$/sec)
1 1200 300

2 600 600

3 400 900

4 300 1200

Table 4.3: Transmission bandwidth and correspongiiog.

Bandwidth Cost
(Mbps) (G$/sec)
100 1
200 2
512 5.12
1024 10.24

For the experiments, the cost that a user neegaydor a workflow execution
comprises of two parts: processing cost and datssmtnission cost. Table 4.2 shows
an example of processing cost, while Table 4.3 shaxwexample of data transmission
cost. It can be seen that the processing costrandmission cost are inversely pro-
portional to the processing time and transmisdioe respectively.

In order to evaluate algorithms on reasonable budge deadline constraints we
also implemented a time optimization algorithigterogeneous-Earliest-Finish Time
(HEFT) [167], and a cost optimization algorith@reedy Cos{GC). The HEFT algo-
rithm is a list scheduling algorithm which attempts schedule DAG tasks at
minimum execution time on a heterogeneous environmehe GC approach is to
minimize workflow execution cost by assigning tasksservices of lowest cost. The
deadline and budget used for the experiments aedban the results of these two al-

gorithms. LetC., and C,, be the total monetary cost produced by GC and
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HEFT respectively, andl,,, and T, be their corresponding total execution time.
DeadlineD is defined by:

D=T,, +K(T - T (4.12)
and budgeB is defined by:

B =Cpin + K(Cprax = Cirin) (4.13)
The value of k varies between 0 and 10 to evaluate the algorghrformance from

tight constraint to relaxed constraint. RBicreases, the constraint is more relaxed.

4.6.2 Results
In this section, CD and TD are compared with Gre€itlye, Greedy-Cost and Back-
Tracking on the two workflow applications, balancadd unbalanced. In order to

show the results more clearly, we normalize thecetien time and cost. Let

value

and T,,,.be the execution time and the monetary cost geseeitay the algorithms in

the experiments respectively. For the case of huclyestrained problems, the execu-
tion cost is normalized by using,,./B, and the execution time by using e/ Tmin -
The normalized values of the execution cost shbelsho greater than one, if the al-
gorithms meet their budget constraints. Therefibng, easy to recognize whether the
algorithms achieve the budget constraints. By usirggnormalized execution time
value, it is also easy to recognize whether therdlyms produce an optimal solution
when the budget is high. In the same way, the abzed execution time and the

execution cost is normalized for the deadline aanst case by usingr,,./D and

Ciae! Crin  respectively.

Cost optimization within a set deadline

A comparison of the execution time and cost resfithe three deadline constrained
scheduling methods for the balanced-structure egipdin and unbalanced-structure
application is shown in Figure 4.5 and Figure 4&$pectively. The ranking strategy

used for TD is FCFS. From Figure 4.5, we can saeiths hard for Greedy-Cost to
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meet deadlines when they are tight, TD slightlye=ds deadline whelk = , @vhile

BT can satisfy deadlines each time. For executiost cequired by the three ap-
proaches shown in Figure 4.6, Greedy-Cost perfammst while TD performs best.
Even though the processing time of the Greedy-@osbnger than TD, its corre-
sponding processing cost is much higher. Compatitd BA, TD saves almost 50%
execution cost when deadlines are relatively loawElver, the three approaches pro-
duce similar results when deadline is greatly rethx

Balanced Structure (Execution Time) Unbalanced Structure (Execution Time)
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Figure 4.5: Execution time for scheduling balan@st unbalanced-structure ap-
plications.

Figure 4.7 shows scheduling running time for trmpproaches. In order to show
the results clearly, the scheduling time of BT dixlis normalized by the scheduling
time of Greedy-Cost. We can observe that Greedy-(ugiires the least scheduling
time, since the normalized values of BT and TD laigger than 1. The scheduling
time required by TD is slightly higher than Greedgst but much lower than BT. As
the deadline varies, BT requires more running tiwvhen deadlines are relatively tight.

For example, scheduling times &t= 0,2ate much longer thanlkat 6,8 1This

is because it needs to back-track for more itematim adjust previous task assign-

ments in order to meet tight deadlines.
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Figure 4.6: Execution cost for scheduling balan@ettt unbalanced-structure.
applications.
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Figure 4.7: Normalized scheduling overhead fadtiee constrained scheduling.

Budget constrained heuristics

A comparison of the execution cost and time resaftghree budget constrained
scheduling methods for the balanced-structure egipdin and unbalanced-structure
application is shown in Figure 4.8 and Figure @8pectively. Greedy-Time can only
meet budgets when the budgets are very relaxéxlalso hard for CD to meet budg-

ets when the budgets are very tight {.e. ).18owever, CD outperforms BT and
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Greedy-Time as the budget increases. For schedtiiadpalanced-structure applica-
tion (see Figure 4.8a and Figure 4.9a), Greedy-Tana BT also incurs significantly
longer execution times even though it uses highegbts to complete executions. For
scheduling the unbalanced-structure applicatior {&gure 4.8b and 4.9b), CD pro-
duces more than 50% faster schedule than that ofoTusing similar budgets.
However, CD performs worse than BT and Greedy-Tiwhen the budget is very re-
laxed (i.ek = 10.
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Figure 4.8: Execution cost for scheduling balan@ett unbalanced-structure
applications.
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Figure 4.9: Execution time for scheduling balancatd unbalanced-structure
applications.
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Figure 4.10 shows scheduling running time for thapproaches, Greedy-Time,
CD and BT. In order to show the results clearly,n@emalize the scheduling time of
BT and CD by using the scheduling time of Greedyd. We can observe that
Greedy-Time requires the least scheduling timegesithe normalized values of BT
and CD are bigger than 1. The scheduling time redquby CD is slightly higher than
Greedy-Time but much lower than BT. Similar to tteadline constrained cases, the

running time of BT decreases as the budget incsease
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Figure 4-10: Normalized scheduling overhead fordatctonstrained scheduling.

Impact of Ranking Strategy

FCFS is used as the ranking strategy for the exygegris comparing CD and TD with
other heuristics. In order to investigate the impzEcdifferent ranking strategies, ex-
periments comparing five different ranking stragsgfor each constrained problem
are conducted. In these experiments, each rankiatgegy is carried out to schedule
30 random generated balanced-structure and unlealastoucture workflow applica-
tions. The average values are used to report thdtse

Figure 4.11 shows the total execution costs of J@tmploying different ranking
strategies: MaxMinCost, MinMinCost, HEFT RankindzFS and MissingDeadline-
First. Their cost optimization performances are snead by the Average Normalized

Cost (ANC) which is the average value of executiost for executing 30 different
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randomly generated workflow graphs. The executmst ¢s normalized by the cheap-

est cost generated by Greedy Cost (GC).

ANC
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Figure 4.11: Comparison of execution costs amorgdifferent ranking strategies for
scheduling deadline constrained workflow.
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Figure 4.12: Scheduling overhead of five deadtioestrained ranking strategies.

For the balanced-structure (see Figure 4.11a), farking strategies produce

similar results. This is because parallel taskshe balanced-structure application
have the same ranking value. However, for the wamuald-structure (see Figure
4.11b), MinMinCost performs better than others whillissingDeadline incurs sig-

nificantly higher cost. This is because the Min-Rost heuristic schedules tasks
having minimum execution cost first so that it fesin the higher percentage of tasks
assigned to their best choice (which can completetasks with least cost) than oth-

ers.
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The scheduling running time is also investigated ahowed in Figure 4.12.
Among five strategies, HEFT Ranking produces higleesmplexity while FCFS and
MissingDeadlineFirst produce lowest complexity. Tésheduling running time of
MinMinCost is slightly higher than that of MaxMin@bfor balanced-structure appli-
cations, but they are similar for the unbalancedestire. Therefore, FCFS and
MissingDeadlineFirst are good enough for schedubalgnced-structure applications,

since they incur similar execution cost but ledseslaling running time.
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Figure 4.13: Comparison of execution costs amorgdifferent ranking strategies for
scheduling deadline constrained workflow.

Figure 4.13 shows the total execution time of CDplaying different ranking
strategies: MaxMinTime, MinMinTime, HEFT RankingCFS and MissingBudget-
First. Their time optimization performances are sugad by the Average Normalized
Time (ANT) which is the average value of executione for executing 30 different
random generated workflow applications. The executime is normalized by the
fastest time generated by HEFT.

For the balanced-structure (see Figure 4.13a), farking strategies produce
similar results. However, for the unbalanced-stiteetapplication (see Figure 4.13b),
HEFT Ranking produces faster schedules while Minlvire performs slightly worse
than MaxMinTime, FCFS and MissingBudgetFirst. Hoeg\as shown in Figure 4.14,

it also takes longer for HEFT ranking to return tasults.
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Figure 4.14: Scheduling overhead of five budgetst@med ranking strategies.

4.7 Related Work

Many heuristics have been investigated by sevemégqts for scheduling workflows
on Grids. The heuristics can be classified as ettek levelor workflow level Task
level heuristics make scheduling decisions baséganthe information about a task
or a set of independent tasks, while workflow lelelristics take into account the
information of the entire workflonMin-Min, Max-Min andSufferageare three major
task level heuristics employed for scheduling wiaiks on Grids. They have been
used by Mandal et al [109] to schedule EMAN bio-ging applications. Blythe et al
[21] developed a workflow level scheduling algomntibased orGreedy Randomized
Adaptive Search Procedu&RASP) [61] and compared it with Min-Min in com-
pute- and data-intensive scenarios. Another twdkflaw level heuristics have been
employed by the ASKALON project [132][181]. Onebiased orGenetic Algorithms
and the other is aleterogeneous-Earliest-Finish-Tim@HEFT) algorithm [167].
Sakellariou and Zhao [140] developed a low-costheduling policy. It intends to
reduce the rescheduling overhead by conductindgheelsding only when the delay of

a task impacts on the entire workflow executionwdweer, these works only attempt
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to minimize workflow execution time and do not coes other factors such as
monetary execution cost.

Several strategies have been proposed to addreeduing problems based on
users’ deadline and budget constraints. Nimrodd&G¢@edules independent tasks for
parameter-sweep applications to meet users’ budgetarket-based workflow man-
agement system proposed by Geppert et al [72]decan optimal bid based on the
budget of the current task in the workflow. Howeuwbe proposed work in this chap-
ter schedule a workflow, which consists of a sentdrdependent tasks, according to
a specified budget and deadline of the entire wownkfMore recently, iterative proc-
essing based heuristics such as backtracing [B]L OSSand GAIN [141], have
been proposed to solve constrained optimizatioblpros. They iteratively amend the
schedule optimized for one factor to satisfy theeotfactor in the way that it can gain
maximum benefit or minimum loss. However, they ngedthrough many iterations
to modify and recomputed the current schedule tetrttee constraint and thus result
in large scheduling computation time. In contréis& work proposed in this chapter

makes a scheduling decision for each task oncellasa planned sub-deadline.

4.8 Summary

Utility Grids enable users to consume utility seed transparently over a secure,
shared, scalable and standard world-wide netwovik@mment. Users are required to
pay for access services based on their usage aniéuél of QoS provided. In such
“pay-per-use” Grids, workflow execution cost must ¢onsidered during scheduling
based on users’ QoS constraints.

This chapter has presented characteristics ofyu@rids and modeled its sched-
uling problem formally. Deadline and budget consed scheduling heuristics have
also been proposed. The deadline constrained slingdlsi designed for time critical
applications. It attempts to minimize the monetawgt while delivering the results to
users before a specified deadline. The budget @nstl scheduling is aimed to com-
plete workflow executions based on the budget alkglfor users.
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The proposed heuristics distributes overall deadand budget over each task
and then optimizes the execution performance o ¢ask based on their assigned
subdeadline and subbudget. The heuristics have dednated against others includ-
ing Greedy-Time, Greedy-Cost, and back-trackingrisgas through simulation in
terms of performance and scheduling time. The tesillow that the proposed ap-
proaches provide best performance in short runtnmne.

The heuristics developed in this chapter are atswvesl as a basis for investigat-
ing constrained based evolutionary scheduling @lyos developed in following

chapters.
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Chapter 5

Workflow Scheduling using
Genetic Algorithms

As mentioned in Chapter 4, multiple factors suchim®, monetary cost, reliability
and security need to be considered while makingheduling decision on utility
Grids. A simple heuristic cannot satisfy all cadéspecially as more factors are in-
volved, it may not be even feasible to develop rap& heuristic to solve such
complex problems. Therefore, it is necessary t@stigate metaheuristic approaches
which are capable of being applied to complex dosdor workflow scheduling
problems.

In this chapter, a genetic algorithm-based workfksheduling approach is pre-
sented. First, the representation of schedulingitismis in the search space is
discussed, and then a fitness function is propdsioived by the design of genetic
operations. The performance of the genetic algori¢(GA) is observed by comparing
against non-GA approaches.

5.1 Genetic Algorithms

Genetic algorithms (GAs) provide robust search negples that allow a high-quality
solution to be derived from a large search spagelgnomial time, by applying the
principle of evolution [73]. A genetic algorithm rmbines the exploitation of best so-
lutions from past searches with the exploratiomeiv regions of the solution space.
Any solution in the search space of the problemeesented by a set of parameters
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called anindividual. A genetic algorithm maintainspopulationconsisting of a set of

individuals that evolves over generations. The ipaf an individual in the popula-

tion is determined by fitness functionA fitness function quantifies the optimality of
an individual and the value of the fitness function an individual indicates how
good it is, compared to others in the current pafporh. A typical genetic algorithm

consists of the following steps:

1. Create an initial population consisting of ramdly generated individuals.

2. Generate new offspring by applying genetic opegaferg. crossover and muta-
tion), one after the other.

3. Evaluate the fitness value of each individual ia population and select individu-
als into next generation.

4. Repeat steps 2 and 3 until the algorithm meetsmairtation condition such as
when a certain number of generations are reachie satisfactory solution to the

problem is found.

Using genetic algorithms to solve the workflow sblleng problem requires the
determination of the representation of individuathe population, the fitness function
and genetic operations. The details of each oketheguirements are presented in fol-

lowing sections.

5.2 Individual Representation

For the workflow scheduling problem, a feasibleusoh is required to meet the fol-
lowing constraints:
A task can be ready to start only after all its@i@essors have completed.
Every task appears once and only once in the stdedu
Each task must be allocated to one available tiwteo$ a service capable of

executing the task.
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Workflow

a) workflow example

Schedule
Task-assignment string
NEDESN 7
T, T, T, Ts T, Ts T, T, ‘
‘S]‘82‘81‘53‘84‘54‘84‘81‘ <)7’—;|> SZKTDE “ ‘
s () ]
Scheduling-order string ,
Sy | €1 (1T |
To —>T]—) T3—> T_;—) T4—> Tg—) T5—> T7 time
b) solution strings ¢) real schedule

Figure 5.1: Workflow representation in the seangace.

Each individual in the search space representasbie solution to the problem
and consists of a vector of task assignments. Esthassignment includes four ele-
ments:taskiD, servicelD, startTimegnd endTime taskID and servicelDto identify
the service to which each task is assigrstdrtTimeandendTimeindicate the time
frames allocated on the service for the task exatuHowever, evolving time frames
during the genetic operation may lead to a very glarated situation, because any
change made to a task could require adjusting dheeg ofstartTimeandendTimeof
its successive tasks. Therefore, tiperation stringaused for genetic manipulation are
simplified by ignoring time frames. The operatidnmgs encode only the mapping of
tasks and services. After genetic manipulatiomna slot assignment algorithm is de-

ployed to transfer operation strings to a feassioleedule (see Section 5.7).
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The operation strings for the workflow schedulinglgem are required to encode
the service allocation for each task. In a workfldhe execution order of interde-
pendent tasks is controlled by their dependeneigs,a task is always executed after
its immediate parent tasks. However, many indepentésks, e.gTs and T, in the
example workflow shown in Figure 5.1, may competethe same time slot on a ser-
vice. Different execution priorities of independeéasks within a workflow may affect
the performance of workflow execution significantljherefore, encoded operation
strings are also required to show the order of éaskgnments on each service.

Figure 5.1b shows two operation stringask-assignment stringnd schedul-
ing-order string The task-assignment string encodes the allocéiorach task. For
example, taskTlp is assigned to servic and Ts is assigned td&s. The schedul-
ing-order string encodes the order to schedulestaB&r exampleT; is scheduled
afterTo, T is scheduled afteF; and so forth. The order in the scheduling-ordengt
must satisfy task dependencies; that means a tasllds not be placed before its
predecessors. However, the main reason for hategd¢heduling-order string is not
only to code task dependencies but also the exacrptiorities for independent tasks
which are assigned to the same service. For examybendependent taskg andT,
are assigned o8, butTy is executed first according to the scheduling-nedieng.

5.3 Initial Solutions

An initial solution is used for evolutionary alghnns as a starting point to search
from. In general, initial solutions are randomlyngeated. Algorithm 5.1 is the algo-

rithm to generate a random solution, and its cpoeding task-assignment and
scheduling-order string. It schedules workflow s&agkvel-by-level in order to gener-

ate a scheduling-order string satisfying task ddpeaies. The scheduler starts from
scheduling the entry task since it does not hayepamnent task. Other tasks become
ready tasks to be scheduled once all its pareks tagve been scheduled. All ready
tasks are managed by a ready task queue denofedTéee scheduler selects a ready

task fromQ to schedule at random. As shown in Line 1 of tlgorithm, the entry
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task is the first task which is put @ to schedule. A taskis selected fron@Q to be
scheduled (Line 3). Afteris scheduled, the scheduler put its child tasts@if their

parent tasks have been scheduled (Line 6-7).

Algorithm 5.1: Random schedule generation
Input: A workflow graph ()

Output: Task-assignment string and scheduling-order string

1 Q getthe entry task

2 while Qis not empty do

3 Randomly choose one task t out of Q

4 Randomly selectaservice fromthose thatare ableto
run t

5 Update task-assignment string and scheduling- order
string

6 childT get all ready child tasks of t

7 Q=QE childT

8  end while

Task To | T)\T> | T3\ Ty | T5 | Ts | T7

Service Type | 4 |A|A|B|C|B|C |4
A B C

Task-assignment string Scheduling-order string

T, 1, T, T; T, Ts Ts T,
‘S/ ‘ S5 ‘S/ ‘ S3 ‘ Sg‘ ‘ ‘ ‘ Ty —T1—>Tr—Ts—T,

@update @update

To T) T, T; T, Ts Ts T
‘ S/ ‘ Sz ‘S/ ‘ Sj‘ ‘ Sg ‘ ‘Sg‘ ‘ T()—>T/—>T2—>T3—>TJ—>T6

Figure 5.2: lllustration of updating genetic opematstrings.
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Given the heterogeneous nature of execution enwienits required by workflow
tasks, processing services are classified intoggo&ach service group provides a
certain type of service that satisfies the exeoutiondition of a task in the workflow.
In the example shown in Figure 5.2, different taskthe workflow require different
types of services and all services are groupeditegeéo support service type named
A, B, andC. For exampleT,, T3 andT, require services of typ&, B andC respec-
tively. A task is selected froi and scheduled on a service which is selected ftom
service group at random in which each member isldapto execute the task (Line
3-4). After each task assignment, scheduled serlioeation and task is appended to
the task-assignment string and scheduling-ordergs{t.ine 5). Figure 5.2 illustrates
the update of operation strings for assigniego Ss.

In addition to random generated solutions, theltegenerated by heuristics such
asGreedy Cost Time Distribution(TD) andGreedy Time Cost Distribution(CD)
proposed in Chapter 4 can also be employed intantitial population. The genetic

algorithm can take them as starting points to coito search better solutions.

5.4 Evolutionary Operations

Evolutionary operators are used to generate neutignt based on solutions found so. far

Crossover and mutation are two major operators.

5.4.1 Crossover
Crossovers are used to create new solutions byareang parts of the existing solu-
tions in the current population. The idea behireldtossover is that the fittest solution
may result from the combination of two of the catrdittest solutions. Two-point
crossover is implemented for the task-assignmeimgsand illustrated in Figure 5.3.
It is implemented as follows:

(1) Two parents are chosen at random in the currenilptpn.

(2) Two random points are selected from the task-asseg strings to form a

crossover window
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(3) All tasks included in the crossover window are @&mas successive crossover
points.
(4) The service allocations of all tasks within the ssmver window are ex-

changed.

before crossover crossover
|:| window

Parent 1 ‘81‘82‘81 83‘83‘84 84‘81‘

Parent 2 ‘80‘87‘85 81\89\83 82\84\

after crossover

Offspring1 ‘81‘82‘81 81‘89‘83 84‘81‘

Offspring2 | So | S7 | Ss| S5 | S5 |84 | 2|84 |

Figure 5.3: lllustration of crossover operation.

After crossover, two new offspring are generatedtybining task assignments
taken from the two parents. As shown in Figure &tspring linherits tasks assign-
ments ofTy, Ty, T2, andT7 from parent 1 while the task assignments of the rest tasks

are taken from parent 2.

5.4.2 Mutation

In the genetic algorithm, mutations occasionallguyan order to allow a child to ob-
tain features that are not possessed by eithetsgbarents. This process helps the
algorithm to explore new and possibly better genetaterial than previously consid-
ered. Two types of mutations are developed, nammebrdering-mutationand
replacing-mutatiorfor the workflow scheduling problem. The mutatigperators are

applied to the chosen solutions with certain prdhss.

A reordering-mutation aims to change the executinter of independent tasks

that compete for a same time slot. It is impleme it follows:

(1) A task in the execution-order string is randomliese=d.
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(2) An alternative position for this task is randomsjlested on its same service

from all valid positions on the service.

?
?

Tio D unavailable time slot

To T] T2 Tj T4 Tj T6 7-‘7 T8 T9 T10
‘80‘81‘81‘82‘83‘84‘82‘81‘83‘81‘84‘

b) task assignment string

SaSim’
KL
Omtat

a) workflow application NED) |

| |

sl @ [ 115 XnXn) |

T, ?T,—>T4—T>T7—>T3—>7ig—>n —>T9T—>Tj—>Ts—>Tm':‘> Sz ‘ (7 J @ ‘
|
|

valid position for 7 Ss | ) B (75)

s 7] (1) (Tw)

reorder 7, before 777

So ( 1y ) ‘ ‘
i @)Xl ). |
Ty =T 1>T—T—>1T;-13—T5 —’79—>T5—>Ts—’710|:“> S | (1 J 1) |
|
|

Ss | (r) (1) []
s ] (1) T

¢) reordering mutation

Figure 5.4: lllustration of reordering mutation.

A valid position for a task is a place where th&ktaan be inserted such that its
dependencies are satisfied. An example of a relaglenutation is shown in Figure
5.4. In the exampl€l, is selected. The possible alternative positiomsT$ocan only
be places where are after its parent fesknd before its child tasks. Among these
possible positions, the positions near a task wisiciot assigned on the same service
as that ofT, may not affect the schedule. For example, if wapstihe order of, and
Tzon the original scheduling-order string in Figurdd& the schedule remains same.
This is because that they are allocated on diffeservices and they will be assigned
to earliest available time slot on their assignexvise only. Therefore, valid positions
for reordering-mutation are places where are nexasks assigned on the same ser-

vice with the mutated task. As shown in Figure Hie valid positions foil, are
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places beford7; andT; and afterTq. In the example, the tadk is selected and reor-
dered to execute before, such that the execution order of tasksSpns changed,
impacting the entire scheduling performance. Asnshn Figure 5.3c, the perform-

ance of offspring is improved.

Task Ty|\T)|\T, | T5 | Ty | Ts | Ts | T

Service Type |A |A|A|B|C|B|C|A
B c

replace

before mutation
o T, J> 1; 1, Ts 1, 1

SIS T s 8]

A

after mutation

STss s s s s s

Figure 5.5: lllustration of replacing mutation ogeon.

A replacing-mutation aims to re-allocate an altéugaservice to a task in a solu-
tion. It is implemented as follows:
(1) A task is randomly selected in the task-assgmnstring.
(2) An alternative service which is capable of exery the task is randomly se-
lected to replace the current task allocation.
An example of replacing mutation is shown in Fight®. The mutation process

randomly selectS; in the service group of type A and re-allocatés .

5.5 Fitness Function

A fitness function is used to measure the qualftyhe individuals in the population
for a given optimization objective. As the goaltbé scheduling is to minimize the
performance based on two factors, time and monetast; the fitness function sepa-

rates evaluation into two partost-fitnessandtime-fitness

115



For the budget constrained scheduling, the castdt component encourages the
formation of the solutions that satisfy the budgenstraint. For the deadline con-
strained scheduling, it encourages the geneticrighgo to choose individuals with

less cost. The cost fitness function of an indigidli is defined by:

_ c(l) _
Fcost(l) - B2 (maXCOS{l-a)) y a _{011} (51)

where c(l ) is total cost ofI and maxCostis the most expensive solution of the

current population, andB is the budget of the workflowa is a binary variable,
where a is set 0 for deadline constrained scheduling agtdlsfor budget con-
strained scheduling.

For the budget constrained scheduling, the timmee$is component is designed to
encourage the genetic algorithm to choose indivgluath earliest completion time
from the current population. For the deadline ca@nséd scheduling, it encourages
the formation of individuals that satisfy the deaédlconstraint. The time fitness func-

tion of an individual | is defined by:

_ t(1) _
Ftime(l) - Db(max_l_imél_ b)) ) b _{011} (52)

where t(l ) is the completion t