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SUMMAR Y

Data Grids are an emerging technology for managing large amoun ts of distributed data.
This technology is highly-an ticipated by scientic comm unities, such as in the area of
astronom y and high energy physics, because their exp erimen ts generate massiv e amoun ts
of data whic h need to be shared and analysed. Since it is not feasible to test dieren t
usages on real testb eds, it is easier to use simulations as a means of studying complex
scenarios. This paper presents our work on incorp orating Data Grids features as an
extension to GridSim, a Computational Grid simulator. The extension pro vides essential
building blo cks for simulating various Data Grids scenarios. Moreo ver, it is designed to
be easily extended. This approac h makes it easy to try various strategies and to add
functionalities  to suit the needs of other comm unities. This paper also gives a detailed
description of the design and usage examples demonstrating the versatilit y of this tool.

1. Intro duction

Grid computing is an emergingtechnology that focuseson uniformly aggregatingand sharing
distributed heterogeneousesourcesfor solving large-scaleapplications in science,engineering
and commerce[1]. Data Grids provide infrastructure for whom accessing,transferring, and
managinglarge datasetsstored in distributed repositories[2, 3]. Data Grids focus on satisfying
requiremerts of scierti ¢ collaborations that have large collections of shared data and where
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Figure 1. A high-level overview of Data Grid [6]

there is a needfor analysing the data and sharing the results among the collaborators. Suc
applications are commonly found in the areaof astronomy [4], climate simulation [5], and high
energy physics[3].

There are two basic building blocks for a Data Grid [2]: (i) a high performancedata transfer
system that enables secure copying of massive datasets; and (i) a scalable discovery and
managemen system for replicas of datasets. Other servicesthat are required to provide the
complete functionality of a Data Grid include managemen of shared dataset collections,
resource allocation for processing,transfer and storage operations, and ne-grained access
controls for datasets.

A high-level overview of Data Grid is showvn in Figure 1 [6]. A sciertic instrument, e.g.a
satellite dish, generateslarge data setswhich are stored in a Data Center. The Data Center
then noti es a Replica Catalog (RC) about a list of available data setsin the certer. Then this
RC will syndhronizeits information with other RCs. This approad allows resourcego request
for copiesof the data setsto the nearestRC when a user submits his/her jobs. The RCs may
be arrangedin di erent topologiesdepending on the requiremerts of the application domain,
the size of the collaboration around the application and its geographicaldistribution [6].

The LHCGrid [7] project that servesscierti ¢ collaborations performing experimernts at the
Large Hadron Collider (LHC) in CERN, has adopted a hierarchical model in which the data
is replicated at various levels: from a tier0 node (at CERN) that actsasa root level to tierN
nodes (at a leaf level) that respond to requestsfrom regional institutions or organizations in
di erent nations. This approad increasesthe data availability acrossall levels and reduces
the load on the root node when large number of requestsare generated.

On the other hand, the nature of the experiment determines the distribution of data in
a project. For example, a sciertic project with only a single source of data and limited

Copyright ¢ 0123 John Wiley & Sons, Ltd. Concurr ency Computat.: Pract. Exper. 0123; 34:1{2

Prepared using cpeauth.cls



% A TOOLKIT FOR SIMULA TING DATA GRIDS 3

geographicaldistribution of users,sud asthe Biogrid [9] project, may opt for a simple monadic
model. A dierent project that integrates existing independert sourcesof data, suc as the
Virtual Obsenatory [8] project, may decidefor a more complex federated model.

In a businesscommunity, companiessuch as Sybaseand IBM BusinessGrid provide services
and solutions for managing their clients' data into their existing Grid infrastructures and
data centers. For example, Avaki Ell [10] from Sybaseis an enterprise application integration
software product that provides data accessthrough a single data layer, and usesa federated
approad to deliver data from original sources.DECO [11] from IBM is a Grid meta-sceduler
that integrates eat job with both computational and data transfer time. Thus, DECO is
responsible for deciding which data to replicate, and when to replicate the data to other sites
accordingto users' Quality of Service (QoS) requiremerts, such as cost and deadline [11].

From theseillustrations, Data Grids are shovn to be complex, dynamic, and heterogeneous
ervironments. Therefore, it is dicult to evaluate new replication strategies and scheduling
algorithms in a repeatable and controlled manner. In addition, full-scale evaluation on a Data
Grid testbed implies interferencewith processingworkloads which may not be encouragedin
a production environment. Thus, it is apparert that simulation is required for testing Data
Grid strategiesin complex scenarios.This need has been recognizedbefore, and has led to
the dewvelopmert of various Data Grid simulators such as OptorSim [12], ChicSim [13] and
MONAR C [14]. Howewer, as we will later argue in Section 2, these systems have various
shortcomingsthat reducethe exibilit y of scenariosthat researderscan test against.

In this paper, we presert an architecture and designof a Data Grid simulation infrastructure
developed as an extension to GridSim [15, 16]. GridSim has a complete set of features for
simulating realistic Grid testbeds. Such features are modeling heterogeneouscomputational
resourcesof variable performance, scheduling jobs based on time- or spaced-sharedpolicy,
di eren tiated network service,and workload trace-basedsimulation from real supercomputers.
More importantly, GridSim allows the exibilit y and extensibility to incorporate new
componerts into its existing infrastructure.

In this work, GridSim has beenextended with the ability to handle: (1) replication of data
to seweral sites; (2) query for location of the replicated data; (3) accesgo the replicated data;
and (4) make complex queriesabout data attributes. With thesenew features, GridSim users
will be able to do integrated studies of on demand replication strategieswith jobs scheduling
on available resources.Therefore, the contribution of this paper is the abstraction of Data
Grid functionalities integrated into GridSim, thus providing a comprehensie capability and
integrated framework for simulating Data Grids. This will benet a large base of GridSim
users, since they can leverageour proposedabstraction without the needto implement their
own Data Grids ertities.

The rest of this paper is organized as follows: Section 2 discussesrelated work, whereas
Section3 mentions the GridSim architecture and componerts of Data Grid realizedin GridSim.
Section 4 discussesmplementation of Data Grid operations, basedon the LHC experimert,
using GridSim componerts. Section 5 describesa construction of a complex simulation using
the basic building blocks in GridSim. Finally, Section 6 concludesthe paper and suggests
further work.
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4 A. SULISTIO ET. AL %

Table |. Listing of functionalities and features for each grid simulator

Functionalities GridSim | OptorSim | Monarc | ChicSim | SimGrid | MicroGrid
data replication yes yes yes yes no no
disk I/O overheads yes no yes no no yes
complex le ltering yes no no no no no

or data query

scheduling user jobs yes no yes yes yes yes
CPU resenation of yes no no no no no
a resource

workload trace-based yes no no yes no no
simulation

di eren tiated network QoS yes no no no no no
generate background yes yes no no yes yes

network tra c

2. Related Work

There are sometools available, apart from GridSim, for application scheduling simulation in
Grid computing environments, such asOptorSim [12], Monarc [14], ChicSim [13], SimGrid [17],
and MicroGrid [18]. We compare these simulation tools based on three criteria: (1) the
ability to handle basic Data Grid functionalities; (2) the ability to schedule compute- and/or
data-intensive jobs; and (3) the underlying network infrastructure. Di erences among these
simulators basedon these criteria are summarizedin Table I. Note that the new Data Grids
featuresin GridSim are alsoincluded in the comparison.

From Table I, it is shovn that SimGrid and MicroGrid are mainly targeted as a general-
purposegrid simulator for Computational Grids. Hence, they lack featuresthat are core to
Data Grids, such asdata replication and query for the location of a replica. Although SimGrid
hasa o w-level simulation of network tra c [19],it doesnot yet have the capability to simulate
di eren tiated network QoS. MicroGrid that usesa packet-level simulation of network alsodoes
not have this feature. This di eren tiated network functionality is important for modeling QoS
compliancefor data transfersin wide area network.

OptorSim has beendeveloped as part of the EU DataGrid project [20]. It aimsto study the
e ectiv enessof data replication strategies.In addition, it incorporates someauction protocols
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Figure 2. GridSim architecture with the new Data Grids layer

and economicmodels for replica optimization. In OptorSim, only data transfers are currently
being simulated, whereasGridSim is able to run both compute- and data-intensive jobs.

Monarc and ChicSim are grid simulators designedspeci cally to study di erent scheduling,
replication and performanceissuesin Data Grid environment. Hence,they provide a general
and extensible framework, to implement and evaluate these issues.However, they lack one
important feature, i.e. the ability to generate badkground network trac. This feature
is important becausein real-life, networks are shared among users and resources.Hence,
congestednetworks can greatly a ect the overall replication and performanceissue.

Other featuresin GridSim that thesegrid simulators do not have are complex le Itering or
data query (will be discussedurther in Section4), CPU resenation and di eren tiated network
QoS. With network QoS, high priorit y packets are transferred faster than normal onesunder a
heavy load [16]. Therefore, network QoSis well-suited for applications that require low latency
and faster delivery of data generatedby scienti ¢ instruments, such asin re or earthquake
detection and brain activity analysis application.
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%he ?Qﬁﬁ%‘fﬂ? ar%ﬁtt%ct%rnedw% %nr(]jesv{/nbataGrid layer can be shown in Figure 2. GridSim is
basedon SimJava2 [21], a general purposediscrete-ewvent simulation packageimplemented in
Java. Therefore, the rst layer at the bottom of Figure 2 is managedby SimJavaZ2 for handling
the interaction or events among GridSim componerts.

All componerts in GridSim communicate with ead other through messagepassing
operations de ned by SimJava. The secondlayer models the core elemerts of the distributed
infrastructure, namely Grid resourcessuc as clusters, storage repositories and network links.
These core componerts are absolutely essetial to create simulations in GridSim. We will
discusslater how new resourcetypes were introduced to model Data Grid componerts. The
third and fourth layers are concernedwith modeling and simulation of servicesspecic to
computational and Data Grids respectively. Some of the servicesprovide functions common
to both types of Grids sud as information about available resourcesand managing job
submission.In caseof Data Grids, job managemen alsoincorporates managing data transfers
between computational and storage resources.Replica catalogs, information servicesfor les
and data, are alsospeci cally implemerted for Data Grids. The fth layer contains componerts
that aid usersin implementing their own schedulersand resourcebrokerssothat they can test
their own algorithms and strategies. The layer above this helpsusersde ne their own scenarios
and con gurations for validating their algorithms.

In the following paragraphs,we will discussin detail the main componerts of a Data Grid,
such as datasets, computing and storage resources,and replica directories (or catalogs), and
how thesewere implemented in GridSim.

3.1. Datasets

A datasetrepreserts a sharedcollection of data that can be accessedsa singleunit. In reality,

a dataset may be a collection of les on physical storageor it may just be a single massiwe

le cortaining recordsin a particular format. Within actual Data Grids, datasets represert

the lowest level of organisation of data. Datasets are replicated to either improve data access
performanceor reliabilit y or both.

Within GridSim, datasetsare modeled using File objects. File objects are assiated with
a FileAttributes object that cortains information such as owner name, cheksum, le size
and last modi ed time. This object can be extendedto provide more detailed metadata (or
data about data). GridSim supports replication by having two typesof File objects: master
and replica. A master datasetis an original instance of the le, whereasall other copiesof the
le are categorizedasreplica les. This distinction is introduced to identify the purposeof a
le copy. The master le is usually generatedby a user'sprogram or by a scierti ¢ instrument,
henceit should not automatically be deleted by resources.On the other hand, a replica le
can be created and removed dynamically by a resourcebasedon storage constraints and/or
accesgdemands.
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A TOOLKIT FOR SIMULA TING DATA GRIDS 7

3.2. Replica Catalog

A Replica Catalog (RC) providesinformation about a dataset and its replicasin a Data Grid

system. At the very least, the RC indexes the physical locations of the available datasets
and replicas in a Data Grid. Howewer, in actual Grids, tools such as the Storage Resource
Broker's (SRB's) Metadata CATalog (MCAT) [22] provide more complexinformation including

metadata attributes of the dataset and its parent collection. Also, the RC is generally not a
single ertity as multiple catalogs are generally networked using di erent topologies,such as
hierarchical, certralized and super peersto improve scalability and fault tolerance.

GridSim providesan RC object which canbe con gured to be at se\eral levels. For example,
a LocalRC at the level of resources,and a RegionalRC at the level of Grids. Currently, two
topologiesfor networking catalogs have beenrealized using GridSim: (i) a simple certralized
network for Grids with small number of resourcesand users;and (ii) a hierarchical topology
that modelsthe catalog structure usedin large Grids such asthe LHCGrid project. Currently,
there is no support for metadata-basedqueriesin GridSim asits objective is to simulate and
not to emulate Data Grids.

3.3. Resource

In Grid computing, any hardware or software componert such as a cluster, a supercomputer
or a storage repository is called a resource.Computing resourcesallow usersto executethe
required application while storage resourcesallow the usersto accessdatasets and store
the results of the computation. In Data Grids, computational resourcesthat allow the les
transferred for a job to be stored and accessedfor subsequeh jobs also function as data
resources,thereby ful lling a dual role. Therefore, the following issuesshould be considered
while modeling Data Grid systems.

Storage. There can be dedicated storage resourcesavailable, such as mass storage
systemsthat serwe a large number of usersor a huge collaboration. It is also possible
that a computational resourcemay be assaiated with a high performancemassstorage
resource.For example, a cluster locatesin a samenetwork as a large disk array, where
both accessiblethrough the samefront end node. The media within a storage resource
may be disks or tapes,in which casethere are di erences in read and write times.

Resource Managemen t. Resourcesin production Grid testbeds are generally high
performancecomputing machinessud asclustersand supercomputersthat are managed
by job managemen systems or batch sdedulers such as Portable Batch System
(PBS) [23]. Such schedulersconsist of queuesthat have speci c allocation policies. The
impact of allocation policies through job waiting times have to be takeninto accourt as
well. Along with the computational allocation, data transfer also hasto be scheduled as
well sothat the job doesnot occupy the resourcetime waiting for input.
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Replica Managemen t. Resolvingrequestsfor datasetsinvolveslocating the replicas of
the datasetsand determing the sourcefrom which the dataset hasto be accessedrom.
Also, if the computational resourceallowsthe data to beretained, then a new entry must
be created for the replica and subsequeh searhyesmust provide the new location to the
requestersaswell. If the replica is deleted, this hasto be propogatedthrough the rest of
the system. Therefore, there must be a medanism for indexing, locating and managing
the replicas available in a Data Grid.

GridSim providesthe architecture shown in Figure 3 for resourcemanagemetn in Data Grids.
A Grid resourceis assa@iated with one or more Storage objects that can each model either
a hard disk-basedor a tape-basedstorage device. The resourcehas a ReplicaManager which
handlesincoming requestsfor datasetslocated on the storageelemers. In casea newreplicais
created, it alsoregistersthe replica with the catalog. The replica managercan be extendedto
incorporate di erent replica retention or deletion policies. A LocalRC object can be optionally
assaiated with the resourceto index available les and handle direct user queriesabout local
les. However, other resourcescannot query this RC object.

GridSim was initially dewveloped in order to model and simulate computational resources
and therefore, provides well-de ned abstractions for con guring the resource managemen
on a resource.Each resourceis assaiated with an AllocationPolic  y object that allocates
internal nodesto the user jobs depending on the policy. GridSim currently has two policies,
i.e. Space-Sharedusing a First Come First Serwe (FCFS) approad with/without advanced
resenation [24] and Time-Shared using a Round Robin approach.

To support Data Grid operations, jobs are allowed to specify, as physical locations, the
datasetsthey require for execution. For ead dataset, the resourcemanagergeneratesa transfer
requestto the remote storage resourcespeci ed in the location. The data transfers can be
specied as stream or block operations. In the latter case,the execution of the job is not
carried out until an event is received that the complete dataset has arrived at the resource.
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A TOOLKIT FOR SIMULA TING DATA GRIDS 9

The Data Grid version also allows pre-emptive scheduling of data transfersin order to ensure
availabilit y of data at the time of execution.

3.4. User

An application or a broker that scheduling jobs on to Grid resourcesis consideredas a user.
Sud componerts are able to query and requestdataset transfers, submit jobs and register for
events. Within GridSim, these are implemented by creating a speci c DataGridUser object
for a particular application or scenario.

4. Implemen ting Data Grid Op erations in GridSim

The previous section described the components of a Data Grid and how they are modeled
within GridSim. This sectiondescribesthe implementation of someof the common operations
in Data Grids in GridSim usingthe ertities described previously. The rst operation we presert
is the implementation of a RC structure using the hierarchical topology as an example. We
use the hierarchical RC model as a basis for describing other operations such as le addition
and deletion. Note that we have opted to implemernt the hierarchical RC model in this paper,
becauseit hasbeenwidely studied [3, 6, 25. Moreover, this model functions as an interesting
test caseto demonstrate the utilit y of our simulator.

4.1. Implemen ting the Hierarc hical Replica Catalog mo del

The hierarchical RC model is constructed as a catalog tree, as depicted in Figure 4. In this
model, someinformation are stored in the root of the tree, and the rest in the leaves. This
approach enablesthe leaf RCs to processsomeof the queriesfrom usersand resourcesthus
reducingthe load of the root RC. In GridSim, the TopRegionalRCclassactsasa certralized RC
or aroot RC in a hierarchical model. In cortrast, the RegionalRC classrepresers a local RC
and/or aleaf RC in a hierarchical model. The common functionalities of a RC is encapsulated
in AbstractRC, an abstract parent classfor both TopRegionalRCand RegionalRC.

In our implementation, we follow an approac describedin [25] and usedby the EU DataGrid
project [20]. In this model, the root RC only storesthe mapping betweena lename and a
list of leaf RCs. Each leaf RC in turn storesthe mapping betweenthe lename and a list
of resourcesthat store this le. Table 5 shavs an example of how datasets (in this case les
named lel, le2 and le3) areindexed for the hierarchical model in Figure 4.

As GridSim is designedto be areseart tool, researtersor analystswishing to test newideas
can easily extend the current componert and implement other RC structures suc asfederated
or peer-to-peer or hybrid networks. Creating a new RC model can be done by implementing
somecore functionalities, suc as

Copyright ¢ 0123 John Wiley & Sons, Ltd. Concurr ency Computat.: Pract. Exper. 0123; 34:1{2

Prepared using cpeauth.cls



10 A. SULISTIO ET. AL
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Figure 5. An example of a lename mapping in a hierarchical model

adding / deleting entries corresponding to a master dataset or replica(s) when the latter
is added/ deleted;

getting the location / attribute of a dataset; and

ltering dataset queriesbasedon certain attributes.

With the above approad, the RC model and its structure becomesdransparent to usersand
resources.Hence, they are just aware of the location of an RC which they can query but not
the type.

4.2. Adding a Master File

Figure 6 depicts the states and everts for adding a master le to a Data Grid in GridSim.
It involvesthree ertities, i.e. the ReplicaManager on the Grid resourcein which the le will
be stored, the RegionalRC which is the leaf RC to which the le must be registered and the
TopRegionalRCthat performs asthe root RC for the ertire Grid.

The lename is passedby the resourceto the TopRegionalRC (or root RC) through all
the nodesin the hierarchy. The root RC createsa unique identi er which is appendedto the
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Figure 6. A statechart diagram for adding a master le

lename sothat two les with the samename are treated di erently. This lename changing
procedure is re ected not only in the TopRegionalRG but also in the RegionalRC (or leaf
RC) and ReplicaManager. Furthermore, a tuple <filenamelD, RegionalRC>is saved within

the root RC to serwe future user requests.The combination of lename and its unique ID is
also consideredas a logical lename (Ifn) [25]. This Ifn is a key to query the TopRegionalRC
and other regional RCs for other Data Grid operations, suc as adding a replica or getting
location(s) of a le/dataset and its replicas.

4.3. Adding/Deleting a Replica

The operation for creating a replica of an already existing dataset is similar to that of adding
a master le and is shown in Figure 7. This operation is invoked when a useror Grid resource
wants to explicitly registera copy in the RC structure, i.e. all le copiesare not automatically
registeredwithin the catalog. This is to support scenarioswhere copiesof datasetsare created
on the scratch disks of computational resourcesfor speci ¢ jobs and then deleted.

The ReplicaManager ertity in the Grid resourcedetermineswhether a le can be retained
basedon certain policies;in Figure 7, the policy is whether there is enoughstorageto retain
the le. In that case,a registration requestwith the Ifn is sert to the nearestRegionalRC (or
leaf RC) which is then transmitted to the TopRegionalRCfor the simulated Data Grid. It is
important to note that a replica can only be registeredwhen its master le has already been
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Figure 7. A statechart diagram for adding a replica

mapped by the TopRegionalRC Otherwise, the replica registration would be denied by both
TopRegionalRCand RegionalRC ertities.

Deleting a replica works in a similar fashion. The ReplicaManager in the resourcesends
a requestto deregister the replica to the nearest RegionalRC. If this is the only replica in
the RegionalRC then the TopRegionalRCis requestedto disassaiate the leaf RC from the
le (represerted by its Ifn). If theseoperations return successfullythe le is deleted from the
resource.

Here, it should be mertioned tha the ReplicaManager can be extendedto considerdi erent
strategies for adding or deleting replicas. One of the possible strategies is that of econony-
basedcreation of replicas preseried by Bell et al. [12], that involvesthe resourcedetermining
whether to retain or create a replica basedon expected pro t.

4.4. Querying a File's Attributes

The operation for getting locations of a le in GridSim is summarized in Figure 8. In this
gure, we usetwo regional RCs as an example. When a Ifn doesnot exist in RegionalRC1,
then this RC will contact TopRegionalRCfor a list of RC namethat map this Ifn. This allows
the RegionalRC1to requesta le location on other RCs, such as RegionalRC2.

The user can also nd list of available les in the Data Grid system that match certain
criteria, such as a combination of lename, size and owner name. This lItering function
can be done by extending a Filter classand implementing its method, which evaluates all
FileAttribute objects listed in the TopRegionalRC
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Figure 8. A statechart diagram for getting locations of a le

5. Constructing a Complex Sim ulation

In this section, we demonstrate how to construct a Data Grid simulation using the building
blocks described in the previous sections. As mertioned earlier, there exists seweral types
of Data Grids: hierarchical, monadic and federated. Although this paper demonstrates the
usefulnesof GridSim for modeling and simulating hierarchical Data Grids (with the LHCGrid
asan example), GridSim can be usedfor dealing with other typesof Data Grids. For example,
Agarwal et al. [11] has used GridSim to simulate Data Grids in the corntext businessGrid
e orts within IBM. Another exampleis Flahive et al. [26] that use GridSim to simulate the
distributed ontology framework in the semartic Grid ervironment, which requires many data
resourcesto be located as well aslarge scaleprocessingto take place on the collected data.

We created an experiment basedon EU DataGrid TestBed 1 [3]. The network topology of
the testbed is shown in Figure 9. In the LHC experiment, for which the EU DataGrid has
been constructed, most of the data is read-only. Therefore, to model a realistic experimert,
we make these les to be read-only. Furthermore, we assumethe atomicity of the les, i.e. a
le is a non-splittable unit of information, to simulate the already processedraw data of the
LHC experimert.

For experimenting a hierarchical RC model, three regional RC ertities are introduced
as shown in Figure 9, i.e. RegionalRC1, RegionalRC2, and RegionalRC3. RegionalRC1 is
responsible for mapping master le locations and communicating with CERN, Lyon and
NIKHEF. RegionalRC2 is responsible for NorduGrid, RAL and Imperial College, and
RegionalRC3 is responsible for Padova, Bologna, Rome, Torino and Milano. Finally, TopRC
overseesll three regional RCs.
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CERN."" St

RegionalRCln --------------- RegionalRC3

Figure 9. The simulated topology of EU DataGrid TestBed 1

In this experiment, we are trying to look at:

how a hierarchical RC model can reducethe load of a single (centralized) RC;

how data replication improvesthe execution time of data-intensive jobs; and

how existing GridSim features,suc asjob allocation policy and the simulation of realistic
workloads can be utilized to make this experiment more comprehensie.

5.1. Simulation Setup

Resources. Table Il summarizes all the resource relevant information. In GridSim, total
processingcapability of a resource'sCPU or CPU rating is modeled in the form of MIPS
(Million Instructions Per Second)asdevisedby Standard PerformanceEvaluation Corporation
(SPEC) [27].

The resourcesettings were obtained from the current characteristics of the real LHC testbed
[7]. We took the data about the resourcesand scaledthem down. The computing capacities
were scaleddown by 10 and the storage capacitiesby 20. The scaling was done primarily for
two reasons:

real storage capacities are very big, hence these resourcescould store all replicas of
les that the jobs require. Sincewe are trying to demonstrate how a replication strategy
works, which deletessome les to make spacefor new ones,we madethe storagecapacities
smaller;
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Table Il. Resourcespeci cations

ResourceName (Location) || Storage (TB) | # Nodes | CPU Rating Policy # Users
RAL (UK) 2.75 41 49,000 Space-Shared 24
Imp erial College (UK) 1.80 52 62,000 Space-Shared 32
NorduGrid (Norw ay) 1.00 17 20,000 Space-Shared 8
NIKHEF (Netherlands) 0.50 18 21,000 Space-Shared 16
Lyon (France) 1.35 12 14,000 Space-Shared 24
CERN (Switzerland) 2.50 59 70,000 Space-Shared 48
Milano (Italy) 0.35 5 7,000 Space-Shared 8
Torino (Italy) 0.10 2 3,000 Time-Shared 4
Rome (ltaly) 0.25 5 6,000 Space-Shared 8
Padova (ltaly) 0.05 1 1,000 Time-Shared 4
Bologna (ltaly) 5.00 67 80,000 Space-Shared 24

the simulation of the real computing capacities is not possible becauseof memory
limitation of the computer we ran the simulation on. The complete simulation would
require more than 2GB of memory.

Some parameters are identical for all network links, i.e. the Maximum Transmission Unit
(MTU) is 1,500bytes and the latency of links is 10 milliseconds.

Users. We simulated 200 usersin total, where eath resourceis assigneda certain number of
usersasdepicted in Table Il. The usersarrive with a Poissondistribution; four random users
start to submit their jobs every approx. 5 minutes. Each user has between 20 and 40 jobs.

Files. For this experiment we de ned 2,000 les. The average le sizeis 1GB and the le
size follows a power-law (Pareto) distribution, which is reported to model a realistic le size
distribution [28]. At the beginning of the experiment all master les are placed on the CERN
storage.Then copiesof the les will bereplicated amongresourcesasrequired during run-time.

Replication Strategy. In this simulation, eadh Replica Manager (RM) of a resourceusesthe
samestrategy, i.e. to delete the least-frequerly usedreplicas when the storagelimit capacity
for storing new onesis full. However, master les on CERN can not be deleted nor modi ed
during the experiment. This is due to insu cien t storagesizein other resourcesto store all of
thesereplicas.
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Data-intensive Jobs. For this experiment, we created 500 types of data-intensive jobs. Each
job requiresbetween2 and 9 les to be executed.To model a realistic accesghe required les
are chosenwith another power-law distribution, a Zipf-lik e distribution [29]. This meansthat
the i-th most popular le is chosenwith a probability of

1

i
in our case = 0:6. The execution sizefor ead job is approximately 84000kMI  30%, which
is around 20 minutes if it is run on the CERN resource.

GridSim already has the ability to schedule compute-intensive jobs, which are represerted
by a Gridlet class. Therefore, we extendedthis classand implemented a DataGridlet class
to represen a data-intensive job. As a result, eat data-intensive job has a certain execution
size (expressedin Millions Instructions { MI) and requires a list of les that are neededfor
execution. This execution size (in MI) will be used by a resourceto determine how much
simulation time are required.

Workload Simulation. Grid resourcesare sharedby other (i.e. non-grid) typesof application
and jobs. To include this factor into our simulation, we added a simulation of a realistic
workload on a subsetof resources.GridSim makesit possibleto simulate realistic workloads.
Hence,we took 3 workload logsfrom the Parallel Workload Archive [30] of the DAS2 5-Cluster
Grid in this experiment. Sincethe workload logs are seweral months long, we took only one
day from ead log and simulated it on CERN, RAL and Bologna.

5.2. Simulation Results

Replica Catalog Model Test. In this test, we compare how well a certralized RC model
performs in comparisonto a hierarchical one as usedin the LHC experiment. We use the
samecon guration as mertioned earlier with the only di erence is the RC model.

Figure 10 shows the number of requeststhat have to be sened by eath RC ertity. We can
seethat there is a signi cant reduction in requests(around 60%), when comparing TopRC to
CentralRC from a certralized model. Therefore, the hierarchical model decreasedhe load of
the certralized RC and it is a good solution for Grids with many queries. However, further
improvemerts can be made, such as periodically update and cache replica locations from other
regional RCs, or increasethe number of regional RCs in proportion to number of resources
and users.

Execution Time Test The average execution time for jobs on ead resourceis depicted in
Figure 11. Becauseof the Time-shared allocation policy, low bandwidth and low CPU power,
Padova and Torino have a substartially larger average execution time (80 and 15 hours
respectively) and are left out of this gure.

Sincethe simulated jobs are data-intensive, but they alsorequire a lot of computing power,
many parametersin uence the speedof job execution. We can seethat Imperial hasthe fastest
job execution, sinceit hasa lot of computing power and alsoa large bandwidth to CERN where
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Figure 10. Centralized vs hierarchical RC model Figure 11. Averageexecution time

it getsthe needed les. The most surprising result is that CERN has a very high computing
power and all the data available, but the averageexecution time is very high. The reasonfor
this is that CERN is running many compute-intensive jobs (de ned by the realistic workload)
sothe jobs have to wait for the execution.

Data Availability Test. To demonstratehow the availabilit y of data can be monitored on eath
resourcewe measuredhow much time doesa job require to obtain a unit of data when getting
the needed les. This measurewill tell us how \close" the resourceis to the required data.
More precisely the availabilit y of data for job i on resourcej is computed as

availj = i,

d’

where d; is the amourt of data required by job i (e.g.in MB) and t; is the time neededfor
job i to get all data on the resourcej (e.g.in seconds).

The \qualit y" of a resourceto execute data-intensive jobs can be de ned as the average
availabilit y over all jobs that were executedor_r;l the resource.This can be written as

i2Jobs; avail .

jJobg]
where Jobs is the set of jobs executedon resourcej .

However, becauseof data replication and di eren t conditions of the network, data availabilit y
changesover time. Figure 12 shows the availability change during the simulation on three
di erent resources:Lyon, NIKHEF, and Bologna. Becausethe behaviour is similar on other
resourceswe omitted them from the gure. In the rst minutes we have no information about
the data availability, since it is calculated when a job retrieves all the required les. The
availabilit y getsinitially worseon somenodes, sincethe jobs that nish rst have obviously a
better accesdo data. After this increase the availabilit y starts to improve signi cantly because
of the replication strategy.

avgAvail; =
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Figure 12. Averageavailabilit y in time for three resources

6. Conclusion and Further Work

In this work, we presernt a Data Grid simulation infrastructure as an extensionto GridSim,
a well-known Computational Grid simulator. With the addition of this extension, GridSim
hasthe ability to handle core Data Grid functionalities, such asreplication of data to seweral
sites, query for location of the replicated data, accesgo the replicated data and make complex
queriesabout data attributes. To give a better insight into the new features, we describe the
entities and their basic functions in detail.

Integrating Data Grid functionalities into GridSim provides a rich set of features and a
wide range of possibilities for usersto explore. We demonstrate this by constructing a complex
simulation scenariobasedonthe LHCGrid project, such asthe simulation of data-intensivejobs
with compute-intensive workloads and the evaluation of demand-driven replication strategies.
We also show how GridSim is able to simulate a comprehensive Data Grid platform. The
conducted experiment has showvn how a hierarchical model for Replica Catalog (RC) provides
a better scalability than a certralized one.

In addition, we tested the average execution times on dierent resourcesand the data
availabilit y which improved substartially becauseof a simple data replication strategy. The
results showvn in these experiments are not very surprising, but the described simulation was
usedas an example of di erent functionalities of the simulator. We believe this work can help
researhiers make important ndings and help resolve problems arising in Data Grids.

In the future, we are planning to incorporate new functionalities of Data Grids, suc as
resenation of storageto store future data requests,and automatic syndcironization of data
sets among resources.We are also intending to add various replica catalog models into the
framework. By working with user communities, we will develop some more usage models
illustrating applicability of GridSim for simulating various classef Data application scenarios.
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Software Av ailabilit y

The latest GridSim toolkit with source code and examples can be downloaded from the
following website:

http://www.gridb  us. org/ gri dsim/
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