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Abstract

Grid computing is moving into two ways. The
Computational Grid focuses on reducing execution time
of applications that require a great number of computer
processing cycles. The Data Grid provides the way to
solve large scale data management problems. Data
intensive applications such as High Energy Physics and
Bioinformatics require both Computational and Data
Grid features. Job scheduling in Grid has been mostly
discussed from the perspective of computational Grid.
However, scheduling on Data Grid isjust a recent focus
of Grid computing activities. In Data Grid environment,
effective scheduling mechanism consdering both
computational and data storage resources must be
provided for large scale data intensve applications.

In this paper, we describe new scheduling modd that
considers both amount of computational resources and
data availability in Data Grid environment. We
implemented a scheduler, called Chameleon, based on
the proposed application scheduling model. Chameleon
shows performance improvements in data intensive
applications that require both large number of
processors and data replication mechanisms. The
results achieved from Chameleon are presented.

1. Introduction

A Grid is large scale resource sharing and problem
solving mechanism in virtual organizations [11]. We can
consider Grid service as two parts, Computational and
Data Grids. A large number of computers are linked
globally to form a computational Grid [10]. A transparent
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access to Computationa Gridis provided so that users can
achieve better performance, especially in terms of speed
and throughput. A Data Grid provides two basic services,
a secure, reliable, and efficient data transport protocol and
replica management [8].

In high energy physics, bioinformatics, and earth
observation applications, we encounter huge amounts of
data. By its nature, we can achieve better performance
(access time) by replicating data in geographicaly
distributed data stores. Computationaly intensive data
andysis is also required. We can achieve performance
improvement by using Computational Grid that provides
large number of processors and Data Grid that provides
efficient data transport protocol and data replication
mechanisms. In such environments, effective resource
scheduling is a challenging research issue. One must
consider not only abundance of computationa resources
but data locations. A dte that has enough available
processors may not be the optimal choice for computation
if it doesn’t have required data. The processors might wait
for along time to bring the remote data. Smilarly, a site
with required data may not be a good place to compute if
it doesn’t have enough computational resources.

In this paper, we propose a new scheduling modd that
considers both replicated data locations and maximizing
processor utilizations to solve mismatch problems for the
scheduling. We describe system factors that should be
considered for executing applications in Grid: dynamic
system factors and application specific factors. We present
scheduling scenarios that may occur in real situations with
these factors. Then we propose cost analysis models for
each scenario. We implemented a scheduler, called
Chameleon, based on the proposed scheduling models.
Experiments were conducted by applying Chameleon on a
Grid testbed. Experimental results show that Chameleon is
competitive approach for resource scheduling in Grid.



2. Related Work

Large data collections are emerging as important
resources in many applications. In some ares, the volume
of interesting data is aready measured in terabytes and
will be soon petabytes. For an example, High-energy
physics experiments in CERN are expected to generate
petabytes of scientific data by 2005 [15]. The anadysis of
data from the experiments is computationaly intensive.
The integrating architecture motivated by these
considerations is a Data Grid [8]. The Data Grid
community tries to solve emerged problems by devel oping
replica management services and efficient data
transmission protocols. GridFTP is a secure, reliable and
efficient data transport protocol developed as a part of the
Globus project [3]. The Globus project also provides a
basis of replica management, called Replica Catalog,
which contains mapping information from alogical file or
collection to one or more physical instances of the objects
[8]. Stockinger et al. describe basic cost models for
anayzing replicated and geographically distributed datain
reference [19]. They assume that the Grid sites have both
data stores for replicated data and computationa
capabilities to analyze the data. They suggest the cost
moddl in two ways, data-migration and application-
migration. We also assume the Grid environments with
similar view to theirs and conduct real experiments based
on the assumptions. There have been many efforts for job
scheduling on Grid. One representative approach is the
application-level scheduling. In AppLes project [5], the
performance model for a specific application is provided
by the user. Each Grid application is scheduled by its own
AppLes and customized to fulfill its user-derived
performance model. Our scheduling model presented in
this paper is aso a kind of application-level scheduling,
that is specific kinds of application are discussed in our
model. Kavitha Ranganathan et al. describe scheduling
considerations in Data Grid environment in [16]. They
describe that the choice of scheduling algorithm has a
significant impact on a system and argue that they must

explicitly address both job scheduling and data scheduling.

Their simulation results show that job scheduling
considering data location shows better performance. We
have the same opinion as theirs from a conseguence of
real experiments.

3. Scheduling M odél

We congtructed a scheduling model for Data Grid
environment. The Data Grid consists of distributed sites
that have both data stores and computationa capabilities.
Figure 1 shows the Data Grid modd we assume. This

model takesa similar form to the one CERN presents[15].
Input data sets for applications are replicated among
geographically distributed sites and each data has logically
unigue name. All sites have different computational
capabilities and different data stores. Replica Management
Server provides mapping function between logical name
and physical data copies. In such environments, we should
consider some system factors that affect scheduling
decision. Factors and the cost models for resource
scheduling are discussed in the following subsections.

Replica Management Server
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Figure 1. Data grid environment
3.1 System Factors

We can distinguish system factors between dynamic
factors and application specific factors. While dynamic
system factors change over time, the application specific
factors are determined before the applications are
executed.

3.1.1 Dynamic System Factors
Since dynamic system factors change over time, it is

difficult to measure accurately. There are three dynamic

factors as follows:

® Network bandwidth: Data transfer time is in
proportion to the network bandwidth. Since there may
be frequent data transfers between sites and nodes,
network bandwidth is one of the most important factors.
We should measure and forecast the network bandwidth
accurately because data transfer time is tightly
dependent on current network load and the size of data
in Data Grid environment is very large. NWS [21] isa
good approach to measure and forecast the network
bandwidth. Both WAN bandwidth between sites and
LAN bandwidth between nodes in a site should be



measured. In general, WAN bandwidth is more critical
because most of data transfer time is consumed on
WAN.

® Number of available nodes; At each site, the number
of available nodes changes over time. In a
computational Grid environment, the number of
available nodes is one of the most important factors for
scheduling. The number of available nodes at a site will
be decided according to the job load and amount of
processors allocated for the users. If we do not consider
data availability at each ste, the resource selection will
be mostly based on this factor. As the number of node
which performs computation grows in a site, there may
be more data transfers between nodes.

® System attributes at each site: We cannot predict job
execution time accurately if we only consider the
number of available nodes at each site. Each site has
different system architectures. Some sites are based on
high performance parale machines like MPPs and
others consist of clusters. Besides different static
architectures, each site has different system attributes
that change dynamically. For example, processor speed,
memory size, and 1/O performance can change over
time and they are different from each other site.
Sometimes an application may especialy require large
memory size, good 1/O performance, etc. We must
consider datic architectures and changing system
attributes at each ste.

3.1.2 Application Specific Factors
Since various applications such as high energy physics

and bioinformatics execute in Grid environment, we must

distinguish unique factor that each applications has. Most

application-level scheduling models are based on the

unique characteristic of each application. Followings are

the application specific factors that we consider in our

scheduling models.

® Size of input data: In genera, data intensive
applications analyze large amounts of data. In Data Grid
environment, data is replicated in geographicaly
distributed sites. It meansthat if datais not replicated in
the sdlected site for the job, the data should be fetched
from other sites. Data feich from other sites will
degrade overall performance because data transfer
speed is limited by network bandwidth.

® Size of application code: We can consider two methods
when local site does not have replicated data. We
assume that application codes are always on the local
site. Firg thing is fetching replicated data from remote
sites and processing it on local processors. Second one
is moving local application codes to remote site in
which datareplica exists and processing data on that site
with migrated application codes. If we choose the

second case, then we must consider size of application
codes. In general, the size of application codes will not
decrease the overall performance significantly because
it is much smaller than input data to process and output
data.

® Size of produced output data: If computing job takes
place a a remote site, the produced output data should
be transmitted to the local site so that users can take
result. Each data intensive application produces
different amount of data. For example, one of the gene
sequence comparison applications, FASTA, produces
about 5 times larger output than the similar application,
BLAST, when the same amount of input protein
sequences is processed. Since the amount of output data
is proportional to the input data in many cases, we can
expect the amount of output data before execution.

3.2 Cost Models

In this section, we propose cost models for job
execution in Data Grid environment where the input data
is replicated in digributed dtes. The cost is the response
time upon user’s job request. We can separate the response
time into two parts, data transmission time and job
execution time. We make an assumption that the data is
read-only. This is reasonable assumption asit is discussed
in several Data Grid scenarios [15]. We also assume that
application code is in local since the user in local has
application codes which will be used while distributed
sites cannot have all kinds of data intensive applications.
We describe five scenarios that may occur when the job
request is scheduled. System parametersin our models are
asfollows:
® Timei : The response time of user’s job request in
scenario i
N i : Thenumber of available nodesin sitei
Dimpu + Size of input data
Dapp - Size of application codes
Douput - Size of produced output data
BW.anq) : Bandwidth of LAN connection in sitei
BWwang - j) - Bandwidth of WAN connection between
sitei and]j
® Execi : Expected execution time on sitei

Figure 2 describes data transfers in our models. The
bold arrows with subsection numbers represent the input
data transfer in the models discussed in the following
subsections.
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Figure 2. Data movement in models

3.2.1 Local Data and L ocal Execution

NIocalX(Dinpui+Dapp)+Dou1pul

+
BW.LaAN (local ) EXECiocal

Time: =

The input data is located in local site where processing
is performed. The formulais for measuring response time
in this scenario. We assume that there exists a master node
in a site for delivering the job request to computing nodes
that perform process. In the scenario, cost consists of data
transmission time between master and computing nodes
on alocal LAN and estimated job execution time on local
available processors. The input data and application codes
maintained by master node should be copied to every
computing node and produced output data will be
aggregated to the master node, as illustrated in upper box
in Figure 2. We assume that the input data should be
replicated to all computing nodes. It's because the input
data can be a form of database for some applications. In
that case, the application tries to search al contents of its
input data (database), thus whole input data should be
copied to all computing nodes. We know that sometimes
the input data can be divided into smal parts and
distributed to the computing nodes. But we choose the
worst case because the data transfer time via LAN is very
small compared to job execution time or data transfer time
via WAN. This assumption of data transfer via LAN is
applied to all scenarios regardiess of location of the site
wherethejob is executed (local or remote)

3.2.2 Local Data and Remote Execution

. input + Dapp+
Times = Dinput + D app Doulpl.ﬂ +
BWwan (local -remote i)

Nremote _iX(Dinput +Dapp)+ D output
BWian (remote _i)

Although local dte has replicated data copy, the
response time can be reduced when the job is executed in
remote site with enough computing nodes like the lower
left box in Figure 2. When a remote site has much more
available processors for job execution, the input data
should be transmitted from local to the selected remote
site for execution. The input data and application codes
are transmitted to the remote site through WAN, then
delivered to al computing nodes through LAN. On the
remote site, the input data is processed on computing
nodes and result will be aggregated to master node. Findly,
the result data should be transmitted to thelocal site.

+ EXeCrenote _i

3.2.3 Remote Data and L ocal Execution
- Dinput
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+

+ EXEC iocal

When the input data is not located in local site, we can
bring it from remote site having the data and process it
using local processors. In this scenario, total data transfer
time consists of fetching input data from remote site
through WAN and exchanging data set between master
and computing nodesvia LAN in local site. Tota response
time is the sum of data transfer time and job execution
time in local. When the size of application code and
produced output data is excessively large, it is better to
select this scenario because transfer of application code
and output data through WAN is not required.

3.2.4 Remote Data and Same Remote Execution
D app + D output
BWwan (local —remote _i)

Nremote _ix( Dinput + Dapp)+ D output
BWLaN (remote _i)

Times = +

+ EXECremote _i

If the remote site has both required input data and
enough number of available processors, then the input
data can be processed in that site with its processors. In
this scenario, application codes in local dte are
trangmitted to the remote site in which input data is
located and the job is executed in that site. The produced
output data should be returned to local site.



3.2.5 Remote Data and Different Remote Execution

D input + Dapp + Doutput
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BWian (remote _j)
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In general, input data for processing is replicated on the
part of sites. While certain sites may have a replicated
copy, others may not have it. Sometimes, computational
capahilities of a remote site without replicated data are
much superior to the capabilities of other sites with
replicated data. In such cases, we can reduce response
time by moving input data from one site to another site
that has a large number of processors. In this scenario,
input data located in sitei is transmitted to sitej which has
enough computationa capabilities. Also application codes
should be transmitted from local to sitej. Then processing
is performed in Stej and result data will be transmitted to
local site.

The scheduler operated on local site compares the
performance from the above scenarios and chooses the
best one that may takes the least response time. After
deciding the best locations for job execution and data
fetching, the job and data movement requests can be
submitted.

4. Scheduler I mplementation and Results

We implemented Grid scheduler: Chameleon.
Chameleon implementation is based on the mode
discussed in Section 3. We also performed experiments on
a Grid testbed. In this section, we describe features of
Chameleon, and introduce a testbed and applications that
we use. Lastly, we present the experimental results.

4.1 Chameleon

Chamdeon is built on top of Globus [13]. NWS
(Network Wesather Service) [21] is also used for measuring
and forecasting a network bandwidth. Chameleon makes
use of Globus services, such as resource allocation,
information, and Data Grid services. NWS provides
information of dynamically changing network bandwidth.
Chameleon gathers information such as expected size of
output data and expected execution time from users when
the job is performed on a specific machine (e.g., The job
may takes 2 hours on a machine with P3 1 GHz CPU and
512 MB memory). We assume that users can accurately
expect the job execution time and the sze of result data.
This can be a valid assumption because users know the
size of input data to be processed and execution time and
the size of output data are related to the size of input data
in many applications. If the user knows well about the

behavior of the application, the prediction can be done
precisely. Chameleon predicts job execution time on each
site and data movement time between sites to estimate
overall response time. Job execution time on each Ste can
be calculated by comparing each site's system information
(CPU, memory, etc.) with the assumed machine
specifications. In other words, if users expect that the job
may takes 2 hours on a machine with P3 1 GHz CPU, we
can guess that it takes 1 hour when it is performed on a
machine with 2 GHz CPU, although it is extremely
simplified. Data transfer time is predicted by getting
network bandwidth between dtes usng NWS. After
deciding the best locations for job execution and data
fetch, Chameleon submits a job request based on the job
specifications received from users. It also requests data
transfer when required. More detailed chameleon features
are asfollows:

® [nformation Monitor: This component monitors
system factors that we describe in subsection 3.1. MDS
in Globus and NWS are used for gathering needed
information.

® L ocation Finder: This searches physical locations of
logical datato be used. We use Globus Replica Services.

® Scheduler: This makes scheduling decision by
andyzing gathered information. The scheduling
algorithms are based on the modd discussed in
subsection 3.2.

® Data Mover: After the scheduler component makes a
decision, Data Mover receives locations for job
execution and data fetch. Then it tranamits the required
data between sites or nodes. Currently, GridFTP is used
for transmitting data.

® Runner: This receives job specification from the user
and executes the job at the selected site. GRAM service
in Globus is used for executing job on a remote site
having local resource manager.

4.2 Testbed and Applications

We perform experiments on a Grid testbed in S. Koreg,
named ANTZ [1], and ApGrid testbed [2]. The
experiments were conducted on 9 Grid sites. Most sites
are based on PC Clusters. LSF(Load Sharing Facility),
PBS(Portable Batch System) and Sun Grid Engine are
used aslocal schedulers.

We execute two gene sequence comparison applications,
FASTA and PSI-BLAST [12], for our experiments. Many
of gene sequence comparison algorithms such as FASTA,
BLAST, and Smith-Waterman need computationally
intensive analysis on the large size database [12].
Scientigs try to predict structures and functions of newly
found protein by comparing its sequence with well known



protein sequences in databases. The scheduler in local
distributes the protein sequences to the selected Grid site
and the analysis is performed on the site with available
processors. On each processor, the application compares
its alocated protein sequences with the sequences of well
known protein in database. In order to execute those
sequence comparison jobs efficiently, the database is
distributed on many sites. Some sites may have the
sequence database since the analysis job have taken place
at that site previoudy and other sites may not have it. Thus
data replication mechanism for managing distributed
databases and efficient data transfer protocol for
transmitting large size database should be applied to these
kinds of applications. In other words, Data Grid services
can fulfill the application’s requirements.

4.3 Experimental Results

We compared response time of applications between
performed by Chameleon and by manual execution.
Chameleon predicts the response time for each dSte and
submits job to the selected best site. Parameters are
presented in Table 1. All parameters are obtained from the
actual applications (PSI-Blast and FASTA). As we
mentioned earlier, we assume that users can accurately
predict the job execution time and size of result data by
considering the size of input data We executed the
applications on a base machine (assumed machine
specification) and obtained the execution time and size of
result data prior to the real experiments on the Grid sites.
We applied theresult values to Chameleon as parameters.

Table 1. Parameters

PSI-

Parameters BLAST FASTA
Size of Input Data
(Protein Database) 502MB S02MB
Size of Output Data 10MB 200 MB
Size of Application Codes 7™MB 1MB
Execution Time onaBaseMachine
(P416GHZ CPU, 5I2MB Mem) | 21900 Sec. | 28,038 sec.

4.3.1 Partial Replication Case

Figure 3 describes partia replication case we assume.
We make an assumption that the database is replicated on
4 digributed sites (gray boxes). Network bandwidth
between sites shows a wide range of differences. Figure 4
describes the result from PSI-BLAST on the assumed
replication case. Asyou see theresults, the site C takes the
least execution time for dl sites. However, it doesn’t have
the sequence database, so the database should have been
fetched from other sites.
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Figure 3. Partial replication case
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Figure 4. Performance of PSI-BLAST in partial
replication case

It takes 743 seconds to bring the database from the remote
site which has the widest bandwidth from gsite C (in this
experiment, site E was chosen). The job execution time
and database replica fetch time is nearly the same at the
site C, so overall response time becomes long. Although
site A takes longer execution time than site B and C, it was
chosen for job execution by Chameleon. Since site A has
the required database, it takes only 153 seconds to deliver
the application code and result data. In this case, the
scenario 4 (Remote Data and Same Remote Execution) is
selected. If we only considered computational capabilities,
site C would be chosen and performance would be
degraded. Although the predicted execution time and data
transfer time are not exactly the same as the values from
real execution, the prediction errors don’t make the wrong
decision in this experiment. While the predictions of job
execution time have been relatively accurate since the
application’s performance is tightly dependent on the
system attributes (CPU, Memory size, etc.), there were
large prediction errors on the data transfer time in our
experiments. It is because the data transfer speed using
GridFTP was not always proportional to the bandwidth
reported by NWS.



Figure 5 describes the result of FASTA on the same
replication case. Interestingly, the result is different from
the case of PSI-BLAST. The size of output data from
FASTA is about 200 MB, which is much larger than that
of PSI-BLAST, as it contains much more information
about protein functions and structures. During our
experiments, the local site has shown narrow network
bandwidth, so much time was consumed for transmitting
the output data to local site. Although the site A has the
required database, it really suffers from transmitting the
output datato local since the network link between site A
and local site shows the worst performance. As a result,
Chameleon sdects the scenario 5 (Remote Data and
Different Remote Execution) and site C is selected for job
execution. The database should be fetched from the other
remote site.

. X execution
== Y: replica fetch

X: 3140
X 1 Z: code+tresult move

Y0 xeyy X184
Z:0 Y:620 1473
Y:0 - :
Z:689 628 X: 1401
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£
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local site A site B site C  prediction(site C)

Chameleon

Figure 5. Performance of FASTA in partial
replication case

4.3.2 Non-Replication Case

In this case, we examine the situation that the data is
only in local. In other words, Data Grid features are not
concerned. The result is obtained from the execution of
PSI-BLAST. Asyou see the resultsin Figure 6, much time
is consumed to transmit the large Sze database from local
to remote sites. Although the site A and site G have larger
computational capabilities than local site, the response
time is longer when PSI-BLAST is executed in Site A or
Site G due to the data transfer delay. Among al sites, the
site C is expected to take the least response time. As a
result, the site C is chosen for job execution and it takes
2,098 seconds to complete the job. Although it takes a
little bit shorter time than local (2,277 seconds), the
response time is much longer than that of the partia
replication case (1,504 seconds). We can argue that data
replication mechanism can improve the performance of
those kinds of applications when they are executed on a
Grid environment.
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Figure 6. Performance of PSI-BLAST in non-
replication case

4.3.3 Effects from Increasing the Number of Replica

In this experiment, we discuss the benefits from
increasing the number of replica on the distributed sites. If
the dynamic replica management method is applied to the
Data Grid, proper number of replica and replica location
will be decided according to the replication strategies [18].
In this experiment, we increase the number of replica on
distributed sites as illugrated in Table 2. Site names in
table 2 are from Figure 3. Figure 7 describes the results.
As the number of replica increases, both the predicted
response time by Chameleon and the actua response time
are decreased. The reason is that the database replica may
exist on the site which takes less execution time or the
database replica may exist on the site which has better
network link to the site of better computation, as the
number of replicaincreases.

Table 2. Increasing the number of replicain
distributed sites

Number of Replica Sites with Replica
1 Local
2 Loca, E
3 Local, E, D
4 Loca, E, D, F
5 Local,E,D,F G
6 Local,E,D,F GH
7 Local, E,D,FGH,B
8 Loca,E,D,FGH,B,A
9 Loca,E,D,FGH,B,A,C
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Figure 7. Response time as the number of replica
Increases

5. Conclusions and Future Work

In this paper, we addressed scheduling mismatch
problem in Data Grid environment. We proposed
scheduling models that consider both computational
capability and location of data replica. Our model consists
of five scheduling scenarios that may occur in red
Situations. We identified cost model for each scenario. We
implemented Grid scheduling tool, called Chameleon,
based on the proposed models. We performed meaningful
experiments on a Grid testbed and we could achieve better
performances by applying Chameleon to the gene
sequence comparison applications.

Currently, the scheduling models are designed for job
execution on one Ste. We expect that more complex
models should be constructed for job execution on
multiple sites. In our future work, we will extend our
models for the case of job execution on multiple sites.
Hence, more advanced features will be added to
Chameleon. We will demonstrate by large-scale
experiments with the extended job scheduling models for
Data Grid environment.
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