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Abstract

Distributed systems are available and provide vast
compute and data resources to users. With théabitay

of multiple resources, one of the major issues ¢ b
addressed is site selection. Users have accesmny
resource sites from which to select for executidn o
applications. In this paper, we quantify the adagas of
using performance prediction to select sites aspeoatd

to using load information, which is the widely used
method. The quantification is based upon two case
studies. The first case study involves a largéesca
scientific application, called GEO LIGO, for whiche
experimental results indicate an average of 33%
performance improvement as compared to a load-based
method. The second case study involves a web-pased
educational application, called AADMLSS, for whitlie
results indicate an average of 10% performance
improvement as compared to a load-based method.
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1. Introduction

Distributed systems, such as the Distributed Tédagr
Facility [7], the Grid 2003 [3], and the Europeamt®
Grid [14] are available and provide vast compute data
resources. Large-scale applications such as cogmol
ocean modeling and gravitational-wave physics often
require computational and/or data grids to obtdia t
needed compute and/or storage resources necessary f
execution. For the case of web-based applications,
distributed systems allow for server replicatioratmid a
single server becoming a bottleneck, thereby cagusin
significant performance degradation. One of thgoma
issues to be addressed with distributed systenthes
selection of sites. In this paper, we quantify the
advantage of using performance prediction versasl lo
information for site selection. The goal is toestlthe
site that results in the smallest execution timethof
application.

There are many site selection systems théteitbad
information [12][19][20][21][22]. Kalaiarul and Qlger
use load information for web server site selectising
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mobile agent technology [22]. In [19], Badidi at. use
load information for server selection in a disttéxul
object computing environment. In these load-basitsl
selection systems, the underlying assumption ig¢ tha
selecting a site with the smallest load will gives thest
performance in terms of application execution time.

We present a site selection method that uses
application performance predictions, based upon
historical data. It is well known that site selentbased
on the processor speed or memory does not guarantee
minimum execution time. The performance of an
application is often affected by many aspects sash
interactions between the dataflow and computatiornise
application with the system architecture. Siguaifitwork
has been done in the area of performance prediéion
parallel applications [13][16]. This work indicatehat
the use of historical data results in good predioat of
the execution times of parallel applications. QGwork
uses the Prophesy infrastructure [15] to predict
application performance on different sites; Progheses
historical data to generate analytical performamoelels
for predictions.

To quantify the difference between load-based
performance prediction-based site selection methvaels
use two case studies. The first case study ugmdsar
search application, called GEO LIGO [1][5], on the
Grid2003, for which the results indicate an averafe
33% reduction in execution time using application
performance prediction as compared to load-based si
selection. The second case study involves a webeha
educational application, called AADMLSS (African-
American Distributed Multiple Learning Styles Sysle
[11]. In this case study, AADMLSS is replicatedass
multiple servers, and our prediction method corrsidlee
network performance as well as the server perfocsman
The results indicate an average of 10% performance
improvement as compared to load-based selection.

The remainder of the paper is organized alevisl
Section 2 provides an overview of the Prophesy
infrastructure that is used for the predictionsecti®dn 3
describes the first case study using GEO LIGO pulsa
search application executed on the Grid2003. Qecti
presents the second case study using the web based



application, called AADMLSS, and Section 5 summgrie
the work and describes the future work.

2. Prophesy: Performance Predictions

The performance predictions used for site selecion
obtained from the Prophesy infrastructure, whiatheves
the performance data and uses this history to gémer
analytical performance models for predictions [13]]
Prophesy consists of three components: data doltect
databases, and data analysis. In this paper, s fon
the data analysis component, which includes theemnod
builder.

The model builder is used to formulate predict
based upon the archived performance data. Cuwrentl
Prophesy includes three methods for developing
analytical models for predictions: (1) curve fiti (2)
parameterization of the application code, (3) cimgpbf
the kernel models that comprise the applicatior].[1®
this paper, we utilize the curve fitting method for
developing the predictions. Curve Fitting is a noet that
uses optimization techniques, such as multivariate
regression, to develop a model. For this method,
Prophesy uses the empirical data found in the da&b
and the computational complexities of the applaratio
generate the model. The application inputs arel @se
variables for the curve fitting method.

3. Case Study I: Site Selection in Grids

In the computational grid case study, we use aafidin
performance predictions to select a site from atdl
Grid2003 [3] sites for the GEO LIGO pulsar search
application. This application was developed by
collaborators from the German-English Observatory
(GEO) [1] and the Laser Interferometer Gravitatlena
wave Observatory (LIGO) [5], hence called GEO LIGO.
The pulsar search is a process of finding celesti@cts
that may emit gravitational waves. Our experiment
focuses on the application computing F-statistios f
known pulsars using pre-generated Fourier Transform
files. The F-statistics generation requires intens
computation and storage resources.

3.1. Testbed

Figure 1 shows the overview of the testbed comsjstif

the Pegasus meta-scheduler [8] and the Prophesy
prediction system [15]. Pegasus maps an abstract
workflow description onto the available grid resmes.

The abstract workflow indicates the logical
transformations that are to be performed, the aaddrthe

logical data files that transformations consume and
produce. The abstract workflow does not include
information about where to execute the transforomti
nor where the data is located. Pegasus uses sagiid
services to find the available sites, the neede¢a alad the
executables that correspond to the transformations.
Originally, Pegasus mapped a workflow onto the
available sites using random allocation. To imgrdhe
Pegasus site selection, we provide a uniform iaterf
between Pegasus and Prophesy to enable Pegasakdo m
better mappings between sites and workflows ushey t
Prophesy application predictions.

]
-

Pegasus sends to Prophesy information suctheas
application name, the input parameter names and the
values, and the list of available sites. Whendhery is
received by the Prophesy server, Prophesy retures t
rankings of the available sites using predictedcetien
times at each site. The training set for this csteely
included historical data from all sites.

We executed the GEO LIGO application on the
Grid2003 using grid middleware and collected the
performance data. Grid2003 is a collaborative atp@nal
grid between three major projects: Internationatual
Data Grid Laboratory (iVDGL) [4], Grid Physics
Network (GriPhyN) [2], and Particle Physics Dataidar
(PPDG) [6]. Grid2003 consists of 30 participatisites
totaling over 3200 CPUs. Table 1 shows the site
specifications of the selected Grid2003 sites useithis
case study. We had access to a limited numbétesf sis
many of the sites are reserved for the major erparts
within the high energy physics community.

3.2. Training Set

We identified two input parameters that signifidgnt
affect the execution time of the GEO LIGO pulsarsh.
The parameters amlphaBand andFregBand , which

together determine the search scope and the
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frequency range of the pulsar search.
performance data using different input values amthiaed
the data in the Prophesy database. The initiaditiga data
was collected from nine Grid2003 sites and consi§tg§0
individual runs at each site. Upon completion etle
additional GEO LIGO execution, the performance data

We collectedsubmission and selects the least loaded site fecution.

We utilize Ganglia [9] to monitor and collect theats of
the Grid2003 sites. Random selection uses the mando
number generator functiornd with the seed value 1000
to identify a random site to be used for execution.

added to the database, and this updated archival of Table 2 gives the experimental comparisonthefthree

performance data is used

performance models.

to generate

From the initial training set, we observedttigiven
different input values, the site with the smallesecution
time changes. This observation demonstrates #hatting
a static site to run this application does not mire the
application execution time.

3.3. Experimental Results

The experimental results entail a comparison of the

performance prediction-based site selection witttibased
and random selection methods.
method collects and compares site loads beforejdhe

successiveelection methods: the application performancéiptien-

based method, the load-based method, and the random
method. The results in the table include thesatected for
execution by each selection method, the measunesl of
GEO LIGO executed on the selected site, and theeper
difference as compared to the prediction-basedctete
method. Negative values indicate better site tiele¢han

that resulting from the performance prediction; aoditive
values indicate that the performance prediction tees
better selection corresponding to a smaller exenutime.

The results indicate that the performance iptied-
based method provided efficient site selection weipad

Load-based selectioRased and random in all but one case; for thiscase the

best site was off by 9%. The application preditiimsed



site selection performed an average of 33% better ( from the database and generates an analytical nfodel
smaller) in execution time than the load-basedsstection.  server response time. Prophesy returns to theesearv
The results indicate that the load-based methodhinsiglect  ranked list of the sites that contain a replicd8DMLSS.

a slower site with the least load, which resultdhie non-  The ranking is based upon estimates of the seegronse
optimal site selection. In comparison to the rando time. Subsequent user requests are handled lsetbeted
selection, the results indicate 52% improvementngisi server corresponding to the site ranked number one.
prediction. The problem with the random methothé the

results will be different for a different seed valu It is The server response time is computed usinighatstd
noted that the overhead for obtaining the predistizvas  network delay and server access time. The netdeldy is
negligible and occurs prior to execution of the legagpion. defined to be the time required for the user toeasche

concept material from the selected server. Thevonkt
delay is determined by sending different packet¢sizom
4. Case Study Il: Web Server Selection each candidate server to the user machine. Fdferetit
packet sizes are carefully chosen to minimize trertead,
For our second case study, we use the performanc@nd the corresponding performance data are arcliivete
prediction-based method to select the web senartihs ~ Prophesy database. Subsequently, Prophesy genenate
the minimum predicted server response time. The@nalytical model for the network performance using
estimation of the server response time is based orstatistical analysis. The server access timefisett as the

application performance as well as network perforcea  (ime required for the server to access the reqdeiés, for
predictions. which the estimate is based upon historical data.

Relying on a single web server to handle gelatumber We evaluated the performance prediction-basie
of user requests is undesirable; the use of meltgrver selection using three servers with replicas of ADI3S.
replicas to respond to high user requests deen The servers are located at Texas A&M University T4,
known to offer many advantages including invea Auburn University (AU), and Boston University (BU).
service availability and short response time foequested ' able 3 provides the specifications of each serepfica.
service. The application, called AADMLSS (African- The hardware specifications are fairly differentcany the
American Distributed Multiple Learning Styles Sysje  three servers.

[11], is used to evaluate the use of applicatiorigoaance

for server selection. AADMLSS is an online eduoail izﬁcsspee - L;g”;;gﬁﬁ? T'ZZ;EL;L — '”tegg;t&B(?Al’\JA)H_

. N . . . 4
system that incorporates thg use of culture _a_nd theg s Speed | 205 MB/s 638 MBJS 214 MBJS
integration of sophisticated instructional toolstoinits Memory 256 MB 256 MB 256 MB
learning environment as an attempt to improve desttis Hard Disk | 30 GB 40 GB 10 GB
learning experience and academic performance. e e

4.1. Testbed
Similar to the case study |, we have compaoed
wi prediction-based method to two other selection ough

AADMLSS. The process starts with the user conngctd It?ad-gase? sglechon and ranr(]jom selgctgn. Forlotiwg-
an AADMLSS server, which connects to the ProphesyPased selection, we use the standard UNIX resource
system for server selection. Upon receiving a estérom monitoring utilityuptime to identify the site with the least

the ADDMLSS server, Prophesy retrieves performatata  0ad. Three sets of experiments were conductetyusi all
three servers, 2) two servers, consisting of allseaver

(Loner ) and a remote serveinferact ), to focus on the
impact of network performance for the resource ciigle,

and 3) two remote server$ifa andInteract ). With
the third experiment, the two remote servers have
comparable network performance; this experimenisisd
to investigate the impact of server performancetffer site

- selection. The users of ADDMLSS in this study lacated
“-- in the Department of Computer Science at Texas A&M
University. Henceloner is considered to be local, and

v T
$$ $$ . $$ the remaining sites are remote. The results frirtheee
$9 $9 $9 experiments are given in the next section.

&8)0$

Figure 2 gives the server selection process uset




Using All Servers Using Local and Remote Using Rert® Servers
Concepts (Load- (Random- (Load- (Random- (Load- (Random-
Prediction)(%) | Prediction)(%) | Prediction)(%) | Prediction)(%) | Prediction)(%) | Prediction)(%)
3/0/0 D 6.21 14.05 9.9 10.24 3.13 4.03
3/0/1 D 12.13 21.94 13.04 15.06 4.26 5.97
3/0/2 N 14.02 25.83 18.06 19.16 7.02 8.8
3/0/3 N 18.12 23.52 20.5¢ 21.29 8.4 9.02
3/1/0N 8.05 12.04 9.8 9.5 3.25 4.94
3/1/1 N 7.31 12.25 7.01 7.9 3.47 4.10
3/1/2 N 12.60 18.74 11.3% 12.15 3.93 5.97
3/1/3 N 10.96 19.11 10.4y 10.36 3.64 408
3/2/0N 7.93 12.58 8.5¢ 8.6 3.15 3.82
3/2/]1 N 8.05 14.25 8.7 9.7 4.39 5.20
3/2/2 N 9.14 15.97 10.0 10. 5.80 5.97
3/2/13 D 9.79 20.58 10.1 10. 6.%2 6.95
3/3/0 D 8.94 13.64 8.4 9.5 4.39 5.64
3/3/1 D 8.26 16.74 8.5 8.0 4.16 5.20
3/3/12D 9.21 15.2] 8.3 7.9 4.41 5.73
3/3/13D 9.97 19.36 10.21 10. 5.02 5.58
Average 10.04 17.24 10.8 1.3 411 562
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methods by an average of 10% and 17% respectively.
4.3. Experimental Results Figure 3 indicates the performance prediction-basethod
selects the local machinédner ) for the majority of the

The results from the experiments are given in Tdblend ~ time when using all three servers. These resol&ate
Figure 3-5. The results in Table 4 are presentddrims of ~ that network delay is a dominating factor in idgtig an
percentage difference between our performance giedi  Optimal site to allocate to the user.

based method and load-based method; similar withect ) .

to the random selection method. The first columiable To examine the impact of network delay on skever

4 gives the educational concept number that the isse response time in detail, we conducted the two-serve
accessing. The ternD and N denote the time the €xperiments using a local serveroQer ) and a remote
experiment was conducted, for whidh corresponds to server [nteract ). Interact ~ was chosen as the second
Daytime andN corresponds to Nighttime. We decided to site since it has comparable server specificatioh®ner .
distinguish the two since network performance canyv The two middle columns in Table 4 demonstrate that
depending on the time of day. The average filessfer the  performance improvement obtained by using the
different education concepts ranged between 6 KB an performance prediction-based method is better by an
60,654 KB. The next two columns in Table 4 indictte average of 10% and 11% with respect to the loag<asd
results using all three servers; performance ptiedibased the random-selection methods, respectively. Sitiee
method outperforms the load-based and random &mlect server load between the two replicas in this expenis



were similar, there is a negligible difference ihet
performance improvements between using the loadebas
and the random selection methods.
performance prediction-based method selects thal loc
server [oner ) for the majority of the time as shown in
Figure 4, hence confirming our assumption made abov
regarding network delay between the user and thesisas

an important part in selecting a good server resour

The two-server experiments using two remoteess
highlight the impact of the server specificationgérms of
hardware characteristics. The last two columns abl& 4

show that the performance prediction-based method

performs better by an average of 4% and 5% comp@ared
the load-based and the
respectively. The site selection distribution igufe 5
indicates that the performance prediction-basedhoakt
selects Tina , which has better server hardware
specifications between the two remote servers. réhelts
indicate that server performance also has inflaéinpact
on the overall service response time, althoughirigact
was not as large as in the case of network delay.

5. Summary and Future Work

In this paper, we quantify the advantages of using

application performance prediction with site set@tiusing
two case studies. The first case study, whichgusie

GEO LIGO application, indicates an average of 33%
performance improvement as compared to using load
as
compared to a random method. The second case, stud

information and 52% performance improvement
which using AADMLSS, indicates a 10% performance
improvement as compared to a load based methoture~u
work is focused on handling the case with no trajnset
and using performance predictions for queue wanteti

predictions.
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