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ABSTRACT

We considera digital library distributedin a tightly coupled
environment. The library is indexedby invertedfiles and
the vector spacemodel is usedas ranking strategy Using
a simple analyticalmodel coupledwith a small simulator
we study how query performances affectedby the index
organization the networkspeed andthe diskstransferrate.
Ourresults which arebasedn the Tipster/Trec3collection,
indicatethata globalindexorganizatiormight outperforma
localindexorganization.
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Introduction

The traditionalmodelof text retrievalis that of a collection
of documentsndexedby keywords. In this model,the user
specifieshisinformationneedby providingsetsof keywords
and the information systemretrievesthe documentswhich
bestapproximatethe userquery Further the information
systemmight attemptto rank the retrieveddocumentsus-
ing somemeasureof relevance.Suchmodelis simpleand
elegantand hasprevailedfor manyyears. In the last five
years,however the popularizationof the Web (i.e., World
Wide Web) haschangedhe scenarioquite a bit which has
led to the coining of thetermdigital library. While it is not
clearwhatexactlythetermrefersto, it doescarrya semantic
loadimplying thatit is morethanaconventionalnformation
retrieval (IR) system.In fact, currentdigital librariesarebe-
comingmuchmorecomplexsystemswvhichinclude,besides
text search functionalitiesrelatedto hypertext,multimedia,
the Web (i.e., the World Wide Web), and highly interactive
interfaces.

Despiteall this additionalcomplexity, the favorite form of
searchindgor informationcontinuedo be (it seems}hrough
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the specificatiorof keywords. The mainreasorseemdgo be
the convenienceof the modelto the users the simplicity of
its implementationandits goodperformancevith largecol-
lections. To achievegoodsearchingperformancewith large
collectionshoweverit is necessarto haveall thedocuments
(in the collection)storedlocally in a centralmachineor dis-
tributedin atightly coupledenvironment. In fact, all Web
searchenginesreplicatethe Web pages(or most of them)
locally, indexthem,anddo keywordbasedsearchingn this
local digital library.

In the settingof a large local digital library, three possible
hardwareenvironmentgor operatiorareacentral(large)ma-
chine,aparallelmachinepr anetworkof workstationgi.e.,a
setof workstationgightly connectedby fastswitchingequip-
ment). In this work, we focusour attentionon the operation
of adigital library distributedn anetworkof workstationgor
machines}ightly coupled(i.e., with communicatiorspeeds
of 100Mbitspersecondr more). Particularly we aremostly
interestedn queryperformancessues.

For efficient query processing,specializedindexing tech-
nigueshaveto be usedwith largedigital libraries. A number
of distinctindexingtechniquedor text retrievalexistin the
literature and have beenimplementedunder different sce-
narios. Someexamplesaresuffix arrays,invertedfiles, and
signaturefiles [5]. Eachof themhavetheir own strongand
weakpoints. However dueto its simplicity andgoodperfor

mancejnvertedfileshavebeertraditionallythemostpopular
indexingtechnigueusedalongthe years. Therefore,in this

work, we considerthat the digital library is indexedusing
invertedfiles.

Givenaninvertedfile (or asetof them)for all thedocuments
in the distributedlibrary, it is necessaryto considerhow
to storesuchindex. Sincethere are severalmachinesin
the network, it is reasonableo distributethe index among
them. Two basicanddistinctindex distributionshavebeen
characterizeth [18]. Inthefirstone,eachmachinegenerates
aninvertedfile for its local documentsnd storesthis index
locally. In the secondone, a global invertedfile (for all
the documentsin the library) is generatedand distributed
amongthe various machines. In this work, we study the
problemof processingbatchof querieswith thesewo index
organizationsn adistributeddigital library.

In ourdistributeddigital library, aqueryis specifiedasasetof



keywords. Giventhe query the library searchenginelooks
for (using an invertedfile asindex) the documentswhich
containqueryterms— asearchwhich mightinvolve several
workstations. Thesedocumentsare then rankedusing the
vectorspacemodel[16] andthedocumentsn thetop of this
rankingarereturned.

We developa simpleanalyticalmodelto predictqueryper
formancein ourdistributeddigital library. We first showthat
suchmodel,whencoupledwith a smallsimulatoy yields es-
timateswhich arequiteaccurate Following, we evaluatehe
executiortime for processing batchof 50 Trec3querieq7]
undervariousscenarios. Our resultsindicatethat a global
index organizationmight becomequite advantageouéwith
respecto alocal index organization)in the presencef fast
communicatiorchannels.

The paperis organizedas follows. We first briefly cover
relatedwork. Following, we presenthenetworkarchitecture
and characterizeour conceptof a distributeddigital library.
Afterwards,we detail the query processingstrategyfor this
library anddevelopa simpleanalyticalmodelfor predicting
qgueryperformanceOur resultsandconclusiongollow.

Related Work

Theworkin [3] simulatesicollectionof serversn alocalarea
network but doesnot focus on the physicalorganizationof
theindexaswe do. Thework in multiprocessoimformation
retrievalsystemd1, 11] is relatedto our work in the sense
that the index organizationalso strongly affects query per
formance.In [17], a parallelSIMD algorithmfor document
retrievalis discussedvith no distinction betweenlocal and
globalindexes.In [10, 12], variousdatapartioningschemes
arestudiedwhich is a work complementaryo ours. In [4],
a distributedarchitecturewhich usesa connectionserverto
associatelientsto serverds simulated.

Thework whichis closesto oursis thatin [18]. Howeverin

thatwork, theauthorsconsidetthattheprocessin@f queries
is done using the booleanmodel with no consideratiorof

arankingstrategy Therefore,their conclusionsare not di-

rectly applicableto moderndigital libraries which depend
fundamentallyon a ranking strategyfor retrieving relevant
information. We departfrom their work in four maindirec-
tions. First, insteadof consideringthe booleanmodel, we

adoptthe vector spacemodel [16] which is far more pop-
ular nowadays.Second,nsteadof consideringconjunctive
gueries,we considerdisjunctivequeriesas requiredby the
vector spacemodel (which implies that we do not havethe
reductionin the answersetprovidedby conjunctiveopera-
tions). Third, insteadof modelingthe documentcollection
andthe querieswe baseourresultsonthe Tipster/Trec3col-

lection[7] andits setof real queries(which impliesthatwe

haveto worry aboutrecallandprecisionfigures).Fourth,in-

steadof relyingentirelyonasimulation we developasimple
analyticalmodelwhichis fairly accurate Ourstudyidentifies
tradeofs which arenot presenin their work but alsoshows
thatsomeof their resultsremainvalid in the scenarioof our
distributeddigital library. For instance,in the presenceof

a fastcommunicatiorchannelwe showthat a globalindex
might becomequite advantageous.

Network Architecture

The environmentwe selectfor operationof our distributed
digital library is thatof a networkof workstationsconnected
by fast switching technology[2]. A network of worksta-
tionsis anattractivealternativenowadaysiueto the follow-
ing reasons. First, the emegentfast switching technology
(suchasATM) providesvery fastmessagexchangesamong
thevariousmachinesaindconsequentlessparallelismover
head.Secondanetworkof workstationgrovidescomputing
powercomparabldo thatof atypical parallelmachinebutis
morecosteffective[2]. Third, theseworkstationsarealready
availableelsewhereand most of them are completelyidle
mostof thetime [2].

Thedistributedmemoryin our networkhasa shared-nothing
organization.Thisimpliesthatall communicatioris through
messagesriginateddirectly by the processes our applica-
tion(i.e.,thereis nointerferencdrom operatingsystenmem-
ory controlprocessesuchasthosepresentn sharednemory
monitors). This is importantto ensurethatexchangingdata
in our systemis asfastasthe communicatingchannelgand
the associate@verheadslueto the minimumindispensable
communicatiorprotocols)allow.

Figure 1 illustratesthe networkarchitectureanddistributed
(shared-nothinginemorywhich composehedistributeden-
vironmentfor our digital library. Notice that all the disks
arelocalandcanbeaccessedirectly (by thelocal machine)
without goingthroughthe network.
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Figure 1: Network architecture and distributed
(shared-nothing) memory.

Distributed Digital Library

In this sectionwe describeour conceptionof a distributed
digital library which operatesn the network environment
depictedabove.Ourdiscussiorcoversthedistributionof the

documentsacrossthe network, the choice of invertedlists

asindexingstructure thedistributionof theindexacrosshe

network, the vector spacemodel ranking strategy and the

processin@f thequeries.

Distribution of Documents in the Network The main objec-
tive of this studyis not to provide numericalestimatesof
queryexecutiortime for variousscenariobutratherto iden-
tify the main issuesand the main tradeofs involved with
the processingf a batchof queriesin our distributeddigital
library. Thus,for clarity, we focusour attentionon identi-
fying suchtradeofs andconsideronly the casein which the
documentareevenlydistributedacrosghe network.



Let r bethenumberof machinesn thenetworkandn bethe
size(in bytes)of thewholecollection. Define,

b:

n
r

(1)

Then,consideringhatthe documentsreevenlydistributed
acrossthe network,eachmachineholds(in its local disk) a
subcollectionwhosesize(in bytes)is roughlygivenby b.

Indexing with Inverted Files Invertedfiles are useful be-
cause althoughthe size of the indexis proportionalto the
size of the text, their searchingstrategyis basedmostly on

the vocabulary(i.e., the set of distinct words in the text)

which usuallyfits in mainmemory. Further invertedfiles

are simpleto updateand performwell whenthe patternto

be searchedor is formedby conjunctionsand disjunctions
of simplewordswhich is probablythe mostcommontype

of queryin informationretrievalsystemsThus,we consider
that our distributeddigital library usesinvertedfiles asits

only indexingstructure.

An invertedfile is anindexingstructurecomposedf: (a)a
list of all distinctwordsin thetextwhichis usuallyreferredto
asthevocabularyand(b) for eachword w in thevocabulary
aninvertedlist of documentsn which the word w occurs.
Additionally, the vocabularyis sortedin lexicographicalor-
der  Sincewe adoptthe vector spacemodel (as discussed
later on) to rank the documentsn the queryanswerset,the
invertedlists needto keepinformationon termfrequencies.
Thisis accomplishedby addingfour bytesto eachdocument
entryin theinvertedlists. For adocumentd anda word w,
thesdour bytesholdthenormalizedveightassociatethy the
vectorspacemodelto the pair (d, w).

With largetexts,somerestrictionsareimposedntheinverted
file to keepit smaller[8]. Examplesf theserestrictionsare:
(a) filtering of text charactersand separators(b) use of a
controlledvocabularyin which not all wordsin thetext are
indexedand(c) exclusionfrom thevocabularyof stopwords
suchasarticlesandprepositions.The main disadvantagef
theserestrictionsis that wordsexcludedfrom theindex but
presenin thetextarenotsearchable.

Index Organization In ourdistributedlibrary, eachmachine
holdsasubcollectionwhosesize(in bytes)is roughlyb. This

implies that, for eachsubcollection,the correspondingn-

vertedfile hassizewhichis O(b). Thus,for » machinesthe

sizeof theindexfor thewholelibrary is givenby r x ¢; x b

wherec; is aproportionalityconstant We considettwo basic
organizationdor this library index. The first oneconsiders
only local invertedfiles while the secondone considersa

global invertedfile for the whole library [18]. We discuss
bothof theseorganizationsn theimmediatelyfollowing.

One possibleorganizationfor the library index is to have
eachmachinewith its own local invertedfile. Thisorganiza-
tion is calleddisk indexin [18] but we preferto call it local
index organizationwhich seemsmore direct. In the local
index organization,generatingand maintainingthe indexes

1in atextof sizen it is reasonabléo expectavocabularyof sizepropok
tionalto v/n [9].

is simplebecauseverythingcanbe donelocally withoutin-
teractionamongthe machines However processing given
query requiressendingthe whole query to every machine
in the network. Furthermore gachmachinehasto process
the whole query As we show later, this might resultin a
considerablelisadvantage.

Sincethe indexesare local to eachmachine,global infor-
mation on the occurrenceof keywordsin the collectionis
missing. Without this information, the estimatedor the in-
versedocumenfrequency(idf) weights(associatedo each
termby thevectorspacanodel[16]) areslackand,asaresult,
theglobalrankinggenerateduffersfrom adropin precision
figures. To exemplify, considerthe collectionof documents
in disk 1 of the Tipster/Trec3 collection andthe respective
setof queriesnumberedrom 101to 150([7]. For this col-
lection, figure 2 illustratesthe drop in averageprecisionas
the numberr of machinesncreases.To avoid this dropin
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—0- 2 machines
-4 machines
—#-8 machines
—*-16 machines
—8-32 machines
—6- 64 machines

Precision (%)

0 10 20 30 40 50 60 70 80 % 100
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Figure 2: Recall versus precision figures for local in-
dex organization without global idf weights (50 Trec3
queries).

averageprecision,it is necessaryo provideeachmachinen
the local index organizationwith accesgo global informa-
tion on keywordsdistribution. This canbe accomplishedy
computingheinversedocumentrequenciesor all thewords
in thevocabularyanddistributingthis informationto all the
machines.Fortunatelythe vocabularyis smallenoughsuch
thatit easilyfits in mainmemory Thus,in the remainingof
this work we considerthat, for the local index organization,
eachmachinekeepsa copy of the global vocabulary(with
globally computedweights)in its local main memory By
doingso,we guarante¢hattheanswersetsgeneratedby our
distributeddigital library areaspreciseasthosegeneratethiad
thelibrary beenresidentin a single,large,centralmachine.

The otherclearalternativeto the local index organizationis
to haveaglobalinvertedfile for thewholelibrary. Tothebest
of our knowledge this is the approachtakenby mostsearch
enginesn theWeb. Theseengineseento maintainaglobal
library (composedf copiesof mostof the Web documents)
for which a global index is periodically recomputed.As it



seemsthis globalindexis normally maintainedn a single,
large, centralmachine. Here, we considerthe situationin
whichthisglobalindexis distributedamongasetof machines
in anetworktightly coupled.

While therearemanypossibilitiesto distributetheindex (for

instancethedistributionmight be basecn a criteriaof load
balancing)for simplicity, we considerthatthe globalindex
is distributedamongthe machinesn lexicographicalorder
suchthateachmachineholdsroughlyanequalportionof the
whole index. Accordingto this strategy machinel might
endup holdingthe globalinvertedlists for all the keywords
which startwith thelettersA, B, or C, machine2 mightend
up holdingtheglobalinvertedlist for all thekeywordswhich

startwith thelettersD, E, F, or G, andsoon. Theimportant
issuefor us hereis thateachmachineholdsa portion of the
globalindex of sizeroughlyequalto b. In thisway, we can
expectthatthecomparisorbetweerthis organizatiorandthe
local indexorganizationis afair one.

Distributingthe globalindexamongthe variousmachiness
anorganizationcalledsysterindexin [18]. Here,however
we preferto call it simply globalindexorganizationbecause
it seemsaamoredirectreference.

Ranking with the Vector Space Model Inthiswork, weadopt
the vector spacemodelasthe ranking strategyfor our dig-

ital library becausat is one of the mostwidely usedmod-
elsin informationretrievalsystems.The mainreasonis its

simplicity and its good retrieval performancewith general
collectiong[6, 15, 16].

In the vectormodel,documentsanduserqueriesare repre-
sentedasvectorsof keywords. Let d = (ky, ..., k;) bethe

vectorrepresentinghe documentl andg = (k;, ..., k;) be
thevectorrepresentingheuserqueryq. Toimproveprecision
andrecalllevels,thevectormodelassociateweightsto doc-
umentandqueryindexes.Let w; 4 betheweightassociated
to the keywordk; of documentd andlet w; , be the weight
associatedo the keywordk; of queryq. Theseweightsare
usually specifiedas a variation of tf-idf factors[15]. The
similarity of a documentd with respecto a userquerygq is
measureds the cosineof the angle betweenthe weighted
gueryanddocumentvectors. This cosinesimilarity ranking
formulacanbewritten as

o deq
szm(d, q_) = m (2)
_ ZZ:l Wi,d X Wi,q (3)

t ¢
\/Zi:l wid, X \/Zi:l wiz,q

Thisis therankingstrategyadoptedn our distributeddigital
library.

Query Processing

We assumehat thereis a central broker machineto which
all thequeriesarefirst directed.This brokerinsertsthequery
requestsn a queueand processthem from there. In this
study we do not evaluatethe impact of the query arrival
patternon the systemperformance Instead we assumehat

therearealwaysenoughqueriego fill aminimumsizequery
processingyueue. Sinceour experimentause queriesfrom
the Trec3/Tipstercollection,we assumehatthis querypro-
cessingqueuehasa size equalto 50. Given this batchof
50 queries,the broker processeshemin slightly different
waysfor thelocal andglobalindex organizationsaswe now
discuss.

In thelocal index organizationthe brokertakesa queryout
of the queueand sendsthis query to all the machinesin
the network. Eachmachinethenprocessethe whole query
locally, obtainsthe set of documentgelatedto that query
ranksthem using the vector spacemodel, selectsa certain
numberof document$rom thetop of theranking,andreturns
themto thebrokerasthelocalansweiset. Thecentralbroker
them collectsthe r sortedlocal answersetsand combines
them (througha merging sort procedure)nto a global (and
final) rankedsetof documents.

By selectinga setof documentdrom thetop of theranking,
eachmachineaeducesheamouniof datawhich hasto besent
(tothebroker)throughthenetwork. However suchreduction
in networktraffic mustnot affect the precisionof the global
answerset. This canbe assuredhroughthe adoptionof a
simplestrategyasfollows. Considerfor instancethatglobal
precisionis evaluatedhroughthefirst f; documentén thetop
of therankingassuggesteébr earlyTrecexperimentgwhich
adopteda valuefor f; equalto 200)[13, 14]. Then,in the
local index organization,eachindividual machineneedsto
sendonly its f1 top documentdo the brokerto guarantee
that overall precisionis not diminished. This is so because
anydocumentamongthetop f; in the globalrankinghasto
be amongthetop f; in oneof thelocal rankings. Thus, for
thelocal index organizationwe considerthateachmachine
senddo the centralbrokeronly its top f; documentsvhere
f1is thenumberof documentghe brokereffectively returns
astheglobalanswerset.

In the global index organization the processingpf a query
is differentandworks asfollows. The centralbrokertakes
a query out of the queueand first determineswhich ma-
chineshold invertedlists relativeto the queryterms. Notice
that, in this case,not all machinesmight be involved. For
instance hot all machinesare involved with the query pro-
cessingwheneverthere are more machinesin the network
thanqueryterms. Further it might happenthatmanyquery
termsaremappedo asinglemachinereleasingheighboma-
chines. The situationhereis quite distinct from that with
thelocalindexorganizatiorbecaus¢heinvertedlistsin each
machinehold informationaboutall the documentsn theli-
brary. Thus,for instanceijf asinglemachinehappenso hold
(the invertedlists for) all the termsof a given query then
that machineis ableto processhat query by itself without
needto cooperatavith any othermachine.As aresult,more
thanone query might be processeagimultaneously This is
importantbecausét might allow high concurrencywhichis
not presentwith thelocal indexorganization(which, in turn,
alwaysprovideshigh parallelismbecauseaall the machines
aredevotedo the executionof a singlequery).

Oncethecentralbrokerhasdeterminedvhich machinesold
inverted lists associatedo the query terms, it breaksthe



gueryin subqueriesand sendsthem to the respectivema-
chines.Eachsubquernyis composeanly by thetermswhich
arepresenin the machineit is sentto. Oncea machinehas

Nunter Preci si on versus recal |
of 0% | 106| 20% | 30% | 40% | 50% | 60%| 70%| 80%| 90%| 1009
mechi nes
1 6171/4975|4020{3162{2138{1273|7.89(4.18/1.50|0.00|0.00
2 6186/4870|3940({3184|2067(1243|7.51|3.05/0.16/0.00|0.00
4 6138/4933|389%4(3050{1868(1169|7.31|2.63/0.17|0.00|0.00
8 6091/4892|3904/3095(2191{1187|7.09|3.66/0.16/0.00|0.00
16 |6169(4915/4025(3268(2216(1278|7.05/3.72|0.16/0.00|0.00
32 |6257|4925|4020|3261|2213/1292|7.18|3.73|0.16|0.00| 0.00
64 |6257/4919|4025|3263|2212|1292|7.59|3.73|0.16/0.00/0.00

Figure 3: Recall versus precision figures for global
index organization (50 Trec3 queries).

receivedits subqueryit searchegor therelateddocuments,
ranksthe resultantdocumentset, selectsa numberof docu-
mentsfrom thetop of therank,andsendgheseto the central
broker Thecentralbrokerthenmemesthelocal answersets
into a globalanswersetandrecomputesheranking. Notice
that the broker cannotusethe local rankingsgeneratedy
individual machinesecausasuchrankingsarebasednly in
thepartialinformationpresenin thesubqueries.

Therearetwo importantdifferencesdetweernthe query pro-
cessingor theglobalandlocal indexorganizationsFirst,in
theglobalindexorganizationtheinvertedlistsarelarger(be-
causethey containdocumentdrom all thelibrary). Second,
in the globalindex organizationthe local rankingconsiders
only partial information becausehereis no informationon
the querytermswhich resideon the other machines. As a
result, the local ranking is less precisewhich implies that
more documentshaveto be sentto the centralbroker (i.e.,
the cutting strategyhasto be more lenient). Both of these
two effectsare prejudicialto the global index organization.
Howevertherearealsocountereffectswhichfavortheglobal
indexorganizatiorand,aswe shallsee might becomedeter
minant.

Regardinghe cuttingstrategyfor theglobalindexorganiza-
tion, we did afew experimentsvhich showedhatthe cutoff
factordepend®n the numberr of machinesn the network.
Thus,we adoptedh conservativeutoff factorgivenby r x f>
where f, = 5 x f;. Using suchcutoff factor, we observed
no significantvariationin global precisionasillustratedin
figure3.

Analytical Model

In this section,we presenta simplified analyticalmodelfor
the queryingprocessn our distributeddigital library. Our
modelcoversboththeglobalindexandlocalindexorganiza-

tions. Despiteits simplicity, themodelcapturesvell thekey
variablesvhich determinegueryprocessingperformanceor
ourdigital library.

Basic Variables and Critical Parameters In what follows,
we provide notationfor basicvariablesand critical param-
eters. Theseparametersvereidentifiedthrougha seriesof
experiments.

r: numberof machinesor processors

q;: vectorof keywordswhich composédheith query

q;: numberof keywordsin queryg;

¢:,;: vectorcomposef thosekeywordsextractedby the
broker)from queryg; andsentto machinej

gi,;: numberof keywordsin queryg;_;

l: size(in bytes)of globalinvertedlist for keywordk

l,;: size(in bytes)of local invertedlist for keywordk at
machinej

¢i,;- numberof comparisonsndswapsduring rankingof
documentdor queryq; atmachine;j (localindex)

¢s;, 5. numberof comparisonsindswapsduring ranking of

documentdor subqueryy; ; atmachinej (globalin-

dex
Ci b numk))erof comparisongndswapsduring ranking of
documentdor queryq; atthecentralbroker

f1: numberof documentsfrom the top of the ranking
which are returnedas the local answersetwith the
localindexorganization

f2: proportionalityconstanwhich affectsthe numberof
documentdrom the top of the rankingwhich arere-
turnedasthe local answersetwith the global index
organization

tc: averagetime (per byte) to comparetwo termsand
swapthem

ts: averageseektime for asingledisk

tr: averagdime to reada byte from disk anddo its pro-
cessingexcludesseektime)

tt: averagetime to transfera byte from one machineto

another | )
t;: totaltime (in secondsjo completeprocessingf queryg;

t;,;: totaltime (in secondsjo completeprocessingf sub-
queryg; ; atmachinej

In thelocalindex organizationthewhole querygq; is passed
to all the machinesn the network. This implies that each
machinehasto processa query whoselengthis given by
¢;- In the globalindex organization,only a part of the user
queryis sentto eachmaching(in fact,agivenmachinemight
receiveno queryterms). This implies that eachmachine;
hasto proces®nly asubqueryy; ; whoselengthis given by

Qij-

Onceamachinegj receivesaqueryg; (or asubgueryy; ;) for
processingit reads(from disk) the invertedlists relativeto
the termsin the query ¢; andmemgessuchlists to form the
localdocumentnswerset. Consideringhattheinvertedlist
for term k hassize givenby [ ;, the numberof bytesread
from diskis givenby >, - I, ;-

Theparameters; ;, cs; ;, andc; ;, countthenumberof com-
parisonsand swapsfor the ranking task at the variousma-
chines. The parameterg; and f, areusedto determinethe



cutoff limits for thelocalanswersets. Theremainingparam-
etersarerelatedto time measures.

Query Processing During the processingof a query we
distinguishfive mainsteps:(S1) seekingdisks,(S2)reading
invertedlists from disk andprocessingveightsaccordingto
thevectormodel,(S3)local rankingof retrieveddocuments,
(S4) transferringof rankeddocumentgo the centralbroker;
and (S5) final ranking at the centralbroker Steps(S1)to
(S4) haveto be doneat eachmachineinvolvedin the query
processingvhile step(S5) involvesonly the centralbroket
Further the executionof the five stepsaboveis normally
overlappedandinterleaved.

In thelocal index organizationeachmachinein the network
mustexecutethe whole querylocally. This impliesthatthe
processingf a query ¢; lastsfor a time ¢; which is given
roughlyby:

tij = qi X ts+ (Sl) (4)
Zke@ lk,j X tT+ (52)
Ci,j X tC—|— (53)
fl X tt (S4)

ti = maw(tiyj)—i— (5)

Cip X te (55)

Notice thatthe parameters; ; andc; ;, haveto be estimated
accurately This is doneby runninga real executionof the

rankingalgorithm (i.e., a sorting) and countingthe number
of comparisonsand swaps. Furthermoreto reducethe ex-

ecutiontime of step(S2), it is not necessaryo readall the

lk,; bytesin theinvertedlist for thekeywordk. By adopting
a filtering technique(for the vector spacemodel) basedon

the work in [14], the numberof bytesreadfrom disk can

be considerablyeducedwith no effecton globalprecision).
This meanghatthe valuesfor [, ; needalsoto be measured
by runningareal executionof the disk accesgpattern.

Considefor amomenthatonly asinge machneis availabe.
In this situation,thereis no distinctionbetweena client ma-
chineandthe centralbroker(i.e., steps(S3) and(S4) do not
needto be executed).Using the disk 1 of the Tipster/Trec3
collection, we ran queriesnumberedrom 101to 150 on a
single PC. This PCis a Pentium166MHz (with a memory
of 64M bytes)runningthe Linux operatingsystem.We also
evaluatedhe executiontime of thesesame50 queriesusing
our analyticalmodelabove. The resultsareasshownin fig-
ured. As it canbe seentheagreemenbetweertherealand
thepredictedexecutiontimesis rathergoodin this case.

Considernow the sameexecutionabovebut with several
machinedn the network. In this case the two components
of our modelwhich behavdlifferentlyarethe stepgS3)and
(S4). Regardinghe step(S3), we know thatour prediction
is fairly accuratebecausat workedfor the step(S5) which
is entirelyanalogousin fact, we timedthesortingprocedure
severalimesandconfirmedthatour predictiongor thesteps
(S3) and (S5) are accurateones. Regardingstep (S4), we
know thatit involvessolely transmissiorof dataacrossthe
network. If the time ¢t is estimatedwith carein orderto
takeinto consideratiorthe overheadgdueto the operating
systemand the communicationprotocols)which affect the

—+—Real

- Simulated

Response time(s)

Number of processed queries

Figure 4: Comparison between real and estimated ex-
ecution times for 50 Trec3 queries. Parameters are as
follows: ts = 10ms, tr = 0.464us, tc = 0.255us,
tt = 0.1us.

transmissiorof data(i.e., tt mustreflect the net available
bandwidth)thepredictionfor step(S5)is alsofairly accurate.
The effect which remainsto be capturedis the interference
amongthe various queriesin our distributedenvironment.
Sucheffectis takeninto accountasfollows.

In the distributedprocessingof a query ¢;, somemachines
finish the executionof the step (S4) beforeothers. These
machinescanthenstartimmediatelythe executionof a fol-
lowing query(i.e.,theydonotneedo wait for theconclusion
of the step (S5) for query ¢;). We capturesuch behavior
throughthe useof a small simulatorwritten in C++. This
simulatorreplicateshe executionof stepgS1)through(S4)
in eachmachineandthe executionof step(S5)in the broker
for a batchof queries. The executiontimesof eachstepare
estimatedaccordingto equationst and5. By doing so, we
areableto predictwith fair accuracythe executiontime for
a batchof queriesrunningin the distributedenvironmenif
ourdigital library. Let usnowturn our attentionto the query
processingvith theglobalindexorganization.

In the globalindex organization the brokerfirst determines
which machinescontaininvertedlists relative to the query

terms. The reasonis that only thosemachinesareinvolved

in the query processing.Oncethis is done,subqueriesare

dispatchedo the machinesnvolved. Thetime ¢; to process
aqueryg; canthenbemodeledasfollows.

tij = Qij Xts+ (Sl) (6)
Zkeqf,-,j I X tr+ (52)
csij X te+ (S3)
X faxtt (54)

ti = max(t;;)+ (7)

Cip X Te (55)

Notice that, in this case,the rankingin step (S3) is done
consideringthe termsin the subqueryg; ; only. Thus,such



rankingis not asaccurateasthelocal rankingdonewith the

localindexorganization.Thisimpliesthatalargernumberof

documentfiasto betransmittedo thecentralbrokerto ensue

thatthe precisionof the globalanswersetis not diminished.
It is dueto this constrainthatthe step(S4) aboveconsiders
thatr x f, documentsaretransmittedto the centralbroker
which ensureshatglobal precisionfiguresarenot affected.

As donefor the local index organization,we capturethe
interferenceamongthe variousqueriesusing the simulator
we wrote in C++. Furthermorewe againadopta filtering
techniquebasedon the work in [14] to reducethe execution
time of thestep(S2).

Results

In this section,we use our analytical model coupledwith
our small simulatorto investigatethe systemperformance
for processinga batchof queriesin our distributeddigital
library. Thetwo indexingschemegonsideredarethelocal
indexandtheglobalindexorganizationssdiscussedefore.
All our estimatesirebasednthedocumentsn thedisk 1 of
theTipster/Trec3collection[7]. Thequeriesusedwerethose
numberedrom 101to 150in the Trec3proceedingsUnless
we explicitly sayotherwise thetime parametersisedin our
analysigwhich arevalid in ourtestmachine)areasfollows.

ts =10 x 102 secondgseektime)

tr = 4.64 x 10’ secondperbyte (disk read+ processing)
te = 2.55 x 10~ 7 secondgerbyte (comparisorat cpu)

tt =1 x 10~ 7 secondgerbyte (networktransfertime)

In figure 5 we show for the local index organization,how
the estimatedime to processhe 50 testqueriesvarieswith
the numberof machinesin the network. We observethat
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Figure 5: Local index (LI): estimated elapsed time for
50 Trec3 queries.

by increasinghe numberof machinesn the network(while
keepingthecollectionsizeunchangedve obtainaspeedip
in the query processingwvhich is limited, at the bottom, by
thetime to extractdatafrom thedisk (basicallyseektime).

In figure 6 we show for the global index organization how
the estimatedime to processhe 50 testqueriesvarieswith
the numberof machinesn the network. Again, we observe
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Figure 6: Global index (GI): estimated elapsed time
for 50 Trec3 queries.

that by increasingthe numberof machinesin the network
(while keepingthe collection size unchanged)ywe obtaina
speedupin thequeryprocessingime whichis limited, atthe
bottom,by thetime to sendtheretrieveddocumennumbers
acrosghenetworkandto sortthemat the broker

In figure 7, we comparethe 50 queriestotal processingime
for the globalindex andthe local index organizations.As it
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of LI G pecatage
madines of LI (%
2 2126 | 1964 92.37
4 1713 | 1113 64.98
8 1458 | 88 60.78
16 1311 | 750 57.23
P 1223 | 700 5721
64 1178 | 693 58.83

Figure 7: Global versus local index: estimated total
time for 50 Trec3 queries.

canbe seen the globalindex organizationconsistentlyout-
performsthelocal index organizationat this networkspeed.
Further the relativeimprovementin performancéncreases
with thenumberof machinesn thenetwork. Thequalitative
explanationis asfollows.

With the globalindex organizationeachlocal disk doesnot
needto performasmany seekoperationsasit is necessary
with the local index organization. The reasonis that each
machinehasto procesnly the subqueryrelativeto its por-
tion of thegloballist. Asthenumberof machineexceedhe
averageyuerylength(in numberof keywords) eachmachine



tendsto haveto procesonly 1 or 2 termslocally andthus,
only 1 or 2 seeksneedto be performedin the local disk on
theaverage.
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Figure 8: Slow network: estimated time for 50 Trec3
queries (tt = 1 x 107 8s).

Thefact that, for the globalindex organization the number
of seeksperformedlocally dropswith the increasein the
numberof machinesn the networkis a crucial point. When
the numberof machiness large enough,eachmachinehas
to processonly a single query keyword. However sinceit

hasno other information on the documentsin the answer
set, it hasto sendthe entire invertedlist correspondingo

thatquerykeywordto the centralbroker Thus,the positive
point is that the numberof seeksperformedlocally drops
to a minimum. On the negativeside, networktraffic might

increaseconsiderabhpecausdargerlists of documentfave
to besentto the centralbroker We saythatthe globalindex
organizationallows trading disk accesse$o networktraffic

(a fact also observedin [18]). Dependingon the size of

the queries,the size of the collection, andthe speedof the

network, suchtrading might becomequite advantageouas
illustratedin figure7.

In figure8, we compareaheperformancefor theglobalindex
andthelocalindexorganizationgonsideringa muchslower
network (10 timesslower). Theresultsshownarefor a net-
work speedf 8M bits persecondvhichis typical of ethernet
technology As it canbe seenthe globalindexorganization
no longer outperformsthe local index organizationconsis-
tently. Further increasingthe numberof machinesfavors
the local index organizationbecausemoving databetween
machinesn this cases quite expensive.

In figure9, we compargheperformancefor theglobalindex
andthelocalindexorganizationconsideringhe presencef
fasterdisks. Theresultsshownarefor a disk 4 timesfaster
(and seektime asbeforei.e., t; = 10 x 10_3s). As it can
be seen the global index organizationis highly favoredby
fasterdisks becausets disk accesspatternsare composed
of fewer seeksandlarger datatransfershanthe local index
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Figure 9: Fast disk: estimated elapsed time for 50
Trec3 queries (tr = 224 x 1077s).

organization.

Conclusions

We studiedthe query performanceor a digital library dis-

tributedin atightly coupledenvironment.In our library, in-

vertedfiles areusedasindex structuresandthe vectorspace
modelis adoptedas ranking strategy We considerboth a

localindexorganizatioranda globalindexorganization.

Our studyis basedon ananalyticalmodelwhich is coupled
with a small simulator Our resultsindicatethat, for Trec3
queriesaglobalindexorganizatioroutperformsalocalindex
organizationconsistentlyin the presencef fastcommunica-
tion channels.This is due mainly to two factors. First, the
global index organizationallows trading seekoperationsn

diskto networktraffic. Secondtheglobalindexorganization
allowsgreaterconcurrencyamongthe variousqueries.

In the nearfuture, we intendto evaluatethe behaviorof our
distributeddigital library in thepresencef very shortqueries
asthosefoundin theWeb. Furthermoreweintendto consider
scaleabilityissuegegardinghesizeof thecollectionandthe
sizeof thequeries.
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