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ABSTRACT
We considera digital library distributedin a tightly coupled
environment. The library is indexedby invertedfiles and
the vectorspacemodel is usedas ranking strategy. Using
a simple analyticalmodel coupledwith a small simulator,
we study how query performanceis affectedby the index
organization,thenetworkspeed,andthediskstransferrate.
Our results,which arebasedon theTipster/Trec3collection,
indicatethata global indexorganizationmight outperforma
local indexorganization.
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Introduction
The traditionalmodelof text retrievalis thatof a collection
of documentsindexedby keywords. In this model,theuser
specifieshis informationneedby providingsetsof keywords
and the information systemretrievesthe documentswhich
bestapproximatethe userquery. Further, the information
systemmight attemptto rank the retrieveddocumentsus-
ing somemeasureof relevance.Suchmodel is simpleand
elegantand hasprevailedfor many years. In the last five
years,however, the popularizationof the Web (i.e., World
Wide Web) haschangedthe scenarioquite a bit which has
led to thecoiningof thetermdigital library. While it is not
clearwhatexactlythetermrefersto, it doescarryasemantic
loadimplying thatit is morethanaconventionalinformation
retrieval(IR) system.In fact,currentdigital librariesarebe-
comingmuchmorecomplexsystemswhich include,besides
text search,functionalitiesrelatedto hypertext,multimedia,
the Web (i.e., the World Wide Web), andhighly interactive
interfaces.

Despiteall this additionalcomplexity, the favorite form of
searchingfor informationcontinuesto be(it seems)through�
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thespecificationof keywords.Themainreasonseemsto be
theconvenienceof themodelto the users,the simplicity of
its implementation,andits goodperformancewith largecol-
lections.To achievegoodsearchingperformancewith large
collections,however, it isnecessarytohaveall thedocuments
(in thecollection)storedlocally in a centralmachineor dis-
tributedin a tightly coupledenvironment. In fact, all Web
searchenginesreplicatethe Web pages(or most of them)
locally, indexthem,anddo keywordbasedsearchingin this
localdigital library.

In the settingof a large local digital library, threepossible
hardwareenvironmentsfor operationareacentral(large)ma-
chine,aparallelmachine,oranetworkof workstations(i.e.,a
setof workstationstightly connectedby fastswitchingequip-
ment). In this work, we focusour attentionon theoperation
of adigital librarydistributedin anetworkof workstations(or
machines)tightly coupled(i.e., with communicationspeeds
of 100Mbitspersecondormore).Particularly, wearemostly
interestedin queryperformanceissues.

For efficient query processing,specializedindexing tech-
niqueshaveto beusedwith largedigital libraries.A number
of distinct indexingtechniquesfor text retrievalexist in the
literatureand havebeenimplementedunderdifferent sce-
narios. Someexamplesaresuffix arrays,invertedfiles, and
signaturefiles [5]. Eachof themhavetheir own strongand
weakpoints.However, dueto its simplicity andgoodperfor-
mance,invertedfileshavebeentraditionallythemostpopular
indexingtechniqueusedalongthe 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 store such index. Since there are severalmachinesin
the network, it is reasonableto distributethe index among
them. Two basicanddistinct indexdistributionshavebeen
characterizedin [18]. In thefirstone,eachmachinegenerates
an invertedfile for its local documentsandstoresthis index
locally. In the secondone, a global inverted file (for all
the documentsin the library) is generatedand distributed
amongthe variousmachines. In this work, we study the
problemof processingabatchof querieswith thesetwo index
organizationsin adistributeddigital library.

In ourdistributeddigital library,aqueryisspecifiedasasetof



keywords. Given the query, the library searchenginelooks
for (using

�
an invertedfile as index) the documentswhich

containqueryterms— asearchwhichmight involveseveral
workstations. Thesedocumentsare then rankedusing the
vectorspacemodel[16] andthedocumentsin thetop of this
rankingarereturned.

We developa simpleanalyticalmodelto predictqueryper-
formancein ourdistributeddigital library. Wefirst showthat
suchmodel,whencoupledwith a smallsimulator, yieldses-
timateswhicharequiteaccurate.Following,weevaluatethe
executiontimefor processingabatchof 50Trec3queries[7]
undervariousscenarios.Our resultsindicatethat a global
index organizationmight becomequite advantageous(with
respectto a local indexorganization)in thepresenceof fast
communicationchannels.

The paperis organizedas follows. We first briefly cover
relatedwork. Following,wepresentthenetworkarchitecture
andcharacterizeour conceptof a distributeddigital library.
Afterwards,we detail the queryprocessingstrategyfor this
library anddevelopa simpleanalyticalmodelfor predicting
queryperformance.Our resultsandconclusionsfollow.

Related Work
Thework in [3] simulatesacollectionof serversin alocalarea
networkbut doesnot focuson the physicalorganizationof
theindexaswe do. Thework in multiprocessorinformation
retrievalsystems[1, 11] is relatedto our work in the sense
that the index organizationalsostronglyaffectsqueryper-
formance.In [17], a parallelSIMD algorithmfor document
retrieval is discussedwith no distinctionbetweenlocal and
global indexes.In [10, 12], variousdatapartioningschemes
arestudiedwhich is a work complementaryto ours. In [4],
a distributedarchitecturewhich usesa connectionserverto
associateclientsto serversis simulated.

Thework whichis closestto oursis thatin [18]. However, in
thatwork, theauthorsconsiderthattheprocessingof queries
is doneusing the booleanmodel with no considerationof
a rankingstrategy. Therefore,their conclusionsarenot di-
rectly applicableto moderndigital libraries which depend
fundamentallyon a rankingstrategyfor 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,insteadof consideringconjunctive
queries,we considerdisjunctivequeriesas requiredby the
vectorspacemodel(which implies that we do not havethe
reductionin the answersetprovidedby conjunctiveopera-
tions). Third, insteadof modelingthe documentcollection
andthequeries,webaseour resultsontheTipster/Trec3col-
lection [7] andits setof realqueries(which implies thatwe
haveto worry aboutrecallandprecisionfigures).Fourth,in-
steadof relyingentirelyonasimulation,wedevelopasimple
analyticalmodelwhichis fairly accurate.Ourstudyidentifies
tradeoffs which arenot presentin their work but alsoshows
thatsomeof their resultsremainvalid in thescenarioof our
distributeddigital library. For instance,in the presenceof
a fast communicationchannel,we showthata global index
might becomequiteadvantageous.

Network Architecture
The environmentwe selectfor operationof our distributed
digital library is thatof anetworkof workstationsconnected
by fast switching technology[2]. A network of worksta-
tionsis anattractivealternativenowadaysdueto thefollow-
ing reasons.First, the emergent fast switching technology
(suchasATM) providesvery fastmessageexchangesamong
thevariousmachinesandconsequentlylessparallelismover-
head.Second,anetworkof workstationsprovidescomputing
powercomparableto thatof a typicalparallelmachinebut is
morecosteffective[2]. Third, theseworkstationsarealready
availableelsewhereand most of them are completelyidle
mostof thetime [2].

Thedistributedmemoryin ournetworkhasashared-nothing
organization.This impliesthatall communicationis through
messagesoriginateddirectlyby theprocessesin ourapplica-
tion(i.e.,thereisnointerferencefromoperatingsystemmem-
ory controlprocessessuchasthosepresentin sharedmemory
monitors). This is importantto ensurethatexchangingdata
in our systemis asfastasthecommunicatingchannels(and
theassociatedoverheadsdueto theminimumindispensable
communicationprotocols)allow.

Figure1 illustratesthe networkarchitectureanddistributed
(shared-nothing)memorywhichcomposethedistributeden-
vironmentfor our digital library. Notice that all the disks
arelocalandcanbeaccesseddirectly (by thelocalmachine)
withoutgoingthroughthenetwork.
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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 operatesin the network environment
depictedabove.Ourdiscussioncoversthedistributionof the
documentsacrossthe network, the choiceof invertedlists
asindexingstructure,thedistributionof theindexacrossthe
network, the vector spacemodel ranking strategy, and the
processingof thequeries.

Distribution of Documents in the Network Themainobjec-
tive of this study is not to provide numericalestimatesof
queryexecutiontimefor variousscenariosbutratherto iden-
tify the main issuesand the main tradeoffs involved with
theprocessingof a batchof queriesin our distributeddigital
library. Thus, for clarity, we focusour attentionon identi-
fying suchtradeoffs andconsideronly thecasein which the
documentsareevenlydistributedacrossthenetwork.



Let � bethenumberof machinesin thenetworkand� bethe
size(in

�
bytes)of thewholecollection.Define,

	�
 � � � 1 

Then,consideringthat thedocumentsareevenlydistributed
acrossthe network,eachmachineholds(in its local disk) a
subcollectionwhosesize(in bytes)is roughlygivenby

	
.

Indexing with Inverted Files Inverted files are useful be-
cause,althoughthe sizeof the index is proportionalto the
sizeof the text, their searchingstrategyis basedmostly on
the vocabulary(i.e., the set of distinct words in the text)
which usuallyfits in main memory1. Further, invertedfiles
aresimple to updateandperformwell when the patternto
be searchedfor is formedby conjunctionsanddisjunctions
of simplewords which is probablythe mostcommontype
of queryin informationretrievalsystems.Thus,weconsider
that our distributeddigital library usesinvertedfiles as its
only indexingstructure.

An invertedfile is an indexingstructurecomposedof: (a) a
list of all distinctwordsin thetextwhichisusuallyreferredto
asthevocabularyand(b) for eachword � in thevocabulary,
an invertedlist of documentsin which the word � occurs.
Additionally, thevocabularyis sortedin lexicographicalor-
der. Sincewe adoptthe vector spacemodel (as discussed
lateron) to rank thedocumentsin thequeryanswerset,the
invertedlists needto keepinformationon termfrequencies.
This is accomplishedby addingfour bytesto eachdocument
entry in the invertedlists. For a document� anda word � ,
thesefour bytesholdthenormalizedweightassociatedby the
vectorspacemodelto thepair � ������
 .
With largetexts,somerestrictionsareimposedontheinverted
file to keepit smaller[8]. Examplesof theserestrictionsare:
(a) filtering of text charactersand separators,(b) useof a
controlledvocabularyin which not all wordsin the text are
indexed,and(c) exclusionfrom thevocabularyof stopwords
suchasarticlesandprepositions.Themaindisadvantageof
theserestrictionsis that wordsexcludedfrom the index but
presentin thetextarenot searchable.

Index Organization In ourdistributedlibrary, eachmachine
holdsasubcollectionwhosesize(in bytes)is roughly

	
. This

implies that, for eachsubcollection,the correspondingin-
vertedfile hassizewhich is � � 	 
 . Thus,for � machines,the
sizeof theindexfor thewholelibrary is givenby ����� 1 � 	
where� 1 is aproportionalityconstant.Weconsidertwo basic
organizationsfor this library index. The first oneconsiders
only local invertedfiles while the secondone considersa
global invertedfile for the whole library [18]. We discuss
bothof theseorganizationsin theimmediatelyfollowing.

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

1In a textof size� it is reasonableto expectavocabularyof sizepropor-
tional to � � [9].

is simplebecauseeverythingcanbedonelocally without in-
teractionamongthemachines.However, processinga given
query requiressendingthe whole query to every machine
in the network. Furthermore,eachmachinehasto process
the whole query. As we show later, this might result in a
considerabledisadvantage.

Sincethe indexesare local to eachmachine,global infor-
mation on the occurrenceof keywordsin the collection is
missing. Without this information,the estimatesfor the in-
versedocumentfrequency(����� ) weights(associatedto each
termby thevectorspacemodel[16]) areslackand,asaresult,
theglobalrankinggeneratedsuffersfrom adropin precision
figures. To exemplify, considerthecollectionof documents
in disk 1 of the Tipster/Trec3collectionandthe respective
setof queriesnumberedfrom 101 to 150 [7]. For this col-
lection, figure 2 illustratesthe drop in averageprecisionas
the number� of machinesincreases.To avoid this drop in
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Figure 2: Recall versus precision figures for local in-
dex organization without global ����� weights (50 Trec3
queries).

averageprecision,it is necessaryto provideeachmachinein
the local index organizationwith accessto global informa-
tion on keywordsdistribution. This canbeaccomplishedby
computingtheinversedocumentfrequenciesfor all thewords
in thevocabularyanddistributingthis informationto all the
machines.Fortunately, thevocabularyis smallenoughsuch
that it easilyfits in mainmemory. Thus,in theremainingof
this work we considerthat, for the local indexorganization,
eachmachinekeepsa copy of the global vocabulary(with
globally computedweights)in its local main memory. By
doingso,weguaranteethattheanswersetsgeneratedby our
distributeddigital libraryareaspreciseasthosegeneratedhad
thelibrary beenresidentin a single,large,centralmachine.

Theotherclearalternativeto the local indexorganizationis
tohaveaglobalinvertedfile for thewholelibrary. To thebest
of our knowledge,this is theapproachtakenby mostsearch
enginesin theWeb. Theseenginesseemto maintainaglobal
library (composedof copiesof mostof theWebdocuments)
for which a global index is periodically recomputed.As it



seems,this global index is normallymaintainedin a single,
large,� centralmachine. Here, we considerthe situationin
whichthisglobalindexisdistributedamongasetof machines
in a networktightly coupled.

While therearemanypossibilitiesto distributetheindex(for
instance,thedistributionmightbebasedonacriteriaof load
balancing),for simplicity, we considerthat theglobal index
is distributedamongthe machinesin lexicographicalorder
suchthateachmachineholdsroughlyanequalportionof the
whole index. According to this strategy, machine1 might
endup holdingtheglobal invertedlists for all thekeywords
which startwith thelettersA, B, or C, machine2 might end
upholdingtheglobalinvertedlist for all thekeywordswhich
startwith thelettersD, E, F, or G, andsoon. Theimportant
issuefor ushereis thateachmachineholdsa portionof the
global indexof sizeroughlyequalto

	
. In this way, we can

expectthatthecomparisonbetweenthisorganizationandthe
local indexorganizationis a fair one.

Distributingtheglobalindexamongthevariousmachinesis
anorganizationcalledsystemindexin [18]. Here,however,
wepreferto call it simplyglobal indexorganizationbecause
it seemsamoredirectreference.

Ranking with the Vector Space Model In thiswork,weadopt
the vectorspacemodelasthe rankingstrategyfor our dig-
ital library becauseit is oneof the mostwidely usedmod-
els in informationretrievalsystems.The main reasonis its
simplicity and its good retrieval performancewith general
collections[6, 15, 16].

In the vectormodel,documentsanduserqueriesarerepre-
sentedasvectorsof keywords. Let  � 
 ��! 1 �#"#"$"#� !&% 
 be the
vectorrepresentingthedocument� and  ' 
 ��!

(
1 �$"#"$"�� !

(
% 
 be

thevectorrepresentingtheuserquery ' . Toimproveprecision
andrecalllevels,thevectormodelassociatesweightsto doc-
umentandqueryindexes.Let �*)�+ , betheweightassociated
to thekeyword ! ) of document� andlet �.- + / betheweight
associatedto thekeyword ! - of query ' . Theseweightsare
usually specifiedas a variation of tf-idf factors [15]. The
similarity of a document� with respectto a userquery ' is
measuredas the cosineof the anglebetweenthe weighted
queryanddocumentvectors.This cosinesimilarity ranking
formulacanbewrittenas

0 ��1 �  ���  ' 
 
  �32  '4  � 4 � 4  ' 4 (2)


 %)65 1 �.)�+ ,����*)�+ /
%)65 1 � 2)�+ , � %)65 1 � 2)�+ / (3)

This is therankingstrategyadoptedin ourdistributeddigital
library.

Query Processing
We assumethat thereis a central broker machineto which
all thequeriesarefirst directed.Thisbrokerinsertsthequery
requestsin a queueand processthem from there. In this
study, we do not evaluatethe impact of the query arrival
patternon thesystemperformance.Instead,we assumethat

therearealwaysenoughqueriesto fill aminimumsizequery
processingqueue. Sinceour experimentsusequeriesfrom
theTrec3/Tipstercollection,we assumethat this querypro-
cessingqueuehasa size equalto 50. Given this batchof
50 queries,the broker processesthem in slightly different
waysfor thelocalandglobalindexorganizationsaswe now
discuss.

In the local indexorganization,thebrokertakesa queryout
of the queueand sendsthis query to all the machinesin
thenetwork. Eachmachinethenprocessesthewholequery
locally, obtainsthe set of documentsrelatedto that query,
ranksthemusing the vector spacemodel, selectsa certain
numberof documentsfrom thetopof theranking,andreturns
themto thebrokerasthelocalanswerset.Thecentralbroker
them collects the � sortedlocal answersetsand combines
them(througha merging sort procedure)into a global (and
final) rankedsetof documents.

By selectinga setof documentsfrom thetop of theranking,
eachmachinereducestheamountof datawhichhasto besent
(to thebroker)throughthenetwork.However, suchreduction
in networktraffic mustnot affect theprecisionof theglobal
answerset. This canbe assuredthroughthe adoptionof a
simplestrategyasfollows. Consider, for instance,thatglobal
precisionisevaluatedthroughthefirst � 1documentsin thetop
of therankingassuggestedfor earlyTrecexperiments(which
adopteda valuefor � 1 equalto 200) [13, 14]. Then,in the
local index organization,eachindividual machineneedsto
sendonly its � 1 top documentsto the broker to guarantee
that overall precisionis not diminished. This is so because
anydocumentamongthetop � 1 in theglobalrankinghasto
beamongthe top � 1 in oneof the local rankings.Thus,for
the local indexorganization,we considerthateachmachine
sendsto thecentralbrokeronly its top � 1 documentswhere� 1 is thenumberof documentsthebrokereffectively returns
astheglobalanswerset.

In the global index organization,the processingof a query
is differentandworks asfollows. The centralbrokertakes
a query out of the queueand first determineswhich ma-
chineshold invertedlists relativeto thequeryterms.Notice
that, in this case,not all machinesmight be involved. For
instance,not all machinesare involved with the querypro-
cessingwheneverthereare more machinesin the network
thanqueryterms. Further, it might happenthatmanyquery
termsaremappedto asinglemachinereleasingneighborma-
chines. The situationhereis quite distinct from that with
thelocal indexorganizationbecausetheinvertedlists in each
machinehold informationaboutall thedocumentsin the li-
brary. Thus,for instance,if asinglemachinehappensto hold
(the inverted lists for) all the termsof a given query then
that machineis able to processthat queryby itself without
needto cooperatewith anyothermachine.As a result,more
thanonequerymight be processedsimultaneously. This is
importantbecauseit might allow high concurrencywhich is
notpresentwith thelocal indexorganization(which, in turn,
alwaysprovideshigh parallelismbecauseall the machines
aredevotedto theexecutionof a singlequery).

Oncethecentralbrokerhasdeterminedwhichmachineshold
inverted lists associatedto the query terms, it breaksthe



query in subqueriesand sendsthem to the respectivema-
chines.� Eachsubqueryis composedonly by thetermswhich
arepresentin themachineit is sentto. Oncea machinehas

Precision versus recallNumber
of

machines
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

1 61.71 49.75 40.20 31.62 21.38 12.73 7.89 4.18 1.50 0.00 0.00
2 61.86 48.70 39.40 31.84 20.67 12.43 7.51 3.05 0.16 0.00 0.00
4 61.38 49.33 38.94 30.50 18.68 11.69 7.31 2.63 0.17 0.00 0.00
8 60.91 48.92 39.04 30.95 21.91 11.87 7.09 3.66 0.16 0.00 0.00
16 61.69 49.15 40.25 32.68 22.16 12.78 7.05 3.72 0.16 0.00 0.00
32 62.57 49.25 40.20 32.61 22.13 12.92 7.18 3.73 0.16 0.00 0.00
64 62.57 49.19 40.25 32.63 22.12 12.92 7.59 3.73 0.16 0.00 0.00

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

receivedits subquery, it searchesfor the relateddocuments,
ranksthe resultantdocumentset,selectsa numberof docu-
mentsfrom thetopof therank,andsendstheseto thecentral
broker. Thecentralbrokerthenmergesthelocalanswersets
into a globalanswersetandrecomputestheranking. Notice
that the broker cannotusethe local rankingsgeneratedby
individualmachinesbecausesuchrankingsarebasedonly in
thepartial informationpresentin thesubqueries.

Therearetwo importantdifferencesbetweenthequerypro-
cessingfor theglobalandlocal indexorganizations.First, in
theglobalindexorganization,theinvertedlistsarelarger(be-
causetheycontaindocumentsfrom all thelibrary). Second,
in theglobal indexorganization,the local rankingconsiders
only partial informationbecausethereis no informationon
the query termswhich resideon the othermachines.As a
result, the local ranking is lessprecisewhich implies that
moredocumentshaveto be sentto the centralbroker (i.e.,
the cutting strategyhasto be more lenient). Both of these
two effectsareprejudicial to the global index organization.
However, therearealsocountereffectswhichfavortheglobal
indexorganizationand,asweshallsee,mightbecomedeter-
minant.

Regardingthecuttingstrategyfor theglobalindexorganiza-
tion, wedid a few experimentswhich showedthatthecutoff
factordependson thenumber� of machinesin thenetwork.
Thus,weadoptedaconservativecutoff factorgivenby �3�7� 2
where � 2



5 �8� 1. Using suchcutoff factor, we observed

no significantvariation in global precisionas illustratedin
figure3.

Analytical Model
In this section,we presenta simplified analyticalmodelfor
the queryingprocessin our distributeddigital library. Our
modelcoversboththeglobalindexandlocal indexorganiza-

tions. Despiteits simplicity, themodelcaptureswell thekey
variableswhichdeterminequeryprocessingperformancefor
ourdigital library.

Basic Variables and Critical Parameters In what follows,
we providenotationfor basicvariablesandcritical param-
eters. Theseparameterswereidentifiedthrougha seriesof
experiments.

� : numberof machinesor processors ' ) : vectorof keywordswhich composethe ��9#: query' ) : numberof keywordsin query  ' ) ' )�+ - : vectorcomposedof thosekeywordsextracted(by the
broker)from query  ' ) andsentto machine;' )�+ - : numberof keywordsin query  ' )�+ -<>=

: size(in bytes)of globalinvertedlist for keyword !<>= + - : size(in bytes)of local invertedlist for keyword ! at
machine;�?)�+ - : numberof comparisonsandswapsduringrankingof
documentsfor query  ' ) at machine; (local index)� 0 )�+ - : numberof comparisonsandswapsduringrankingof
documentsfor subquery ' )�+ - at machine; (global in-
dex)�?)�+ @ : numberof comparisonsandswapsduringrankingof

documentsfor query  ' ) at thecentralbroker� 1: numberof documentsfrom the top of the ranking
which are returnedas the local answerset with the
local indexorganization� 2: proportionalityconstantwhich affectsthenumberof
documentsfrom the top of the rankingwhich arere-
turnedas the local answersetwith the global index
organization9#� : averagetime (per byte) to comparetwo termsand
swapthem9 0 : averageseektime for asingledisk9�� : averagetime to reada byte from disk anddo its pro-
cessing(excludesseektime)9�9 : averagetime to transfera byte from onemachineto
another9 ) : total time(in seconds)to completeprocessingof query ' )9A)�+ - : total time(in seconds)to completeprocessingof sub-

query  ' )�+ - atmachine;
In thelocal indexorganization,thewholequery  ' ) is passed
to all the machinesin the network. This implies that each
machinehas to processa query whoselength is given by' ) . In the global indexorganization,only a part of the user
queryis sentto eachmachine(in fact,agivenmachinemight
receiveno queryterms). This implies that eachmachine;
hasto processonly a subquery ' )�+ - whoselengthis givenby' )�+ - .
Onceamachine; receivesaquery  ' ) (or asubquery ' )�+ - ) for
processing,it reads(from disk) the invertedlists relativeto
the termsin the query  ' ) andmergessuchlists to form the
localdocumentanswerset.Consideringthattheinvertedlist
for term ! hassizegiven by

<>= + - , the numberof bytesread
from disk is givenby =CBED/AF <>= + - .
Theparameters� )�+ - , � 0 )�+ - , and � )�+ @ countthenumberof com-
parisonsandswapsfor the ranking taskat the variousma-
chines.Theparameters� 1 and � 2 areusedto determinethe



cutoff limits for thelocalanswersets.Theremainingparam-
etersG arerelatedto timemeasures.

Query Processing During the processingof a query, we
distinguishfive mainsteps:(S1)seekingdisks,(S2)reading
invertedlists from disk andprocessingweightsaccordingto
thevectormodel,(S3)local rankingof retrieveddocuments,
(S4) transferringof rankeddocumentsto thecentralbroker,
and (S5) final ranking at the centralbroker. Steps(S1) to
(S4)haveto bedoneat eachmachineinvolved in thequery
processingwhile step(S5) involvesonly the centralbroker.
Further, the executionof the five stepsaboveis normally
overlappedandinterleaved.

In thelocal indexorganization,eachmachinein thenetwork
mustexecutethewholequerylocally. This implies that the
processingof a query  ' ) lastsfor a time 9A) which is given
roughlyby:

9 )�+ - 
 ' ) ��9 0CH �JI 1 
=CBED/ F <>= + -K��9�� H �JI 2 
� )�+ -L��9#� H �JI 3 
� 1 ��9�9 �JI 4 

� 4 


9 ) 
 1NM#O � 9 )�+ -C
 H� )�+ @ ��9AP ��I 5 
 � 5 

Notice that theparameters�?)�+ - and �?)�+ @ haveto beestimated
accurately. This is doneby runninga real executionof the
rankingalgorithm(i.e., a sorting)andcountingthe number
of comparisonsandswaps. Furthermore,to reducethe ex-
ecutiontime of step(S2), it is not necessaryto readall the<>= + - bytesin theinvertedlist for thekeyword ! . By adopting
a filtering technique(for the vectorspacemodel)basedon
the work in [14], the numberof bytesreadfrom disk can
beconsiderablyreduced(with noeffectonglobalprecision).
This meansthat thevaluesfor

<>= + - needalsoto bemeasured
by runninga realexecutionof thediskaccesspattern.

Considerfor amomentthatonly asinglemachineisavailable.
In this situation,thereis no distinctionbetweena client ma-
chineandthecentralbroker(i.e., steps(S3)and(S4)do not
needto be executed).Using thedisk 1 of the Tipster/Trec3
collection,we ran queriesnumberedfrom 101 to 150 on a
singlePC. This PC is a Pentium166MHz (with a memory
of 64M bytes)runningtheLinux operatingsystem.We also
evaluatedtheexecutiontime of thesesame50 queriesusing
our analyticalmodelabove.Theresultsareasshownin fig-
ure4. As it canbeseen,theagreementbetweentherealand
thepredictedexecutiontimesis rathergoodin thiscase.

Considernow the sameexecutionabovebut with several
machinesin the network. In this case,the two components
of ourmodelwhichbehavedifferentlyarethesteps(S3)and
(S4). Regardingthe step(S3),we know thatour prediction
is fairly accuratebecauseit workedfor the step(S5) which
is entirelyanalogous.In fact,wetimedthesortingprocedure
severaltimesandconfirmedthatourpredictionsfor thesteps
(S3) and (S5) are accurateones. Regardingstep(S4), we
know that it involvessolely transmissionof dataacrossthe
network. If the time 9�9 is estimatedwith carein order to
take into considerationthe overheads(dueto the operating
systemand the communicationprotocols)which affect the
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Figure 4: Comparison between real and estimated ex-
ecution times for 50 Trec3 queries. Parameters are as
follows: 9 0 
 101 0 , 9�� 


0" 464Q 0 , 9#� 
 0" 255Q 0 ,9�9 
 0" 1Q 0 .
transmissionof data (i.e., 9�9 must reflect the net available
bandwidth),thepredictionfor step(S5)isalsofairly accurate.
The effect which remainsto be capturedis the interference
amongthe variousqueriesin our distributedenvironment.
Sucheffect is takeninto accountasfollows.

In the distributedprocessingof a query  ' ) , somemachines
finish the executionof the step(S4) beforeothers. These
machinescanthenstart immediatelythe executionof a fol-
lowing query(i.e.,theydonotneedto wait for theconclusion
of the step(S5) for query  ' ) ). We capturesuchbehavior
throughthe useof a small simulatorwritten in C++. This
simulatorreplicatestheexecutionof steps(S1)through(S4)
in eachmachineandtheexecutionof step(S5)in thebroker
for a batchof queries.Theexecutiontimesof eachstepare
estimatedaccordingto equations4 and5. By doing so,we
areableto predictwith fair accuracytheexecutiontime for
a batchof queriesrunningin thedistributedenvironmentof
ourdigital library. Let usnowturnourattentionto thequery
processingwith theglobalindexorganization.

In theglobal indexorganization,thebrokerfirst determines
which machinescontaininvertedlists relative to the query
terms. The reasonis thatonly thosemachinesareinvolved
in the queryprocessing.Oncethis is done,subqueriesare
dispatchedto themachinesinvolved. Thetime 9 ) to process
aquery  ' ) canthenbemodeledasfollows.

9 )�+ - 
 ' )�+ -L�R9 0CH ��I 1 
=SBED/AFUT V < = �R9�� H ��I 2 
� 0 )�+ - ��9#� H ��I 3 
�W�X� 2 �R9�9 ��I 4 

� 6 


9 ) 
 18M$O � 9 )�+ -Y
 H�?)�+ @.��9 P ��I 5 
 � 7 

Notice that, in this case,the ranking in step (S3) is done
consideringthe termsin thesubquery ' )�+ - only. Thus,such



rankingis not asaccurateasthelocal rankingdonewith the
localZ indexorganization.Thisimpliesthatalargernumberof
documentshastobetransmittedtothecentralbrokertoensure
that theprecisionof theglobalanswersetis not diminished.
It is dueto this constraintthat thestep(S4)aboveconsiders
that �[�\� 2 documentsaretransmittedto the centralbroker
which ensuresthatglobalprecisionfiguresarenot affected.

As done for the local index organization,we capturethe
interferenceamongthe variousqueriesusing the simulator
we wrote in C++. Furthermore,we againadopta filtering
techniquebasedon thework in [14] to reducetheexecution
timeof thestep(S2).

Results
In this section,we useour analyticalmodel coupledwith
our small simulator to investigatethe systemperformance
for processinga batchof queriesin our distributeddigital
library. The two indexingschemesconsideredarethe local
indexandtheglobalindexorganizationsasdiscussedbefore.
All ourestimatesarebasedonthedocumentsin thedisk1 of
theTipster/Trec3collection[7]. Thequeriesusedwerethose
numberedfrom 101to 150in theTrec3proceedings.Unless
we explicitly sayotherwise,thetime parametersusedin our
analysis(whicharevalid in our testmachine)areasfollows.

9 0 = 10 � 10] 3 seconds(seektime)9�� = 4" 64 � 10] 7 secondsperbyte(disk read+ processing)9#� = 2" 55 � 10] 7 secondsperbyte(comparisonat cpu)9�9 = 1 � 10] 7 secondsperbyte(networktransfertime)

In figure 5 we show, for the local index organization,how
theestimatedtime to processthe50 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 increasingthenumberof machinesin thenetwork(while
keepingthecollectionsizeunchanged),weobtainaspeedup
in the queryprocessingwhich is limited, at the bottom,by
thetime to extractdatafrom thedisk (basicallyseektime).

In figure6 we show, for theglobal indexorganization,how
theestimatedtime to processthe50 testqueriesvarieswith
thenumberof machinesin thenetwork. 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 collectionsizeunchanged),we obtaina
speedupin thequeryprocessingtimewhichis limited, at the
bottom,by thetime to sendtheretrieveddocumentnumbers
acrossthenetworkandto sortthemat thebroker.

In figure7, we comparethe50 queriestotal processingtime
for theglobal indexandthelocal indexorganizations.As it

Response time (s)Number
of

machines
LI GI

GI as
percentage
of LI (%)

2 21.26 19.64 92.37
4 17.13 11.13 64.98
8 14.58 8.86 60.78
16 13.11 7.50 57.23
32 12.23 7.00 57.21
64 11.78 6.93 58.83

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

canbe seen,the global index organizationconsistentlyout-
performsthelocal indexorganizationat this networkspeed.
Further, the relativeimprovementin performanceincreases
with thenumberof machinesin thenetwork.Thequalitative
explanationis asfollows.

With theglobal indexorganization,eachlocal disk doesnot
needto performasmanyseekoperationsas it is necessary
with the local index organization. The reasonis that each
machinehasto processonly thesubqueryrelativeto its por-
tion of thegloballist. As thenumberof machinesexceedthe
averagequerylength(in numberof keywords),eachmachine



tendsto haveto processonly 1 or 2 termslocally andthus,
only 1 or 2 seeksneedto be performedin the local disk on
theaverage.

0

5

10

15

20

25

30

35

40

45

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49

Number of queries processed

R
es

po
ns

e 
tim

e 
(s

)

LI - 4

LI - 16

LI - 64

GI - 4

GI - 16

GI - 64

Total time (50 queries)

0
5

10
15
20
25
30
35
40
45

4 16 64
Number of machines

R
es

po
ns

e 
tim

e 
(s

)

LI
GI

Figure 8: Slow network: estimated time for 50 Trec3
queries (9�9 
 1 � 10] 6 0 ).

The fact that, for theglobal indexorganization,thenumber
of seeksperformedlocally drops with the increasein the
numberof machinesin thenetworkis a crucialpoint. When
the numberof machinesis large enough,eachmachinehas
to processonly a singlequerykeyword. However, sinceit
hasno other information on the documentsin the answer
set, it hasto sendthe entire invertedlist correspondingto
thatquerykeywordto thecentralbroker. Thus,thepositive
point is that the numberof seeksperformedlocally drops
to a minimum. On the negativeside,networktraffic might
increaseconsiderablybecauselargerlistsof documentshave
to besentto thecentralbroker. We saythattheglobalindex
organizationallows tradingdisk accessesto networktraffic
(a fact also observedin [18]). Dependingon the size of
the queries,the sizeof the collection,andthe speedof the
network,suchtradingmight becomequite advantageousas
illustratedin figure7.

In figure8,wecomparetheperformancesfor theglobalindex
andthelocal indexorganizationsconsideringamuchslower
network(10 timesslower). Theresultsshownarefor a net-
work speedof 8M bitspersecondwhichis typicalof ethernet
technology. As it canbeseen,theglobal indexorganization
no longeroutperformsthe local index organizationconsis-
tently. Further, increasingthe numberof machinesfavors
the local index organizationbecausemoving databetween
machinesin thiscaseis quiteexpensive.

In figure9,wecomparetheperformancesfor theglobalindex
andthelocal indexorganizationsconsideringthepresenceof
fasterdisks. The resultsshownarefor a disk 4 timesfaster
(andseektime asbeforei.e., 9A^ = 10 � 10] 3s). As it can
be seen,the global index organizationis highly favoredby
fasterdisks becauseits disk accesspatternsare composed
of fewerseeksandlargerdatatransfersthanthe local index
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Figure 9: Fast disk: estimated elapsed time for 50
Trec3 queries (9�� 
 4 _ 64

4 � 10] 7 0 ).
organization.

Conclusions
We studiedthe queryperformancefor a digital library dis-
tributedin a tightly coupledenvironment.In our library, in-
vertedfiles areusedasindexstructuresandthevectorspace
model is adoptedas ranking strategy. We considerboth a
local indexorganizationanda globalindexorganization.

Our studyis basedon ananalyticalmodelwhich is coupled
with a small simulator. Our resultsindicatethat, for Trec3
queries,aglobalindexorganizationoutperformsalocalindex
organizationconsistentlyin thepresenceof fastcommunica-
tion channels.This is duemainly to two factors. First, the
global index organizationallows tradingseekoperationsin
diskto networktraffic. Second,theglobalindexorganization
allowsgreaterconcurrencyamongthevariousqueries.

In thenearfuture,we intendto evaluatethebehaviorof our
distributeddigital library in thepresenceof veryshortqueries
asthosefoundin theWeb.Furthermore,weintendtoconsider
scaleabilityissuesregardingthesizeof thecollectionandthe
sizeof thequeries.
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