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ABSTRACT
Our currentconcernis a scalableinfrastructurefor informationre-
trieval (IR) with up-to-dateretrieval resultsin the presenceof fre-
quent,continuousupdates.Timely processingof updatesis impor-
tantwith novel applicationdomains,e.g.,e-commerce.Wewantto
useoff-the-selfhardwareandsoftwareasmuchaspossible.These
issuesare challenging,given the additionalrequirementthat the
resultingsystemmust scalewell. We have built PowerDB-IR, a
systemthathasthecharacteristicssought.This paperdescribesits
design,implementation,andevaluation.PowerDB-IR is a coordi-
nationlayerfor a databasecluster. Therationalebehinda database
clusteris to ’scale-out’,i.e., to addfurtherclusternodes,whenever
necessaryfor betterperformance.Webuild onIR-to-databasemap-
pingsandservicedecompositionto supporthigh-level parallelism.
We follow a three-tierarchitecturewith thedatabaseclusterasthe
bottom layer for storagemanagement.The middle tier provides
IR-specificprocessingandupdateservices.PowerDB-IR hasthe
following features:It allows to insertandretrieve documentscon-
currently, andit ensuresfreshnesswith almostno overhead.Alter-
nativephysicaldataorganizationschemesprovideadequateperfor-
mancefor differentworkloads.Queryprocessingtechniquesfor the
differentdataorganizationsefficiently integratetherankedretrieval
resultsfrom theclusternodes.We have run extensive experiments
with ourprototypeusingcommercialdatabasesystemsandmiddle-
waresoftwareproducts.Themainresultis thatPowerDB-IRshows
surprisinglyidealscalabilityandlow responsetimes.

1. INTR ODUCTION
Motivation. Theobjective of this currentwork is a scalablein-

frastructurefor informationretrieval (IR) with up-to-dateretrieval
resultsin the presenceof frequent,continuousupdates.IR func-
tionality supportsuserswho seekrelevant information. IR on up-
to-datedatais importantwith novel applicationdomains,e.g.,e-
commerce.Our scenariois concurrentupdateandretrieval, andit
requiresup-to-dateretrieval resultsaswell aslow responsetimes.
Trying to meettheserequirementsis challengingwith workloads

.

or collectionsizesthatgrow in an unpredictableway. The infras-
tructuremustthereforebescalable.Much of its complexity is due
to therequirementof ’unlimited’ scalability, aswewill explain.

Technology. We for our part want to useexisting conceptsas
well asoff-the-selfhardwareandsoftwaretechnologyasmuchas
possibleto implementtheinfrastructureenvisioned.Our approach
is to rely ondatabasetechnologyto providereliableandconcurrent
processingandupdatingof the text documents.In particular, we
rely on IR-to-SQLmappingsanddatabaseclusters:

IR-to-SQLmappingsimplementIR functionalityin standardSQL
for thecommonretrieval models,namely(extended)Boolean,vec-
tor spaceandprobabilisticretrieval [13]. IR-to-SQLmappingsare
theapproachof our choice:we do not needto extendthedatabase
systemor to integrateanIR system.

Databaseclustershave beentoutedasa scalableinfrastructure
for informationsystems[16, 12]. A databaseclusteris a clusterof
workstationsconnectedby a communicationnetwork. Eachnode
runsaDBMS,usedasastoragemanagerwith transactionalproper-
ties.Theideais to scale-out, i.e.,to addfurthernodesto thecluster,
to meetagivenperformancegoal.An importantissuethatweneed
to resolve is the distribution of datato clusternodes. In this pa-
per, we investigateseveralwell-known physicaldataorganization
schemes, notably replication,partitioning, striping, andmaterial-
ized views andcombinationsof these,andadaptthemto our ap-
plicationscenario.This is in contrastto our previouswork [9, 11]
that hasassumedonedataorganizationfor the cluster. Moreover,
our previousstudieswererestrictedto theBooleanretrieval model.
This paperin turn coversretrieval modelswith rankedresultsets
suchasvectorspaceretrieval.

Contrib utions. Our approachis to combinethe conceptsand
technologiesmentionedsofar. Theconceptsarerathergeneraland
requirecustomizationsfor informationretrieval, aswewill explain.
We have designedandimplementeda prototypecalledPowerDB-
IR and have investigatedits characteristicsin quantitative terms.
This papernow makesthefollowing contributions:

Evaluationof thedatabasecluster. Studieson databaseclusters
asa platform for real-worldapplicationshave focusedon online-
transactionprocessingso far [16]. Our currentwork investigates
thecharacteristicsof a databaseclusterin anotherimportantappli-
cationdomain,namelyinformationretrieval. Our scenariois more
generalthantheonementionedjust before,aswe will explain.

IR functionalityfor differentdocumentcategories.Today, many
IR applicationsdividethedocumentcollectioninto categoriessuch
as’news’ or ’sports’. Existing IR systemskeepstatisticsper cat-
egory and usetheseto rank query results. This is not appropri-
atewith queriesoverseveralcategoriessinceper-categorystatistics



mayleadto wrongrankings.We introducemulti-category queries
to searchseveral documentcategoriesin order to overcomethis
drawback. We discusstheir implementationfor vectorspacere-
trieval andinvestigatetheir performancecharacteristics.

Data organizationschemes. We adaptknown data organiza-
tion schemesfor a databasecluster to our applicationscenario.
We usereplication,striping, partitioning and materializedviews
andcombinationsof these.It turnsout that differentdataorgani-
zationschemesareappropriatefor differentperformancerequire-
mentsand different workloads. For example,striping in combi-
nation with small read-onlyworkloadsand 0.5 GB of document
datareachesminimum queryresponsetimeswith 8 clusternodes
already.

Up-to-dateretrieval results.Both updatesandretrieval operate
onthesamedata,suchthatqueryresultsareup-to-date.Decompo-
sition andparallelizationof requestskeepstheeffect of concurrent
updatesonretrieval performancesmall,asour experimentsshow.

Summingup, this paperis an experiencereporton the design,
implementationand evaluationof PowerDB-IR. It sayshow we
meetthe requirementsin combination,both in termsof function-
ality andperformance.The remainderof this paperis asfollows:
Section2 coversrelatedwork. Section3 sayshow to implementre-
trieval functionalitywith aclusterof databases.Section4 describes
theexperimentsandprovidesa discussion.Section5 concludes.

2. RELATED WORK
Efficient Processingof Inf ormation Retrieval Queries. Com-

bining informationretrieval with databaseshasalreadybeeninves-
tigatedbefore,e.g.,[2, 3, 17]. Theseapproachesextendtheinfras-
tructurewith proprietarycomponentsin orderto combineIR and
databasefunctionality. Recentwork hasshown thatresponsetimes
of IR queriesare competitive with commercialdatabasesystems
andstandardSQL for thecommonretrieval models[13]. But [13]
hasonly investigatedsingle-queryworkloads. [13] alsodoesnot
sayhow to keepretrieval resultsup-to-date.

Concurrent Queriesand Updates. Incrementalindex updates
[4, 18] areseeminglyrelevantwhenup-to-dateretrieval resultsare
required.For instance,[4] discussestwo fastincrementalindexing
methodsandstorageallocationtechniquesfor invertedlists. Both
approachesapply sophisticateddisk-organizationtechniquesthat
reflect the skewednessin the length of postinglists. We for our
partuseexisting componentsasstoragemanagers(e.g.,RDBMSs)
anddo not modify them. Our philosophyis to try to reacha given
performanceobjectiveby aclevercombinationof a(possiblylarge)
numberof suchoff-the-shelfcomponents.Moreover, [4] aimsat
inputsin batchruns,not onlineupdatesasour approach.

PC Clusters. [1, 7, 14] investigategenericaspectsof the im-
plementationof serviceson a PC cluster. [16] usesa PC cluster
for the TPC-Cbenchmarkthat mimics an online transactionpro-
cessingscenario.An importantcharacteristicof this benchmarkis
that thereis a naturaldistribution of dataandworkloads:updates
andqueriestypically go to onenodeonly. It is relatively easyto
achieve goodscalabilitywith sucha restrictedscenario.Our work
in turn investigatesa muchmoregeneralscenario.Datadistribu-
tion to clusternodesis not obvious in our caseand dependson
theworkload.Moreover, requestprocessingtypically requiresdata
from many clusternodes.With vectorspaceretrieval for instance,
rankingof theoverall resultrequiresefficient integrationof results
from the clusternodes. This paperinvestigatesqueryprocessing
algorithmsthatguaranteecorrectintegrationof queryresults.Our
previouswork hasnot addressedthis issue[9, 11].

Parallel DatabaseSystems.Researchon paralleldatabasesys-
temshasalreadyinvestigateddataorganizationschemesthat dis-

tribute the dataamongclusternodes,e.g. [5]. We takeover the
ideasof replication,partitioning, and striping and parallelizere-
questsat thesemanticlevel.

3. BRINGING IR-FUNCTION ALITY TO A
DATABASE CLUSTER

Thissectionsayshow to enableinformationretrieval onacluster
of relationaldatabasesystems.We usethe vectorspaceretrieval
modelasour runningexample. But our techniquesapply to other
commonretrieval modelsaswell.

3.1 DatabaseSchema
In our terminology, adocumentis assignedto a categorysuchas

’news’ or ’sports’.Thecollectionin turn is thesetof all documents
storedin thesystem.

Figure 1 illustratesthe databaseschemathat implementsvec-
tor spaceretrieval with our approach.Thefigureshows tablesTRi
(i � 1 � 2 � 3 ������� ) that storethe documentsof category i in attribute
ai . ai standsfor the nameof category i. An attribute docid of
thetablesTRi storesa system-generateduniqueidentifier. We now
proceedasfollows to makedocumentsefficiently searchable.We
apply IR-specificfunctionality suchas term extraction, stopword
eliminationandstemmingto obtain the descriptionsof the docu-
ments. In the caseof vectorspaceretrieval, we storethe descrip-
tionsof thedocumentsof TRi in arelationILi with attributesterm,
docid, andtf. term is adescriptorof thedocumentdocid. tf
(termfrequency) storesthenumberof occurrencesof thedescriptor
in thedocument.In otherwords,relationILi describesthecontent
of ai . Another relationTi keepsterm statisticsof category i. Ti
hasthe attributesterm anddf. term containsa descriptorper
tuple,anddf is thedocumentfrequency of thedescriptor, i.e., the
numberof documentsthatcontainit.

docid a1 
T1 Men… 
T2 Earth… 
T3 Stars… 
T4 Space and stars… 
…  

 
 

docid a2 
A1 Mankind… 
A2 Planet… 
…  

 
 

docid a3 
  

 
 

term docid tf 
men T1 15 
earth T2 55 
star T3 42 
space T4 7 
star T4 17 
...   

 
 

term df 
men 52304 
earth 1550 
star 1301 
space 40768 
…  

 
 

...

Documents Inverted lists Statistics

TR1

TR2

TR3

IL1 T1

term  docid   tf 
mankind A1 5 
planet A2 34 
...   

 
 

term   df 
mankind 5307 
planet 7532 
…  

 
 

IL2 T2

...

Category 1

Category 2

Category 3

Figure 1: Databaseschemafor IR functionality

In the following, we will discussa serviceinterfacefor infor-
mationretrieval and its implementationusingthe above database
schema.Our motivationis that theserviceimplementationencap-
sulatestheIR-specificfunctionalitysuchastermextractionandthe
storagemanagementusingcomplex SQL statements.

3.2 DocumentRetrieval Service
Service Interface. Clients invoke a retrieval servicewith the

following interfaceto searchfor relevantdocuments:���
rsv� document ��	 Retr ieveDoc

�
�
ai 	��

�
term	�� k � rt �

Theinputparameteris aquerycomprisingasetof categorynames,
asetof querytermsor aquerytext, themaximumnumberof hitsto



return,anda thresholdon theretrieval statusvalueof resultdocu-
ments.
 Theservicereturnsretrieval statusvaluesof theresultdoc-
umentsandtheir titles,e.g.,thefirst 50charactersof thedocument.

The usermay specifyoneor severalcategoriesasthe category
parameterof thequery. If onespecifiesa querywith only a single
category, thesystemevaluatesthequeryonly on thedocumentsin
that particularcategory using the statisticsof that category. We
speakof a single-category query in this case. Several definitions
of retrieval statusvaluefor vectorspaceretrieval areavailable.We
usethe following onewhered standsfor a documentandq for a
single-categoryqueryoncategory a.

RSV
�
d � q� � ∑

t � terms� q�
tf
�
t � d ��� idf

�
t � 2 � tf � t � q� (1)

t denotesaterm,andtf
�
t � d � andidf

�
t � � log Na

dfa � t � areits frequency
in d andinverteddocumentfrequency, respectively. We saythata
documentd qualifiesfor a queryq if theretrieval statusvalue(rsv
for short)of d with respectto q is above thethresholdof thequery,
andd is amongthetopk matches.

So-calledmulti-category queriesareappropriatein othersitua-
tions: think of anonlineinformationsystemwith job offers.A user
maywantto retrieve job offersfor thecategories’informationtech-
nology’ and’academia’.But hedoesnotcarein whichof thesetwo
categoriesthekeywordsof hisqueryoccur. Theproblemwith such
a queryis now that IR (exceptfor Booleanretrieval) relieson the
statisticsover all categoriesthatoccurin a query. Vectorspacere-
trieval for exampleusesdocumentfrequenciesof terms.In orderto
provide a correctrankingtheretrieval statusvaluewith multi-cate-
gory queriesdependson multi-category statistics(statc for short),
namelyNc � ∑a ��� ai � Na, idf c � t � � log Nc

∑a ��� ai � dfa � t � , whereNc and

Na denotethe numberof documentsin all queriedcategoriesand
in category a, respectively. dfa � t � denotesthe per-category doc-
umentfrequency of term t with the documentsof category a (see
Table1). The retrieval statusvalueof a documentd for a multi-
category queryq is then:

RSVc � d � q� � ∑
t � terms� q�

tf
�
t � d ��� idf c � t � 2 � tf � t � q� (2)

This definition equalsDefinition 1 in the caseof only onequery
category.

In the following, we will discussa possibleimplementationof
the vectorspaceretrieval model,first for single-category queries,
thenfor multi-category queries.

ServiceImplementation with Single-categoryQueries. Pre-
vious work hasproposedstandardSQL implementationsof data
accessfor Boolean,vectorspaceandprobabilisticretrieval mod-
els [8, 13] usingthe databaseschemafrom Section3.1. We take
over theseimplementationsandencapsulatethemin a singlerou-
tine calledIRQuery throughoutthis paper. This routinetakesthe
nameof thedocumentcategory, thequerytext, theretrieval model,
thehit threshold,andthe rsv thresholdasinput parameters.There
is anotherinputparameter, namelymulti-category statistics,which
is optional,to beexplainedin thenext paragraph.Thisparameteris
omittedwith single-category queries.IRQuery thenprocessesthe
queryat the databasesystemusingthe statisticsin Ti andreturns
thetopk hits to thequery, usingtherespectiveretrieval model.

ServiceImplementation with Multi-category Queries.Merely
invoking IRQuery is not sufficient to evaluatemulti-category que-
ries,sinceour approachkeepsstatisticson a per-category basisin
the term statisticstableTi for category ai. Using single-category
statisticsmayleadto wrongrankingswith multi-category queries.
In order to avoid suchinconsistencies,multi-category queriesin
PowerDB-IR computethe correctmulti-category statisticsduring

queryprocessingbeforecalling IRQuery . Algorithm RETRIE-
VEMUL TI reflectsthis. Its first stepis to retrieve single-category
statisticsfor eachcategory andto usethemto computethe multi-
category ones.Thesecondstepexecutestheretrieval queryin par-
allel at thecategories.IRQuery takesthemulti-category statistics
asinputparameterandretrievesthetopk hitswith aretrieval status
value(rsv) largerthanrt from eachcategory. Thethird stepof RE-
TRIEVEMUL TI integratesthe resultsfrom the secondstepand
returnstheranking.Our experimentswill quantifytheoverheadof
theintegrationstep,i.e.,Step1.

Algorithm RETRIEVEMULTI
Parameters: Query q, categories A, model m, integer k, threshold rt
var hits := /0;
begin

// Step 1: Collect and integrate statistics
for each category a � A do in parallel

Get per-category statistics (dfa � t � , Na); end;
Compute multi-category statistics statc (idf c for Equ. 2);
// Step 2: Execute query for each category
for each category a � A do in parallel

hits := hits � IRQuery(a, q, m, k, rt, statc); end;
// Step 3: Post-processing and output of results
Sort hits by RSV; Return k hits ranked highest (doc and RSV);

end;

3.3 DocumentInsertion Service
Clientsof PowerDB-IRinvokethefollowing insertionserviceto

inserta new documentd:
integer InsertDoc

�
ai � d �

The input parameteris a category nameand the document. The
returnvalueis a statusflag.

The implementationof the serviceis as follows: supposethat
theserviceinsertsa new documentd to categoryai in relationTRi .
IR-specificroutinesanalyzed in afirst step.This includestermex-
traction,stopwordeliminationandstemming.Maintenanceof the
index tableILi andthestatisticsis neededto keepretrieval results
up-to-date. We insert the documentin an independentdatabase
transactionasthefollowing algorithmshows. Besides,wegenerate
a databasetransactionthat insertsthedescriptorandits frequency
tf
�
t � d � into ILi for eachdescriptort thatoccurstf

�
t � d � timesin d.

An additionaltransactionmanageron top of the databasesystem
guaranteesatomicity of a serviceinvocation.1 The algorithm re-
ceivesdescriptorinformationas its third input parameter. It is a
dictionarythat storesthe descriptorsandtheir correspondingfre-
quencies.

Algorithm INSERTDOC2DB
Parameters: category ai , document d, dict � term,tf � T
begin

begin transaction ;
inser t into TRi values (docid, d);
commit transaction ;
for each term t � T do in parallel

begin transaction ;
inser t into IL i values (t, tf � t � , docid);
update Ti set df = df+1 where term = t;
commit transaction ;

end;
end;

In other words, we decomposemaintenanceof the document,
index, andstatisticstablesinto independentdatabasetransactions
that canappearin any order. In fact, the independentsubtransac-

1Seethelongerversionof thispaperfor adiscussion[10].



statc multi-categorystatistics n numberof clusternodes
ng numberof clusternodesin nodegroupg Nc numberof documentswith a multi-categoryquery
Na numberof documentsin categorya Ñg approx.numberof documentsin nodegroupg
Ng

i numberof documentsstoredat nodei of nodegroupg tf � t � d � numberof occurrencesof termt in documentd (termfrequency)
idf � t � inverteddocumentfrequencyof termt (single-categoryquery) idf c � t � inverteddocumentfrequencyof termt (multi-categoryquery)
dfa � t � documentfrequencyof termt in categorya dfg � t � documentfrequencyof termt in nodegroupg
˜idf

g � t � approximateinverted documentfrequencyof term t in node
groupg

dfg
i
� t � documentfrequencyof termt in nodegroupg onnodei

Table1: Abbr eviations

tions canalso be executedin parallel. This yields a high degree
of intra-serviceparallelism. It shouldlead to good speedupand
scaleupcharacteristicsin a clusterof databases.

3.4 Physical Data Organization with a Data-
baseCluster

A databaseclusterallowsfor differentphysicaldataorganization
schemes.We mapthe document,invertedlist andstatisticstables
of our schemato oneor severalclusternodesusingdocumentcat-
egories,striping,replication,or a combinationof thesetechniques.
We now definesomenotionsandgive anoverview of thedataor-
ganizationschemes.

Partitioningthenodesof thedatabaseclusterresultsin so-called
nodegroups. Replicationaswell asstoringof categoriesoccurat
the granularityof nodegroups:storing categoriesassignsa cate-
gory and its dependentdatato onenodegroup. This meansthat
somenodegroupstoresTR1, IL1, andT1; andanotheronestores
TR2, IL2, andT2, andsoon. Replicationin turn copiesa category
andits dependentdatato severalnodegroups.Striping insteadoc-
cursinsidenodegroups,i.e., all dataassignedto a particularnode
groupis stripedover thenodesof thegroup.

Example 1: Figure2 illustratestheassignmentof thetwo cate-
gories’informationtechnology’with documentsTi and’academia’
with documentsAi to threenodegroupsanda clusterof six nodes.
Category ’information technology’is assignedto nodegroups1

striping

replicas of category 1

DBS1 DBS2 DBS3 DBS4 DBS5 DBS6

node group1 node group2 node group3

striping striping

category 2

T1, T3 T2, T4 T1, T3 T2, T4 A1, A3 A2

Figure2: Organization of documentdata on a databasecluster

and2. Eachsuchnodegroupstoresthedocument,index andstatis-
tics dataof the category. In other words, category ’information
technology’ is replicatedat nodegroups1 and 2. Category ’a-
cademia’in turn is only assignedto nodegroup3. Datais striped
insideeachnodegroup.  

Assigningcategoriesto differentnodegroupshastheadvantage
that single-category queriesgo to only one nodegroup. We ex-
pectthisto yield agooddistributionof workloadsamongcategories
andto increaseretrieval throughput.Any copy in turn canevalu-
atea givenquerywith replication.Thedrawbackis thateachcopy
mustprocessa givenupdate.Thedegreeof replicationis thenum-
ber of copiesof a category. Stripingrandomlydistributesthedata
amongthe nodesof a nodegroup,e.g.,by hashpartitioningover
the docid. The numberof thesenodesis the degreeof strip-
ing of the nodegroup. Updatesonly go to onenodein a striped

group. A retrieval serviceinsteadmustexecuteat all nodesof the
group. Having said this, we now introducea parameter, the so-
calledstriping-replicationratio srr � degreeof striping/degreeof
replicationandassumethatall nodegroupshavethesamesize.The
srr thendefinestheactualphysicaldataorganizationof thecluster.
For instance,stripingover two nodeswith four replicayieldsansrr
of 2! 4. The ideais to adjustthe srr in order to meetthe perfor-
mancerequirementsof the application.An importantobjective of
our evaluationis to quantify the effect of srr for differentcluster
sizesandworkloads. In all cases,we keepdocument,index, and
statisticsdata,i.e., tablesTRi , ILi , andTi for somei, at the same
node.

Retrieval on a DatabaseCluster. If documentsarerandomly
distributedinsidenodegroupsaswith striping, eachnodeholdsa
representativesampleof thedocumentsstoredatthenodegroup.In
this case,the per-nodestatisticsareapproximationsof the group-
wide ones: The approximatenumberof documentsin the node
groupis Ñg � ng � Ng

i with ng numberof nodesin groupg and i
beinga nodeof groupg. Theapproximateinverteddocumentfre-
quency ˜idf

g �
t � of a term t in group g is ˜idf

g �
t � � log Ñg

ng " dfg
i � t �

�

log Ng
i

dfg
i � t � . Theapproximateretrieval statusvalueof a documentd

for a queryq with vectorspaceretrieval is

˜RSV
g �

d � q� � ∑
t � terms� q�

tf
�
t � d ��� ˜idf

g �
t � 2 � tf � t � q�#� (3)

Thus,queryprocessingdoesnot needto fetch per-nodestatistics
for all nodesin a groupto integratethemto group-wideones.In-
stead,it takesthe per-node statisticsas a representative sample
of the group-wideones. The following algorithm shows this in
pseudo-codefor a stripednodegroupg that storesthe contentof
categorya.

Algorithm RETRIEVESTRIPE
Parameters: group g, Query q, model m, integer k, threshold rt
var hits := /0;
begin

// Step 1: Execute query at each node of group g
for each node i � g do in parallel

// call IRQuery for node i
hits := hits � IRQuery@i(a, q, m, k, rt); end;

// Step 2: Post-processing and output of results
Sort hits by RSV; Return k hits ranked highest (doc and RSV);

end;

Thefirst stepexecutestheretrieval queryin parallelat thenodes.
It retrieves the top k hits from eachnodeusing IRQuery . The
secondstepintegratestheresultsfrom thefirst stepandreturnsthe
ranking.

Insertion on a DatabaseCluster. Routingof insertionrequests
dependson the dataorganizationwith a databasecluster. We ship
the requestonly to thosenodegroupsthatstorethe documentsof
thedocumentcategoryof therequest.All copiesprocesstheinser-



tion with replication.Thehashvalueof thedocumentid determines
thenode$ of thedocumentwith striping.

4. EVALUATION OF POWERDB-IR
We have carriedout numerousexperimentsto find out if Power-

DB-IR indeedmeetsthe initial requirements.We startwith a de-
scriptionof our experimentalsetupin Section4.1. Section4.2 re-
portsonourfindingsanddiscussestheoutcomeof ourexperiments.

4.1 Experimental Setup
Documents. The documentcollection in our experimentsis a

completesnapshotof the usenetnewsgroupsserver at the CS De-
partmentof ETH Zurich as of October1999. After eliminating
messageswith onlybinarycontent,thecollectionconsistedof about
420� 000documentsin searchablecategories. Theamountof data
is 500MB of ASCII text. Eachof thefollowing experimentsstarts
with all the documents.Thedatabasesizeis 1 � 7 GB with indexes
and1 GB without. Thisroughlycorrespondsto ascalingfactorof 1
for thetext retrieval benchmarkin [6].

Workload Patterns. A tuple
�
a � b� denotestheworkloadin our

experiments,wherea andb arethenumberof concurrentretrieval
andinsertionrequests,respectively. a is thenumberof clientswith
a querycurrentlybeingprocessed.b hasthe analogousmeaning.
Eachclientimmediatelysubmitsanew requestwhenit hasreceived
the result of the previous one. We also refer to theseclients as
streams.Our motivation to usestreamsis that thenumberof con-
currentservicerequestsin thesystemis alwaysthesamefor agiven
workloadtuple. Theworkloadtuplesof theexperimentsare

�
0 � 1� ,�

1 � 0� , � 1 � 1� , � 5 � 5� , � 10� 10� , � 20� 20� , ����� ,
�
60� 60� . Eachinsertion

requestinsertsaround400tuplesto theindex tablesandinsertsthe
text.

Queries and Updates. The experimentswork with streamsof
insertionsandqueries.The clientsrun on a workstationthat was
not part of the cluster. We have usedanother250 MB of textual
datawith news messagesfor the insertionstreams.The insertion
streamsin ourexperimentsselectednew documentsatrandomfrom
this data. We have syntheticallygeneratedqueriesfor the query
streamsfrom thetermsof thedocumentsin a first setup,similarly
to [6]. Queriesreturnat most 20 matches,i.e., k � 20. A query
contains2 � 05termsonaverage.Thisis theaveragequerylengthre-
portedby searchengineproviders[15]. Anothersetupinvestigates
theeffect of querylengthon retrieval performance.We have addi-
tionally investigatedcompletenews messagebodytexts asqueries
(roughly 350 termsor 2KB) in this setup. Queriesand insertion
servicesdo termextractionandPorterstemmingnext to stop-word
elimination.

Hardware and Software. We currently use PCswith either
one 400 or one 600 MHz PentiumProcessor, 128 MB of RAM,
andaninterfaceto a networkwith a datatransmissionrateof 100
Mbit/sec(switchedduplex Ethernet). We have testedthe system
with 1, 2, 4, 8, and16 workstations. All PCsrun the Microsoft
Windows 2000AdvancedServer operatingsystemsoftware. We
usetheobjecttransactionmonitorCOM+ thatshipswith Windows
2000asmiddlewareproduct.Ourhome-grown PowerDBarchitec-
ture organizesdistributed processingof IR serviceson top of the
databasecluster[9]. The DBMS at the clusternodesis Microsoft
SQL Server2000.

4.2 Outcome and Discussion of the Experi-
ments

Westartwith adiscussionof our findingsfrom experimentswith
differentretrieval granularities,i.e.,single-categoryvs.multi-cate-
gory queries.Thefollowing paragraphsreporton thescalabilityof

our database-clusterinfrastructurewhenusingthe differentphysi-
cal dataorganizationschemesfor documentdatadiscussedin Sec-
tion 3.4.

Single-categoryQueriesvs.Multi-category Queries. Thefol-
lowing experimentsinvestigatethe quantitative characteristicsof
different query processinggranularities,i.e., single-category and
multi-category queries.Figure3 reportson experimentsthatcom-
pareresponsetimesof single-category andmulti-category queries
over 16 artificially generatedcategoriesfor a clusterof 16 nodes
and 16 nodegroups. Multi-category queriesgo over all 16 cat-
egories. Single-categoryqueriesin turn distribute evenly among
thosecategories.As onewould expect,single-categoryqueriesare
fasterthanmulti-category ones. However, we have not expected
that the differenceis so large. For instance,it is by a factor of
4 with high workloadssuchas

�
40� 40� . We have conductedad-

ditional experimentsto shedmorelight on this surprisingfinding.
We want to find out what exactly the overheadof the integration
stepof multi-category queriesis ascomparedto queriesusingper-
nodestatisticsfor the samenumberof nodes.We investigatetwo
setups: the first one stripesdocumentsrandomlyover the nodes
(4 or 8 in the experiments)andprocessesqueriesusingper-node
statistics. The other one processesqueriesusing multi-category
statistics,i.e., it runs multi-category queriesover the samedata,
but usingthe additionalintegrationstep. Figure4 graphsthe out-
comeof theseexperiments.Processingwith per-nodestatisticsis at
least10%faster. How doesthis relateto thepreviousexperiments
wherethe differencebetweensingle-category and multi-category
queriesis by a factorof 4? In the previousseries,single-category
queriesaresentto their nodegroup, i.e., onenodein the experi-
ment,andexecutethereusingper-nodestatistics. Multi-category
queriesin turn usemulti-category statisticsandhave to executeon
all nodes.Variancesin theexecutiontimesbetweennodesarehigh
(not shown in thefigures),andmulti-category querieshave to wait
for the resultsof all nodes.Moreover, the averagequeryload per
nodeis muchhigherwith multi-categoryqueries.This is ourexpla-
nationwhy they takeso muchlonger. The performanceoverhead
of theintegrationstepin isolationis around10%.

As we have expected,single-categoryqueriesin thepresenceof
many categoriesyield small responsetimesevenwith high work-
loads. Multi-category queriesin turn areratherexpensive. Mate-
rializationof multi-category statisticsof categoriesthat frequently
appeartogetherin multi-category queriesavoids the overheadof
statisticsintegrationandspeedsupmulti-categoryqueries.Wehave
not investigatedthis issueany further becausesuchcombinations
arehighly application-specific.

Scalability of ServiceImplementationswith Striping. In order
to assessthescalabilityof PowerDB-IRwith stripingandonenode
groupwe have conductedexperimentswith differentclustersizes
for mixed workloadswith concurrentinsertionand vector space
retrieval. Figures5 and6 show responsetimesfor insertionand
retrieval, respectively.

Insertion responsetimes increasenearly linearly from low to
high workloadsfor all clustersizes.This is whatwe wouldexpect:
moreconcurrentservicescompetefor resources,mainly disk I/O,
with increasingworkloads. This leadsto poor insertionresponse
times:They reachanunbearableaverageof morethan100seconds
for middleworkloadswith onenode.Having morenodesleadsto
significantlybetterresponsetimes,e.g.,25 secondswith 16 nodes
andhigh workloads.Thereasonis thatstriping distributesthe in-
sertionloadevenlyamongnodes.

A positive finding with retrieval is that averageresponsetimes
on a clusterwith 16 nodesareinteractive, i.e., 5 secondsor less,
even with high workloadssuchas

�
50� 50� (cf. Figure6). This is
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the caseonly for much smallerworkloadssuchas
�
20� 20� with

smallerclustersizes.We weresomewhatsurprisedby thefact that
thescaleupof retrieval is lessthanlinear, but thatscalabilityof in-
sertionsis close-to-linear(cf. Figure7). In otherwords,increasing
the clustersizeby a factor of 2 increasesthe maximumretrieval
throughputtakenfrom therangeof workloads

�
1 � 1� to

�
60� 60� by

a factorsignificantlysmallerthan2, e.g.,1 � 3 whenscalingfrom 8
to 16 nodes.The reasonis that a given queryhasto be executed
at eachclusternodewith striping. The numberof queriesbeing
processedat eachnodeat a given point of time doesnot decrease
whenscalingthe clustersize. On the otherhand,thereis a gain
in throughput,for which we offer the following explanation: the
amountof datathat a queryhasto go throughat a nodebecomes
smallerwith a higherdegreeof striping.

A positive observation in turn is that the effect of running up-
datesconcurrentlyto retrieval hasonly little effectonretrieval per-
formance(cf. Figure6). Going from

�
1 � 0� to

�
1 � 1� , i.e., from re-

trieval only to retrieval with concurrentupdates,increasesretrieval
retrieval responsetimesonly by 8% with 16 nodes.Thesamealso
holdsfor muchhigherworkloadssuchas

�
50� 0� and

�
50� 5� asin

Figure11: theeffect on retrieval performanceis lessthan20%.
We have conductedfurther experimentswith queriescompris-

ing completedocumentsas query texts with around200 distinct
queryterms.Retrieval responsetimestendto besignificantlylarger
thanwith theexperimentsfrom Figure6. Nevertheless,increaseof
performanceby scalingout the cluster is the sameaswith short
queries. It only takesmoreclusternodesto achieve performance
similar to shorterqueries.

From this seriesof experimentswith striping we have learned
that query throughputdoesnot scalelinearly. A follow-up ques-
tion is whatwe gainin termsof queryresponsetimeif we increase
the degreeof striping. Figure 8 addressesthis issue. The figure
graphsaverageretrieval responsetimeswith thesinglequerywork-

Insertion

0
10

20
30

40
50

60
70

80
90

100

(0,1) (1,1) (5,5) (10,10) (20,20) (30,30) (40,40) (50,50) (60,60)

workload

re
sp

on
se

 ti
m

e 
(s

ec
)

1 node 2 nodes 4 nodes 8 nodes 16 nodes

Figure 5: Responsetimes with striping: insertion

Retrieval

0

2

4

6

8

10

12

14

16

18

(1,0) (1,1) (5,5) (10,10) (20,20) (30,30) (40,40) (50,50) (60,60)

workload

re
sp

on
se

 ti
m

e 
(s

ec
)

1 node 2 nodes 4 nodes 8 nodes 16 nodes

Figure 6: Responsetimeswith striping: retrieval

load
�
1 � 0� andvectorspaceretrieval with striping. Increasingthe

degreeof stripingupto 8 nodesyieldssmallerresponsetimes.With
8 nodes,it is 0 � 23 seconds.Whenstripingover morethan8 nodes,
theoverheadof distributedqueryevaluationis largerthanthegain
from striping.Weconcludethatqueryresponsetimesdonotbenefit
from adegreeof stripingof morethan8. Thereasonfor thissome-
what surprisingfinding is that the index completelyfits into main
memorywith 8 nodesalready. A furtherincreaseof thestripingde-
greedoesnot compensatetheadditionaloverheadwith distributed
queryevaluation.Thespeedupfor high workloads(cf. Figure6) is
only dueto abetterdistributionof theworkloadwhenscalingfrom
8 to 16 nodeswith striping.

Replication in Combination with Striping. The previous ex-
perimentshave shown that the increasein querythroughputwith
stripingis limited to a relatively smallnumberof nodesalready. A
possiblybetteralternative is to combinestriping with replication.
This requiresto choosea striping-replicationratio. Its effect on
queryresponsetimesandthroughputwith differentworkloadsin a
databaseclusteris not obviousandwarrantsinvestigation.

Using a clusterof 16 nodes,we have investigatedthe effect of
varying srr from 16! 1, i.e., only striping and no replication,to
1! 16, i.e., full replicationwithout striping. We have also looked
at retrieval-intensive workloadssuchas

�
100� 0� and

�
100� 5� . Fig-

ures9 and10 graphqueryandinsertionthroughput,respectively.
Maximum systemthroughputis 50 queriesper secondwith full
replication, i.e., 16 nodegroups. At the sametime, our system
providescompetitive responsetimesof 2 � 5 seconds(not shown in
the figure). Insertionin turn doesnot benefitfrom an increasein
replication(cf. Figure10). So far, this is what onewould expect.
A lessobviousobservationin turn is thatretrieval throughputdoes
not scalelinearly whenwe increasethe degreeof replicationus-
ing thesamenumberof clusternodes.With theretrieval-intensive
workloadof

�
100� 0� for instance,retrieval throughputincreasesby

a factorof 5 whengoing from 16! 1 to 1! 16. It still increasesby
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workloads

a factor of 4 when we allow for concurrentupdatesin the same
setting.Our explanationis thatminimizing srr givesaway thead-
vantageof striping, i.e., main memorylookupfor queries.Never-
theless,the positive effect of a higherdegreeof replicationis still
largerthanthedisadvantageof reducedstriping.

Scalability of Retrieval with Document Categories. Another
dimensionof thespaceof designalternativesis thenumberof cat-
egories.Therespective experimentalsetuphasthefollowing char-
acteristics:we have generatedcollectionswith 1, 2, 4, 8, and16
artificially generatedcategories. All categoriescontainthe same
volumeof documentdata,andwe have assignedcategoriesto sep-
aratenodegroupsof size1. Thus,numberof categoriesandcluster
size increaseat the samerate. To study the effect of categories
on single-category queriesquery streamswith theseexperiments
containsingle-category queriesonly. Hence,a querygoesto ex-
actly onecategory, andqueriesdistributeevenly to categories.We
have measuredqueryresponsetimesfor the workloads

�
1 � 0� and�

10� 10� as well as for query-intensive onessuch as
�
50� 0� and�

50� 5� . Figure11 plotstheoutcomeof theexperiments.
Having a workloaddistributedamong2 or 4 differentcategories

insteadof 1 yields a high improvementin responsetime, asone
would expect. Theimprovementis smallerwith a further increase
in the numberof categoriessinceaverageworkloadsper nodeare
alreadysmall.

Thus,having morecategorieswhenthecollectionsizeincreases
leadsto significantperformanceimprovementsfor single-category
queries.Performanceimprovementsarein thesameorderof mag-
nitudeaswith replication.

Scalability with Incr easingCollection Size. Another impor-
tantissueis theperformanceimpactof thecollectionsizewhenthe
numberof categoriesis fixed.Wehaveinvestigatedtheissueby in-
creasingthenumberof clusternodes,andincreasingthecollection
sizeat the samerate. In contrastto the previous seriesof exper-
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iments,the numberof categoriesis constantin this setting. We
have startedwith the ’normal’ collectionsize(collectionsize1 or
scale1 for short)andclustersize1. We havescaledbothcollection
andclustersizeup to 16 andhave meteredthe effect on retrieval
responsetimes. Figure12 reportson theoutcomeof theseexperi-
ments.Thereis only a smalldifferencein retrieval responsetimes
for increasingclusterandcollectionsizeswith constantworkload.
A surprisingfinding is that performanceactually improves when
increasingcollectionandclustersizes.Thereasonis thatloadbal-
ancingis easierona largercluster.

5. CONCLUSIONS
This paperhasdiscussedthedesign,implementationandevalu-

ationof PowerDB-IR.PowerDB-IRprovidesa scalableinfrastruc-
ture for information retrieval with up-to-dateretrieval resultsin
the presenceof frequentupdates. PowerDB-IR usesa database
cluster to achieve scalability: oneaddsfurther nodesto the clus-
ter to achieve higherperformance(’scale-out’).Our prototypere-
lies on servicedecompositionto increaseparallelismand on IR-
to-SQLmappings.Let us look backat the requirementsfrom the
introduction. The first onewasthat retrieval resultsmustbe up-
to-date. Retrieval and updateservicesoperateon the samedata
with PowerDB-IR, and updatesare immediatelyavailable to re-
trieval. This studyhasdemonstratedthat the overheadof concur-
rent updateson retrieval performanceis surprisinglysmall. An-
otherimportantrequirementwasscalability. Ourexperimentshave
shown thatPowerDB-IR indeedscaleswell: ’scaling-out’theclus-
ter yields interactiveresponsetimesevenin thecaseof highwork-
loads. Moreover, performanceof PowerDB-IR remainsconstant
with growing collection sizeswhen increasingthe clusterat the
samerate. We have investigatedalternative physicalorganization
schemesfor documentdataon a clusterof databases. Our experi-
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mentsshow thatdifferentschemesareappropriatein differentset-
tings. Systemperformancewith smallread-onlyworkloadsfor in-
stancereachesits maximumwith 8 nodesalready.

Our generalconclusionis twofold: First, our systemPowerDB-
IR is a scalableinfrastructurefor applicationsthat requireconcur-
rent updateand up-to-dateretrieval of documentdata. We have
alsoshown that a databaseclusteris well-suitedasan infrastruc-
turefor abroaderrangeof applicationscenarios,comparedto what
hasalreadybeeninvestigated.
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