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ABSTRACT

Our currentconcernis a scalablénfrastructureor informationre-
trieval (IR) with up-to-dateretrieval resultsin the presencef fre-
qguent,continuousupdatesTimely processingf updatess impor-
tantwith novel applicationdomainsg.g.,e-commerceWe wantto
useoff-the-selfhardwareandsoftwareasmuchaspossible.These
issuesare challenging,given the additionalrequirementhat the
resultingsystemmustscalewell. We have built PoverDB-IR, a
systemthathasthe characteristicsought.This paperdescribests
design,implementationandevaluation. PoverDB-IR is a coordi-
nationlayerfor a databaseluster Therationalebehinda database
clusteris to 'scale-out’,.e., to addfurtherclusternodes whenever
necessarfor betterperformanceWe build onIR-to-databasenap-
pingsandservicedecompositiorio supporthigh-level parallelism.
We follow athree-tierarchitecturewith the databaselusterasthe
bottom layer for storagemanagement.The middle tier provides
IR-specificprocessingand updateservices. PoverDB-IR hasthe
following features:It allows to insertandretrieve documentson-
currently andit ensuresreshnessvith almostno overhead Alter-
native physicaldataorganizationschemegrovide adequat@erfor
mancéor differentworkloads.Queryprocessingechniquegor the
differentdataorganization®fficiently integratetherankedretrieval
resultsfrom the clusternodes.We have run extensive experiments
with our prototypeusingcommerciablatabassystemsndmiddle-
waresoftwareproducts.Themainresultis thatPoverDB-IR shovs
surprisinglyideal scalabilityandlow responsdimes.

1. INTRODUCTION

Motivation. Theobjectie of this currentwork is a scalablein-
frastructurefor informationretrieval (IR) with up-to-dateretrieval
resultsin the presencef frequent,continuousupdates.IR func-
tionality supportsuserswho seekrelevantinformation. IR on up-
to-datedatais importantwith novel applicationdomains.e.g., e-
commerce Our scenarids concurrentupdateandretrieval, andit
requiresup-to-dateretrieval resultsaswell aslow responsdimes
Trying to meettheserequirementss challengingwith workloads
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or collectionsizesthatgrow in anunpredictablevay. Theinfras-
tructuremustthereforebe scalable.Much of its compleity is due
to therequiremenbof 'unlimited’ scalability aswe will explain.

Technology We for our partwantto useexisting conceptsas
well asoff-the-selfhardwareand softwaretechnologyasmuchas
possibleto implementthe infrastructureervisioned.Our approach
isto rely on databaséechnologyto provide reliableandconcurrent
processingnd updatingof the text documents.In particular we
rely on IR-to-SQLmappingsanddatabaselusters:

IR-to-SQLmappingsmplementR functionalityin standardsQL
for thecommorretrieval models hamely(extended)Boolean vec-
tor spaceandprobabilisticretrieval [13]. IR-to-SQLmappingsare
the approachof our choice:we do not needto extendthe database
systemor to integrateanIR system.

Databaseclustershave beentoutedas a scalableinfrastructure
for informationsystemg16, 12]. A databaselusteris a clusterof
workstationsconnectedy a communicatiometwork. Eachnode
runsa DBMS, usedasa storagamanagewith transactionaproper
ties. Theideais to scale-outi.e.,to addfurthernodego thecluster
to meetagivenperformanceoal. An importantissuethatwe need
to resolwe is the distribution of datato clusternodes. In this pa-
per, we investigateseveralwell-known physicaldata organization
schemes notably replication, partitioning, striping, and material-
ized views and combinationsof these,and adaptthemto our ap-
plicationscenario.This is in contrasto our previouswork [9, 11]
that hasassumednedataorganizationfor the cluster Moreover,
our previousstudieswererestrictedo the Booleanretrieval model.
This paperin turn coversretrieval modelswith rankedresultsets
suchasvectorspaceretrieval.

Contributions. Our approachs to combinethe conceptsand
technologiesnentionedsofar. Theconceptsarerathergenerabnd
requirecustomization$or informationretrieval, aswe will explain.
We have designedandimplementeda prototypecalled PowerDB-
IR and have investigatedts characteristicsn quantitatve terms.
This papemow makeghefollowing contritutions:

Evaluationof the databasecluster Studieson databaselusters
asa platform for real-worldapplicationshave focusedon online-
transactiorprocessingo far [16]. Our currentwork investigates
thecharacteristicef a databaselusterin anotherimportantappli-
cationdomain,namelyinformationretrieval. Our scenarids more
generathantheonementionedust before,aswe will explain.

IR functionalityfor differentdocumentategories. Today, mary
IR applicationglivide thedocumentollectioninto categoriessuch
as’'news’ or 'sports’. ExistingIR systemseepstatisticsper cat-
egory and usetheseto rank queryresults. This is not appropri-
atewith queriesover severalcateyoriessincepercateory statistics



may leadto wrongrankings.We introducemulti-cateory queries
to searchseveral documentcateyoriesin orderto overcomethis
dravback. We discusstheir implementatiorfor vector spacere-
trieval andinvestigateheir performanceharacteristics.

Data organizationschemes. We adaptknown dataorganiza-
tion schemedor a databaseclusterto our applicationscenario.
We usereplication, striping, partitioning and materializedviews
andcombinationf these. It turnsout that differentdataorgani-
zationschemesre appropriatefor differentperformanceequire-
mentsand different workloads. For example, striping in combi-
nation with small read-onlyworkloadsand 0.5 GB of document
datareachesninimum queryresponsegimeswith 8 clusternodes
already

Up-to-dateretrieval results. Both updatesandretrieval operate
onthe samedata,suchthatqueryresultsareup-to-date Decompo-
sition andparallelizationof requestkeepgheeffect of concurrent
updatenretrieval performancesmall,asour experimentshow.

Summingup, this paperis an experiencereporton the design,
implementationand evaluation of PowverDB-IR. It sayshow we
meetthe requirementsn combination,bothin termsof function-
ality and performance.The remainderof this paperis asfollows:
Section2 coversrelatedwork. Section3 sayshow toimplementre-
trieval functionalitywith a clusterof databasesSectiord describes
the experimentsandprovidesa discussion Sections concludes.

2. RELATED WORK

Efficient Processingof Information Retrieval Queries. Com-
bining informationretrieval with databasebasalreadybeeninves-
tigatedbefore,e.qg.,[2, 3, 17]. Theseapproachesxtendtheinfras-
tructurewith proprietarycomponentsn orderto combinelR and
databaséunctionality Recentwork hasshovnthatresponséimes
of IR queriesare competitve with commercialdatabaseystems
andstandardSQL for the commonretrieval models[13]. But [13]
hasonly investigatedsingle-queryworkloads. [13] alsodoesnot
sayhow to keepretrieval resultsup-to-date.

Concurrent Queriesand Updates. Incrementaindex updates
[4, 18] areseeminglyrelevantwhenup-to-dateretrieval resultsare
required.For instance[4] discusseswo fastincrementalndexing
methodsandstorageallocationtechniquedor invertedlists. Both
approachesipply sophisticatedisk-oiganizationtechniqueghat
reflectthe skavednessn the length of postinglists. We for our
partuseexisting componentgasstoragamanagerge.g.,RDBMSs)
anddo not modify them. Our philosophyis to try to reacha given
performancebjective by a clevercombinatiorof a(possiblylarge)
numberof suchoff-the-shelfcomponents.Moreover, [4] aimsat
inputsin batchruns,notonlineupdatesasour approach.

PC Clusters. [1, 7, 14] investigategenericaspectf the im-
plementatiorof serviceson a PC cluster [16] usesa PC cluster
for the TPC-Cbenchmarkthat mimics an online transactiorpro-
cessingscenario.An importantcharacteristiof this benchmarks
thatthereis a naturaldistribution of dataandworkloads: updates
andqueriestypically go to onenodeonly. It is relatvely easyto
achieve goodscalabilitywith sucha restrictedscenario.Our work
in turn investigatesa much moregeneralscenario. Datadistribu-
tion to clusternodesis not obvious in our caseand dependson
theworkload.Moreover, requesprocessingypically requiresdata
from mary clusternodes.With vectorspaceretrieval for instance,
rankingof the overall resultrequiresefficientintegrationof results
from the clusternodes. This paperinvestigatesjuery processing
algorithmsthatguaranteeorrectintegrationof queryresults.Our
previouswork hasnotaddressethisissue[9, 11].

Parallel DatabaseSystems.Researclon paralleldatabaseys-
temshasalreadyinvestigateddataorganizationschemeghat dis-

tribute the dataamongclusternodes,e.g. [5]. We take over the
ideasof replication, partitioning, and striping and parallelizere-
questsatthe semantidevel.

3. BRINGING IR-FUNCTIONALITY TO A
DATABASE CLUSTER

This sectionsayshow to enableinformationretrieval onacluster
of relationaldatabaseystems.We usethe vector spaceretrieval
modelasour runningexample. But our techniquesapplyto other
commonretrieval modelsaswell.

3.1 DatabaseSchema

In ourterminology adocuments assignedo a categorysuchas
‘'news’ or 'sports’. Thecollectionin turnis the setof all documents
storedin the system.

Figure 1 illustratesthe databaseschemathat implementsvec-
tor spaceretrieval with our approach ThefigureshowvstablesTR
(i=1,23,...) thatstorethe documentof cateory i in attribute
a;. a;j standsfor the nameof category i. An attribute doci d of
thetablesTR storesa system-generataghiqueidentifier We now
proceedasfollows to makedocumentsefficiently searchableWe
apply IR-specificfunctionality suchas term extraction, stopword
eliminationand stemmingto obtainthe descriptionsof the docu-
ments. In the caseof vectorspaceretrieval, we storethe descrip-
tionsof thedocument®f TR in arelationlL; with attributest er m
doci d, andt f . t er mis adescriptoiof thedocumentdoci d. t f
(termfrequeny) storeghenumberof occurrencesf thedescriptor
in thedocument.In otherwords,relationlL; describethe content
of aj. AnotherrelationT; keepsterm statisticsof catggoryi. T;
hasthe attributest er manddf . t er mcontainsa descriptorper
tuple,anddf is thedocumenfrequeny of the descriptori.e., the
numberof documentshatcontainit.

Documents Inverted lists Statistics
Category 1
TR, [docid |a, L, Jterm docid | tf T,[term df
T, |Men... men T, 15 men | 52304
T, |Earth... ——»|earth T, 55 earth 1550
T, |Stars... star Ty | 42 star 1301
T, |Space and stars... space | T4 7 space | 40768
star T 17
Category 2
TR, docid [a, IL, term docid | tf T |term df
A; [Mankind... mankind | A, 5 mankind | 5307
Ai Planet... planet Ay 34 planet 7532
Category 3
TR,
L T |

Figure 1: Databaseschemafor IR functionality

In the following, we will discussa serviceinterfacefor infor-
mationretrieval andits implementatiorusingthe above database
schema Our motivationis thatthe serviceimplementatiorencap-
sulateghe IR-specificfunctionalitysuchastermextractionandthe
storagamanagementsingcomplex SQL statements.

3.2 DocumentRetrieval Service

Service Interface. Clientsinvoke a retrieval servicewith the
following interfaceto searchor relevantdocuments:
{(rsv,documenm)} RerieveDod {a;}, {term} K, rt)
Theinputparameters aquerycomprisinga setof catgjory names,
asetof querytermsor aquerytext, themaximumnumberof hitsto



return,anda thresholdon theretrieval statusvalueof resultdocu-
ments.Theservicereturnsretrieval statusvaluesof theresultdoc-

umentsandtheirtitles, e.g.,thefirst 50 charactersf thedocument.

The usermay specify one or several catgoriesasthe cateyory
parameteof thequery If onespecifiesa querywith only a single
catgory, the systemevaluateghe queryonly on the documentsn
that particularcategory using the statisticsof that category. We
speakof a single-catgory queryin this case. Several definitions
of retrieval statusvaluefor vectorspaceetrieval areavailable.We
usethe following onewhered standsfor a documentandq for a
single-catgory queryon cateyory a.

RS/(dg)= Y tf(t,d)-idf(t)* tf(t,q) (1)
tetermgq)

t denotesiterm,andtf (t, d) andidf (t) = log W% areits frequeny
in d andinverteddocumenfrequeng, respectiely. We saythata
documentd qualifiesfor a queryq if theretrieval statusvalue(rsv
for short)of d with respecto q is above thethresholdof thequery
andd is amongthetop k matches.

So-calledmulti-categyory queriesare appropriatdn othersitua-
tions: think of anonlineinformationsystemwith job offers. A user
maywantto retrieve job offersfor thecateyories'informationtech-
nology’ and’academia’.But hedoesnotcarein which of thesewo
categoriesthekeywordsof his queryoccut Theproblemwith such
aqueryis now thatIR (exceptfor Booleanretrieval) relieson the
statisticsover all categoriesthatoccurin aquery Vectorspacere-
trieval for exampleusesdocumenfrequencie®f terms.In orderto
provide a correctrankingtheretrieval statusvaluewith multi-cate-
gory queriesdepend®n multi-cateory statistics(staf® for short),
namelyN® = ¥ 5e a3 N2, idfS(t) = IOg?a!\;cdfaW’ whereN® and
N@ denotethe numberof documentsn all queriedcateyoriesand
in category a, respectiely. df?(t) denoteshe percateyory doc-
umentfrequeng of termt with the documentf cateyory a (see
Table1). Theretrieval statusvalueof a documentd for a multi-
category queryq is then:

RYS(da)= ¥
tetermgq)

tf(t,d) - idfS(t)2 - tf (t,q) 2

This definition equalsDefinition 1 in the caseof only one query
category.

In the following, we will discussa possibleimplementatiorof
the vector spaceretrieval model, first for single-catgory queries,
thenfor multi-categyory queries.

Servicelmplementation with Single-categoryQueries. Pre-
vious work hasproposedstandardSQL implementation®f data
accesdor Boolean,vector spaceand probabilisticretrieval mod-
els[8, 13] usingthe databaseschemarom Section3.1. We take
over theseimplementationsnd encapsulat¢hemin a singlerou-
tine calledIRQuery throughoutthis paper This routinetakesthe
nameof the documentategory, the querytext, theretrieval model,
thehit thresholdandthersv thresholdasinput parametersThere
is anotheiinput parametemamelymulti-cateyory statisticswhich
is optional,to beexplainedin the next paragraphThis parameteis
omittedwith single-catgory queries.IRQuery thenprocessethe
query at the databasesystemusingthe statisticsin T; andreturns
thetopk hitsto thequery, usingtherespectie retrieval model.

Servicelmplementation with Multi-category Queries. Merely
invoking IRQuery is notsufficientto evaluatemulti-category que-
ries, sinceour approactkeepsstatisticson a percategory basisin
the term statisticstable T; for category g;. Using single-catgory
statisticsmay leadto wrong rankingswith multi-catgyory queries.
In orderto avoid suchinconsistenciesmulti-catgyory queriesin
PaverDB-IR computethe correctmulti-cateyory statisticsduring

query processingeforecalling IRQuery . Algorithm RETRIE-
VEMUL TI reflectsthis. Its first stepis to retrieve single-catgory
statisticsfor eachcateggory andto usethemto computethe multi-
category ones.The secondstepexecutegheretrieval queryin par
allel atthe categgories.IRQuery takesthe multi-catgyory statistics
asinputparameteandretrievesthetop k hits with aretrieval status
value(rsv) largerthanrt from eachcateyory. Thethird stepof RE-
TRIEVEMUL TI integratesthe resultsfrom the secondstepand
returnstheranking. Our experimentswill quantifythe overheadf
theintegrationstep,i.e., Stepl.

Algorithm RETRIEVEMULTI
Parameters: Query g, categories A, model m, integer k, threshold rt
var hits := 0;
begin
/I Step 1: Collect and integrate statistics
for each category ae Ado in parallel
Get per-category statistics (df2(t), N?); end;
Compute multi-category statistics staf (idf® for Equ. 2);
/I Step 2: Execute query for each category
for each category ae Ado in parallel
hits := hits U IRQuery(a, g, m, k, rt, sta®); end;
/I Step 3: Post-processing and output of results
Sort hits by RSV; Return k hits ranked highest (doc and RSV);
end;

3.3 Documentlnsertion Service

Clientsof PonverDB-IRinvokethefollowing insertionserviceto

insertanew documend:

integer InsertDoc(a;, d)
The input parameteiis a category nameand the document. The
returnvalueis a statusflag.

The implementatiorof the serviceis asfollows: supposehat
theserviceinsertsanew documend to category g; in relationTR .
IR-specificroutinesanalyzed in afirst step.Thisincludestermex-
traction,stopwordeliminationand stemming.Maintenancef the
index tablelL; andthe statisticsis neededo keepretrieval results
up-to-date. We insertthe documentin an independentatabase
transactiorasthefollowing algorithmshows. Besidesyve generate
a databaseransactiorthatinsertsthe descriptorandits frequeny
tf(t,d) into IL; for eachdescriptott thatoccurstf (t,d) timesin d.
An additionaltransactiormanageron top of the databaseystem
guaranteesitomicity of a serviceinvocation! The algorithmre-
ceives descriptorinformation asits third input parameter It is a
dictionarythat storesthe descriptorsandtheir correspondingdre-
guencies.

Algorithm INSERTDOC2DB
Parameters: category a;, document d, dict<term,tf> T
begin
begin transaction ;
insert into TR values (docid, d);
commit transaction ;
for each termt € T do in parallel
begin transaction ;
insert into IL; values (t, tf(t), docid);
update T; set df = df+1 where term =t;
commit transaction ;
end;
end;

In otherwords, we decomposemaintenancef the document,
index, andstatisticstablesinto independentiatabaséransactions
thatcanappeairin ary order In fact, the independensubtransac-

1seethelongerversionof this paperfor adiscussiorj10].



multi-categorystatistics

nd numberof clusternodesn nodegroupg

N& numberof documentsn categorya

NI numberof documentstoredat nodei of nodegroupg
inverteddocumenfrequencyof termt (single-categorguery)
documenfrequencyof termt in categorya
approximateinverted documentfrequencyof termt in node

groupg

tf(t,d) | numberof occurrencesftermt in documentl (termfrequency)
idf=(t)

|df°7(t inverteddocumenfrequencyof termt (multi-categoryquery)
df9(t) | documenfrequencyof termt in nodegroupg
dfig(t) documenfrequencyof termt in nodegroupg onnodei

n numberof clusternodes
N¢ numberof documentsvith amulti-categoryquery
N9 approx.numberof documents$n nodegroupg

Table 1: Abbr eviations

tions can also be executedin parallel. This yields a high degree
of intra-serviceparallelism. It shouldleadto good speedupand
scaleupcharacteristicin a clusterof databases.

3.4 Physical Data Organization with a Data-
baseCluster

A databaselusterallows for differentphysicaldataorganization
schemesWe mapthe documentjnvertedlist andstatisticstables
of our schemao oneor several clusternodesusingdocumentat-
egories,striping, replication,or a combinationof thesetechniques.
We now definesomenotionsandgive anoverview of the dataor-
ganizationschemes.

Partitioningthe nodesof the databaselusterresultsin so-called
nodegroups Replicationaswell asstoringof categoriesoccurat
the granularityof nodegroups: storing catggoriesassignsa cate-
gory andits dependentiatato one nodegroup. This meansthat
somenodegroupstoresTRy, L1, andT;; andanotheronestores
TRy, IL2, andT,, andsoon. Replicationin turn copiesa category
andits dependentlatato severalnodegroups.Stripinginsteadoc-
cursinsidenodegroups,i.e., all dataassignedo a particularnode
groupis stripedover the nodesof thegroup.

Example 1: Figure?2 illustratesthe assignmenof the two cate-
gories'informationtechnology'with documentd; and’academia’
with documents\; to threenodegroupsanda clusterof six nodes.
Categgory 'information technology’is assignedo nodegroups1

| replicas of category 1

category 2
PN
node groupl node group2 node group3
DBS, DBS, DBS; DBS, DBS; DBSg
[rots [ [Tera ) (A0 ]
Y e Y
striping striping striping

Figure 2: Organization of documentdata on a databasecluster

and2. Eachsuchnodegroupstoreghedocumentjndex andstatis-
tics dataof the categgory. In otherwords, category 'information
technology’is replicatedat nodegroups1 and2. Cateyory 'a-
cademia’in turnis only assignedo nodegroup3. Datais striped
insideeachnodegroup. °
Assigningcategoriesto differentnodegroupshasthe advantage
that single-catgory queriesgo to only one nodegroup. We ex-
pectthisto yield agooddistribution of workloadsamongcateyories
andto increaseretrieval throughput.Any copyin turn canevalu-
atea givenquerywith replication. Thedravbackis thateachcopy
mustprocessa givenupdate. Thedegreeof replicationis the num-
ber of copiesof a categyory. Stripingrandomlydistributesthe data
amongthe nodesof a nodegroup, e.g.,by hashpartitioningover
the doci d. The numberof thesenodesis the degree of 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 parameterthe so-
calledstriping-replicationratio srr = degreeof striping/degreeof

replicationandassumeéhatall nodegroupshavethesamesize.The
srr thendefineghe actualphysicaldataorganizatiorof thecluster

For instancestripingover two nodeswith four replicayieldsansrr

of 2/4. Theideais to adjustthe srr in orderto meetthe perfor

mancerequirement®f the application. An importantobjective of

our evaluationis to quantify the effect of srr for differentcluster
sizesandworkloads. In all caseswe keepdocument,ndex, and
statisticsdata,i.e., tablesTR, IL;, andT; for somei, at the same
node.

Retrieval on a DatabaseCluster. If documentsarerandomly
distributedinside nodegroupsaswith striping, eachnodeholdsa
representatie sampleof thedocumentstoredatthenodegroup.in
this case the pernodestatisticsare approximation®of the group-
wide ones: The approximatenumberof documentsn the node
groupis N9 = n9. N? with n9 numberof nodesin groupg andi
beinga nodeof groupg. The approximaténverteddocumentre-
queny idf9(t) of atermt in groupg is idf°(t) = log ¥ o=

9
log d—f'\g*m. The approximateetrieval statusvalueof adocumentd
for aqueryq with vectorspaceretrieval is

R3(d,q)= 5 tf(t,d)-idf9t)> tf(t,q). ®3)
tetermgq)

Thus, query processingloesnot needto fetch pernodestatistics
for all nodesin a groupto integratethemto group-wideones. In-
stead,it takesthe pernode statisticsas a representatie sample
of the group-wideones. The following algorithm shows this in
pseudo-codéor a stripednodegroupg that storesthe contentof
catgorya.

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 € gdo in parallel
// call IRQuery for node i
hits := hits U IRQuery@i(a, q, m, k, rt); end;
/I Step 2: Post-processing and output of results
Sort hits by RSV; Return k hits ranked highest (doc and RSV);
end,;

Thefirst stepexecutedheretrieval queryin parallelatthenodes.
It retrieves the top k hits from eachnodeusing IRQuery. The
secondstepintegratesheresultsfrom thefirst stepandreturnsthe
ranking.

Insertion on a DatabaseCluster. Routingof insertionrequests
depend®n the dataorganizationwith a databaseluster We ship
therequesbnly to thosenodegroupsthat storethe documentof
thedocumentateayory of therequestAll copiesprocesgheinser



tion with replication.Thehashvalueof thedocumentd determines
the nedeof thedocumentith striping.

4. EVALUATION OF POWERDB-IR

We have carriedout numerousxperimentgo find outif Pover-
DB-IR indeedmeetsthe initial requirementsWe startwith a de-
scriptionof our experimentalsetupin Section4.1. Section4.2 re-
portsonourfindingsanddiscussetheoutcomeof ourexperiments.

4.1 Experimental Setup

Documents. The documentcollectionin our experimentsis a
completesnapshobf the usenenewnsgroupssener atthe CS De-
partmentof ETH Zurich as of October1999. After eliminating
messagewith only binarycontentthecollectionconsisteaf about
420,000documentsn searchableateyories. The amountof data
is 500MB of ASCII text. Eachof thefollowing experimentsstarts
with all the documentsThe databassizeis 1.7 GB with indexes
and1 GB without. Thisroughlycorrespondto ascalingfactorof 1
for thetext retrieval benchmarkn [6].

Workload Patterns. A tuple (a,b) denoteghe workloadin our
experimentswherea andb arethe numberof concurrentetrieval
andinsertionrequeststespectiely. a is the numberof clientswith
a querycurrentlybeingprocessedb hasthe analogousneaning.
Eachclientimmediatelysubmitsanew requestvhenit hasreceved
the result of the previous one. We also refer to theseclients as
streams.Our motivationto usestreamss thatthe numberof con-
currentservicerequestén thesystenis alwaysthesameor agiven
workloadtuple. Theworkloadtuplesof the experimentsare (0, 1),
(1,0), (1,1), (5,5), (10,10), (20,20), ..., (60,60). Eachinsertion
requesinsertsaround400tuplesto theindex tablesandinsertsthe
text.

Queriesand Updates. The experimentswork with streamsof
insertionsand queries. The clientsrun on a workstationthat was
not partof the cluster We have usedanother250 MB of textual
datawith news message$or the insertionstreams.The insertion
streamsn ourexperimentselectedchew documentsitrandonmfrom
this data. We have syntheticallygeneratedjueriesfor the query
streamdrom the termsof the documentsn a first setup,similarly
to [6]. Queriesreturnat most20 matchesj.e., k= 20. A query
contain2.05termson average Thisis theaveragequerylengthre-
portedby searchengineproviders[15]. Anothersetupinvestigates
the effect of querylengthonretrieval performanceWe have addi-
tionally investigateccompletenews messagéody texts asqueries
(roughly 350 termsor 2KB) in this setup. Queriesand insertion
servicedo termextractionandPorterstemmingnext to stop-word
elimination.

Hardware and Software. We currently use PCswith either
one 400 or one 600 MHz PentiumProcessqrl28 MB of RAM,
andaninterfaceto a networkwith a datatransmissiomateof 100
Mbit/sec (switchedduplex Ethernet). We have testedthe system
with 1, 2, 4, 8, and 16 workstations. All PCsrun the Microsoft
Windows 2000 AdvancedSener operatingsystemsoftware. We
usethe objecttransactiormonitor COM+ thatshipswith Windows
2000asmiddlevareproduct.Ourhome-gravn PoverDB architec-
ture organizesdistributed processingf IR serviceson top of the
databaseluster[9]. The DBMS at the clusternodesis Microsoft
SQL Sener2000.

4.2 Outcome and Discussionof the Experi-
ments
We startwith adiscussiorof our findingsfrom experimentswvith
differentretrieval granularitiesj.e., single-catgory vs. multi-cate-
gory queries.Thefollowing paragraphseporton the scalabilityof

our database-clusténfrastructurevhenusingthe differentphysi-
cal dataorganizationrschemedor documentatadiscussedh Sec-
tion 3.4.

Single-categoryQueriesvs. Multi-category Queries. Thefol-
lowing experimentsinvestigatethe quantitatve characteristicof
different query processinggranularities,i.e., single-catgory and
multi-catgory queries.Figure 3 reportson experimentghatcom-
pareresponseimes of single-catgory andmulti-cateyory queries
over 16 artificially generatectategyoriesfor a clusterof 16 nodes
and 16 nodegroups. Multi-categgory queriesgo over all 16 cat-
egories. Single-categongueriesin turn distribute evenly among
thosecateyories.As onewould expect,single-catgory queriesare
fasterthan multi-catgyory 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 wantto find out what exactly the overheadof the integration
stepof multi-categyory queriess ascomparedo queriesusingper
nodestatisticsfor the samenumberof nodes.We investigatetwo
setups:the first one stripesdocumentsandomlyover the nodes
(4 or 8 in the experiments)and processesjueriesusing pernode
statistics. The other one processegjueriesusing multi-cateyory
statistics,i.e., it runs multi-catgyory queriesover the samedata,
but usingthe additionalintegration step. Figure4 graphsthe out-
comeof theseexperimentsProcessingvith pernodestatisticss at
least10%faster How doesthis relateto the previous experiments
wherethe differencebetweensingle-catgory and multi-categjory
queriesis by a factorof 4? In the previous series single-catgory
queriesare sentto their nodegroup,i.e., onenodein the experi-
ment, and executethereusing pernodestatistics. Multi-category
queriesin turn usemulti-cateyory statisticsandhave to executeon
all nodes.Variancesn theexecutiontimesbetweemodesarehigh
(notshownin thefigures),andmulti-catgyory querieshave to wait
for theresultsof all nodes.Moreover, the averagegueryload per
nodeis muchhigherwith multi-category queries.Thisis ourexpla-
nationwhy they takeso muchlonger The performanceoverhead
of theintegrationstepin isolationis around10%.

As we have expected single-catgory queriesin the presencef
mary catgyoriesyield small responsgimesevenwith high work-
loads. Multi-categgory queriesin turn areratherexpensve. Mate-
rialization of multi-cateyory statisticsof categoriesthatfrequently
appeartogetherin multi-catgyory queriesavoids the overheadof
statisticintegrationandspeedsip multi-categyory queries We have
not investigatedhis issueary further becausesuchcombinations
arehighly application-specific.

Scalability of Servicelmplementationswith Striping. In order
to assesthe scalabilityof PoverDB-IRwith stripingandonenode
groupwe have conductedxperimentswith differentclustersizes
for mixed workloadswith concurrentinsertionand vector space
retrieval. Figures5 and6 shav responsdimesfor insertionand
retrieval, respectiely.

Insertion responseimes increasenearly linearly from low to
high workloadsfor all clustersizes.This is whatwe would expect:
moreconcurrentservicescompetefor resourcesmainly disk /O,
with increasingworkloads. This leadsto poorinsertionresponse
times: They reachanunbearabl@verageof morethan100seconds
for middle workloadswith onenode. Having morenodesleadsto
significantlybetterresponseimes,e.g.,25 secondwith 16 nodes
andhigh workloads. Thereasoris thatstriping distributesthein-
sertionload evenly amongnodes.

A positive finding with retrieval is that averageresponsegimes
on a clusterwith 16 nodesareinteractve, i.e., 5 secondr less,
evenwith high workloadssuchas (50,50) (cf. Figure6). Thisis
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the caseonly for much smallerworkloadssuchas (20,20) with
smallerclustersizes.We weresomeavhatsurprisedy thefactthat
the scaleuof retrieval is lessthanlinear, but thatscalabilityof in-
sertionds close-to-lineaxcf. Figure7). In otherwords,increasing
the clustersize by a factor of 2 increasegshe maximumretrieval
throughputakenfrom therangeof workloads(1,1) to (60,60) by
afactorsignificantlysmallerthan2, e.g.,1.3 whenscalingfrom 8
to 16 nodes. The reasonis that a given query hasto be executed
at eachclusternodewith striping. The numberof queriesbeing
processedt 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 datathata queryhasto go throughat a nodebecomes
smallerwith a higherdegreeof striping.

A positive obsenationin turn is that the effect of runningup-
datesconcurrentlyto retrieval hasonly little effectonretrieval per
formance(cf. Figure6). Goingfrom (1,0) to (1,1), i.e., from re-
trieval only to retrieval with concurrenupdatesincreasesetrieval
retrieval responsd¢imesonly by 8% with 16 nodes.The samealso
holdsfor muchhigherworkloadssuchas (50,0) and(50,5) asin
Figurell: theeffect on retrieval performances lessthan20%.

We have conductedfurther experimentswith queriescompris-
ing completedocumentsas query texts with around200 distinct
queryterms.Retrieval responséimestendto besignificantlylarger
thanwith the experimentdrom Figure6. Neverthelessincreasef
performanceby scalingout the clusteris the sameaswith short
queries. It only takesmore clusternodesto achiese performance
similarto shorterqueries.

From this seriesof experimentswith striping we have learned
that querythroughputdoesnot scalelinearly. A follow-up ques-
tion is whatwe gainin termsof queryrespons¢imeif weincrease
the degreeof striping. Figure 8 addresseshis issue. The figure
graphsaverageretrieval responséimeswith thesinglequerywork-
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load (1,0) andvectorspaceretrieval with striping. Increasingthe
degreeof stripingupto 8 nodegyieldssmallerresponséimes. With

8 nodesit is 0.23 secondsWhenstriping over morethan8 nodes,
the overheadof distributedqueryevaluationis largerthanthe gain
from striping. We concludehatqueryresponséimesdo notbenefit
from adegreeof stripingof morethan8. Thereasorfor thissome-
whatsurprisingfinding is thatthe index completelyfits into main
memorywith 8 nodesalready A furtherincreasef thestripingde-
greedoesnot compensatéhe additionaloverheadwith distributed
queryevaluation.The speedugor high workloads(cf. Figure6) is

only dueto abetterdistribution of theworkloadwhenscalingfrom

8to 16 nodeswith striping.

Replication in Combination with Striping. The previous ex-
perimentshave shown that the increasan querythroughputwith
stripingis limited to arelatively smallnumberof nodesalready A
possiblybetteralternatve is to combinestriping with replication.
This requiresto choosea striping-replicationratio. Its effect on
queryresponsé¢imesandthroughputwith differentworkloadsin a
databaselusteris not obviousandwarrantsnvestigation.

Using a clusterof 16 nodes,we have investigatedhe effect of
varying srr from 16/1, i.e., only striping and no replication, to
1/16, i.e., full replicationwithout striping. We have alsolooked
atretrieval-intensve workloadssuchas(100,0) and(100,5). Fig-
ures9 and 10 graphqueryandinsertionthroughputrespectiely.
Maximum systemthroughputis 50 queriesper secondwith full
replication,i.e., 16 nodegroups. At the sametime, our system
providescompetitve responsgimesof 2.5 secondgnot shavn in
the figure). Insertionin turn doesnot benefitfrom anincreasdn
replication(cf. Figure 10). Sofar, this is what onewould expect.
A lessolviousobsenationin turnis thatretrieval throughputdoes
not scalelinearly whenwe increasethe degreeof replicationus-
ing the samenumberof clusternodes.With theretrieval-intensve
workloadof (100, 0) for instanceretrieval throughpuincreasedy
a factorof 5 whengoing from 16/1to 1/16. It still increasedy
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a factor of 4 whenwe allow for concurrentupdatesin the same
setting. Our explanationis thatminimizing srr givesaway the ad-
vantageof striping,i.e., mainmemorylookupfor queries.Never-
thelessthe positive effect of a higherdegreeof replicationis still
largerthanthe disadantageof reducedstriping.

Scalability of Retrieval with Document Categories. Another
dimensionof the spaceof designalternatvesis thenumberof cat-
egories. Therespectie experimentaketuphasthefollowing char
acteristics:we have generatecollectionswith 1, 2, 4, 8, and16
artificially generatectategories. All categoriescontainthe same
volumeof documendata,andwe have assignedategoriesto sep-
aratenodegroupsof sizel. Thus,numberof categgoriesandcluster
size increaseat the samerate. To study the effect of categories
on single-catgory queriesquery streamswith theseexperiments
containsingle-catgory queriesonly. Hence,a querygoesto ex-
actly onecategory, andqueriesdistribute evenly to categories.We
have measuredjueryresponseimesfor the workloads(1,0) and
(10,10) aswell asfor query-intenaie onessuchas (50,0) and
(50,5). Figurel1l plotsthe outcomeof theexperiments.

Having aworkloaddistributedamong?2 or 4 differentcategories
insteadof 1 yields a high improvementin responsdime, asone
would expect. Theimprovementis smallerwith afurtherincrease
in the numberof cateyoriessinceaverageworkloadspernodeare
alreadysmall.

Thus,having morecateyorieswhenthe collectionsizeincreases
leadsto significantperformancémprovementdor single-catgory
queries.Performancémprovementsarein thesameorderof mag-
nitudeaswith replication.

Scalability with Incr easingCollection Size. Anotherimpor-
tantissueis theperformancémpactof thecollectionsizewhenthe
numberof categoriesis fixed. We have investigatedheissueby in-
creasinghe numberof clusternodesandincreasinghecollection
size at 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(collectionsizel or
scalel for short)andclustersizel. We have scaledbothcollection
andclustersize up to 16 and have meteredthe effect on retrieval
responséimes. Figure 12 reportson the outcomeof theseexperi-
ments.Thereis only a smalldifferencein retrieval respons¢imes
for increasingeclusterandcollectionsizeswith constantvorkload.
A surprisingfinding is that performanceactually improves when
increasingcollectionandclustersizes.Thereasornis thatloadbal-
ancingis easieronalarger cluster

5. CONCLUSIONS

This paperhasdiscussedhe design,implementatiorand evalu-
ationof PoverDB-IR. PoverDB-IR providesa scalablénfrastruc-
ture for information retrieval with up-to-dateretrieval resultsin
the presenceof frequentupdates. PoverDB-IR usesa database
clusterto achieve scalability: one addsfurther nodesto the clus-
ter to achieve higherperformance’scale-out’). Our prototypere-
lies on servicedecompositiorto increaseparallelismand on IR-
to-SQLmappings.Let uslook backat the requirementgrom the
introduction. The first one wasthat retrieval resultsmustbe up-
to-date Retrieval and updateservicesoperateon the samedata
with PoverDB-IR, and updatesare immediatelyavailable to re-
trieval. This study hasdemonstratethat the overheadof concur
rent updateson retrieval performances surprisinglysmall. An-
otherimportantrequirementvasscalability. Our experimentshave
shavn thatPoverDB-IR indeedscaleswvell: *scaling-out'the clus-
teryieldsinteractiverespons¢imesevenin the caseof highwork-
loads. Moreover, performanceof PaverDB-IR remainsconstant
with growing collection sizeswhenincreasingthe clusterat the
samerate. We have investigatedalternatve physicalorganization
schemedor documentataon a clusterof databasesOur experi-
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mentsshow thatdifferentschemesreappropriatén differentset-
tings. Systemperformancevith smallread-onlyworkloadsfor in-
stancereachedts maximumwith 8 nodesalready

Our generalconclusionis twofold: First, our systemPowerDB-
IR is a scalablanfrastructurefor applicationghatrequireconcur
rent updateand up-to-dateretrieval of documentdata. We have
alsoshown that a databaselusteris well-suitedas an infrastruc-
turefor abroaderangeof applicationscenarioscomparedo what
hasalreadybeeninvestigated.
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