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Abstract

We reporton theimplementationandevaluationof a documentenginethatsupportsmany par-
allel searchandconcurrentinsertionrequestsefficiently andthat is scalableto growing numbersof
suchrequests.Weuseaclusterof commoditydatabasesystemsin asharednothingarchitecture.We
deploypreviousresultson multi-level transactionsanddecomposea servicerequestinto shortpar-
allel databasetransactions.A coordinator, implementedasanextensionof a transactionprocessing
monitor, routesthe shorttransactionsto the appropriatedatabasesystemin the cluster, depending
on thedatadistributionthatwehave chosen.We have paidmuchattentionto thedesignandimple-
mentationof thecoordinatorto avoid thatit becomesabottleneck.Thatmeansthatweimplemented
auxiliaryfunctionalitysuchastermextractionasservicesanddistributethemoverthecluster. Exten-
siveexperimentsshow thefollowing: (1) A relatively smallnumberof componentsalreadysuffices
to copewith high workloads. (2) The coordinatorof the databaseclusterhasminimal impacton
CPU resourceconsumptionandon responsetimes. E.g., the responsetime overheadof the coor-
dinatoris in the orderof millisecondswhile theresponsetime for retrieval andinsertionsremains
within secondsevenwith 100parallelsearchor insertionstreams.This is ratherunexpectedsince
thecoordinatorperformssignature-basedpredicatelocking andwritesadditionallogging informa-
tion. We concludethata databaseclusterwith a coordinatoron top is a goodscalableinfrastructure
for complex applicationservices.

1 Intr oduction

Administeringcollectionsof documentsefficiently is animportantissue.Accordingto Kirsch,chairman

of Infoseek,fourciteriaarecrucialfor futuresearchengines[18]. Theseare:queryresponsetimes,index

sizes,costof hardwareandfreshnessof datain theindex. Our objective is to build a documentsearch

andindexing enginethatmeetsthesecriteria. In particular, it is difficult to reconcilethecriteria’query

responsetime’ and’freshnessof index data’. To tacklethis problem,we applydatabasetechnologyin

aninnovativeway: weinvestigatein quantitativetermsasolutionthatcombinesmulti-level transactions

andparallelizationtechniques,andthat is built on top of a clusterof databases.In our terminology, a

clusterof databasesis a PCclusterwhereeachPC runsanoff-the-shelfDBMS. Building a document

engineon top of sucha clusterbroadensthe way databasetechnologyis used.In previouswork [17],

we have alreadyshown that multi-level transactionsleadto significantperformancegainsin a multi-

processordatabasesystem.This is becauseasingledocumentrequestis decomposedinto many parallel

databasetransactions.But, with sucha monolithic system,opportunitiesfor scaleupandspeedupare

limited. A cluster-basedarchitecturein turnis promisingwith respectto ”scale-out” [20], thatis,adding

a new componentto achievebetterperformance.
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In moredetail,we pursuea coordination-basedarchitecture, i.e., a clusternodeeitheris thecoor-

dinator or a component. As partof a transaction,a client submitsrequestsfor documentservicesto the

coordinator. Bundlingservicesinto transactionsreflectsthatseveraldocumentsmaybelongtogetheron

alogical level,andsuchagroupof documentsshouldonly bevisibleasawhole.Examplesof document

servicesareinsertionof a new document,deletion,update,keyword-basedsearchor searchusingcom-

plex operatorssuchastheproximityoperator. With astraightforwarddesignof acluster-baseddocument

engine,thecoordinatorwould accepttherequestsandexecutethedocument-specificfunctionality such

astermextraction,stopwordeliminationandstemming.Then,thecoordinatorwouldmapthedocument

servicesto SQL statementsandsubmitthemto thedifferentcomponentdatabasesystems.Two-phase-

locking at thecomponentsin combinationwith a two-phase-commitprotocolat thecoordinatorwould

implementserializabilityandatomicity. But sucha designimposesa heavy loadon thecoordinator. It

would soonbecomea bottleneck.Instead,a coordination-basedapproachrequiresaslittle centralized

processingaspossible.Our systemarchitecturereflectsthis. We have investigatedwhich processing

needsnot bedoneat thecoordinator, andourdesignhasshiftedit to thecomponents.Theonly central-

izedtasksareconcurrency controlandloggingof global transactions.Their implementationin turn is

veryefficient,asourexperimentsshow.

Wehavebuilt adocumentenginewith suchathin coordinator, andwehaveevaluatedit extensively.

Theimplementationusesoff-the-shelfcomponentssuchasatransactionmonitorandrelationaldatabase

systems.In moredetail,thecontributionsof thispaperarethefollowing ones:

� We show how to decomposethe functionality of a documentengineinto transactionmonitor

services.Our approachallows to replicatetheservicessothatthey run in parallelon anarbitrary

numberof components.

� We presentthe designof the coordinator, guaranteeingatomicityandcorrectnessof concurrent

executionof documentservicetransactions.We emphasizethe efficient implementationof a

signature-basedtwo-phase-lockingprotocolfor documentservices.

� With a coordinator-basedarchitecture,the coordinatoreventually is a bottleneck.We have run

experimentsto find out if this is the casein practice. It turnsout that concurrency control and

loggingwithin thecoordinatorimposeonly minimaloverheadevenwith very highrequestloads.

� We evaluatedifferentdataplacementalternativesfor differentnumbersof componentsandfor

differentworkloadpatterns.An importantobservationis, thatresponsetimesareinteractiveeven

for highworkloadswith relatively few componentsalready.

� We show experimentallythat bundling servicerequeststo transactionsdoesnot reduceperfor-

mance.This meansthata discussionwhetherthis currentapplicationscenariorequirestransac-

tionsis simplysuperfluous,astheperformanceimpactof sucha featureis minimal.

Theremainderof thispaperis organizedasfollows: Section2 discussesrelatedwork. In Section3,

wediscusstheservicemodel,parallelization,concurrency control,logginganddifferentdataplacement
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alternatives. The sectionalsodescribesthe architectureand discussesthe implementationin detail.

Section4 presentstheexperimentalsetup.Section5 discussesourexperiments.Section6 concludes.

2 RelatedWork

In [15, 11], the authorsinvestigategenericaspectsof implementatingdifferentserviceson a PC clus-

ter. They concludethat PC clustersarewell suitedwhen correctnessis not important. Correctness

correspondsto thenotionof serializabilityfrom transactiontheory[5]. An efficient way to implement

correctnessin combinationwith high parallelismaremulti-level transactions[1, 24, 25]. [2] aswell as

[13,17] describedocumentservicesandarchitecturesof documentenginesthatarebasedonmulti-level

transactions.[2] doesnotprovideanevaluation,andthearticledoesnotaddressscalabilityissues.This

in turn is oneof ourmaincontributions.

Anotherapproachis to weakenthe correctnesscriterion of serializability. [16] shows that lock

contentionin traditionaldatabasetransactionmanagementunnecessarilyrestrictstheparallelismof in-

sertionandretrieval requestsandthis leadsto performancedegradation.In [16], insertionshappenin

batchupdateruns.But a transactionreorderingtechniqueensuresthatqueriestakealsothemostrecent

updatesin account.Queriesareprocessedaftertherelevantdocumenthasbeeninsertedin a concurrent

update. Hence,the query retrieves the relevant document.Their approachdoesnot decomposeand

parallelizedocumentservicerequests.[19] discussesthe concurrency control mechanismof the SPI-

DER searchengine.Theauthorsarguethatleaving asidecorrectnessis acceptableto somedegreewith

probabilisticretrieval. Hence,thiswork canbeconsideredasa “non-boolean”versionof a conflict test

in multi-level transactions.

Thereis a vastamountof literatureaboutstoragestructuresfor informationretrieval. [12] gives

an overview aboutthis topic. [6, 23] address’freshnessof index data’with techniquesthatallow for

incrementalupdatesof theindex. Conceptionally, any transactionalsubsystemthatimplementsefficient

indexing canbecomea componentof our system.Similar to our approach,[14] mapsthe index onto

relationaldatabasetables. [14] hasshown that the booleanandthe extendedbooleanretrieval model

with proximity searchandphraseoperatorsnicelymapto standardSQL.This alsoholdsfor thevector-

spacemodel[21]. The authorsalsoshow that this yields competitive responsetimes. But their work

as well as the full-text documentretrieval benchmark[9] is restrictedto read-onlyandsinglequery

workloads.Wefor ourparttakeupdatesinto accountexplicitly andprovidetheinfrastructureto process

themefficiently. Moreover, our approachallows insertionsof new documentsto run concurrentlyto

retrieval withoutsacrificingtheACID properties.

Researchon paralleldatabasesystemshasinvestigatedhashpartitioningfor dataplacement[3, 7,

10, 26]. We takeoverhashpartitioningtechniquesto distributedocumentandindex data.
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3 Ar chitectureof the DocumentEngine

To explain our architecture,Subsection3.1 shows how multi-level transactionsincreaseparallelism.

The following subsectionsthendescribeour searchenginein moredetail. Our runningexampleare

newsgrouppostings.But ourapproachis applicableto arbitrarydocumenttypes.

3.1 Overview of the Concurrent ServiceExecution

T1 T2

InsertDocu RetrieveDocu

STA1,3 STA1,4 STA1,5 STA1,6 STA2,1 STA2,2 STA2,3 STA2,4

parallel parallel

CONFLICT

Component
DBS1

Component
DBS2

Component
DBS3

RetrieveDocu

STA1,1 STA1,2

parallel

Serialization Order

Figure1: Inter-transaction-andintra-transactionparallelismfor documentservices

With ourapproach,servicesof differenttransactionsshouldrunconcurrentlyif they donotconflict,

i.e., if a documentto beinserteddoesnot qualify (is in theresultset)for any querycurrentlyexecuted.

In caseof conflicts,servicesareexecutedsequentially, asFigure1 shows. This ensuresserializability.

In additionto this, our approachguaranteesatomicityby logging. Servicesin turn consistof subtrans-

actions(STA). STAs can executein parallel on differentmachines,as the bottom half of the figure

shows. In our terminology, inter-transaction-parallelismis concurrency of servicesthatbelongto differ-

enttransactions,andintra-transaction-parallelismaresubtransactions,e.g.,of aservicerequest,running

in parallel. The hypothesisis that both inter-transaction-parallelismand intra-transaction-parallelism

yield significantperformancegains. Essentially, our approachdeploystwo-level transactionmanage-

ment to transactionsthat comprisedocumentservicesas operations.In our terminology, the second

layer transactionmanagerimplementsthetransactionsfor documentservices.

3.2 DocumentServices

Webriefly introducetheretrieval modelandthedocumentservices.Thenweshow how wehavemapped

thismodelto arelationaldatabasescheme.Sucha mappinghastheadvantagethataccesswith standard

SQLto relationalattributescancoexist with accessby documentservicesto thetextualdata.Document

servicesarefor exampleinsertionof a new document,updateof a document,deletionby document

id or deletionof all documentsthat qualify for a givenquery. Searchservicesarekeyword-based,or

comprisecomplex operatorssuchastheproximity operator. Searchservicesmayalsosupportdifferent
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retrieval modelssuchas the vector-spacemodelor probabilisticretrieval. We restrict the discussion

to the typical servicesof insertionandkeyword-basedbooleanretrieval. This focuseson the central

problemof processinginsertionsconcurrentlyto retrieval.

Retrieval Model. Our documentenginesupportsthe booleanretrieval model [21]. With boolean

retrieval, documentsconsistof fields. For instance,an e-mail documentcontainsa senderfield. A

booleanquery is a conjunctionof predicatesof the form contains(field,pattern), with the following

semantics:eachdocumentthat qualifiesmustcontainpattern in its field. This modelis sufficient for

mostqueriesusersnormallyposeagainstsearch-engines.With Infoseek,theaveragelengthof queries

is 2.2 words[18], i.e., usersdo not favor complex queries.Hence,we have left asideadvancedquery

featuressuchasworddistanceoperators,disjunctiveformsof thepatternor non-booleanqueryfacilities.

[14] discussesmappingsto standardSQL for morecomplex queryfunctionality, includingvectorspace

modelqueriesthatwe cansupportin ourarchitectureaswell.

ServiceInterface. Theinsertionandretrieval serviceshave thefollowing interfaces:

� Insertion Service: �����	��
���
���������
��	�������������� !��"
Theinputparameteris thedocumenttext. It returnsa statusflag.

� Retrieval Service: #%$����&���'�	('����)+*,�-�	
�����.����/�����0�1#2�'3�����('$546�	��
%78"�)%"
Theinputparameteris a setof predicates.It returnsthetitlesof qualifyingdocuments.

Both servicescomprisetermextraction,stemmingandstopwordingaswell asdecompositioninto

SQL-subtransactions.Decompositioninto SQL-subtransactionsconsistsof two steps,asdescribedsub-

sequently.

DatabaseMapping. We now explain the databasemappingby meansof our runningexample. The

documentscontainthefieldsauthor, date,subjectandbody, amongothers.With our mapping,relation9
storestheraw documenttext. It hastheattributesdocid, author, ..., body. For eachfield

thatmayoccurin a predicate,thereis a relation :<; with attributestermid anddocid. Theattribute

termid is the integer representingthe stemof a word containedin documentdocid. We mapthe

wordsto integersbecausethis allows for moreefficient index structures[14]. In otherwords,relation:<; implementstheindex over thefield.

Given this mappingto a relationalschema,we now explain how to expressdocumentinsertion

andretrieval with SQL. Recallthat insertionandretrieval invocationoccurin a global transaction.In

the following example,we denotethe transactionsboundarieswith explicit BEGIN/END GLOBAL

TRANSACTION (BGT/EGT).

Example1: Supposethattherelations
9

, :>='?�@�A	B1C'D , and :�@'E�FHG – subsequentlyreferredto as :JI and:>K – residein a singledatabase.Thenthe following servicecall andits correspondingSQL statement

retrievedocumentsthatcontainthewords $�I and $�K in thesubjectfield and $ML in thebodyfield:

5



BGT
res=RetrieveDocu(

(’subject’,d1),
(’subject’,d2),
(’body’,d3))

...
EGT

BGT
SELECT * FROM A, B1 b1a, B1 b1b, B2
WHERE b1a.termid = d1
AND b1b.termid = d2
AND B2.termid = d3
AND A.docid = b1a.docid
AND b1a.docid = b1b.docid
AND b1b.docid = B2.docid
...
EGT

Theexpressionfor insertionof sucha documentwith text � is asfollows:

BGT
res=InsertDocu(

’subject: d1, d2’)
...
EGT

BGT
INSERT INTO A VALUES(t)
INSERT INTO B1 VALUES(docid, d1)
INSERT INTO B1 VALUES(docid, d2)
...
EGT

N

NotethattheINSERT INTO statementsin thelatterexpressioncanappearin any ordersincethere

is no flow of informationbetweenthestatements.In fact, they couldalsoexecutein parallel.Basedon

this observation,we describethedecompositionof theinsertionserviceinto parallelsubtransactionsin

thefollowing.

ServiceParallelization and Decomposition. For insertionservicecalls,parallelizationis asfollows:

1. For eachrelationmodifiedby aninsertionthereis aseparatesubtransaction.

2. We canfurtherdecomposeeachof thosesubtransactionsinto smallersubtransactions.Eachsuch

sub-subtransactioninsertsanumberof tuplesinto therelation.Thosesub-subtransactionscanrun

in parallel,too.

We implementthesesubtransactionsas independentdatabasetransactionsthat may commit or abort

independently. Subsection3.4explainshow weguaranteeatomicity.

Example 2: ConsideragainExample1. Assumethat an insertioninsertsa documentwith text� . Let this text containthe terms $ I and $ K both in the subjectandthe body fields. Thenthe parallel

subtransactions– bracketedbyBOT andEOT – areasfollows,accordingto ParallelizationSteps1 and2:

BGT
DO IN PARALLEL {
BOT; INSERT INTO A VALUES(t); EOT
BOT; INSERT INTO B1 VALUES(d1); EOT
BOT; INSERT INTO B1 VALUES(d2); EOT
BOT; INSERT INTO B2 VALUES(d1); EOT
BOT; INSERT INTO B2 VALUES(d2); EOT
...
}
EGT N
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3.3 Ensuring Correctnessof Concurrent DocumentServiceTransactions

Thissubsectiondescribestheconcurrency controlmechanismsof oursystem.

With documentengines,globaltransactionsconsistof oneor moredocumentservicerequests.The

systemcannotexecutetransactionsconcurrentlyin anarbitrarymannerbecauseof conflicts[25]. For our

documentengine,aninsertionservice�OI anda retrieval service��K conflict if andonly if thedocument

of � I qualifiesfor thequeryof � K andbothservicesbelongto differenttransactions.Serializabilityof a

scheduleyieldscorrectexecutions.

We have applieda semantictwo-phase-lockingprotocol. Eachserviceinvocationof a transaction

dynamicallyacquirestheneededlocksandreleasesthemat theendof thetransaction.For documents,

this worksasfollows: we representeachrequestby a bitstringsignature[8]. In moredetail,we map

eachnon-trivial stemof thedocumentor thequeryto a signaturebit. Thebit is thenset. Recallthata

queryis a conjunctionof predicates.Hence,all wordsfrom all patternsof thequerymustappearin a

qualifying document.If an insertionserviceInsertDocu is invokedthenwe computethesignature���P
QFHE�C';SR�= for thisservice.Now, let TUK denotethebitwiseAND operatorand V,K thebitwisecomparison.

If theequation

����
QFHE�C';WR%=0TUKU����
QX�?�B�Y�G,V,K����P
QX	?�B1Y�G
holdsfor any Z��5��
%[ currentlyrunningthenwe assumea conflict. InsertDocu is delayeduntil the

transactionswith conflictingserviceshave finished.Theconcurrency controlcomponentkeepsdelayed

requestsin waiting queues,one for insertionand one for retrieval. When a serviceterminates,the

concurrency control componentchecksthe queuesand schedulesexecutionof requeststhat are not

longerin conflictwith aconcurrentrequest.Theanalogousconsiderationshold if aclientsubmitsanew

queryto thesystem.Notethat theremaybefalsealarmsfor conflicts. This happensif differentwords

from thequeryandthedocumentbeinginsertedaremappedontothesamebit position.In practice,long

signatureshelp to prevent from suchsituations.We usesignatureswith \ I�] V_^�`QaQb�c bits. We work

with thesehugesignaturesin orderto not underestimatethe concurrency controloverhead.Even this

conservative approachdoesnot leadto a performanceproblem,asour experimentsfrom Section5 on

theschedulingoverheadshow.

Giventhissemanticconcurrency controlat theservicelevel,wedonotneedconflictdetectionat the

level of SQL-subtransactions(bottomlevel in Figure1). While conflictsat theSQL-statementlevel are

possible(pseudo-conflicts),thesemanticconflict testensuresthat they do not leadto incorrectexecu-

tionsat thedocumentservicelevel.

3.4 Atomicity of DocumentServiceTransactions

Loggingis necessaryto ensureatomicityof insertionservicesin caseof failures.Notethatwe decom-

poseonesingle insertionrequestinto many paralleldatabasetransactionsthat may commit or abort

independently. Our systemmustguaranteeatomicity on two levels: (1) atomicity of a singleservice

request,and(2) atomicityof global transactionsthatcomprisemorethanoneservicerequest.To this

end,differenttechniqueshave alreadybeenapplied:[22] implementsatomicityby compensationat the
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SQL-level. That impliesthat for eachinsertionstatementthelog managerhasto log thecompensating

SQL deletestatementfor eachtupleinserted.With suchanapproach,loggingyieldsa big overhead.In

[17], the authorstacklethis problemasfollows. Their implementationfirst insertsthe documenttext

andthenit updatesthe index data. Maintenanceof the index tablesstartsonly if the insertionof the

documenthasbeensuccessful.Thisallowsfor forwardrecovery of insertionservices,but parallelismis

restricted.Our approachfavors parallelism,thereis no restrictionon the orderof subtransactions,but

theinformationthatwe write to thelog is minimal. In detail,we applythefollowing technique.

To guaranteeatomicserviceexecutions,i.e., (1), we assumethat the componentsaresubsystems

with atomictransactions.This is thecasewith nearlyall off-the-shelfdatabasesystems.Futhermore,

we do not distinguishbetweensemanticabortsdue to constraintviolations and technicalabortsbe-

causeof deadlocks,e.g. Thecritical casein our setupis now theonewhereonesubtransactionof the

servicesuccessfullycommitsanda secondsubtransactionsaborts.In thatcase,thesystemhasto com-

pensatetheeffectsof thealreadycommittedsubtransaction.To this end,the insertionservicewritesa�':Jdfeg46�	�1$54&$�������$h" -triple to the log beforesubmittingany subtransactions.We will explain the ����$ pa-

rameterin thefollowing paragraph.Whenall subtransactionsterminatesuccessfullyat thecomponents

or aresuccessfullycompensated,theservicelogsa �'ijdjeg4H����$�4H$������'$h" -triple. Both thesetriplesbracket

thesetof independentSQL subtransactionsthatan insertionservicestarts.Eachtuple that is inserted

carriesthis unique $�������$ . Hence,compensationfor a servicesimply deletesall tupleswith that $������1$ .

A missing ijdfe markerfor some �':Jdfeg46�	�1$54&$�������$h" -triplemeansthatsucha compensationis required

eventually. Logging :Jdfe and ijdje is theresponsibility of eachinsertionservice.Distributing these

servicesamongcomponentsalsoallowsto distributethelog. Section3.6providesmoreinformation.

Now we discussatomicity of global transactionsthat compriseoneor moreservicerequests,i.e.,

(2). To makea transaction����$ atomic,theconcurrency control logs �':Jkfeg46�	�1$�" and �lifkjeg46�	��$h" -pairs

whenthe transactionsstartsandends,respectively. The identifier �	��$ links theservicelevel log to the

global transactionlog at the coordinator. This allows to searchthe servicelevel logs for this �	�1$ and

to retrieve theset � of all $������1$ s thathave beeninsertedwith thatglobaltransaction.If necessary, the

coordinatorthenusesthis informationto rollback �	��$ . To this end,it compensateseachinsertionof a

document$h������$ thatis in � .

Theseloggingmechanismsprovide informationthatalsosufficesfor completecrashrecovery. This

articleomitsdetailsoncrashrecovery for lackof space.

3.5 Data PlacementAlter nativesfor Documentand Index Tables

Theparallelizationtechniquesdiscussedabove allow for any dataplacementschemewherea subtrans-

actionrunsononecomponentonly. Thisavoidsadistributedcommitprotocolsuchas2PC.Ideally, we

would like to routeeachsubtransactionto a differentcomponent.This maximizesthedegreeof paral-

lelism andhelpsto balanceworkloadsof thecomponentdatabasesystems.Theplacementalternatives

thatwediscussarethefollowing ones:

� DISTAB: DIStributingcompleteTABles,
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� HASHLOC: HASHingdataitemswith dependency LOCality, and

� HASHCONS:HASHing dataitemsCONSecutively to componentdatabases.

The first placementschemeassignseachtableto a differentcomponentdatabase.That meansall

dataitemsof entity type
9

arestoredon thefirst componentandall :JI dataitemsresideon thesecond

component.Figure2(a) illustratesthis mechanism.This alternative is rathereasyto implement.But

with tablesof differentsizesworkloaddistribution is expectedto be suboptimal.Furthermore,with a

limited numberof tablesthisalternativedoesnotscalefor componentnumbersbiggerthanthat.Hence,

for lackof space,we donotpresentresultsfor DISTAB in thefollowing sections.

The other placementalternatives(HASH*) distribute dataitemsat the datalevel, as opposedto

DISTAB that distributesat the schemalevel. A hashvalue m of the documentidentifier identifiesthe

componentwherea dataitem is stored.Thefirst alternativeHASHLOCpreservesdependency locality.

Thatmeansthatthedocumentandits index dataresideat thesamecomponentm , asFigure2(b)shows.

The third alternative HASHCONS(Figure2(c)) assignsdataitemsof a singledocumentto different

components:if the tuplesfor relation
9

of a givendocumentresideat a componentm , thenthe index

entriesin relation : ; of thisdocumentarestoredatcomponent�lmgno�1"�prq�s/� where� is thenumberof

components.

Routing

A B1 B2

(a)

Routing

A

B2

B1

A

B1

B2

A

B1

B2

data items with
hash function value h1

data items with
hash function value h2

data items with
hash function value h3

A: relation  A

B1: relation B1

B2: relation B2

Routing

A

B2

B1

A

B1

B2

A

B1

B2

(b) (c)

Figure 2: (a) Distributing tables (DISTAB) (b) Preservingdependencelocality with Hashing

(HASHLOC),(c) Hashingwith consecutivedistributionof dataitems(HASHCONS)

Routing of Subtransactions. For insertionservices,dataplacementaffectstheroutingof subtransac-

tionsto componentsasfollows.Considerasubtransactionthatinsertsinto a relation * .

1. With HASHLOC,all insertionsubtransactionsaresentto onecomponent.

2. With HASHCONS,the hashvalueof the documentID identifiesthe componentof a subtrans-

actionthat insertsinto relation
9

. Othersubtransactionsthat insert into relation :<; aresentto

component�'mfnt�1"Upuqhs/� .

Considernow theroutingof subtransactionsof retrieval services.With bothHASH placementalterna-

tives,thesystemsendsthesamesubtransactionto eachcomponent.

9



3.6 Designand Implementation usingOff-the-shelf Components

Componentsof our Ar chitecture. We have implementedour systemby extendinga standardmid-

dlewareproduct.In oursetting,middlewarefunctionalityadditionallycomprisesdocumentprocessing,

datadependentdistributionof requestsaswell assemanticconcurrency controlandlogging.Hence,we

distinguishbetweenstandardmiddlewareandourproprietarymiddlewareextensionsin thefollowing.

In moredetail, thestandard middleware transmitsrequestsanddataitemsfrom thecoordinatorto

thecomponents.Furthermore,it helpsto administertheclusterin termsof remoteprocessstartupetc.

This functionalityis partof variousstate-of-the-artmiddlewareproducts.

Ourextensionsof themiddleware in turn consistof two separatemodules.Thefirst module ��
 78��$
providestheapplicationlogicsasdiscussedabove: termextractionfrom texts, stopwording,stemming

andsignaturegenerationfor texts. As decompositionof insertionrequestsis application-specific,it is

alsopartof �1
 78��$ . ��
 78��$ alsoimplementsthedifferentplacementalternativesanddoesthelogging

at theservicelevel.

The secondmodule ������
�$ 78��$ carriesout the actualcoordinationof transactionsandservicere-

quests,i.e., thesemanticconflict test.Furthermore,the ���%��
�$ 78�%$ modulemaintainstheglobaltrans-

actionlog. An off-the-shelfsoftwareproductthatimplementsthis functionalitydoesnot exist. Soboth

modulesareproprietaryimplementations.

With respectto componentdatabasesystems,any relationaldatabasesystemthatsupportsaC inter-

facefor SQL is applicable.

Servicesand Processes. To explain parallelexecutionof services,we distinguishbetweenservices

andprocessessubsequently. A serviceis theimplementationof a specificfunctionality, e.g.,signature

generationfor texts, in the form of a binary executable.Startingsuchan executableat a component,

yieldsa processof sucha service.Therecanbemany processesfor oneservice,andtheprocessescan

even run in parallelat differentcomponents.Thereis a singleprocessfor ������
�$ 78��$ runningat the

coordinator. This is necessaryin orderto keepa global locking tablefor signatures.In contrast,there

maybeanarbitrarynumberof processesat differentcomponentsfor ��
 78��$ functionality. We stress

thatsignaturegenerationis not partof thecoordinator. Instead,any componentcanperformthis task.

Table1 andTable2 summarizethemostimportantservicesof our system.We distinguishbetween

inboundcalls andoutboundcalls: thefirst kind of callsinvokesmethodsof ourproprietarymiddleware

extensions.With outboundcalls,themiddlewareextensionsinvokemethodsprovidedby otherlogical

components.1

Interaction of Processesfor ServiceExecution. Figure3 shows theinteractionof theprocessesfor

a globaltransactionthatcomprisesasinglecall to thedocumentinsertionservice.

Theboxesat thetop of thefiguredenotethedifferentprocessesthatparticipatein theprocessingof

ourexampletransaction.Notethattheconcurrency controlprocess(”CC”) – theprocessfor �����%
�$ 78��$
– mustresideat thecoordinatornode.All otherprocessescanrun at arbitrarynodes.For eachprocess

1Weusethefollowing shorthands:TX – transaction,appl.–application.
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module inboundservicename description

coordmod INSSERV �'����
5��vQ���5
���" Conflict testfor aninsertion

coordmod RETSERV �l����
5��vQ���5
���" Conflict testfor a retrieval

coordmod BGT �w����$h" Begin of a globalTX ����$
coordmod EGT�x�	��$h" Endof aglobalTX ����$
ir mod RETRIEVEDOCU�l#2���	��
�7y4z3�����('$�"&)z" Retrieval appl.logic interfaceroutine

ir mod INSERTDOCU�'$h����" Insertionappl.logic interfaceroutine

ir mod REQMANAGER Managesrequestsfor clients

Table1: Inboundservices

module outboundservicename description

ir mod MRETDOC�'$h������$h" Call SQLsub-TXretrieving a documenttext

ir mod MINSDOC��$h������$�4z$h����" Call SQLsub-TXinsertingadocumenttext

ir mod MRETDESC�{#-$h������)|4z3�����('$�" Call SQLsub-TXretrieving descriptors#%$h������)
ir mod MINSDESC��#�$�������)|4z3��1��('$�4z$h�%���'$h" Call SQLsub-TXinsertingdescriptors#%$h������)
ir mod GENSIGN������ ��	" Generatethesignaturefor �	�� ��

Table2: Outboundservices

thereisaboldverticallinewhentheserviceprocessesarequestor waitsfor responsefromotherservices.

Theinteractionof theprocessesis now asfollows:

1. Theclient beginsa new globaltransactionandrequestsa new transactionidentifier �	�1$ from the

concurrency control. Theconcurrency controlwritestheBGT markerto its log beforeit delivers

the ����$ to theclient.

2. The client submitsthe documenttogetherwith the ����$ to a so-calledrequestmanagerprocess

(REQMANAGER) runningat anarbitrarycomponent.Therequestmanagertransparentlyman-

agesall subsequentprocessingof theservicerequest.

3. The requestmanagerprocesssubmitsthe text to a signatureserver (SignServer) that generates

thesignatureof thetext (serviceGENSIGN).Signaturegenerationrequiresto parsethecomplete

documenttext, to extractterms,to eliminatethestopwordsandto do thestemming.

4. Therequestmanagersubmitsthesignatureandthe �	�1$ to theconcurrency control (routineINS-

SERV). The CC checksfor conflictsandblocks the processaslong asthereareconflictswith

otherongoingdocumentservicetransactions.

5. After admissionby thescheduler, therequestmanagerprocessforwardstherequesttoanInsert-

Docu serviceprocess.

6. TheInsertDocu servicedecomposestheinsertioninto parallelsubtransactions,asdescribedin

11
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Figure3: Interactiondiagramfor aninsertionservicetransaction

Subsection3.2. Beforesubmittingthesubtransactionsto thecorrespondingservices,Insert-

Docu writesaBOT log marker. Thenit startsthesubtransactions.

7. After completingall subtransactions,InsertDocu logstheEOT.

8. Then,theservicereturnsits resultto theclient.

9. Theclientmaynow submitfurtherrequestswithin thesametransaction.In ourexample,it simply

statestheendof its transactionandsendsthis messageto theconcurrency control. Theconcur-

rency controlin turn releasesall locksfor thetransactionandwritestheEGTmarkerto thelog.

4 Experimental Setup

This sectiondescribesour experimentsto assessthe scalabilityof the systemandto evaluatethe dif-

ferentplacementalternatives. In all experiments,we have generatedstreamsof insertionsandqueries.

Theseclient streamswererun at a workstationthat wasnot part of the databasecluster. In mostof

our experiments,every InsertDocu or RetrieveDocu invocationof sucha streamis a transac-

tion, i.e., signaturelocks are requiredand logging is performed. Theseartificially short transactions

minimize the time thata servicerequestmustwait for a signaturelock grantbecausetransactionsare

shortandlocksreleasedwith theendof transaction.This simplificationis sufficient,wheninteracting

with searchenginesin the commonway. We have conductedfurther experiments,wherewe investi-
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tablename description sizein tuples

TP LIB documenttext table ^�a Q 4�RQ`�c
IL TP LIB COMBINED index on thecombinedfield ^�a!4�S!^-c54�RQ`M`
IL TP LIB BODY index on thebodyfield ^�\!4�S�cUT!4�^�bMb
IL TP LIB SUBJECT index on thesubjectfield c�bQa!4&\VRVS

Table3: Numberof tuplesfor thecompletecollection

gateglobaltransactionsthatmayconsistof morethanonerequest.We presentsomeof our findingsin

Section5.

Documents. Thedocumentcollectionsinsertedinto thesystemconsistof newsmessagesfromvarious

newsgroups.For our experiments,we took a completesnapshotof theusenetnewsgroupsserver at the

ComputerScienceDepartmentof ETH Zurich asof endof October ^ QVQWQ . After eliminatingmessages

thathadonlybinarycontent,thecollectionconsistedof ^�a Q 4�RVRVR textualnewsdocuments.Thecomplete

amountof this textual datawas bWRVR MB of ASCII text. Inititally, we have loadedour documentengine

with thesedocuments.Eachof thefollowing experimentsstartedfrom thisdatabasestate.Thedatabase

sizewithout indexeswas ^ GB and ^VX�S GBwith indexes.Thismoreor lesscorrespondsto ascalingfactor

of ^ for thetext retrieval benchmarkdiscussedin [9]. Table3 showsthesizesof thebiggesttableswhen

thecompletecollectionis loadedinto asinglecomponentdatabasesystem.

Another \WTVR MB of textualdatawith newsmessageshasbeenusedfor theinsertionstreams.In our

experiments,theinsertionstreamsselectednew documentsat randomfrom thisdata.

Queries. Queriesfor thequerystreamshavebeensyntheticallygeneratedfrom thetermsof theinitial

documentcollection,in a similar mannerasdescribedin [9]. Queriescompriseone to five different

queryterms.Theaveragelengthof a queryis \YXw^ termswhich correspondsto theaveragequerylength

at InfoSeek[18]. Thesizeof theresultsetof our querieswasrestrictedto ^[Z!^\RVRVR of thedatabasesize.

Hence,queriesdo not yield morethan ^�c]R hits in thecollection. Moreover, eachqueryat leastyields

onehit. The distributionof queriesto differentindexesrepresentsthesizesof the indexesin termsof

postingsstored.Hence,thebiggestindex getsmostof thequeries.We usedifferentnumbersof terms

perqueryfor ourmeasurements:

� TVR % of thequeriesto thesubjectindex haveoneterms,c]R % havetwo termsand ^[R % threeterms.

For morethan a terms,thereis nearlyno posting.Hence,queriesto thesubjectindex with more

than a termsdonotoccur.

� For both the body and the combinedindex, c]R % of the queriescompriseone term, \VT % two

terms,another\VT % havethreeterms,T % four termsandagainT % havefive terms.Thisyieldsan

averagequerylengthof \YXw^ terms.

Queriesarerandomlytakenfrom a setof ^\TVT�4�^�bVS queries.Figure4 givesa moredetailedview of the

queryset.For thedifferentindex types,it showsthenumberof querieswith a givennumberof terms.
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Figure4: Distributionof queries

As performancemetrics,we useresponsetime,throughputandCPUconsumption.In ourmeasure-

ments,global responsetime is the time interval from therequestsubmissionto thepresentationof the

resultsat theclient.

Hardware and Software. We currentlyusePCswith one400MHz PentiumProcessorandaninter-

faceto a networkwith a datatransmissionrateof 100 Mbit/sec(switchedduplex Ethernet).All PCs

run the Microsoft Windows NT Server 4.0 operatingsystemsoftware. We usethe transactionmoni-

tor BeaSystemsTUXEDO V6.5 [4] asthestandardmiddlewareproduct. It is well suitedto transmit

high volumesof dataand it is available for nearlyall operatingsystems.Note that we actuallyuse

only a very small subsetof its features.We useFML buffers (fieldedbuffers for datatransmission)

andasynchronousinvocationmethods.We do not useTUXEDO’s commit coordinationfunctionality

for XA-compliantdatabases,becausethis protocolis redundantwith multi-level transactions;it incurs

additionaloverhead,asshown in [17]. Our systemusesORACLE 8.0.4to storethe applicationdata

at thecomponents.We configuredthedatabasesystemswith tablespaceson anIDE andanSCSIdisk

drive. Thedatabasebuffer holdsa maximumof 20,000blocksof 2K size.

4.1 Performanceof Retrieval and Insertion Services

One of the main issuesof this currentwork is to provide interactive responsetimes for concurrent

documentserviceexecutions.We have measuredresponsetimesfor insertionandretrieval requests.

Thespaceof experimentsnow hasthreeorthogonaldimensions:

· Placement Alternatives: We have consideredtheplacementalternativesHASHCONS

andHASHLOC.

· Cluster Size: In order to explore the speedupwith the differentplacementalternatives,

we have testedthe systemwith 1, 2, 4 and8 workstations.Oneof thesecomponentswasthe
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coordinatorat thesametime. Themonolithicconfigurationwith only oneworkstationservesasa

referencepoint.

· Workload Patterns: Theperformanceof theplacementalternativesdependson thework-

loadpattern.A vector ¸�¹»º�¼¾½ denotesthe systemworkload,where ¹ and ¼ representthenumber

of concurrentinsertionand retrieval requests,respectively. That is, thereare ¹ clientshaving

submittedan insertionand ¼ clientswith a retrieval request.Eachclient immediatelysubmitsa

new requestwhenit hasreceived theresponsefrom thepreviousone. Subsequently, we refer to

theseclientsasstreams.We call anexperimentthatwe conductedfor a particularvector, suchas

¸�¿Yº�¿W½ , a run. The workloadvectorsof theexperimentsare ¸�ÀYº[Á\½ , ¸ÂÁVº�ÀW½ , ¸ÃÁVº\Á\½ , ¸�¿�º�¿V½ , ¸ÂÁ\À�º\Á\ÀV½ ,
¸.ÄWÀYº�ÄVÀW½ , ¸.ÅWÀYº�ÅVÀW½ , ¸(ÆUÀYºÇÆ]ÀW½ , ¸.¿WÀYº�¿VÀW½ , ¸.ÈWÀYº�ÈVÀW½ and ¸�ÉVÀ�º�ÉVÀV½ . Eachinsertionrequestinsertsaround

Æ]ÀVÀ tuplesto theindex tablesandinsertsthedocumenttext. Note,that70 insertionrequestscon-

currentlywith 70 retrievals is a heavy workload,especially, becausebothrequesttypesbasically

operateon thesamedata. On anotherlevel, we conductedadditionalrunsfor theread-intensive

workloadşÂÁVº\Á[ÀVÀV½ and ¸�ÁWº\Á\¿VÀW½ .

4.2 Coordination Overhead

Our experimentssofar do not statehow many resourceseachcoordinationspecifictaskconsumes.In

particular, they donot revealwhetherthecoordinatoris a bottleneck.

A secondseriesof experimentsquantifiesthis overhead.We conductedtheseexperimentswith the

HASHCONSplacementalternativeandconsideredthefull rangeof workloadsasdiscussedpreviously.

Themetricsthatweusein theseexperimentsareasfollows: wedeterminetheCPUconsumptionof the

coordinatorprocessandcompareit to otherprocesses.Additionally, we determinethe fractionof the

averageresponsetime of a serviceinvocationthat the coordinatorprocessspendsfor conflict testand

logging. We comparethis to the coordinationoverheadfor long transactionsthat we introducein the

following Subsection.

4.3 Evaluation of Global Transactions

Oursystemhasbeendeveloppedtosupporttransactionsof documentservicerequests.With ourprevious

setups,we have not investigatedthis aspectin quantitative terms. With the experimentsdescribedin

this subsection,we investigatehow complex transactionswith multiple serviceinvocatoinsperform

comparedto shorttransactionswith only oneserviceinvocation.To thisend,wehavechangedtheclient

streams.For theexperimentswith theshorttransactions,clientsdeclarea transaction,submita request,

andendthe transaction.In thesettingfor long transactions,insertionclientsnow declaretransactions

thatcomprisetwo insertionrequests.Retrieval transactions– aswith shorttransactions– only comprise

a single retrieval request. Additionally, we have applieda wound-and-waitprotocol [5] in the long

transactionsetting. That is, insertionrequestswait for a lock grant. Retrieval insteaddoesnot wait,

the coordinatorrefusesrequestandthe client hasto repeatthe request.This avoidsdeadlocks.In the

experimentalsection,we will reporton responsetimesfor longandshorttransactions.
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5 Outcomeand Discussionof Experiments

5.1 Experiments for ResponseTimesand Thr oughput

Insertion ResponseTimes. Figures5 and6 show the graphsfor the differentclustersizesandthe

HASHCONSplacementalternative. Theresponsetimesin 5 increasenearlylinearly from low to high

workloadsfor all clustersizes. This is what we would expect: with increasingworkloads,morecon-

currenttransactionscompetefor the restrictedsystemresources,mainly disk I/O. This leadsto poor

responsetimes: insertionresponsetimes reachan unbearableaverageof ÊVÅ secondsper servicein-

vocationfor high workloadswith Á component.As a rule of thumb,doubling the workloaddoubles

the responsetime for an insertion. Increasingthe numberof componentsleadsto significantlybetter

responsetimes.

With 8 components,workloadssuchas(20,20)donotexceed5 secondsin averageresponse

time.

A similar observationholdsfor throughput.All curvesin Figure6 arenearlyconstantwith work-

loadsof (5,5)andhigher. That is, alreadywith (5,5) thesystemcomesvery closeto its pointof satura-

tion. At thatpointafurtherincreaseof theworkloaddoesnot leadto anincreasein throughput.Another

observation is that admittinga singlereaderconcurrentlyto an insertionreducesthroughputonly for

clustersizesup to 4 nodes.Figure6 nicely shows that this is no longerthecasefor big clustersizes:

with 8 components,throughputdoesnot decreasewhenadmittingretrieval – that is moving from the

workload(1,0) to (1,1). Theotherplacementalternative HASHLOC leadsto similar responsetimesas

Figure9 and10shows.

Retrieval ResponseTimes. The generalbehaviour of retrieval responsetimesfor increasingwork-

loadsis similar to that of insertionrequests:with increasingworkloads,responsetimesincreasesas

well – for thesamereasonsaswith insertions.Figures7 and8 shows therespective curves.Theother

observationis thatretrieval responsetimesaregenerallyabouthalf of theresponsetimesfor insertions

with highworkloads.

A clusterof 8 nodesyields averageretrieval responsetimes of lessthan 5 secondsfor

relatively highworkloadssuchas(30,30)or (40,40).

This facilitatesworkingwith thesysteminteractively.

5.2 Experiments for Speedup

Table4 andTable5 show thespeedupof responsetimesin relationto asetupwith only onecomponent.

The speedupfor low workloadsis lessthan linear for both placementalternatives. Ideally, one

wouldexpecta speedupof 4 whengoingfrom 1 to 4 components.In thecaseof thelow workload(1,1)

the speedupis below 3 for 4 componentsandbelow 5 for 8 components.For the workload(20,20),
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4 Components 8 Components

workload HASHCONS HASHLOC HASHCONS HASHLOCÅÇÆ
È�ÆÊÉ
2.86 2.21 4.63 2.79ÅÌË
ÍmÈÎËoÍ
É
4.93 4.57 10.01 9.95Å�ÏiÍmÈ�ÏÐÍ
É
4.34 4.89 8.77 9.02

Table4: Insertionspeedup

4 Components 8 Components

workload HASHCONS HASHLOC HASHCONS HASHLOCÅÇÆ
È�ÆÊÉ
3.15 3.41 3.63 4.40ÅÌË
ÍmÈÎËoÍ
É
5.81 5.88 8.90 7.98Å�ÏiÍmÈ�ÏÐÍ
É
4.79 4.37 7.02 7.01

Table5: Retrieval speedup

the speedupboth for insertionandretrieval is morethanlinear. E.g., for 8 components,the insertion

speedupis 10andfor retrieval it is closeto 9 for theHASHCONSplacementalternative.

Figure11 representsthe increasein maximumthroughputwhenincreasingthenumberof compo-

nents. Figure 11 shows that insertionthroughputincreasesnearly linearly: doubling the numberof

componentsdoublesthe throughput.For retrieval, the situationis a bit moredifferentiated:with 1, 2

and4 componentsthereis a linearincrease.But from 4 to 8 componentsthegain in throughputis less

thanlinear. This is not surprisingbecausewith a retrieval requesteachcomponenthasto processthe

query.

With insertions,doubling the numberof componentsyields a speedupof 2 or more for

mediumto highworkloads.At least,it alsodoublesthethroughput.With retrieval, speedup

andincreaseof throughputarelessthanlinear.

5.3 Coordinator Overhead

Figure12 andFigure13 depicttheCPUconsumptionof themostCPU-intensive processesfor differ-

entworkloadswith 8 components.Thecurve for ”GTXMgmt” representstheCPUconsumptionof the

centralizedcoordinatorprocessthatdoestheconflict testandperformsloggingfor globaltransactions.

Figure12 alsoshows theCPUrequirementsof theORACLE databasesystem.Clearly, ORACLE con-

sumessomeordersof magnitudemoreprocessingpowerthanany of theotherprocesses.Figure13only

containsprocessesfrom our middlewareextensions. Hence,the CPU consumptionof the ORACLE

processeshasbeenomitted.Thegraphshows that thecoordinatorprocess(GTXMgmt) haslittle CPU

requirements.Thatis, within the900secondsof a (70,70)measurementrunfor aclusterwith 8 compo-

nents,GTXMgmt consumesonly 27CPUseconds.ORACLE insteadneedsabout148CPUsecondsat

onecomponent.
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Figure11: Increasein throughput– HASHCONS

workload retrieval time retrieval cc fraction insertiontime insertioncc fraction
seconds seconds) ÆÊÍ+*-, seconds seconds) ÆÊÍ+*-,

(1,1) 0.42 0.0 0.54 0.0
(20,20) 3.00 0.183 4.75 0.105
(40,40) 6.15 0.342 9.13 0.316
(60,60) 10.1 0.427 13.56 0.475
(1,100) 4.94 0.0061 4.79 0.372
(1,150) 7.38 0.009 6.46 1.223

Table6: Singlerequesttransactions:responsetime fractionsspentin theconcurrency control

We now discusstheimpactof secondlayerconcurrency controlontorequestresponsetimes.Table

6 shows the averageresponsetimes in secondsfor retrieval and insertionrequestsfor the different

workloadsof the8 componentsetup.Thetablealsoshowsthefractionsof theresponsetimesfor second

layer transactionmanagementin thecoordinator. In contrast,Table7 givesthevaluesfor transactions

with eithera singleretrieval requestor two insertionrequests.

The responsetimes for processingthe documentrequestsare in the orderof secondsor

more. The fraction spentfor concurrency control andglobal logging is below onemilli-

secondin mostcases.

Thatmeansthattheperformanceimpactof centralizedcomputationsis not significantin our particular

setting.

21



.0/214365 7986:<;>=@?BADC

E
F+GIH
J�K+LIM
N�O+PIQ
R+S+TIU
V+W+XIY
Z+[+\I]

^ _ ` a
b

c d e f
g

h i j k
l

m n o p
q
r s t u
v w x

y z { |
} ~ �

� � � �
� � �

� � � �
� � �

� � � �
� � �

� � � �
� � �

� � � �
  ¡ ¢

£ ¤ ¥ ¦
§ ¨ ©

ª « ¬ ­
® ¯ °

±³²µ´·¶I¸º¹�»+¼

½ ¾
¿ À
ÁÂ
ÃÄ
Å Æ

Ç6È>ÉËÊ<Ì�Í ÎÐÏ�Ñ�ÒÔÓ�Õ�Ö ×ÐØ@ÙÛÚÔÜÞÝ�ßáà âäãºå!æDç�èÛé
êäëºì!íDîÞï�ðáñ òôó2õ÷öùø+úùû ü<ý�þ�ÿ�� ���

Figure12: CPU consumptionof the differentprocessesof our architecturewith 8 componentswith

ORACLE

workload retrieval time retrieval cc fraction insertiontime insertioncc fraction
seconds seconds) ÆÊÍ *-, seconds seconds) ÆÊÍ *-,

(1,1) 0.42 0.004725 0.52 0.0062
(20,20) 2.95 0.25 4.51 0.1
(40,40) 6.41 0.37 8.93 0.15
(60,60) 9.88 1.057 13.3 0.77
(1,100) 5.04 0.225 4.59 0.337
(1,150) 7.97 0.14 8.02 0.29

Table7: Multi-requesttransactions:responsetime fractionsspentin concurrency control

5.4 Evaluation of Global Transactions

Figure14showstheoutcomeof ourexperimentsfor globaltransactionsonaclusterwith 8 nodes.Figure

14showsresponsetimesfor differentworkloads.

Responsetimesareonly minimally affectedby introducinglong globaltransactionsin our

setting.

This is a nicefinding, asit allows theuserto decidefreely uponhaving transactionsor not. Defining

long global transactionsdoesnot degradethe performanceof his application. Hence,any decision

abouttransactionpropertiesonly hasto considerthe needsof the application,andnot the impacton

performance.

Summary of our Findings. For any HASH alternative,increasingthenumberof componentsleadsto

a significantspeedupof both insertionandretrieval, asSubsection5.2 shows. It is particularlyhigh in
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Figure13: CPUconsumptionof thedifferentprocessesof our architecturewith 8 componentswithout

ORACLE

mediumworkloadsituations.Thesystemhasinteractive responsetimeswith anappropriatenumberof

componentsfor mediumworkloads(Subsection5.1).

Delegatingthe application-specificoperationsto othernodesgivesrise to goodscalabilityasthe

experimentsfrom Subsection5.3 show. Theoverheadintroducedby semanticconcurrency controland

loggingin thecoordinatoris minimalevenfor hundredconcurrentretrieval requestsor for mixedwork-

loads.

Anotherfinding from ourexperimentsthatwedonotdescribeherefor lackof spaceis thatdataand

workloaddistributesevenly in thecluster. Thisyieldsa goodloadbalancingfor oursystem.

6 Conclusions

Performanceof documentsearchandindexing enginesremainsan importantresearchissue.Our con-

tribution is thedesignandimplementationof anenginethatsupportsconcurrentaccessof retrieval and

insertion.Insertionalsocomprisestheupdateof theindex data.Hence,index datais alwaysup-to-date

in oursetting.Theengineis implementedon topof a databaseclusteronPCs.Mappinginformationre-

trieval functionalityto relationaldatabasesystemssupportsbothSQLqueriesontherelationalattributes

aswell asretrieval onthetextual attributesof thedata.

A clusterof databasesis promisingwith respecttoscale-out.With acoordination-basedarchitecture,

thereis a coordinatorclusternodethatmanagesthedistributedprocessingat theotherclusternodes–

thecomponents.

With ourdesign,theimplementationof thecoordinatoris asslim aspossible.Only necessarilycen-

tralizedprocessingis actuallydoneat thecoordinator. Wesplit thedocumentserviceprocessingsuchas
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Figure14: Longandshorttransactionswith placementHASHCONSresponsetimes

termextractionandstemminginto independentfunctionality. We have implementedthat functionality

with independentprocesses,which we replicatearbitrarily amongclusternodes. This distributesthe

workloadandallows to processa requestin parallelon several nodes. Furthermore,our coordinator

appliesmulti-level-transactions.Hence,it increasesparallelismof therequestprocessingwithout sac-

rificing correctness.We avoid a two-phasecommitprotocolover thecomponentdatabasesandprovide

anefficientproprietaryimplementationof loggingfor documentservices.

In ourexperiments,wehaveshownthatalreadywith 8 componentsoursystemyieldsresponsetimes

of lessthan5 secondsfor workloadssuchas30 insertionclient streamsrunningconcurrentlywith 30

retrieval client streams.Thecoordinationoverheadfor documentservicetransactionsis in theorderof

milliseconds,whereasresponsetimesfor documentservicesarein theorderof seconds.Furthermore,

speedupof insertionserviceprocessingis linear whenwe increasethe numberof components.The

speedupof retrieval servicesis lessthanlinear.

Generally, we concludethata clusterof databasesis well suitedasaninfrastructurefor managing

largeamountsof derived,redundantor replicateddata.This is anissuefor managementof materialized

views suchasdatacubes,any index data,andinvertedlists for documentretrieval. Fromthefindings

in our setting,we concludethatour approachis analogouslyapplicableto theothercaseswith similar

goodresults.
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