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Abstract

We reporton theimplementatiorandevaluationof a documenenginethatsupportamary par
allel searchandconcurreninsertionrequestfficiently andthatis scalableio growing numbersof
suchrequestsWe usea clusterof commoditydatabassystemsn a sharedhothingarchitectureWe
deploypreviousresultson multi-level transactiongnddecomposa servicerequesinto shortpar
allel databas#ransactionsA coordinatoyimplementedisan extensionof a transactiorprocessing
monitor, routesthe shorttransactiongo the appropriatedatabaseystemin the cluster depending
onthe datadistributionthatwe have chosen We have paid muchattentionto thedesignandimple-
mentatiorof thecoordinatotto avoid thatit becomes bottleneck Thatmeanghatwe implemented
auxiliaryfunctionalitysuchastermextractionasservicesanddistributethemoverthecluster Exten-
sive experimentsshav thefollowing: (1) A relatively smallnumberof componentslreadysufiices
to copewith high workloads. (2) The coordinatorof the databaselusterhasminimal impacton
CPU resourceconsumptiorand on responsdimes. E.g., the responsdime overheadof the coor
dinatoris in the orderof millisecondswhile the responsédime for retrieval andinsertionsremains
within secondsevenwith 100 parallelsearchor insertionstreams.This is ratherunexpectedsince
the coordinatomerformssignature-basepredicatdocking andwrites additionallogginginforma-
tion. We concludethata databaselusterwith a coordinatorontopis a goodscalablenfrastructure
for complex applicationservices.

1 Intr oduction

Administeringcollectionsof documentfficiently is animportantissue.Accordingto Kirsch,chairman
of Infoseekfour citeriaarecrucialfor futuresearctengineg18]. Theseare:queryresponsémes,index
sizes,costof hardwareandfreshnes®f datain theindex. Our objective is to build a documentsearch
andindexing enginethatmeetsthesecriteria. In particular it is difficult to reconcilethe criteria’query
responsgime’ and’freshnesof index data’. To tacklethis problem,we apply databaséechnologyin
aninnovativeway: we investigatan quantitatve termsa solutionthatcombinesnulti-level transactions
andparallelizationtechniquesandthatis built on top of a clusterof databasesln our terminology a
clusterof databases a PC clusterwhereeachPC runsan off-the-shelfDBMS. Building a document
engineon top of sucha clusterbroadenghe way database¢echnologyis used. In previouswork [17],
we have alreadyshownn that multi-level transactiondeadto significantperformancegainsin a multi-
processodatabassystem.Thisis becausasingledocumentequesis decomposeihto mary parallel
databaséransactions But, with sucha monolithic system,opportunitiesor scaleupandspeedugare
limited. A clusterbasedarchitecturen turnis promisingwith respecto "scale-out” [20], thatis, adding
anev componento achieve betterperformance.



In moredetail, we pursuea coomination-basedarchitecturg, i.e., a clusternodeeitheris the coor-
dinator or acomponentAs partof a transactiona client submitsrequestgor documenservicedo the
coordinator Bundlingservicesnto transactionseflectsthatseveraldocumentsnay belongtogetheron
alogicallevel, andsuchagroupof documentshouldonly bevisible asawhole. Exampleof document
servicesareinsertionof a nev documentdeletion,update keyword-basedearchor searchusingcom-
plex operatorsuchastheproximity operator With astraightforwaraiesignof a clusterbasediocument
engine the coordinatomwould accepthe requestandexecutethe document-specififunctionality such
astermextraction,stopwordeliminationandstemming.Then,the coordinatomwould mapthedocument
servicego SQL statementandsubmitthemto the differentcomponentatabassystems Two-phase-
locking at the componentsn combinatiorwith a two-phase-commiprotocolat the coordinatorwould
implementserializabilityandatomicity. But sucha designimposesa heary load on the coordinator It
would soonbecomea bottleneck.Instead,a coordination-basedpproactrequiresaslittle centralized
processingas possible. Our systemarchitecturereflectsthis. We have investigatedvhich processing
needsot bedoneatthe coordinatoyandour designhasshiftedit to thecomponentsTheonly central-
izedtasksare concurreng controlandlogging of globaltransactionsTheirimplementatiorin turn is
very efficient, asour experimentsshow.

We have built adocumenenginewith suchathin coordinatoyandwe have evaluatedt extensiely.
Theimplementatiorusesff-the-shelfcomponentsuchasatransactiormonitorandrelationaldatabase
systemsln moredetail, the contributionsof this paperarethefollowing ones:

e We shav how to decomposeéhe functionality of a documentengineinto transactionmonitor
services Our approachallows to replicatethe servicessothatthey runin parallelon anarbitrary
numberof components.

e We presenthe designof the coordinatoy guaranteeingitomicity and correctnes®f concurrent
executionof documentservicetransactions. We emphasizeahe efficient implementationof a
signature-basetvo-phase-lockingrotocolfor documenservices.

e With a coordinatofbasedarchitecturethe coordinatoreventuallyis a bottleneck. We have run
experimentsto find out if thisis the casein practice. It turnsout that concurreng control and
loggingwithin the coordinatoimposeonly minimal overheadevenwith very high requestoads.

e \We evaluatedifferentdataplacemenlternatvesfor differentnumbersof componentsandfor
differentworkloadpatterns An importantobsenationis, thatresponséimesareinteractve even
for highworkloadswith relatively few componentsilready

e We shav experimentallythat bundling servicerequestdo transactionsloesnot reduceperfor
mance. This meanghata discussiorwhetherthis currentapplicationscenariorequirestransac-
tionsis simply superfluousasthe performancempactof suchafeatureis minimal.

Theremaindeof this paperis organizedasfollows: Section2 discusseselatedwork. In Section3,
we discusgheservicemodel,parallelizationconcurreng control,logginganddifferentdataplacement
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alternatves. The sectionalso describeshe architectureand discusseshe implementationin detail.
Sectiond presentshe experimentaketup.Section5 discussesur experiments Section6 concludes.

2 RelatedWork

In [15, 11], the authorsinvestigategenericaspectof implementatingdifferentserviceson a PC clus-
ter. They concludethat PC clustersare well suitedwhen correctnesss not important. Correctness
correspondso the notion of serializabilityfrom transactiortheory[5]. An efficient way to implement
correctnes& combinatiorwith high parallelismaremulti-level transaction$l, 24, 25]. [2] aswell as
[13,17] describedocumenservicesandarchitecture®f documenengineghatarebasedn multi-level
transactions[2] doesnotprovide anevaluation,andthe article doesnotaddresscalabilityissues.This
in turnis oneof our maincontritutions.

Anotherapproachis to weakenthe correctnesriterion of serializability [16] shows that lock
contentionin traditionaldatabaséransactiormanagemeninnecessarilyestrictsthe parallelismof in-
sertionandretrieval requestsandthis leadsto performancelegradation.In [16], insertionshappenin
batchupdateruns. But a transactionmeorderingechniqueensureshatqueriesakealsothe mostrecent
updatesn account.Queriesareprocesseaftertherelevantdocumentasbeeninsertedn aconcurrent
update. Hence,the queryretrieves the relevant document. Their approachdoesnot decomposeand
parallelizedocumentservicerequests.[19] discusseshe concurreng control mechanisnof the SPI-
DER searclengine.The authorsarguethatleaving asidecorrectnesss acceptabléo somedegreewith
probabilisticretrieval. Hence thiswork canbe consideredsa “non-boolean’versionof a conflict test
in multi-level transactions.

Thereis a vastamountof literatureaboutstoragestructuresor informationretrieval. [12] gives
an overvien aboutthis topic. [6, 23] addressfreshnessof index data’ with techniqueghatallow for
incrementalipdate®f theindex. Conceptionallyary transactionasubsystenthatimplementsefficient
indexing canbecomea componendf our system. Similar to our approach[14] mapsthe index onto
relationaldatabaseables. [14] hasshavn that the booleanandthe extendedbooleanretrieval model
with proximity searchandphraseoperatorsicely mapto standardSQL. This alsoholdsfor the vector
spacemodel[21]. Theauthorsalsoshaw thatthis yields competitve responsdimes. But their work
aswell asthe full-text documentretrieval benchmarl{9] is restrictedto read-onlyand single query
workloads.We for our parttakeupdatesnto accouniexplicitly andprovidetheinfrastructureo process
them efficiently. Moreover, our approachallows insertionsof nev documentgo run concurrentlyto
retrieval without sacrificingthe ACID properties.

Researclon paralleldatabaseystemshasinvestigatechashpartitioningfor dataplacementg3, 7,
10, 26]. We takeover hashpartitioningtechniqueso distributedocumentindindex data.

3



3 Architectureof the DocumentEngine

To explain our architecture Subsectior8.1 shovs how multi-level transactionsncreaseparallelism.
The following subsectionshen describeour searchenginein moredetail. Our runningexampleare
newsgrouppostings.But our approachs applicableto arbitrarydocumentypes.

3.1 Overview of the Concurrent ServiceExecution

Serialization Order

Component Component | |
DBS1 || DBS2 \ | DBS3

Figurel: Intertransactionandintra-transactioparallelismfor documenservices

With ourapproachservicesof differenttransactionshouldrun concurrentlyif they donotconflict,
i.e.,if adocumento beinserteddoesnot qualify (is in theresultset)for ary querycurrentlyexecuted.
In caseof conflicts,servicesareexecutedsequentiallyasFigurel showvs. This ensureserializability
In additionto this, our approactguaranteeatomicity by logging. Servicesn turn consistof subtrans-
actions(STA). STAs can executein parallel on different machines,as the bottom half of the figure
shaws. In ourterminology inter-transaction-parallelisiis concurreng of serviceghatbelongto differ-
enttransactionsandintra-transaction-parallelisaresubtransaction®.g.,o0f aservicerequestrunning
in parallel. The hypothesiss that both inter-transaction-parallelisrand intra-transaction-parallelism
yield significantperformancegains. Essentially our approachdeploystwo-level transactiormanage-
mentto transactionghat comprisedocumentservicesas operations.In our terminology the second
layer transactiormanagetimplementghetransactiongor documenservices.

3.2 DocumentServices

We briefly introducetheretrieval modelandthedocumenservices Thenwe shav how we have mapped
this modelto arelationaldatabasscheme Sucha mappinghasthe advantagehataccessvith standard
SQLto relationalattributescancoexist with accesdvy documenservicedo thetextual data.Document
servicesarefor exampleinsertionof a new document,updateof a documentdeletionby document
id or deletionof all documentghat qualify for a given query Searchservicesare keyword-basedpr

comprisecomplex operatorsuchasthe proximity operator Searchservicesnay alsosupportdifferent
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retrieval modelssuchasthe vectorspacemodel or probabilisticretrieval. We restrictthe discussion
to the typical servicesof insertionand keyword-basedooleanretrieval. This focuseson the central
problemof processingnsertionsconcurrentiyto retrieval.

Retrieval Model. Our documentenginesupportsthe booleanretrieval model [21]. With boolean
retrieval, documentsconsistof fields. For instance,an e-mail documentcontainsa sendeffield. A
booleanqueryis a conjunctionof predicatesof the form contains(field,pattery with the following
semanticsieachdocumenthat qualifiesmustcontainpatternin its field. This modelis sufiicient for
mostqueriesusersnormally poseagainstsearch-enginedlVith Infoseek the averagelengthof queries
is 2.2words[18], i.e., usersdo not favor comple queries.Hence,we have left asideadvancedquery
featuresuchasworddistanceoperatorsgisjunctiveformsof thepatternor non-booleamueryfacilities.
[14] discussesnappingdo standardSQL for morecomplex queryfunctionality, includingvectorspace
modelqueriesthatwe cansupportin our architectureaswell.

Servicelnterface. Theinsertionandretrieval serviceshave thefollowing interfaces:

e Insertion Service: integer InsertDocu(text)
Theinput parameters thedocumentext. It returnsa statusflag.

e Retrieval Service: {doctitles} RetrieveDocu({(field, term)})
Theinput parameters a setof predicateslt returnsthetitles of qualifying documents.

Both servicescompriseterm extraction, stemmingand stopwordingaswell asdecompositionnto
SQL-subtransaction®ecompositiorinto SQL-subtransactionsonsistof two stepsasdescribedsub-
sequently

DatabaseMapping. We now explain the databasenappingby meansof our runningexample. The
documentgontainthe fieldsauthor date,subjectandbody, amongothers.With our mapping relation
A storegheraw documentext. It hastheattributesdoci d, author, ..., body. Foreachfield
thatmayoccurin a predicatethereis arelation B; with attributest er mi d anddoci d. Theattribute
t er m d is the integer representinghe stemof a word containedn documentdoci d. We mapthe
wordsto integersbecausehis allows for moreefficient index structureqg14]. In otherwords,relation
B, implementgheindex over thefield.

Given this mappingto a relationalschemawe now explain how to expressdocumentinsertion
andretrieval with SQL. Recallthatinsertionandretrieval invocationoccurin a global transaction.In
the following example, we denotethe transactiondoundarieswith explicit BEG N END GLOBAL
TRANSACTI ON (BGT/EGT).

Example 1: SupposeéhattherelationsA, B,pjec:, and Byoq,, — SUbsequentlyeferredto asB; and
B, —residein a singledatabaseThenthe following servicecall andits correspondingsQL statement
retrieve documentshatcontainthewordsd; andd, in thesubjectfield andds in thebodyfield:
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BGT

SELECT * FROM A, Bl bla, Bl blb, B2
VWHERE bla.ternmd = dil

AND blb.termd = d2

AND B2.term d = d3

AND A. docid = bla.docid

BGT

res=Retri eveDocu(
(' subject’,dl),
(' subject’, d2),

(* body”, d3)) AND bla. doci d = bib. docid
EGT AND blb. docid = B2.docid
EGT
Theexpressiorfor insertionof sucha documenivith text ¢ is asfollows:
BGT BGT

| NSERT | NTO A VALUES(t)
| NSERT | NTO B1 VALUES(docid, d1)
| NSERT | NTO B1 VALUES(docid, d2)

res=l nsert Docu(
"subject: di, d2')

EGT EGT

Notethatthel NSERT | NTOstatementi thelatterexpressiorcanappeain ary ordersincethere
is no flow of informationbetweerthe statementsln fact, they couldalsoexecutein parallel. Basedon
this obsenation,we describehe decompositiorof the insertionserviceinto parallelsubtransactions
thefollowing.

ServiceParallelization and Decomposition. For insertionservicecalls, parallelizationis asfollows:

1. For eachrelationmodifiedby aninsertionthereis a separatesubtransaction.

2. We canfurtherdecomposeachof thosesubtransactionsito smallersubtransaction€&achsuch
sub-subtransactidnsertsa numberof tuplesinto therelation. Thosesub-subtransactiomsnrun
in parallel;too.

We implementthesesubtransactionas independentatabasdransactionghat may commit or abort
independentlySubsectior8.4 explainshow we guarante@atomicity.
Example 2: ConsideragainExamplel. Assumethat an insertioninsertsa documentwith text
t. Let this text containthe termsd; andd, bothin the subjectandthe body fields. Thenthe parallel
subtransactionsbracketedy BOT andEOT —areasfollows,accordingo ParallelizationStepsl and2:
BGT
DO I N PARALLEL ({
BOT; | NSERT I NTO A VALUES(t); EOT
BOT; | NSERT | NTO B1 VALUES(d1l); EOT
BOT; | NSERT | NTO B1 VALUES(d2); EOT

BOT; | NSERT | NTO B2 VALUES(d1); EOT
BOT; | NSERT | NTO B2 VALUES(d2); EOT

EGT



3.3 Ensuring Correctnessof Concurrent DocumentServiceTransactions

This subsectiordescribeshe concurreng controlmechanismsf our system.

With documenenginesglobaltransactiongonsistof oneor moredocumenservicerequestsThe
systenctannokexecutetransactionsoncurrentlyin anarbitrarymannebecausef conflicts[25]. For our
documenengine,aninsertionservices; andaretrieval services, conflictif andonly if the document
of s; qualifiesfor the queryof s, andbothservicedelongto differenttransactionsSerializabilityof a
scheduleyields correctexecutions.

We have applieda semantidwo-phase-lockingprotocol. Eachserviceinvocationof a transaction
dynamicallyacquireghe neededocks andreleaseshemat the endof the transaction For documents,
this works asfollows: we representachrequestby a bitstring signature[8]. In moredetail, we map
eachnon-trivial stemof the documenbr the queryto a signaturebit. Thebit is thenset. Recallthata
queryis a conjunctionof predicates Hence,all wordsfrom all patternsof the querymustappeatin a
qualifying document.If aninsertionservicel nsert Docu is invokedthenwe computethe signature
Stgdocins TOr thisservice.Now, let A, denotethebitwise AND operatorand=, thebitwise comparison.
If theequation

StGdocins N2 S1query =2 StGquery

holdsfor ary query currentlyrunningthenwe assumea conflict. | nsert Docu is delayeduntil the
transactionsvith conflictingserviceshave finished.The concurreng controlcomponenkeepsdelayed
requestdn waiting queues,one for insertionand one for retrieval. When a serviceterminatesthe
concurreng control componentchecksthe queuesand schedulesxecution of requestghat are not
longerin conflictwith aconcurrentequestTheanalogougonsiderationsoldif aclientsubmitsanew
gueryto the system.Notethattheremay befalsealarmsfor conflicts. This happensf differentwords
from thequeryandthedocumenbeinginsertedaremappedntothesamebit position.In practiceJong
signatureshelp to prevent from suchsituations. We usesignaturesvith 2!* = 16384 bits. We work
with thesehugesignaturesn orderto not underestimatéhe concurreng control overhead.Even this
conserative approachdoesnot leadto a performanceproblem,asour experimentsrom Section5 on
theschedulingoverheadshow.

Giventhis semanticoncurreng controlatthe servicelevel, we do notneedconflict detectiorat the
level of SQL-subtransaction®ottomlevel in Figurel). While conflictsatthe SQL-statementevel are
possible(pseudo-conflicts}the semanticconflict testensureghat they do not leadto incorrectexecu-
tionsatthedocumenservicelevel.

3.4 Atomicity of DocumentServiceTransactions

Loggingis necessaryo ensureatomicity of insertionservicedn caseof failures. Note thatwe decom-
poseonesingle insertionrequestinto mary parallel databasdransactionghat may commit or abort
independently Our systemmustguaranteeatomicity on two levels: (1) atomicity of a singleservice
requestand(2) atomicity of global transactionshat comprisemorethanoneservicerequest.To this
end,differenttechnique$ave alreadybeenapplied:[22] implementsatomicity by compensatioatthe
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SQL-level. Thatimpliesthatfor eachinsertionstatementhe log managehasto log the compensating
SQL deletestatementor eachtupleinserted.With suchanapproachloggingyieldsa big overheadIn
[17], the authorstacklethis problemasfollows. Theirimplementatiorfirst insertsthe documentext
andthenit updateshe index data. Maintenanceof the index tablesstartsonly if the insertionof the
documenhasbeensuccessfulThis allowsfor forwardrecorery of insertionservicesput parallelismis
restricted.Our approachfavors parallelism thereis no restrictionon the orderof subtransactiondut
theinformationthatwe write to thelog is minimal. In detail,we applythefollowing technique.

To guaranteeatomic serviceexecutions,i.e., (1), we assumehat the componentsare subsystems
with atomictransactionsThis is the casewith nearlyall off-the-shelfdatabaseystems.Futhermore,
we do not distinguishbetweensemanticabortsdue to constraintviolations and technicalabortsbe-
causeof deadlockse.g. The critical casein our setupis now the onewhereonesubtransactioof the
servicesuccessfullcommitsanda secondsubtransactionaborts.In thatcase the systemhasto com-
pensateahe effects of the alreadycommittedsubtransactionTo this end,the insertionservicewrites a
(BOT, tid, docid)-triple to the log beforesubmittingary subtransactionsiWe will explain thetid pa-
rameteiin thefollowing paragraphWhenall subtransactiongrminatesuccessfullyatthe components
or aresuccessfullycompensatedheservicelogsa (EOT, tid, docid)-triple. Both thesetriples bracket
the setof independen8QL subtransactionthat an insertionservicestarts. Eachtuple thatis inserted
carriesthis uniquedocid. Hence,compensatiofior a servicesimply deletesall tupleswith thatdocid.
A missingEOT markerfor some(BOT, tid, docid)-triple meanghatsucha compensatioiis required
eventually Logging BOT and EOT is theresponsibiliy of eachinsertionservice. Distributing these
serviceamongcomponentsilsoallows to distributethelog. Section3.6 providesmoreinformation.

Now we discussatomicity of globaltransactionghat compriseone or more servicerequestsj.e.,
(2). To makea transactiortid atomic,the concurreng controllogs (BGT, tid) and (EGT, tid)-pairs
whenthe transactionstartsandends,respectiely. Theidentifiertid links the servicelevel log to the
global transactiorlog at the coordinator This allows to searchthe servicelevel logs for this ¢:d and
to retrieve the set D of all docids thathave beeninsertedwith thatglobaltransactionIf necessarythe
coordinatorthenusesthis informationto rollback¢:d. To this end,it compensatesachinsertionof a
documentiocid thatis in D.

Thesdoggingmechanismgrovide informationthatalsosufficesfor completecrashrecovery. This
articleomitsdetailson crashrecovery for lack of space.

3.5 DataPlacementAlter nativesfor Documentand Index Tables

The parallelizatiortechniquesliscussedbore allow for ary dataplacemenschemevherea subtrans-
actionrunson onecomponenbnly. This avoidsadistributedcommitprotocolsuchas2PC.ldeally, we

would like to routeeachsubtransactioto a differentcomponent.This maximizesthe degreeof paral-
lelism andhelpsto balancewvorkloadsof the componentiatabassystems.The placementlternatives
thatwe discussarethefollowing ones:

e DI STAB: DIStributingcompleteTABles,



e HASHLOC: HASHingdataitemswith dependencLOCality, and
e HASHCONS: HASHing dataitemsCONSecutrely to componentlatabases.

Thefirst placemenschemeassignseachtableto a differentcomponentdatabase That meansall
dataitemsof entity type A arestoredon thefirst componenandall B; dataitemsresideonthe second
component.Figure 2(a) illustratesthis mechanism.This alternatve is rathereasyto implement. But
with tablesof differentsizesworkloaddistributionis expectedto be suboptimal. Furthermorewith a
limited numberof tablesthis alternative doesnot scalefor componenhumbersiggerthanthat. Hence,
for lack of spacewe do not presentesultsfor DISTAB in thefollowing sections.

The other placementalternatves (HASH*) distribute dataitems at the datalevel, as opposedto
DISTAB thatdistributesat the schemdevel. A hashvaluef of the documentidentifieridentifiesthe
componentvherea dataitem is stored.Thefirst alternatve HASHLOC preseresdependenglocality.
Thatmeanghatthedocumengandits index dataresideat the samecomponent., asFigure2(b) shavs.
The third alternatve HASHCONS (Figure 2(c)) assigngdataitemsof a singledocumento different
componentsif the tuplesfor relation A of a givendocumentesideat a component:, thenthe index
entriesin relationB; of thisdocumentrestoredatcomponenth + i) mod n wheren is the numberof
components.
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Figure 2: (a) Distributing tables (DISTAB) (b) Preservingdependencdocality with Hashing
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Routing of Subtransactions. For insertionservicesdataplacemengffectstheroutingof subtransac-
tionsto componentssfollows. Considera subtransactiothatinsertsinto arelation R.

1. With HASHLOC, all insertionsubtransactionaresentto onecomponent.

2. With HASHCONS, the hashvalue of the documentiD identifiesthe componenbf a subtrans-
actionthatinsertsinto relation A. Othersubtransactionthatinsertinto relation B, aresentto
componenth + i) mod n.

Considemow therouting of subtransactionsf retrieval services.With both HASH placemenalterna-
tives,the systemsendgshe samesubtransactioto eachcomponent.

9



3.6 Designand Implementation using Off-the-shelf Components

Componentsof our Architecture. We have implementedur systemby extendinga standardmid-
dlewareproduct.In our setting,middlewvarefunctionalityadditionallycompriseslocumenprocessing,
datadependendistribution of requestaswell assemanticconcurreng controlandlogging. Hence we
distinguishbetweerstandardniddlevareandour proprietarymiddlevareextensionsn thefollowing.

In moredetail, the standad middlevare transmitsrequestand dataitemsfrom the coordinatorto
the componentsFurthermoreijt helpsto administerthe clusterin termsof remoteprocessstartupetc.
Thisfunctionalityis partof variousstate-of-the-anniddlevareproducts.

Our extension®f the middlevare in turn consistof two separatenodules.Thefirst moduleir_mod
providesthe applicationlogics asdiscusse@bove: term extractionfrom texts, stopwording stemming
andsignaturegeneratiorfor texts. As decompositiorof insertionrequestss application-specificit is
alsopartof ir_mod. ir_mod alsoimplementghe differentplacemenalternatvesanddoesthelogging
attheservicelevel.

The secondmodulecoord_mod carriesout the actualcoordinationof transactionsandservicere-
questsj.e., the semantiaconflict test. Furthermorethe coord_mod modulemaintainsthe globaltrans-
actionlog. An off-the-shelfsoftwareproductthatimplementghis functionalitydoesnot exist. Soboth
modulesareproprietaryimplementations.

With respecto componentiatabassystemsary relationaldatabassystemhatsupportsa C inter-
facefor SQLis applicable.

Servicesand Processes. To explain parallelexecutionof serviceswe distinguishbetweenservices
andprocessesubsequentlyA serviceis theimplementatiorof a specificfunctionality, e.g.,signature
generatiorfor texts, in the form of a binary executable. Startingsuchan executableat a component,
yieldsa proces=f sucha service.Therecanbemary processefor oneservice andthe processesan
evenrun in parallelat differentcomponents.Thereis a single procesdsor coord_mod runningat the
coordinator This is necessaryn orderto keepa globallocking tablefor signaturesin contrastthere
may be an arbitrary numberof processest differentcomponentgor ir_mod functionality. We stress
thatsignaturegeneratioris not partof the coordinator Insteadary componentanperformthis task.

Table1 andTable2 summarizéhe mostimportantservicesof our system.We distinguishbetween
inboundcalls andoutboundcalls: thefirst kind of callsinvokesmethod=f our proprietarymiddlevare
extensions.With outboundcalls, the middlevareextensionanvoke methodsprovided by otherlogical
components.

Interaction of Processes$or ServiceExecution. Figure3 shows theinteractionof the processe$or
aglobaltransactiorthatcomprisesasinglecall to thedocumeninsertionservice.

Theboxesatthetop of thefigure denotethe differentprocessethatparticipaten the processingf
ourexampletransactionNotethattheconcurreng controlprocesg”CC”) —theprocessor coord_mod
— mustresideat the coordinatomode. All otherprocessesanrun atarbitrarynodes.For eachprocess

We usethefollowing shorthandsTX — transactionappl.—application.
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module ‘ inboundservicename description

coordmod | INSSER/(signature) Conflicttestfor aninsertion
coordmod | RETSER/(signature) Conflicttestfor aretrieval
coordmod | BGT(tid) Begin of aglobal TX tid

coordmod | EGT(tid) Endof aglobal TX tid

ir_-mod RETRIEVEDOCU{ (term, field)}) | Retrieval appl.logic interfaceroutine
ir_mod INSERTDOCU(doc) Insertionappl.logic interfaceroutine
ir_mod REQMANAGER Managesequestdor clients

Tablel: Inboundservices

‘ module‘ outboundservicename ‘ description ‘
ir_-mod | MRETDOC(docid) Call SQL sub-TXretrieving adocumentext
ir_-mod | MINSDOC(docid, doc) Call SQL sub-TXinsertinga documentext
ir_-mod | MRETDESG{desc}, field) Call SQL sub-TXretrieving descriptors{desc}
ir_-mod | MINSDESGQ{desc}, field, docid) | Call SQL sub-TXinsertingdescriptordesc}
ir_-mod | GENSIGNext) Generatehe signaturefor text

Table2: Outboundservices

thereis aboldverticalline whentheserviceprocessearequesbr waitsfor responséom otherservices.
Theinteractionof the processes now asfollows:

1. Theclientbaginsa new globaltransactiorandrequests new transactioridentifier¢id from the
concurreng control. The concurreng controlwritesthe BGT markerto its log beforeit delivers
thetid to theclient.

2. The client submitsthe documenttogetherwith the #id to a so-calledrequestmanagerprocess
(REQMANAGER) runningat an arbitrarycomponent.The requesimanagetransparentlynan-
agesall subsequentrocessingf theservicerequest.

3. Therequestmanagelprocesssubmitsthe text to a signaturesener (SignSerer) that generates
thesignatureof thetext (serviceGENSIGN).Signaturegeneratiommequiresto parsethecomplete
documentext, to extractterms,to eliminatethe stopwordsandto do the stemming.

4. Therequesimanagesubmitsthe signatureandthe¢:d to the concurreng control (routine INS-
SERY). The CC checksfor conflictsandblocksthe processaslong asthereare conflictswith
otherongoingdocumenservicetransactions.

5. Afteradmissiorby theschedulertherequestmanageproces$orwardstherequestoanl nsert -
Docu serviceprocess.

6. Thel nsert Docu servicedecomposetheinsertioninto parallelsubtransactionsisdescribedn
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Figure3: Interactiondiagramfor aninsertionservicetransaction

Subsectior8.2. Before submittingthe subtransaction® the correspondingervices) nsert -
Docu writesaBOT log marker Thenit startsthe subtransactions.

7. After completingall subtransaction$,nser t Docu logsthe EOT.
8. Then,theservicereturnsits resultto theclient.

9. Theclientmaynow submitfurtherrequestsvithin thesameransactionln ourexample,it simply
stateghe endof its transactiorand sendsthis messagéo the concurreng control. The concur
reng/ controlin turnreleasesill locksfor thetransactiorandwritesthe EGT markerto thelog.

4 Experimental Setup

This sectiondescribesour experimentsto assesshe scalability of the systemandto evaluatethe dif-
ferentplacementlternatves. In all experimentswe have generatedgtreamsf insertionsandqueries.
Theseclient streamswere run at a workstationthat was not part of the databaseluster In mostof
our experimentsevery | nsert Docu or Ret ri eveDocu invocationof sucha streamis a transac-
tion, i.e., signaturelocks are requiredandloggingis performed. Theseartificially shorttransactions
minimize the time thata servicerequestmustwait for a signaturedock grantbecausdransactiongre
shortandlocksreleasedvith the endof transaction.This simplificationis sufficient, wheninteracting
with searchenginesin the commonway. We have conductedurther experiments wherewe investi-
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tablename description sizein tuples
TP_LIB documentext table 139, 064
IL_TP_LIB_COMBINED | index onthecombinedield | 13,714,066
IL_TP_LIB_BODY index onthebodyfield 12,745,188
IL_TP_LIB_SUBJECT index onthe subjecffield 483,207

Table3: Numberof tuplesfor the completecollection

gateglobaltransactionshat may consistof morethanonerequest.We presensomeof our findingsin
Sectionb.

Documents. Thedocumentollectionsinsertednto thesystenconsisiof nevs messagesom various
newsgroups.For our experimentswe took a completesnapshobf the usenenensgroupssener atthe
ComputerScienceDepartmenbf ETH Zurich asof endof October1999. After eliminatingmessages
thathadonly binarycontentthecollectionconsisteaf 139, 000 textual nevs documentsThecomplete
amountof this textual datawas800MB of ASCII text. Inititally, we have loadedour documeningine
with thesedocumentsEachof thefollowing experimentsstartedrom this databasstate. Thedatabase
sizewithoutindexeswas1GB and1.7GB with indexes. Thismoreor lesscorrespondo a scalingfactor
of 1 for thetext retrieval benchmarldiscussedh [9]. Table3 shavsthesizesof thebiggestableswvhen
thecompletecollectionis loadedinto a singlecomponentatabassystem.

Another250MB of textual datawith nevs messagebasbeenusedfor theinsertionstreamsin our
experimentstheinsertionstreamselectechenv documentstrandomfrom this data.

Queries. Queriedfor thequerystreamsave beensyntheticallygeneratedrom thetermsof theinitial

documentcollection,in a similar manneras describedn [9]. Queriescompriseoneto five different
gueryterms.The averagdengthof aqueryis 2.1 termswhich correspondso the averagequerylength
atInfoSeek[18]. Thesizeof theresultsetof our querieswvasrestrictedto 1/1000 of the databassize.
Hence,queriesdo not yield morethan140 hits in the collection. Moreover, eachqueryat leastyields
onehit. Thedistribution of queriesto differentindexesrepresentshe sizesof the indexesin termsof

postingsstored.Hence the biggestindex getsmostof the queries.We usedifferentnumbersof terms
perqueryfor our measurements:

e 50% of thequeriedo thesubjectindex have oneterms 40% have two termsand10% threeterms.
For morethan3 terms,thereis nearlyno posting. Hence queriesto the subjectindex with more
than3 termsdo notoccut

e For both the body and the combinedindex, 40% of the queriescompriseone term, 25% two
terms,another5% have threeterms,5% four termsandagain5% have five terms.Thisyieldsan
averagequerylengthof 2.1 terms.

Queriesarerandomlytakenfrom a setof 155, 187 queries.Figure4 givesa moredetailedview of the
gueryset.For thedifferentindex types,it shavsthe numberof querieswith a givennumberof terms.
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Figure4: Distribution of queries

As performancemetrics we useresponseime, throughputandCPU consumptionln our measure-
ments,globalresponsdime is the time interval from the requessubmissiorto the presentatiorof the
resultsattheclient.

Hardware and Software. We currentlyusePCswith one400 MHz PentiumProcessoandaninter-
faceto a networkwith a datatransmissiorrate of 100 Mbit/sec (switchedduplex Ethernet). All PCs
run the Microsoft Windows NT Sener 4.0 operatingsystemsoftware. We usethe transactiormoni-
tor BeaSystemsTUXEDO V6.5 [4] asthe standardniddlevareproduct. It is well suitedto transmit
high volumesof dataandit is availablefor nearly all operatingsystems. Note that we actually use
only a very small subsetof its features. We useFML buffers (fielded buffers for datatransmission)
andasynchronougvocationmethods.We do not use TUXEDQO’s commit coordinationfunctionality
for XA-compliantdatabasedyecausehis protocolis redundanwith multi-level transactionsit incurs
additionaloverheadasshonn in [17]. Our systemusesORACLE 8.0.4to storethe applicationdata
atthe componentsWe configuredthe databasaystemaswith tablespacesn anIDE andan SCSldisk
drive. Thedatabaséuffer holdsa maximumof 20,000blocksof 2K size.

4.1 Performanceof Retrieval and Insertion Services

One of the main issuesof this currentwork is to provide interactve responsdimes for concurrent
documenserviceexecutions.We have measuredesponségimesfor insertionandretrieval requests.
The spaceof experimentsnow hasthreeorthogonaldimensions:

e Pl acenment Alternatives: We have consideredhe placemenglternatvesHASHCONS
andHASHLOC.

e Cluster Size: In orderto explore the speedupwith the differentplacementalternatves,
we have testedthe systemwith 1, 2, 4 and 8 workstations. One of thesecomponentsvasthe

14



coordinatoratthe sametime. Themonolithicconfiguratiorwith only oneworkstationsenesasa
referencepoint.

e Wrkl oad Patterns: Theperformancef theplacementlternatvesdepend®n the work-
load pattern. A vector (e, b) denoteghe systemworkload,wherea andb representhe number
of concurrentinsertionand retrieval requestsrespectiely. Thatis, therearea clientshaving
submittedan insertionandb clientswith a retrieval request.Eachclientimmediatelysubmitsa
new requestwvhenit hasreceved the responsdrom the previousone. Subsequentlywe referto
theseclientsasstreamsWe call anexperimentthatwe conductedor a particularvector suchas
(5,5), arun. Theworkloadvectorsof the experimentsare (0, 1), (1,0), (1, 1), (5,5), (10, 10),
(20,20), (30, 30), (40,40), (50, 50), (60,60) and(70, 70). Eachinsertionrequesinsertsaround
400 tuplesto theindex tablesandinsertsthe documentext. Note,that70 insertionrequestson-
currentlywith 70 retrievalsis a heary workload,especiallybecausdothrequestypesbasically
operateon the samedata. On anotherevel, we conductedadditionalrunsfor the read-intensie
workloads(1, 100) and(1, 150).

4.2 Coordination Overhead

Our experimentssofar do not statehow mary resourcegachcoordinationspecifictaskconsumesin
particular they do notrevealwhetherthe coordinatoiis a bottleneck.

A secondseriesof experimentquantifiesthis overhead We conductedheseexperimentswith the
HASHCONSplacemenalternatve andconsideredhefull rangeof workloadsasdiscussegbreviously.
Themetricsthatwe usein thesesxperimentsareasfollows: we determinghe CPUconsumptiorof the
coordinatorprocessand compareit to otherprocessesAdditionally, we determinethe fraction of the
averageresponsegime of a serviceinvocationthatthe coordinatorprocessspenddor conflict testand
logging. We comparethis to the coordinationoverheador long transactionshat we introducein the
following Subsection.

4.3 Evaluation of Global Transactions

Oursystenmhasbeendeveloppedo supportransactionsf documenservicerequestsWith our previous
setupswe have not investigatedhis aspectin quantitative terms. With the experimentsdescribedn
this subsectionwe investigatehow comple transactionsvith multiple serviceinvocatoinsperform
comparedo shorttransactionsvith only oneserviceinvocation.To thisend,we have changedheclient
streamsFor the experimentswith the shorttransactionsglientsdeclarea transactionsubmita request,
andendthe transaction.In the settingfor long transactionsinsertionclientsnow declaretransactions
thatcomprisewo insertionrequestsRetrieval transactions- aswith shorttransactions- only comprise
a singleretrieval request. Additionally, we have applieda wound-and-waiprotocol [5] in the long
transactiorsetting. Thatis, insertionrequestsvait for a lock grant. Retrieval insteaddoesnot wait,
the coordinatorefusesequestandthe client hasto repeatthe request. This avoids deadlocks.In the
experimentalkectionwe will reportonresponséimesfor longandshorttransactions.
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5 Outcomeand Discussionof Experiments

5.1 Experimentsfor Responseélimesand Throughput

Insertion Responselimes. Figures5 and6 show the graphsfor the differentclustersizesandthe
HASHCONSplacemenslternatve. Theresponséimesin 5 increasenearlylinearly from low to high

workloadsfor all clustersizes. This is what we would expect: with increasingworkloads,more con-
currenttransactionsompetefor the restrictedsystemresourcesmainly disk 1/0. This leadsto poor
responsdimes: insertionresponsdaimesreachan unbearableaverageof 93 secondser servicein-

vocationfor high workloadswith 1 component.As a rule of thumb, doubling the workload doubles
the responsdime for aninsertion. Increasingthe numberof componentdeadsto significantlybetter
responséimes.

With 8 componentsyorkloadssuchas(20,20)do notexceeds secondé$n averageresponse
time.

A similar obsenation holdsfor throughput.All curvesin Figure6 arenearlyconstantwith work-
loadsof (5,5)andhigher Thatis, alreadywith (5,5) the systemcomesvery closeto its point of satura-
tion. At thatpointafurtherincreasef theworkloaddoesnotleadto anincreasen throughput Another
obsenrationis thatadmittinga singlereaderconcurrentlyto aninsertionreduceshroughputonly for
clustersizesup to 4 nodes.Figure 6 nicely shows thatthis is no longerthe casefor big clustersizes:
with 8 componentsthroughputdoesnot decreasevhenadmittingretrieval — thatis moving from the
workload(1,0)to (1,1). The otherplacemenalternatve HASHLOC leadsto similar responsé¢imesas
Figure9 and10shaws.

Retrieval ResponselTimes. The generalbehaiour of retrieval responsdimesfor increasingwork-
loadsis similar to that of insertionrequests:with increasingworkloads,responsdimesincreasess
well —for the samereasonsswith insertions.Figures7 and8 shows therespectie curves. The other
obsenationis thatretrieval responseéimesaregenerallyabouthalf of the responsegimesfor insertions
with highworkloads.

A clusterof 8 nodesyields averageretrieval responsdimes of lessthan 5 secondsor
relatively highworkloadssuchas(30,30)or (40,40).

Thisfacilitatesworking with the systeminteractvely.

5.2 Experimentsfor Speedup

Table4 andTable5 showv the speedumf responséimesin relationto a setupwith only onecomponent.
The speedugfor low workloadsis lessthan linear for both placemenialternatves. Ideally, one

would expecta speedumf 4 whengoingfrom 1 to 4 componentsln the caseof thelow workload(1,1)

the speedups below 3 for 4 componentsandbelov 5 for 8 components.For the workload (20,20),
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4 Components 8 Components
workload | HASHCONS | HASHLOC | HASHCONS | HASHLOC

(1,1) 2.86 2.21 4.63 2.79
(20,20) 4.93 4.57 10.01 9.95
(40, 40) 4.34 4.89 8.77 9.02

Table4: Insertionspeedup

4 Components 8 Components
workload | HASHCONS | HASHLOC | HASHCONS | HASHLOC
(1,1) 3.15 3.41 3.63 4.40
(20,20) 5.81 5.88 8.90 7.98
(40, 40) 4.79 4.37 7.02 7.01

Table5: Retrieval speedup

the speedupbothfor insertionandretrieval is morethanlinear. E.g.,for 8 componentsthe insertion
speedups 10 andfor retrieval it is closeto 9 for the HASHCONSplacemenalternatie.

Figurell representshe increasdén maximumthroughputwhenincreasinghe numberof compo-
nents. Figure 11 shaws that insertionthroughputincreasesiearly linearly: doubling the numberof
componentsloublesthe throughput. For retrieval, the situationis a bit more differentiated:with 1, 2
and4 componentshereis alinearincrease But from 4 to 8 componentshe gainin throughputs less
thanlinear. Thisis not surprisingbecausevith aretrieval requesteachcomponentasto procesghe

query

With insertions,doublingthe numberof componentgjields a speedupof 2 or more for
mediumto highworkloads.At least,it alsodoubleghethroughputWith retrieval, speedup
andincreaseof throughputarelessthanlinear.

5.3 Coordinator Overhead

Figure12 andFigure 13 depictthe CPU consumptiorof the mostCPU-intensre processesor differ-
entworkloadswith 8 componentsThe curve for "GTXMgmt” representshe CPUconsumptiorof the
centralizedcoordinatomprocesghatdoesthe conflict testandperformslogging for globaltransactions.
Figure12 alsoshowvs the CPUrequirement®f the ORACLE databassystem.Clearly ORACLE con-
sumessomeordersof magnitudemoreprocessingowerthanary of theotherprocessegrigurel3only
containsprocesse$rom our middlevare extensions. Hence,the CPU consumptiorof the ORACLE
processebasbeenomitted. The graphshavs thatthe coordinatomproces§GTXMgmt) haslittle CPU
requirementsThatis, within the900second®f a (70,70)measuremernunfor a clusterwith 8 compo-
nents,GTXMgmt consume®nly 27 CPUsecondsORACLE insteadneedsabout148 CPUsecondst
onecomponent.
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workload | retrievaltime | retrieval ccfraction | insertiontime | insertioncc fraction
seconds seconds10~3 seconds seconds10~3
(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
(1,200) 4,94 0.0061 4.79 0.372
(1,150) 7.38 0.009 6.46 1.223

Table6: Singlerequestransactionsresponsgime fractionsspentin the concurreng control

We now discusghe impactof secondayerconcurreng controlontorequestesponsédimes. Table
6 shaws the averageresponsdimesin seconddor retrieval and insertionrequestdor the different
workloadsof the8 componensetup.Thetablealsoshavsthefractionsof theresponséimesfor second
layertransactiormanagemen the coordinator In contrast,Table7 givesthe valuesfor transactions

with eithera singleretrieval requesbr two insertionrequests.

The responsdimes for processinghe documentrequestsarein the order of secondor
more. The fraction spentfor concurreng control and global logging is belov one milli-
secondn mostcases.

Thatmeanghatthe performancempactof centralizedcomputationss not significantin our particular

setting.
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workload | retrievaltime | retrieval ccfraction | insertiontime | insertioncc fraction
seconds seconds10~3 seconds seconds10~3

(1,1) 0.42 0.004725 0.52 0.0062

(20,20) 2.95 0.25 451 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 0.225 459 0.337

(1,150) 7.97 0.14 8.02 0.29

Table7: Multi-requestiransactionsresponséime fractionsspentin concurreng control

5.4 Evaluation of Global Transactions

Figurel4showvstheoutcomeof ourexperimentdor globaltransactionsnaclusterwith 8 nodes Figure
14 shavsresponsgimesfor differentworkloads.

Responsémesareonly minimally affectedby introducinglong globaltransactiongn our
setting.

This is a nicefinding, asit allows the userto decidefreely uponhaving transaction®r not. Defining
long global transactiongloesnot degradethe performanceof his application. Hence,ary decision
abouttransactiorpropertiesonly hasto considerthe needsof the application,and not the impacton
performance.

Summary of our Findings. For ary HASH alternatve,increasinghenumberof component¢eadsto
a significantspeedumf bothinsertionandretrieval, asSubsectiorb.2 shaws. It is particularlyhighin
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Figure13: CPUconsumptiorof the differentprocessesf our architecturevith 8 componentsvithout
ORACLE

mediumworkloadsituations.The systemhasinteractive responsgimeswith anappropriatsnumberof
component$or mediumworkloads(Subsectiorb.1).

Delegating the application-specifioperationgo othernodesgivesrise to good scalability asthe
experimentsrom Subsectiorb.3 shav. The overheadntroducedby semanticconcurreng controland
loggingin the coordinatoiis minimal evenfor hundredconcurrentetrieval request®r for mixedwork-
loads.

Anotherfinding from our experimentghatwe do notdescribeherefor lack of spaces thatdataand
workloaddistributesevenly in the cluster Thisyieldsa goodloadbalancingfor our system.

6 Conclusions

Performancef documentsearchandindexing enginesemainsanimportantresearchssue.Our con-
tributionis the designandimplementatiorof anenginethatsupportsconcurrentacces®f retrieval and
insertion.Insertionalsocomprisedhe updateof theindex data.Hence index datais alwaysup-to-date
in our setting.Theengineis implementedn top of a databaselusteron PCs.Mappinginformationre-
trieval functionalityto relationaldatabassystemsupportdoth SQL queriesontherelationalattributes
aswell asretrieval onthetextual attributesof the data.

A clusterof databaseis promisingwith respecto scale-outWith acoordination-basearchitecture,
thereis a coordinatorclusternodethat manageshe distributedprocessingt the otherclusternodes—
thecomponents.

With ourdesign theimplementatiorof the coordinatoiis asslim aspossible Only necessarilgen-
tralizedprocessings actuallydoneatthe coordinator We split thedocumenserviceprocessinguchas
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term extractionandstemminginto independentunctionality. We have implementedhat functionality
with independenprocessesywhich we replicatearbitrarily amongclusternodes. This distributesthe
workloadandallows to processa requestin parallelon several nodes. Furthermore pur coordinator
appliesmulti-level-transactionsHence,it increaseparallelismof the requesiprocessingvithout sac-
rificing correctnessWe avoid a two-phasecommitprotocolover the componentatabaseandprovide
anefficient proprietaryimplementatiorof loggingfor documenservices.

In our experimentsyve have shavn thatalreadywith 8 componentsur systenyieldsresponsémes
of lessthan5 secondgor workloadssuchas 30 insertionclient streamsunningconcurrentlywith 30
retrieval client streams.The coordinationoverheador documentservicetransactionss in the orderof
milliseconds whereagesponsgimesfor documenservicesarein the orderof secondsFurthermore,
speedumf insertionserviceprocessings linear whenwe increasethe numberof components.The
speedumf retrieval serviceds lessthanlinear.

Generally we concludethata clusterof databasess well suitedasaninfrastructurefor managing
largeamountsof derived,redundanbr replicateddata. Thisis anissuefor managemenaf materialized
views suchasdatacubes.ary index data,andinvertedlists for documentetrieval. Fromthe findings
in our setting,we concludethat our approachs analogoushapplicableto the othercaseswith similar
goodresults.

Acknowledgement We wantto thankJim Grayfor mary discussionsiboutclustersof databases.
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