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Abstract. Signaturesarebit strings,whicharegeneratedby applyingsomehashfunctionon someor
all of the attributesof an object.The signaturesof the objectscanbe storedseparatelyfrom the ob-
jectsthemselves,andcanlaterbeusedto filter out candidateobjectsduringperfectmatchqueries.In
anobject-orienteddatabasesystem(OODB) usinglogical OIDs, anobjectidentifier index (OIDX) is
neededto mapfrom logicalOID to thephysicallocationof theobject.In this reportwe show how the
signaturescanbestoredin theOIDX, andusedto reducetheaverageobjectaccesscostin asystem.We
alsoextendthisapproachto transactiontimetemporalOODBs(TOODB),wherethisapproachis even
morebeneficial,becausemaintainingsignaturescomesvirtually for free.Wedevelopacostmodelthat
weuseto analyzetheperformanceof theproposedapproaches,andthisanalysisshowsthatsubstantial
gaincanbeachieved.
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1 Intr oduction

A signatureisabit string,whichis generatedbyapplyingsomehashfunctiononsomeorall of theattributes
of an object.1 Whensearchingfor objectsthat matcha particularvalue,it is possibleto decidefrom the
signatureof anobjectwhethertheobjectis a possiblematch.Thesizeof thesignaturesis generallymuch
smallerthanthesizeof theobjectsthemselves,andthey arestoredseparatefrom theobjectsthemselves,
in signaturefiles.By first checkingthesignatureswhendoingaperfectmatchquery, thenumberof objects
to actuallyretrievecanbereduced.

Signaturefileshavepreviouslybeenshown to beanalternativeto indexing,especiallyin thecontext of
text retrieval.Signaturefilescanalsobeusedin generalqueryprocessing,althoughthis is still animmature
researcharea.

Themaindrawbackof signaturefiles, is thatsignaturefile maintenancecanberelatively costly, every
time thecontentsof anobjectchanges,thesignaturefile hasto beupdatedaswell. To bebeneficial,ahigh
readto write ratio is necessary. In addition,highselectivity is neededatquerytime to make it beneficialto
readthesignaturefile, in additionto theobjectsthemselves.

In thisreport,wefirstshow how signaturescanbeincorporatedinto traditionalobject-orienteddatabases
(OODBs),second,we show how they canhow they canbeusedin temporal OODBs,with only marginal
maintenancecost.

Everyobjectin anOODBis uniquelyidentifiedby anobjectidentifier(OID). To do themappingfrom
logical OID to physicallocation,anOID index (OIDX), oftena B-treevariant,is used.2 Theentriesin the
OIDX, which we call objectdescriptors (OD), containsthephysicaladdressof theobject.Becauseof the
way OIDs aregenerated,OIDX accesseshave often low locality, i.e., often only oneOD in a particular
OIDX leaf nodeis accessedat a time. This meansthatOIDX lookupscanbecostly, but they have to be
doneevery time an object is to be accessed(aswill be explainedlater, the lookup costcanbe reduced

1 Notethatsignaturesarealsooftenusedin othercontexts,e.g.,functionsignaturesandimplementationsignatures.
2 SomeOODBsavoid theOIDX by usingphysicalOIDs. In thatcase,theOID givesthephysicaldisk pagedirectly.

While this potentiallygivesa higherperformance,it is very inflexible, andmakestasksasreclusteringandschema
managementmoredifficult.



by employing OD caching).However, OIDX updatesareonly neededwhenanobjectis created,because
updatesto objectaredonein-place,sothatthemappinginformationin theOIDX is still valid. Only when
anobjectis moved,or deleted,theOD in theOIDX needsto beupdated.needsto be

Our approachto reducetheaverageaccesscostsin thesystem,is to includethesignatureof anobject
in the OIDX itself. This meansthat the OD now alsoincludesthe signature,in additionto the mapping
information.Whenwe later do a valuebasedsearchon a set,we canin many casesavoid retrieving the
objectsthemselves,in many cases,checkingthesignaturein theOD is enoughto excludeanobjectduring
a perfectmatchsearch.TheOD will have to beretrievedanyway, becauseit is neededto find thephysical
locationof theobject,sothereis no additionalcostto retrieve theOD, comparedto not usingsignatures.
Storingthesignaturein theOIDX increasesthesizeof theOD, andthesizeof theOIDX, andmakesan
OIDX updatenecessaryevery timeanobjectis updated,but aswewill show laterin this report,in spiteof
thisextracost,it will in mostcasesbebeneficial.

A context wherestoringsignaturesin theOIDX is evenmoreinteresting,is transactiontimeOODBs
(TOODBs).In a TOODB, objectupdatesdo not make previous versionsunaccessible.On the contrary,
previousversionsof objectscanstill beaccessedandqueried,anda systemmaintainedtimestampis as-
sociatedwith every objectversion.This timestampis thecommit time of the transactionthatcreatedthis
versionof the object.In a non-temporalOODB, theOIDX updatewould not be necessaryif we did not
want to maintainsignatures.In a TOODB, on the otherhand,the OIDX mustbe updatedevery time an
objectis updated, becausewe adda new version,andthe timestampandthephysicaladdressof thenew
versionneedsto be insertedinto the index. This is an importantobservation.Introducingsignaturesonly
marginally increasestheOIDX updatecosts,becauseof thelow locality onupdates,it is thediskseektime
thatdominates,theincreasedsizeof theODsis of lessimportance.Thismeansthatwith thisapproach,we
canmaintainsignaturesat a verylow cost,andthatbyusingsignatures,oneof thepotentialbottlenecksin
anTOODB,thefrequentandcostlyOIDX updates,canbeturnedinto anadvantage!

Theorganizationof therestof thereportis asfollows.In Sect.2 wegiveanoverview of relatedwork.
In Sect.3 wegiveabrief introductionto signatures.In Sect.4 wedescribeindexingandobjectmanagement
in a TOODB. In Sect.5 we describehow signaturescanbe integratedinto OID indexing. In Sect.6 we
developa costmodel,which we usein Sect.7 to studytheperformancewhenusingsignaturesstoredin
the OIDX, with differentparametersandaccesspatterns.In Sect.8 we describehow the advantagesof
signaturescanbefurtherincreasedin queryprocessing,andfinally, in Sect.9, we concludethereportand
outlineissuesfor furtherresearch.

2 RelatedWork

Severalstudieshave beendonein usingsignaturesasa text accessmethods,e.g.[1,6,7,12,19,20]. Less
hasbeendonein usingsignaturesin ordinaryqueryprocessing,but signatureshavebeenusedin querieson
set-valuedobjects[9–11]. Studiesandcomparisonsof differentsignaturefile organizationscanbefound
in [8,18], anda performanceevaluationof dynamicsignaturefile methodsis givenin [20].

Wehavein apreviouspaperdevelopedacostmodelof OID index lookupcostin non-temporalOODBs,
andstudiedhow memorycanbebestutilizedin bufferingof OIDX pagesandindex entries[16]. Thisstudy
wasextendedto temporalOODBs[17].

We do not know of any OODB wheresignatureshave beenintegrated,but we plan to integratethe
approachesdescribedin this reportin theVagabondparallelTOODB[15].

3 Signatures

In this sectionwewill describesignatures,how they canbeusedto improvequeryperformance,how they
aregenerated,andsignaturestoragealternatives.

A signatureis a bit string, generatedby applyingsomehashfunction on the object,or someof the
attributesof theobject.By applyingthishashfunction,wegetasignatureof

�
bits,with � bitssetto 1. If

wedenotetheattributesof anobjectas �������	�
����������	� , thesignatureof object � is:����������� ���
���������� �
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where� � is ahashvaluegeneratingfunction,and � � ������!� � aresomeor all of theattributesof theobject.
Thesizeof thesignatureis usuallymuchsmallerthantheobjectitself.

3.1 UsingSignatures

A typical exampleof theuseof signaturesis a queryto find all objectsin a setwheretheattributesmatch
a certainnumberof values: �"� �$# �
������������ �%# �
Thiscanbedoneby calculatingthequerysignature��& of thequery:��'"�(����� �"� �%# �
������)����� �$# � �
Thequerysignature��& is thencomparedto all thesignatures��� in thesignaturefile to find possiblematch-
ing objects.A possiblematchingobject,adrop, is anobjectthatsatisfiestheconditionthatall bit positions
setto 1 in thequerysignature,alsoaresetto 1 in theobject’ssignature.Thedropsformsasetof candidate
objects.An objectcanhave a matchingsignatureevenif it doesnot matchthevaluessearchedfor, soall
candidateobjectshaveto beretrievedandmatchedagainstthevaluesetthatis searchedfor. Thecandidate
objectsthatdoesnotmatcharecalledfalsedrops.

3.2 SignatureGeneration

Themethodsusedfor generatingthesignaturedependson theintendeduseof thesignature.We will now
discusssomerelevantmethods.

WholeObjectSignature. In thiscase,wegenerateahashvaluefrom thewholeobject.Thisvaluecanlater
beusedin a perfectmatchsearchthatincludesall attributesof theobject.

One/MultiAttributeSignatures. Thefirst method,wholeobjectsignature, is only usefulfor a limited setof
queries.A moreusefulmethodis to createthehashvalueof only oneattribute.Thiscanbeusedfor perfect
matchsearchonaspecificattribute.Often,asearchis onperfectmatchof asubsetof theattributes.If such
searchesareexpectedto befrequent,it is possibleto generatethesignaturefrom theseattributes,againjust
lookingat thesubsetof attributesasasequenceof bits.Thismethodcanbeusedasafiltering techniquein
morecomplex queries,wheretheresultsfrom thisfiltering canbeappliedto therestof thequerypredicate.

SuperimposedCodingMethods. The previous methodsarenot very flexible, they canonly be usedfor
querieson thesetof attributesusedto generatethe signature.To beableto supportseveral querytypes,
that do perfectmatchon differentsetof attributes,a techniquecalledsuperimposedcodingcanbeused.
In this case,a separateattributesignaturefor eachsignatureis created.Theobjectsignatureis createdby
performinga bitwiseOR oneachattributesignature,for anobjectwith 3 attributesthesignatureis:� � �%� � � �+*,� OR � � � ���� OR � � � �	���
This resultsin a signaturethat canbe very flexible in its use,andsupportseveral typesof queries,with
differentattributes.

Superimposedcodingcanalsobeusedon a set-attributes(attributesin anobjectthatarethemselvesa
set).A signatureis createdfor eachmemberof theset.ThesesignaturesareOR-edtogetherto createtheat-
tributesignature[9,11]. By usingthis technique,queriesof thetypeis-subset, has-subset, has-intersection
and is-equal, canbe answeredefficiently, in many caseswith lesscostthanalternativesas,e.g.,usinga
nestedindex (a B-treevariantwherethe leaf nodesentriesarecomposedof a key valueandtheOIDs of
theobjectsthathave thiskey valuein theindex nestedattribute).
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Signaturesfor FastText Access.Fasttext accesshasbeenthemainapplicationof signatures.In this case,
thesignatureis usedto avoid full text scanningof eachdocument,for examplein asearchfor certainwords
occurringin a particulardocument[6].

In thecaseof documents,therecanbemorethanonesignaturefor eachdocument.Thedocumentis
first dividedinto logicalblocks,whicharepiecesof text thatcontainaconstantnumberof distinctwords.A
wordsignatureis createdfor eachword in theblock,andtheblocksignatureis createdby OR-ingtheword
signatures.Whensearchingfor documentscontainingoneor moreparticularwords,eachblock signature
is comparedwith thequerysignature(thesignaturegeneratedfrom thequerywords).Theresultsetis the
documentsthathaveblocksmatchingthequerysignature.Becauseeachblockhasafixedsize,thenumber
of signaturesfor a certaindocumentdependson thesizeof thedocument,or moreexactly, thenumberof
distinctwordsin thedocument.

3.3 SignatureStorage

Traditionally, thesignatureshavebeenstoredin separatefiles,outsidetheindexesandobjectsthemselves.
Thefile(s) contains�� for all objects� in therelevantset.Thesizeof thesefiles is in generalmuchsmaller
thanthesizeof therelation/setof objectsthatthesignaturesaregeneratedfrom,andascanof thesignature
file(s) is muchlesscostlythanascanof thewholerelation/setof objects.Two well-know storagestructures
for signaturesareSequentialSignatureFiles (SSF)andBit-SlicedSignatureFiles (BSSF),lessusedarethe
dynamicsignaturefile methods.In thesimplestsignaturefile organization,SSF, thesignaturesarestored
sequentiallyin afile. A separatepointerfile is usedto providethemappingbetweensignatureandobjects.
In an OODB, this file will typically be a file with OIDs, onefor eachsignature.During eachsearchfor
perfectmatch,thewholesignaturefile hasto beread.Updatescanbedoneby updatingonly oneentryin
thefile.

With theotherapproachBSSF, eachbit of thesignatureis storedin a separatefile, so thatwith a sig-
naturesize

�
, thesignaturesaredistributedover

�
files, in steadof 1 file asin theSSFapproach.This is

especiallyusefulif we have largesignatures.In this case,we only have to searchthefiles corresponding
to thebit fieldswherethequerysignaturehasa “1”. This canreducethesearchtime considerably. How-
ever, eachupdateimplies updatingup to

�
files, which is very expensive. So, even if retrieval costhas

beenshown to be muchsmallerfor BSSF, the updatecostis muchhigher, 100-1000timeshigheris not
uncommon[9]. Thus,BSSFbasedapproachesaremostappropriatefor relatively staticdata.

Severalimprovementsof theBSSFhavebeenproposed,mostof themimply someverticalor horizontal
decomposition[8,10]. Variantsthatusessignaturecompressionandmulti level signaturesalsoexist.

To bettersupportinsertions,deletions,andupdates,severaldynamicsignaturefile methodshave been
propose[20]. Thesearemultiway treevariantsandhashfile variants.

3.4 FalseDrop Probability

The purposeof this report is to show the benefitsof usingsignaturesin the OIDX, so we will restrict
this analysisto attribute matches,usingthe superimposedtechnique.The falsedrop probability whena
signatureis generatedfrom - attributesis [7]:�/. �0�
12 �435� where� � �7698 2-
In thecaseof a text document,- is thenumberof distinctwordsin a block.

4 TOODB Object and Index Management

We startwith a descriptionof how OID indexing andversionmanagementcanbedonein a TOODB.This
brief outline is not basedon any existing system,but the designis closeenoughto make it possibleto
integrateinto currentOODBsif desired,andit will alsobe usedasa basisfor the OID indexing in the
VagabondTOODB.
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4.1 Temporal OID Indexing

In a traditionalOODB, theOIDX is usuallyrealizedasa hashfile or a B : -tree,with ODsasentries,and
usingtheOID asthekey. In aTOODB,wehavemorethanoneversionof someof theobjects,andweneed
to beableto accesscurrentaswell asold versionsefficiently. Ourapproachto indexing is to haveoneindex
structure,containingall ODs, currentaswell asprevious versions.While several efficient multiversion
accessmethodsexist, e.g.,TSB-tree[13] andLHAM [14], they arenot suitablefor our purpose.We will
never have searchfor a (consecutive) rangeof OIDs, OID searchwill alwaysbe for perfectmatch, and
mostof themareassumedto be to the currentversion.TSB-treesprovidesmoreflexibility thanneeded,
e.g.,combinedkey rangeandtimerangesearch,whichimpliesanextracost,while LHAM canhaveahigh
lookupcostwhenthecurrentversionis to besearchedfor. It shouldbenotedthatthis OIDX is inefficient
for many typical temporalqueries.As a result,additionalsecondaryindexescanbeneeded,of whichboth
TSB-treeand LHAM are good candidates.However, the OIDX is still needed, to supportnavigational
queries,oneof themainfeaturesof OODBscomparedto relationaldatabasesystems.

In this report,we assumeoneOD for eachobjectversion,storedin a B : -tree.We includethecommit
timeTIME in theOD, andusetheconcatenationof OID andtime,OID ; TIME, astheindex key. By doing
this, ODs for a particularOID will be clusteredtogetherin the leaf nodes,sortedon commit time. As a
result,searchfor thecurrentversionof aparticularOID aswell asretrieval of aparticulartime interval for
anOID canbedoneefficiently.

Whena new object is created, i.e., a new OID allocated,its OD is appendedto the index treeas is
donein thecaseof theMonotonicB : -tree[5]. Thisoperationis veryefficient.However, whenanobjectis
updated, theOD for thenew versionhasto beinsertedinto thetree.

4.2 Temporal Object Management

In a non-temporal(one-version)OODB, spaceis allocatedfor an objectwhen it is created,andfurther
updatesto theobjectaredonein-place.This impliesthatafteranobjectupdate,thepreviousversionof the
objectis notavailable.Thephysicallocationof thenew versionis thesameasthepreviousversion,hence,
theOIDX needsonly to beupdatedwhenobjectsarecreatedandwhenthey aredeleted.

In a TOODB, it is usuallyassumedthatmostaccesseswill beto thecurrentversionsof theobjectsin
thedatabase.To keeptheseaccessesasefficientaspossible,andbenefitfrom objectclusteringthedatabase
is partitioned,with currentobjectsin onepartition,andthepreviousversionsin theotherpartition,in the
historical database. Whenan object is updatedin a TOODB, the previous versionis first moved to the
historicaldatabase,beforethenew versionis storedin-placein thecurrentdatabase.

We assumethatclusteringis notmaintainedfor historicaldata,sothatall objectsgoinghistorical,i.e.,
beingmovedbecausethey arereplacedby a new currentversion,canbewritten sequentially, something
which reducesupdatecostsconsiderably. TheOIDX is updatedeverytimeanobjectis updated.

Not all thedatain a TOODBis temporal,for someof theobjects,weareonly interestedin thecurrent
version.To improve efficiency, the systemcanbe madeawareof this. In this way, someof the datacan
bedefinedasnon-temporal.Old versionsof thesearenot kept,andobjectscanbeupdatedin-placeasin
anone-versionOODB,andthecostlyOIDX updateis not neededwhentheobjectis modified.This is an
importantpoint:usinganOODBwhichefficiently supportstemporaldatamanagement,shouldnot reduce
theperformanceof applicationsthatdonotutilize thesefeatures.

5 Storing Signaturesin the OIDX

Thesignaturecanbestoredtogetherwith themappinginformation(andtimestampin thecaseof TOODBs)
in theOD in theOIDX. Perfectmatchqueriescanusethesignaturesto reducethenumberof objectsthat
have to beretrieved,asonly thecandidateobjects,with matchingsignature,needto beretrieved.

Optimalsignaturesizeis very dependentof dataandquerytypes.In somecases,we canmanagewith
a very small signature,in othercases,for examplein the caseof text documents,we want a muchlarge
signaturesize.It is thereforedesirableto beableto usedifferentsignaturesizesfor differentkind of data,
andasaresult,weshouldprovidedifferentsignaturesizes.

Themaintenanceof objectsignaturesimplies computationaloverhead,andis not alwaysrequiredor
desired.Whetherto maintainsignaturesor not,canfor examplebedecidedonaperclassbasis.
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6 Analytical Model

Dueto spaceconstraints,wecanonly presentabrief overview of thecostmodelused.For amoredetailed
description,we referto [17].

Ourcostmodelfocusondiskaccesscosts,asthis is themostsignificantcostfactor. In ourdiskmodel,
we distinguishbetweenrandomandsequentialaccesses.With randomaccess,the time to reador write a
pageis denoted<>= , with sequentialaccess,thetime to reador write a pageis <�? . All our calculationsare
basedonapagesizeof 8 KB.

Thesystemmodeledin this report,is a pageserver OODB, with temporaloperationsasdescribedin
thepreviouschapters.To reducedisk I/O, themostrecentlyusedindex andobjectpagesarekeptin apage
buffer of size @ pbuf. OIDX pageswill in generalhavelow locality, andto increasetheprobabilityof finding
acertainOD neededfor amappingfrom OID to physicaladdress,themostrecentlyusedODsarekeptin a
separateOD cacheof size @ ocache, containingA ocacheODs.TheOODBhasatotalof @ bytesavailablefor
buffering.Thus,whenwe talk aboutthememorysize @ , weonly considerthepartof mainmemoryused
for buffering,notmainmemoryusedfor theprogramitself, otherprograms,theoperatingsystem,etc.The
mainmemorysize @ is thesumof thesizeof thepagebuffer andtheOD cache.

With increasingamountsof mainmemoryavailable,buffer characteristicsarevery important,andto
reflectthis,our costmodelincludesbuffer performanceaswell, to calculatethehit ratesof theOD cache
andthepagebuffer. Ourbuffer modelis anextensionof theBhide,DanandDiasLRU buffer model[2]. An
importantfeatureof theBDD model,which make it morepowerful thansomeothermodels,is that it can
beusedwith non-uniformaccessdistributions. Thederivationof theBDD modelin [2] alsoincludesan
equationto calculatethenumberA .

of distinctobjectsoutof a totalof A accessobjects,givenaparticular
accessdistribution. We denotethis equation A . �B'DCE� �
F C � A . ��AG� . In this report,we denotethe buffer hit
probability of an objectpage H/IKJ,L MDNOQP)R , note that even if index andobjectpagessharethe samepage
buffer, thebuffer hit probabilityis differentfor index andobjectpages.

The accesspatternaffects storageand retrieval costsdirectly and indirectly, throughthe buffer hit
probabilities.Theaccesspatternisoneof theparametersin ourmodel,andmodeledthoughtheindependent
referencemodel,i.e.,theobjectsin thedatabasearelogically partitionedinto anumberof partitions,where
thesizeandaccessprobabilityof eachpartitioncanbedifferent.We denotea particularpartitioning � asS � .

In this report,we do not considerthecostof log operations,becausethe logging is doneon separate
disks,andthecostis independentof theothercosts.

To analyzetheuseof signaturesin theOIDX, weneedacostmodelthatincludes:

1. OIDX updateandlookupcosts.
2. Objectstorageandretrieval.

TheOIDX lookupandupdatecostsarecalculatedwith our previouslypublishedcostmodel[17]. The
only modificationdoneto this costmodelis thatsignaturesarestoredin theobjectdescriptors(ODs).As
a consequence,theOD sizevarieswith differentsignaturesizes.In practice,a signaturesin anOD will be
storedasanumberof bytes,andfor this reason,weonly considersignaturesizesthataremultiplesof 8.

The averageOIDX lookup cost, i.e., the averagetime to retrieve the OD of an object, is denoted< oidx lookup, andthe averagetime to do an updateis < oidx update. Not all objectsare temporal,and in our
model,wedenotethefractionof theoperationsdoneontemporalobjectsas H temporal. For thenon-temporal
objects,if signaturesarenotmaintained,theOIDX is only updatedwhentheobjectsarecreated.

6.1 Object Storageand Retrieval CostModel

Oneor moreobjectsarestoredon eachdisk page.To reducethe objectretrieval cost,objectsareoften
placedon disk pagesin a way thatmakesit likely thatmorethanoneof theobjectson a pagethatis read,
will beneededin the nearfuture.This is calledclustering.In our model,we definetheclusteringfactorT

asthe fractionof anobjectpagethat is relevant,i.e., if thereare A M NOQP)R objectson eachpage,and U
of themwill beused,

T � �VXW Y�Z\[^] . If A M NOQP)R`_ 1 � a , e.g.,theaverageobjectsizeis largerthanonedisk
page,wedefine

T � 1 � a .
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ReadObjects.We modelthedatabasereadaccessesas:

1. Ordinaryobjectaccesses,assumedto benefitfrom thedatabaseclustering,and
2. Perfectmatchqueries,whichcanbenefitfrom signatures.

We assumetheperfectmatchqueriesto bea fraction H & 3 of thereadaccesses,andthat Hcb is thefraction
of queriedobjectsthatareactualdrops.Assumingaclusteringfactorof

T
, theaverageobjectretrieval cost,

excludingOIDX lookup,is: <	de R4O . M�I � � 1T A`M N�OfPfR < e R4O . N�OfPfR
wheretheaveragecostof readingonepagefrom thedatabase,whichmayor maynotbein thebuffer, is:< e R4O . NOQP)R �0� 1"g HXIKJ,L MDNOQP)R)�4<h=
Whenreadingobjectpagesduringsignaturebasedqueries,wemustassumewe cannot benefitfrom clus-
tering,becausewe retrieveonly a verysmallamountof thetotal numberof objects.In thatcase,onepage
mustbereadfor everyobjectthatis retrieved:<	d de R\O . M!I � � < e R4O . NOQP)R
Theaverageobjectretrieval cost,employing signatures,is:< e R4O . M�I � � < oidx lookup i � 1"g H & 3 �^< de R\O . M!I � i H & 3 � HcbX< d de R4O . M�I � i � 1"g H/bj� � . < d de R4O . M!I � �
whichmeansthatof the H & 3 thatarequeriesfor perfectmatch,weonly needto readtheobjectpagein the
caseof actualor falsedrops.

UpdateObjects. Updatingcanbe donein-place,with write-aheadlogging (WAL). In that case,a trans-
actioncancommit after its log recordshave beenwritten to disk. Modified pagesarenot written back
immediately, this is donelazily in thebackgroundasa partof thebuffer replacementandcheckpointing.
Thus,apagemaybemodifiedseveraltimesbeforeit is writtenback.

Updatecostswill be dependentof the checkpointinterval. The checkpointinterval is definedto be
thenumberof objectsthatcanbewrittenbetweentwo checkpoints.Thenumberof writtenobjects,Alkc= ,
includescreatedaswell asupdatedobjects.A k�m � H �
R4n A k�= of thewrittenobjectsarecreationsof new
objects,and � A kc= g A kcm � of thewrittenobjectsareupdatesof existingobjects.

Thenumberof distinctupdatedobjectsduringonecheckpointperiodis:Aloqp � A . �B'DCE� �rF C)� A kc= g A kcm �!A M�I ���
Theaveragenumberof timeseachobjectis updatedis:

Asp � A kc= g A kcmA otp
Duringonecheckpointinterval, thenumberof pagesin thecurrentpartitionof thedatabasethatis affected
is: Al= � A otpA M NOQP)R T
This meansthatduringonecheckpointinterval, new versionsmustbe insertedinto A = pages.

T A M NOQP)R
objectsoneachpagehavebeenupdated,andeachof themhavebeenupdatedanaverageof A5p times.For
eachof thesepages,weneedto write H temporalA5p T A M NOQP)R objectsto thehistoricalpartition(this includes
objectsfromthepageandobjectswhowasnotinstalledinto thepagebeforethey wenthistorical),installthe
new currentversionto thepage,andwrite it back.Thiswill bedonein batch,to reducediskarmmovement,
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Set uhvv uhvw uxvy z vv z v w z v y
3P1 0.01 0.19 0.800.640.160.20
3P2 0.0010.0490.950.800.190.01
2P80200.20 0.80 - 0.800.20-
2P95050.05 0.95 - 0.950.05-

Table1. Partitionsizesandpartitionaccessprobabilitiesfor thepartitioningsetsusedin thisstudy.

andbenefitfrom sequentialwriting of thehistoricalobjects.For eachof theobjectupdates,theOIDX must
beupdatedaswell. In thecaseof a non-temporalOODB,wedonotneedto write previousversionsto the
historicalpartition,andtheOIDX needsonly to beupdatedif signaturesareto bemaintained.

Whennew objectsarecreated,anindex updateis needed.Whencreatinganew object,anew pagewill,
onaverage,beallocatedfor every A`M NOQP)R objectcreation.Whena new pageis allocated,installationread
is notneeded.Theaverageobjectupdatecost,excludingOIDX updatecost:

<>n e �9C R M�I � � < oidx update i A = < ? � H temporalAsp T A M N�OfPfR � i A = < = i VX{}|V W Y�Z![^] < =A k�=
Notethatobjectslargerthanonedisk pagewill usuallybepartitioned,andindexedby a separatelarge

objecttree.This hastheadvantagethatwhena new versionis created,only themodifiedpartsneedto be
writtenback,anexampleof how thiscanbedoneis theEXODUSlargeobjects[3].

7 Performance

Wehavenow derivedthecostfunctionsnecessaryto calculatetheaverageobjectstorageandretrievalcosts,
with differentsystemparametersandaccesspatterns,andwith andwithout theuseof signatures.We will
in this sectionstudyhow differentvaluesof theseparametersaffectstheaccesscosts.Optimalparameter
valuesaredependentof themix of updatesandlookup,andthey shouldbestudiedtogether. If we denote
theprobabilitythatanoperationis awrite, as H write, theaverageaccesscostis theaverageof thecostof all
objectreadandwrite operations:< access

�~� 1"g H write �^< lookup i H write < update

Ourgoalin thisstudyis to minimize < access. We measurethegainfrom theoptimizationas:

Gain � 1 a
a � � < �
M!�
M^N C
access g < MDN C

access�< M^N C
access �

where< �
M!�
M^N C
access is thecostif notusingsignatures,and < M^N C

accessis thecostusingsignatures.

7.1 AccessModel

We assumeaccessesto objectsin thedatabasesystemto be random,but skewed(someobjectsaremore
oftenaccessedthanothers),andpartitionedinto a setof logical partitionsasexplainedpreviously, where
eachpartitionhasa certainsizeandaccessprobability. It is difficult to know whatkind of accesspattern
thatwill beexperiencedin TOODBs.It is possibleto do predictionsbasedon currentaccesspatterns,but
we believe that it is quitepossiblethatwhensupportfor temporalfeaturesbecomecommon,application
developerscan utilize thesein new ways.The accesspatternsusedin this report doesnot necessarily
representany of these,but we will usethemto studythegain from usingsignaturesunderwith different
accesspatterns.

We usefour accesspatterns.Thepartitionsizesandaccessprobabilitiesaresummarizedin Table1. In
thefirst partitioningset,wehavethreepartitions,extensionsof the80/20model,but with the20%hotspot
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Table2. Default parameters.
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Fig.1. Costversussignaturesizefor differentaccesspatterns.Non-temporalOODBto theleft, temporalOODBto the
right.

partitionfurtherdivided,into a 1% hot spotarea,a 19%lesshot area,anda 80%relatively cold area.The
secondpartitioningsetresemblestheaccesspatterncloseto whatwe expectit to be in future TOODBs,
with alargecoldset,consistingof old versions.Thetwo othersetsin thisanalysishaveeachtwo partitions,
with hotspotareasof 5%and20%.

7.2 Parameters

We considera databasein a stablecondition,with a total of A objver objectsversions(andhence,A objver

ODsin theOIDX). Notethatwith theOIDX describedin Section4.1,OIDX performanceis notdependent
of thenumberof existingversionsof anobject,only thetotalnumberof versionsin thedatabase.

Unlessotherwisenoted,resultsandnumbersin thenext sectionsarebasedoncalculationsusingdefault
parameters,assummarizedin Table2, andaccesspatternaccordingto partitioningset3P1.

With thedefault parameters,thestudieddatabasehasa sizeof 13 GB. TheOIDX hasa sizeof 3 GB
in thecaseof a non-temporalOODB,and5 GB in thecaseof a temporalOODB (not countingtheextra
storageneededto storethe signatures).Note that the OIDX size is smallerin a non-temporalOODB,
becausein a non-temporalOODB,we have no insertsinto the index tree,only append-only. In thatcase,
we canget a very goodspaceutilization [4]. Whenwe have insertsinto the OIDX, as in the caseof a
temporalOODB,wegeta spaceutilization in theOIDX thatis lessthan a�� ¥§¦ .
7.3 Optimal SignatureSize

Choosingthesignaturesizeis atradeoff. A largersignaturecanreducethereadcosts,but will alsoincrease
theOIDX sizeandOIDX accesscosts.Figure1 illustratesthis for differentaccesspatterns.In this case,
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Fig.2. Costversussignaturesizefor differentvaluesof ¨ . Non-temporalOODB to the left, temporalOODB to the
right.
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Fig.3. Gainfrom usingsignaturesversusmemorysize,for differentaccesspatterns.Non-temporalOODBto theleft,
temporalOODBto theright.

a valueof
� �ª© seemsto beoptimal.This is quitesmall,andgivesa higherfalsedropprobability than

acceptedin text retrieval applications.Thereasonwhy sucha smallsignatureis optimalin our context, is
thatthesizeof objectsis smallenoughtomakeobjectretrievalandmatchlesscostlythanadocument(large
object)retrieval andsubsequentsearchfor matchingword(s),asis thecasein text retrieval applications.

Thesignaturesizeis dependentof - . This is illustratedin Fig. 2. With an increasingvalueof - , the
optimalsignaturesizeincreasesaswell. In ourcontext, avalueof - largerthanone,meansthatmorethan
oneattributecontributesto thesignature,sothatqueriesonmorethanoneattributecanbeperformedlater.

In therestof this study, we will use
�

=8 whenusingusingthedefault parameters,anduse
�

=16,32
and48for - =2, 4, and8, respectively.

7.4 Gain From UsingSignatures

Figure3 showsthegainfrom usingsignatures,with differentaccesspatterns.Usingsignaturesis beneficial
for all accesspatterns,exceptwhenonly avery limited amountof memoryis available.

Figure 4 shows the gain from using signatures,for differentvaluesof - . The gain decreaseswith
increasingvalueof - .

7.5 The Effect of the AverageObject Size

We have chosen128 asthe default averageobjectsize.It might be objectedthat this valueis too large.
Figure5 shows that even with smallerobjectsizes,usingsignatureswill be beneficial.The figure also
showshow thegainincreaseswith increasingobjectsize.
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Fig.4. Gain from usingsignatures,versusmemorysize,for differentvaluesof ¨ . Non-temporalOODB to the left,
temporalOODBto theright.
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Fig.5. Gainfrom usingsignatures,versusmemorysize,for differentaverageobjectsizes.Non-temporalOODBto the
left, temporalOODBto theright.

7.6 The Effect of «�¬ and «�®
Thevalueof H & 3 is thefractionof thereadqueriesthatcanbenefitfrom signatures.Figure6 illustratesthe
gainwith differentvaluesof H & 3 . As canbeexpected,a smallvalueof H & 3 resultsin negativegainin the
caseof non-temporalOODBs,i.e., in this case,storingandmaintainingsignaturesin the OIDX reduces
theaverageperformance.

Thevalueof H/b is thefractionof queriesobjectsthatareactualdrops,theselectivity of thequery. Only
if thevalueof H/b is sufficiently low, will we beableto benefitfrom usingsignatures.Figure7 shows that
signatureswill bebeneficialevenwith a relatively largevalueof H/b .

8 GeneralQuery Processing

Theexampleanalyzedin this reportis quitesimple.A queryfor perfectmatchhasa low complexity, and
thereis only limited roomfor improvement.The realbenefitis availablein querieswherethesignatures
canbe usedto reducethe amountof datato be processedat subsequentstagesof thequery, resultingin
largeramountsof datathatcanbeprocessedin mainmemory. Thiscanspeedupqueryprocessingseveral
ordersof magnitude.

Anothercontext in which performancecanbe improved, is in the caseof setvaluedobjects.For set
valuedobjects,if the signaturesof the setsarestoredin the OIDX, they canbe usedin querieson the
sets.Thiswouldbeanextensionof thework in [9–11],wherethey useseparatesignaturefiles to storethe
signatures.
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Fig.6. Gainfrom usingsignatures,versusmemorysize,for differentvaluesof �x¯4° . Non-temporalOODBto theleft,
temporalOODBto theright.
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Fig.7. Gainfrom usingsignatures,versusmemorysize,for differentvaluesof �x¢ . Non-temporalOODB to the left,
temporalOODBto theright.

9 Conclusions

We have in this reportdescribedhow signaturescanbe storedin the the OIDX. As the OD is accessed
on every objectaccessin any case,thereis no extra signatureretrieval cost.In non-versionedOODBs,
maintainingsignaturesmeansthat theOIDX needsto beupdatedevery time anobjectis updated,but as
theanalysisshows,it will in mostcasespayback,aslessobjectsneedto beretrieved.

Storingsignaturesin theOIDX is evenmoreattractive in TOODBs.In TOODBs,theOIDX will have
to beupdatedon every objectupdateanyway, sothat in this case,theextra costassociatedwith signature
maintenanceis very low.

As showedin theanalysis,substantialgaincanbeachievedby storingthesignaturein theOIDX. We
have donetheanalysiswith differentsystemparameters,accesspatterns,andquerypatterns,andin most
cases,storingtheobjectsignaturesin theOIDX is beneficial.Thetypicalgainis from20to40%.Interesting
to noteis thattheoptimalsignaturesizecanbequitesmall.
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