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Abstract. Signaturesarebit strings,generatedby applyingsomehashfunction
on someor all of theattributesof anobject.Thesignaturesof theobjectscanbe
storedseparatelyfrom theobjectsthemselves,andcanlaterbeusedto filter out
candidateobjectsduring a perfectmatchquery. In an object-orienteddatabase
system(OODB)usinglogicalobjectidentifiers(OIDs),anobjectidentifierindex
(OIDX) is neededto mapfrom logicalOID to thephysicallocationof theobject.
In thispaperweshow how signaturescanbestoredin theOIDX, andusedto re-
ducetheaverageobjectaccesscostin a system.Wealsoextendthis approachto
transactiontime temporalOODBs(TOODB),wherethis approachis evenmore
beneficial,becausemaintainingsignaturescomesvirtually for free.We develop
acostmodelthatweuseto analyzetheperformanceof theproposedapproaches,
andthisanalysisshows thatsubstantialgaincanbeachieved.

1 Intr oduction

A signatureis abit string,which is generatedby applyingsomehashfunctiononsome
or all of theattributesof anobject.1 Whensearchingfor objectsthatmatcha particular
value, it is possibleto decidefrom the signatureof an object whetherthe object is
a possiblematch.The sizeof the signaturesis generallymuchsmallerthan the size
of the objectsthemselves,and they are normally storedseparatelyfrom the objects
themselves, in signaturefiles. By first checkingthe signatureswhen doing a perfect
matchquery, thenumberof objectsto actuallyberetrievedcanbereduced.

Signaturefiles have previously beenshown to beanalternative to indexing, espe-
cially in thecontext of text retrieval [1,6]. Signaturefiles canalsobeusedin general
queryprocessing,althoughthis is still animmatureresearcharea.

Themaindrawbackof signaturefiles,is thatsignaturefile maintenancecanberela-
tivelycostly. If oneof theattributescontributingto thesignaturein anobjectismodified,
thesignaturefile hasto beupdatedaswell. To bebeneficial,a high readto write ratio
is necessary. In addition,high selectivity is neededat querytime to make it beneficial
to readthesignaturefile in additionto theobjectsthemselves.

1 Notethatsignaturesarealsooftenusedin othercontexts,e.g.,functionsignaturesandimple-
mentationsignatures.



In this paper, we first show how signaturescan be incorporatedinto traditional
object-orienteddatabases(OODB). Second,we show how they canbe usedin trans-
actiontimetemporal OODBs, with only marginalmaintenancecost.

Everyobjectin anOODBis uniquelyidentifiedby anobjectidentifier(OID). To do
themappingfrom logical OID to physicallocation,anOID index (OIDX), oftena B-
treevariant,is used.2 Theentriesin theOIDX, which we call objectdescriptors (OD),
containsthe physicaladdressof the object.Becauseof the way OIDs aregenerated,
OIDX accessesoften have low locality, i.e., often only oneOD in a particularOIDX
leaf nodeis accessedat a time.This meansthatOIDX lookupscanbecostly, but they
have to bedoneevery time anobjectis to beaccessed(aswill beexplainedlater, the
lookupcostcanbereducedby employing OD caching).OIDX updatesareonly needed
whenobjectarecreated,moved,or deleted.It is notnecessarywhenobjectsareupdated,
becauseupdatesto object aredonein-place,so that the mappinginformation in the
OIDX is still valid afteranobjecthavebeenupdated.

Our approachto reducetheaverageaccesscostin thesystem,is to includethesig-
natureof an object in the OIDX itself. This meansthat theOD now alsoincludesthe
signature,in additionto themappinginformation.Whenwe laterdoa valuebasedper-
fectmatchsearchonaset,wecanin many casesavoid retrieving theobjectsthemselves,
checkingthesignaturein theOD is enoughto excludeanobjectduringthesearch.The
OD will have to beretrievedanyway, becauseit is neededto find thephysicallocation
of theobject,so thereis no additionalcostto retrieve theOD, comparedto not using
signatures.Storingthesignaturein theOIDX increasesthesizeof theOD, andthesize
of the OIDX, andmakesan OIDX updatenecessaryevery time an objectis updated,
but aswewill show laterin thispaper, in spiteof thisextracost,it will in mostcasesbe
beneficial.

A context wherestoringsignaturesin theOIDX is evenmoreinteresting,is transac-
tion time temporalOODBs(TOODB). In a TOODB,objectupdatesdo not make pre-
viousversionsunaccessible.On the contrary, previousversionsof objectscanstill be
accessedandqueried.A systemmaintainedtimestampis associatedwith every object
version.This timestampis thecommit time of thetransactionthatcreatedthis version
of theobject.In anon-temporalOODB,theOIDX updatewouldnotbenecessaryif we
did notwantto maintainsignatures.In aTOODB,ontheotherhand,theOIDX mustbe
updatedeverytimean objectis updated, becausewe adda new version,andthetime-
stampandthephysicaladdressof thenew versionneedto beinsertedinto theindex. As
a result,introducingsignaturesonly marginally increasestheOIDX updatecosts.Be-
causeof the low locality on updates,disk seektime dominates,andtheincreasedsize
of theODsis of lessimportance.With this approach, wecanmaintainsignaturesat a
verylow cost,andby usingsignatures,oneof thepotentialbottlenecksin an TOODB,
thefrequentandcostlyOIDX updates,canbeturnedinto anadvantage!

Theorganizationof therestof thepaperis asfollows.In Sect.2 wegiveanoverview
of relatedwork. In Sect.3 we give a brief introductionto signatures.In Sect.4 we
describeindexing andobjectmanagementin a TOODB. In Sect.5 we describehow

2 SomeOODBsavoid theOIDX by usingphysicalOIDs.In thatcase,theOID givesthephysical
disk pagedirectly. While this potentiallygivesa higherperformance,it is very inflexible, and
makestasksasreclusteringandschemamanagementmoredifficult.



signaturescanbe integratedinto OID indexing. In Sect.6 we develop a costmodel,
which we usein Sect.7 to studytheperformancewhenusingsignaturesstoredin the
OIDX, with differentparametersandaccesspatterns.Finally, in Sect.8, we conclude
thepaperandoutlineissuesfor furtherresearch.

2 RelatedWork

Severalstudieshavebeendonein usingsignaturesasa text accessmethods,e.g.[1,6].
Lesshasbeendonein usingsignaturesin ordinaryqueryprocessing,but studieshave
beendoneonusingsignaturesin queriesonset-valuedobjects[7].

We do not know of any OODB wheresignatureshave beenintegrated,but we plan
to integratetheapproachesdescribedin thispaperin theVagabondparallelTOODB[9].

3 Signatures

In this sectionwe describesignatures,how they canbeusedto improve queryperfor-
mance,how they aregenerated,andsignaturestoragealternatives.

A signatureis generatedby applyingsomehashfunctionon theobject,or someof
theattributesof theobject.By applyingthishashfunction,wegetasignatureof

�
bits,

with � bits setto 1. If we denotetheattributesof anobject � as �������
	����������
� , the
signatureof the object is ��������������� �������"!$# , where �%� is a hashvaluegenerating
function,and ��� �������"! aresomeor all of theattributesof theobject(not necessarily
includingall of �&� ��������! ). Thesizeof thesignatureis usuallymuchsmallerthanthe
objectitself.

3.1 UsingSignatures

A typicalexampleof theuseof signatures,is aquerytofind all objectsin asetwherethe
attributesmatcha certainnumberof values,�&�'�)(�� ����������!*�+( ! . This canbedone
by calculatingthequerysignature�-, of thequery: �-,*�.���������/�0(�� ����������!1�0( ! #
The querysignature�-, is thencomparedto all the signatures��� in the signaturefile
to find possiblematchingobjects.A possiblematchingobject,a drop, is anobjectthat
satisfiestheconditionthatall bit positionssetto 1 in thequerysignature,alsoareset
to 1 in the object’s signature.The dropsforms a setof candidateobjects.An object
canhave a matchingsignatureevenif it doesnot matchthevaluessearchedfor, soall
candidateobjectshaveto beretrievedandmatchedagainstthevaluesetthatis searched
for. Thecandidateobjectsthatdonotmatcharecalledfalsedrops.

3.2 SignatureGeneration

Themethodsusedfor generatingthesignaturedependontheintendeduseof thesigna-
ture.We will now discusssomerelevantmethods.

WholeObjectSignature. In this case,wegeneratea hashvaluefrom thewholeobject.
This valuecanlaterbeusedin a perfectmatchsearchthat includesall attributesof the
object.



One/MultiAttributeSignatures. Thefirst method,wholeobjectsignature, is only useful
for a limited setof queries.A moreusefulmethodis to createthehashvalueof only
oneattribute.Thiscanbeusedfor perfectmatchsearchonthatspecificattribute.Often,
a searchis on perfectmatchof a subsetof theattributes.If suchsearchesareexpected
to be frequent,it is possibleto generatethesignaturefrom theseattributes,againjust
looking at thesubsetof attributesasa sequenceof bits. This methodcanbeusedasa
filtering techniquein morecomplex queries,wheretheresultsfrom thisfiltering canbe
appliedto therestof thequerypredicate.

SuperimposedCodingMethods.Thepreviousmethodsarenot very flexible, they can
only be usedfor querieson the setof attributesusedto generatethe signature.To be
ableto supportseveralquerytypes,thatdoperfectmatchondifferentsetsof attributes,
a techniquecalledsuperimposedcodingcanbeused.In this case,a separateattribute
signaturefor eachattribute is created.The objectsignatureis createdby performing
a bitwiseOR on eachattribute signature,for an objectwith 3 attributesthe signature
is � � �2� � �3�
4-# OR � � �3� � # OR � � �3� 	 # . This resultsin a signaturethat canbe very
flexible in its use,andsupportseveraltypesof queries,with differentattributes.

Superimposedcoding is also usedfor fast text access,one of the mostcommon
applicationsof signatures.In this case,thesignatureis usedto avoid full text scanning
of eachdocument,for examplein a searchfor certainwordsoccurringin a particular
document.Therecanbemorethanonesignaturefor eachdocument.Thedocumentis
first dividedinto logicalblocks,whicharepiecesof text thatcontainaconstantnumber
of distinctwords.A wordsignatureis createdfor eachword in theblock,andtheblock
signatureis createdby OR-ingthewordsignatures.

3.3 SignatureStorage

Traditionally, thesignatureshavebeenstoredin oneor moreseparatefiles,outsidethe
indexesandobjectsthemselves.Thefilescontains��� for all objects� in therelevantset.
Thesizesof thesefiles arein generalmuchsmallerthanthesizeof therelation/setof
objectsthatthesignaturesaregeneratedfrom, anda scanof thesignaturefiles is much
lesscostly than a scanof the whole relation/setof objects.Two well-know storage
structuresfor signaturesareSequentialSignatureFiles (SSF)andBit-SlicedSignature
Files (BSSF).In thesimplestsignaturefile organization,SSF, thesignaturesarestored
sequentiallyin a file. A separatepointer file is usedto provide the mappingbetween
signaturesandobjects.In anOODB,thisfile will typically beafile with OIDs,onefor
eachsignature.Duringeachsearchfor perfectmatch,thewholesignaturefile hasto be
read.Updatescanbedoneby updatingonly oneentryin thefile.

With BSSF, eachbit of the signatureis storedin a separatefile. With a signature
size

�
, the signaturesare distributed over

�
files, insteadof one file as in the SSF

approach.Thisis especiallyusefulif wehavelargesignatures.In thiscase,weonlyhave
to searchthefiles correspondingto thebit fieldswherethequerysignaturehasa “1”.
This canreducethesearchtime considerably. However, eachupdateimpliesupdating
up to

�
files, which is very expensive.So,evenif retrieval costhasbeenshown to be

muchsmallerfor BSSF, theupdatecostis muchhigher, 100-1000timeshigheris not



uncommon[7]. Thus,BSSFbasedapproachesaremostappropriatefor relatively static
data.

4 Object and Index Managementin TOODB

We startwith adescriptionof how OID indexing andversionmanagementcanbedone
in a TOODB.This brief outline is not basedon any existing system,but thedesignis
closeenoughto make it possibleto integrateinto currentOODBsif desired.

4.1 Temporal OID Indexing

In a traditionalOODB, theOIDX is usuallyrealizedasa hashfile or a B 5 -tree,with
ODs asentries,andusingthe OID asthe key. In a TOODB, we have morethanone
versionof someof theobjects,andwe needto beableto accesscurrentaswell asold
versionsefficiently. Ourapproachto indexing is to haveoneindex structure,containing
all ODs,currentaswell aspreviousversions.

In this paper, we assumeoneOD for eachobjectversion,storedin a B 5 -tree.We
includethecommittime TIME in theOD, andusetheconcatenationof OID andtime,
OID 6 TIME, astheindex key. By doingthis,ODsfor aparticularOID will beclustered
togetherin the leaf nodes,sortedon commit time. As a result,searchfor the current
versionof a particularOID aswell asretrieval of a particulartime interval for anOID
canbedoneefficiently. Whenanew objectis created, i.e.,anew OID allocated,its OD
is appendedto theindex treeasis donein thecaseof theMonotonicB 5 -tree[5]. This
operationis very efficient. However, whenan object is updated, the OD for the new
versionhasto beinsertedinto thetree.

While severalefficient multiversionaccessmethodsexist, e.g.,TSB-tree[8], they
are not suitablefor our purpose,becausethey provide more flexibility than needed,
e.g.,combinedkey rangeandtime rangesearch,at an increasedcost.We will never
have searchfor a (consecutive) rangeof OIDs, OID searchwill alwaysbe for perfect
match, andmostof themareassumedto be to thecurrentversion.It shouldbenoted
thatour OIDX is inefficient for many typical temporalqueries.As a result,additional
secondaryindexescanbe needed,of which TSB-treeis a goodcandidate.However,
the OIDX is still needed, to supportnavigationalqueries,oneof the main featuresof
OODBscomparedto relationaldatabasesystems.

4.2 Temporal Object Management

In a TOODB, it is usuallyassumedthat mostaccesseswill be to thecurrentversions
of the objectsin the database.To keeptheseaccessesasefficient aspossible,andto
benefitfrom objectclustering,thedatabaseis partitioned.Currentobjectsresidein one
partition, andthe previous versionsin the otherpartition, in the historical database.
When an object is updatedin a TOODB, the previous versionis first moved to the
historicaldatabase,beforethenew versionis storedin-placein thecurrentdatabase.

We assumethat clusteringis not maintainedfor historicaldata,so that all objects
goinghistorical,i.e., beingmovedbecausethey arereplacedby a new version,canbe



writtensequentially, somethingwhich reducesupdatecostsconsiderably. TheOIDX is
updatedeverytimeanobjectis updated.

Not all the datain a TOODB is temporal,for someof the objects,we are only
interestedin thecurrentversion.To improveefficiency, thesystemcanbemadeaware
of this. In this way, someof thedatacanbedefinedasnon-temporal.Old versionsof
thesearenot kept,andobjectscanbeupdatedin-placeasin a traditionalOODB, and
thecostlyOIDX updateis notneededwhentheobjectis modified.This is animportant
point: usingan OODB which efficiently supportstemporaldatamanagement,should
not reducetheperformanceof applicationsthatdonotutilize thesefeatures.

5 Storing Signaturesin the OIDX

The signaturecan be storedtogetherwith the mappinginformation (and timestamp
in the caseof TOODBs) in the OD in the OIDX. Perfectmatchqueriescanusethe
signaturesto reducethenumberof objectsthathave to beretrieved,only thecandidate
objects,with matchingsignatures,needto beretrieved.

Optimalsignaturesizeis verydependentof dataandquerytypes.In somecases,we
canmanagewith a very smallsignature,in othercases,for examplein thecaseof text
documents,we wanta muchlargersignaturesize.It is thereforedesirableto beableto
usedifferentsignaturesizesfor differentkind of data,andasaresult,weshouldprovide
differentsignaturesizes.

The maintenanceof objectsignaturesimplies computationaloverhead,andis not
alwaysrequiredor desired.Whetherto maintainsignaturesor not, canfor examplebe
decidedonaperclassbasis.

6 Analytical Model

Dueto spaceconstraints,we canonly presenta brief overview of thecostmodelused.
For a moredetaileddescription,we refer to [10]. Thepurposeof this paperis to show
thebenefitsof usingsignaturesin theOIDX, sowewill restrictthisanalysisto attribute
matches,usingthesuperimposedcodingtechnique.

Our costmodelfocuson disk accesscosts,asthis is themostsignificantcostfac-
tor. In our disk model,we distinguishbetweenrandomandsequentialaccesses.With
randomaccess,thetime to reador write a pageis denoted798 , with sequentialaccess,
thetime to reador write a pageis 7%: . All our calculationsarebasedon a pagesizeof
8 KB.

Thesystemmodeledin thispaper, is apageserverOODB,with temporalextensions
asdescribedin theprevioussections.To reducedisk I/O, themostrecentlyusedindex
andobjectpagesarekept in a page buffer of size ; pbuf. OIDX pageswill in general
have low locality, andto increasethe probability of finding a certainOD neededfor
a mappingfrom OID to physicaladdress,the most recentlyusedODs arekept in a
separateOD cacheof size ; ocache, containing< ocacheODs.TheOODB hasa total of; bytesavailablefor buffering.Thus,whenwetalk aboutthememorysize ; , weonly
considerthe part of main memoryusedfor buffering, not main memoryusedfor the



objects,theprogramitself,otherprograms,theoperatingsystem,etc.Themainmemory
size ; is thesumof thesizeof thepagebufferandtheOD cache,;=�>; pbuf ? ; ocache.

With increasingamountsof mainmemoryavailable,buffer characteristicsarevery
important.To reflectthis,our costmodelincludesbuffer performanceaswell, in order
to calculatethe hit ratesof the OD cacheand the pagebuffer. Our buffer model is
anextensionof theBhide,DanandDiasLRU buffer model[2]. An importantfeature
of the BDD model,which makesit morepowerful thansomeothermodels,is that it
canbeusedwith non-uniformaccessdistributions. Thederivationof theBDD model
in [2] alsoincludesanequationto calculatethenumber<*@ of distinctobjectsout of a
totalof < accessobjects,givenaparticularaccessdistribution.Wedenotethisequation<�@ �BADCE�F��GHC �3<�@ ��<I# . Thebufferhit probabilityof anobjectpageisdenotedJ buf opage. Note
thatevenif index andobjectpagessharethesamepagebuffer, thebuffer hit probability
is differentfor index andobjectpages.We do not considerthecostof log operations,
becausethelogging is doneto separatedisks,andthecostis independentof theother
costs.

To analyzetheuseof signaturesin theOIDX, weneedacostmodelthatincludes:

1. OIDX updateandlookupcosts.
2. Objectstorageandretrieval costs.

TheOIDX lookupandupdatecostscanbecalculatedwith ourpreviouslypublished
costmodel[10]. The only modificationdoneto this costmodel is that signaturesare
storedin theobjectdescriptors(ODs).As a consequence,theOD sizevarieswith dif-
ferentsignaturesizes.In practice,a signaturein anOD will bestoredasa numberof
bytes,andfor this reason,weonly considersignaturesizesthataremultiplesof 8 bits.

TheaverageOIDX lookupcost,i.e.,theaveragetimeto retrievetheODof anobject,
is denoted7 oidx lookup, andtheaveragetimeto doanupdateis 7 oidx update. Not all objects
aretemporal,andin our model,we denotethefractionof theoperationsdoneon tem-
poralobjectsas J temporal. For thenon-temporalobjects,if signaturesarenotmaintained,
theOIDX is only updatedwhentheobjectsarecreated.

6.1 Object Storageand Retrieval CostModel

Oneor moreobjectsarestoredon eachdisk page.To reducetheobjectretrieval cost,
objectsareoftenplacedon disk pagesin a way thatmakesit likely thatmorethanone
of the objectson a pagethat is read,will be neededin the nearfuture.This is called
clustering.In our model,we definetheclusteringfactor K asthefractionof anobject
pagethatis relevant,i.e., if thereare <�L M�NPO�Q objectson eachpage,and R of themwill
beused,KS� �TVU W�X�Y[Z . If <�L M�NPO�Q]\+^ � _ , i.e., theaverageobjectsizeis largerthanone
diskpage,wedefineK)�`^ � _ .
ReadObjects. We model the databasereadaccessesas1) ordinary objectaccesses,
assumedto benefitfrom the databaseclustering,and2) perfectmatch queries, which
canbenefitfrom signatures.We assumetheperfectmatchqueriesto bea fraction J ,ba
of thereadaccesses,andthat JVc is thefractionof queriedobjectsthatareactualdrops.
Assuminga clusteringfactorof K , the averageobjectretrieval cost,excludingOIDX



lookup,is 7
de QbN @ L�fg� � �h TVU W�X�Y[Z 7 e QbN @ M�NPO�Q , wheretheaveragecostof readingonepage
from thedatabase,is 7 e QiN @ M�NPO�Q �`�b^9jkJ buf opage #b7 8 . Whenreadingobjectpagesduring
signaturebasedqueries,we mustassumewe cannot benefitfrom clustering,because
we retrieve only a very smallamountof the total numberof objects.In thatcase,one
pagemustbereadfor everyobjectthatis retrieved, 7
d de QbN @ L�fE� �l7 e QiN @ M�NPO�Q . Theaverage
objectretrieval cost,employing signatures,is:

7 e QbN @ L�fE� �l7 oidx lookup ? �b^VjmJ ,ba #b7 de QbN @ L�fE� ? J ,ba �3JVcV7 d de QbN @ L�fE� ? �i^njmJVco# � @7 d de QbN @ L�fE� #
which meansthatof the Jo,ba thatarequeriesfor perfectmatch,we only needto read
theobjectpagein thecaseof actualor falsedrops.The falsedropprobabilitywhena
signaturewith

�
bits is generatedfrom p attributesis denoted

� @ �`� �	 # a � where�q�rts u 	v .

UpdateObjects. Updatingcanbe donein-place,with write-aheadlogging (but note
that in the caseof temporalobjects,thesearemovedto thehistoricalpartitionbefore
thenew currentversionis written). In thatcase,a transactioncancommitafter its log
recordshavebeenwrittento disk.Modifiedpagesarenotwrittenbackimmediately, this
is donelazily in thebackgroundasa partof thebuffer replacementandcheckpointing.
Thus,apagemaybemodifiedseveraltimesbeforeit is writtenback.

Updatecostswill bedependentof thecheckpointinterval. Thecheckpointinterval
is definedto bethenumberof objectsthatcanbewrittenbetweentwo checkpoints.The
numberof written objects,< h 8 , includescreatedaswell asupdatedobjects.< h�w �J � Qbx < h 8 of the written objectsarecreationsof new objects,and �3< h 8 jy< hnw # of
thewrittenobjectsareupdatesof existingobjects.

The numberof distinct updatedobjectsduring onecheckpointperiod is < v{z �< @ �BADCE�F��GHC��3< h 8|j}< h�w ��<�L�fg��# . Theaveragenumberof timeseachobjectis updatedis< z � TV~��%��To~��To��� . During onecheckpointinterval, thenumberof pagesin thecurrent

partitionof thedatabasethatis affectedis <�8}� TV���TVU W�X�Y[Z h Thismeansthatduringone
checkpointinterval, new versionsmustbe insertedinto <�8 pages.K]<*L M�NPO�Q objects
on eachpagehave beenupdated,andeachof themhave beenupdatedan averageof< z times.For eachof thesepages,we needto write J temporal< z K]< L M�NPO�Q objectsto
the historicalpartition (this includesobjectsfrom the pageandobjectsthat werenot
installedinto thepagebeforethey wenthistorical),install thenew currentversionto the
page,andwrite it back.This will bedonein batch,to reducedisk armmovement,and
benefitsfrom sequentialwriting of thehistoricalobjects.For eachof theobjectupdates,
the OIDX mustbe updatedaswell. In the caseof a non-temporalOODB, we do not
needto write previousversionsto thehistoricalpartition,andtheOIDX needsonly to
beupdatedif signaturesareto bemaintained.

Whennew objectsarecreated,an index updateis needed.Whencreatinga new
object,a new pagewill, on average,be allocatedfor every <*L M�NPO�Q object creation.
Whenanew pageis allocated,installationreadis notneeded.Theaverageobjectupdate
cost,excludingOIDX updatecost:

79x e ��C3Q L�fE�
��7 oidx update ? < 8 7%:%��J temporal< z K]< L M�NPO�Q # ? < 8 7 8 ? T ~��T U W�XiY[Z 7 8
< h 8



Note that objectslarger thanonedisk pagewill usuallybe partitioned,andeach
objectis indexedby aseparatelargeobjectindex tree.Thishastheadvantagethatwhen
a new versionis created,only themodifiedpartsneedto bewritten back.An example
of how thiscanbedoneis theEXODUSlargeobjects[3].

7 Performance

Wehavenow derivedthecostfunctionsnecessarytocalculatetheaverageobjectstorage
andretrieval costs,with differentsystemparametersandaccesspatterns,andwith and
without the useof signatures.We will in this sectionstudy how different valuesof
theseparametersaffect the accesscosts.Optimal parametervaluesaredependentof
themix of updatesandlookups,andthey shouldbestudiedtogether. If we denotethe
probabilitythatanoperationis awrite,as J write, theaverageaccesscostis theweighted
costof averageobjectreadandwrite operations:

7 access�S�b^&j�J write #[7 lookup ? J write 7 update

Ourgoalin thisstudyis to minimize 7 access. Wemeasurethegainfrom theoptimization

as:Gain �`^�_ _n���F��� U � UEW��access
� � U3W��access�� U3W��access � where7 � L�� L[M�Caccess is thecostif notusingsignatures,and

7 LDM�Caccessis thecostusingsignatures.

AccessModel Theaccesspatternaffectsstorageandretrieval costsdirectly andindi-
rectly, throughthebuffer hit probabilities.Theaccesspatternis oneof theparameters
in our model,and is modeledthroughthe independentreferencemodel.Accessesto
objectsin the databasesystemareassumedto be random,but skewed (someobjects
aremoreoftenaccessedthanothers),andthe objectsin thedatabasecanbe logically
partitionedinto a numberof partitions,wherethe sizeandaccessprobabilityof each
partitioncanbedifferent.With ��� denotingtherelativesizeof apartition,and �n� denot-
ing thepercentageof accessesgoingto thatpartition,wecansummarizethefour access
patternsusedin thispaper:

Set � 4 �9� ��	 � 4 �o� �n	
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-

In the first partitioningset,we have threepartitions.It is an extensionsof the 80/20
model,but with the20%hotspotpartitionfurtherdividedinto a1%hotspotareaanda
19%lesshot area.Thesecondpartitioningset,3P2resemblestheaccesspatternclose
to whatwe expectit to be in futureTOODBs.Thetwo othersetsin this analysishave
eachtwo partitions,with hotspotareasof 5%and20%.



ParameterValue ParameterValue ParameterValue�
100MB �����F� 128 � 0.3�

ocache 0.2
� �

objver 100mill. � 1�"���   ¡ ¢��
ocache � od £-¤¦¥¨§�© ª�« ¬®�¯D° 0.2¬®± 0.001 ¬ write 0.2 ¬ qm 0.4¬ temporal 0.8

Table1. Default parameters.
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Fig.1. Costversussignaturesizefor differentaccesspatterns.Non-temporalOODB to the left,
temporalOODBto theright.

Parameters We considera databasein astablecondition,with a totalof < objver objects
versions(andhence,< objver ODsin theOIDX). Notethatwith theOIDX describedin
Section4.1,OIDX performanceis not dependentof thenumberof existingversionsof
anobject,only thetotal numberof versionsin thedatabase.

Unlessotherwisenoted,resultsandnumbersin thenext sectionsarebasedoncalcu-
lationsusingdefaultparameters,assummarizedin Table1,andaccesspatternaccording
to partitioningset3P1.

With thedefault parameters,thestudieddatabasehasa sizeof 13 GB. TheOIDX
hasa sizeof 3 GB in the caseof a non-temporalOODB, and5 GB in the caseof a
temporalOODB (not countingtheextra storageneededto storethesignatures).Note
that the OIDX size is smallerin a non-temporalOODB, becausein a non-temporal
OODB, we do not have to storetimestamps,and we have no insertsinto the index
tree,only append-only. In thatcase,wecangetaverygoodspaceutilization[4]. When
we have insertsinto the OIDX, as in the caseof a temporalOODB, we get a space
utilization in theOIDX thatis lessthan _�� ³�´ .
7.1 Optimal SignatureSize

Choosingthesignaturesizeis a tradeoff. A largersignaturecanreducethereadcosts,
but will alsoincreasethe OIDX sizeandOIDX accesscosts.Figure1 illustratesthis
for differentaccesspatterns.In this case,a valueof

� �0µ seemsto beoptimal.This
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Fig.2. Cost versussignaturesize for different valuesof � . Non-temporalOODB to the left,
temporalOODBto theright.
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Fig.3. Gain from using signaturesversusmemory size, for different accesspatterns.Non-
temporalOODBto theleft, temporalOODBto theright.

is quitesmall,andgivesa higherfalsedropprobability thanacceptedin text retrieval
applications.The reasonwhy sucha small signatureis optimal in our context, is that
thesizeof objectsis smallenoughto makeobjectretrieval andmatchlesscostlythana
document(largeobject)retrieval andsubsequentsearchfor matchingword(s),asis the
casein text retrieval applications.

Thesignaturesizeis dependentof p , the numberof attributescontributing to the
signature.This is illustratedin Fig. 2. With anincreasingvalueof p , theoptimalsig-
naturesizeincreasesaswell. In our context, a valueof p larger thanone,meansthat
morethanoneattributecontributesto thesignature,so that querieson morethanone
attributecanbeperformedlater.

In the restof this study, we will use
�

=8 whenusingthedefault parameters,and
use

�
=16,32and48 for p =2, 4, and8, respectively.
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Fig.4. Gainfrom usingsignatures,versusmemorysize,for differentvaluesof � . Non-temporal
OODBto theleft, temporalOODBto theright.
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Fig.5. Gainfrom usingsignatures,versusmemorysize,for differentaverageobjectsizes.Non-
temporalOODBto theleft, temporalOODBto theright.

7.2 Gain From UsingSignatures

Figure3 shows the gain from usingsignatures,with differentaccesspatterns.Using
signaturesis beneficialfor all accesspatterns,exceptwhenonly a very limited amount
of memoryis available.

Figure4 shows thegainfrom usingsignatures,for differentvaluesof p . Thegain
decreaseswith increasingvalueof p .

7.3 The Effect of the AverageObject Size

We have chosen128 asthe default averageobjectsize.It might be objectedthat this
valueis too large,but Fig. 5 showsthatevenwith smallerobjectsizes,usingsignatures
will bebeneficial.Thefigurealsoshowshow thegainincreaseswith increasingobject
size.

7.4 The Effect of ¶�· and ¶�¸¹
The valueof J ,ba is the fraction of the readqueriesthat canbenefitfrom signatures.
Figure6 illustratesthegainwith differentvaluesof J ,ia . As canbeexpected,a small
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Fig.6. Gain from using signatures,versusmemory size, for different valuesof ¬�ºb» . Non-
temporalOODBto theleft, temporalOODBto theright.
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Fig.7.Gainfrom usingsignatures,versusmemorysize,for differentvaluesof ¬®± . Non-temporal
OODBto theleft, temporalOODBto theright.

valueof J ,ia resultsin negative gain in thecaseof non-temporalOODBs,i.e., in this
case,storingandmaintainingsignaturesin theOIDX reducestheaverageperformance.

Thevalueof Jnc is thefractionof queriesobjectsthatareactualdrops,theselectivity
of thequery. Only if thevalueof JVc is sufficiently low, will webeableto benefitfrom
usingsignatures.Figure7 showsthatsignatureswill bebeneficialevenwith arelatively
largevalueof JVc .

8 Conclusions

We have in this paperdescribedhow signaturescanbestoredin theOIDX. As theOD
is accessedoneveryobjectaccessin any case,thereis noextrasignatureretrieval cost.
In a traditional,non-versionedOODBs,maintainingsignaturesmeansthat the OIDX
needsto beupdatedeverytimeanobjectis updated,but astheanalysisshows,it will in
mostcasespayback,aslessobjectsneedto beretrieved.

Storingsignaturesin theOIDX is evenmoreattractive for TOODBs.In TOODBs,
theOIDX will have to beupdatedon every objectupdateanyway, so in thatcase,the
extracostassociatedwith signaturemaintenanceis very low.



As showedin theanalysis,substantialgaincanbeachievedby storingthesignature
in theOIDX. We have donetheanalysiswith differentsystemparameters,accesspat-
terns,andquerypatterns,andin mostcases,storingtheobjectsignaturesin theOIDX
is beneficial.Thetypical gainis from 20 to 40%.Interestingto noteis thattheoptimal
signaturesizecanbequitesmall.

Theexampleanalyzedin this paperis quitesimple.A queryfor perfectmatchhas
a low complexity, andthereis only limited roomfor improvement.Therealbenefitis
availablein querieswherethesignaturescanbeusedto reducethe amountof datato
beprocessedat subsequentstagesof thequery, resultingin largeramountsof datathat
canbeprocessedin mainmemory. This canspeedup queryprocessingseveralorders
of magnitude.

Anotherinterestingtopic for further researchis usingsignaturesin the context of
bitemporalTOODBs.
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