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Abstract

In bitempoal databasesgurrent facts and transaction
statesare modelledusinga specialvalueto representthe
currenttime (sud asa minimumor maximurtimestamgor
NULL). Previous studiesindicate that the choice of value
for now (i.e. the currenttime) signi cantly in uencesthe
efciency of accessinghitempoal data. This paperintro-
ducesa new appmad to representnow, in which current
tuplesand facts are representechs points on the transac-
tion timeandvalid timeline respectivelyThisallowsusto
exploit the computationakdvantayesof point-basedjuery
languages. Mia an empirical study we demonstate that
our new approad to representingnow offers consideable
performancéene tsover existingtechniquesor accessing
bitempoal data.

1 Intr oduction

Relationaldatamodelsand their implementationsisu-
ally only capturea snapshotor current state of the real
world. A transactiorthen changeshe databasdrom one
stateto anotherby replacingthe old valueswith new ones.
However, thereare mary applicationdomainswhereit is
necessario keeptheold databasstater evenstorefuture
statesIn addition,mostproductiondatabasesontainsome
amountof time dependentiataandmostdatabaséechnol-
ogy applicationsare temporalin nature(e.g. scheduling,
nancial andscienti ¢ applications).In fact, it is dif cult
to identify any databasepplicationthat doesnot require
someform of time-varying data. Corversely the built-in
temporalsupportofferedby commercialdatabas@roducts
andthe RelationalQuerylanguage [8] is lim-
ited to prede ned,time-relateddatatypes. Somecommer
cial databaseinclude temporalextensions,e.g. the Ora-
cle TimeSeriescartridge,Oracle9i “Flash-Back”,andthe
Informix TimeSeriedData-Blade put theseextensionsstill
do not fully supportthe successfumanagemenof time-
varying data. Researchhasdemonstratethat applications

can signi cantly bene t from using a temporalRDBMS,
andalsothat temporalsupportis neededhat goesbeyond
simpledatatypes[7].

Associatingdatawith time valuesandkeepinga history
of factvalidity is not technicallydif cult evenusingnon-
temporaRDBMS technology{13] [4]. However, it is a dif-
cult taskto ef ciently querysuchtime-varyingdataandto
identify integrity constraintghathold over severaldatabase
states.

A databasés consideredemporalif it is ableto manage
time-varying dataand it supportssometime domaindis-
tinctfromuserde nedtime. In temporaddatabasesmecan
be capturedalongtwo distincttime lines: transactiortime
andvalid time. A bitempoal databasds a combinationof
valid time and transactiorntime databasesndrecordsthe
databasetateswith respecto bothvalid time andtransac-
tiontime. Thevalid timeline representsvhenafactis valid
andthe transactiortime line representsvhena transaction
was performed. Recordingbitemporaldatagenerallyre-
quiresthatupdatesreappendedio thedatabaséatherthan
overwritingexistingvalues).This caneasilyleadto thestor
ageof large volumesof data,andconsequentlynakesthe
selectionof ef cient accessnethodsvery important. Stor
ing bitemporaldataalsorequiresthe selectionof appropri-
atetime units(granularities) Without carefulmanagement,
theinformationalbene ts of bitemporaldatacanbe easily
outweighedby the costsof poor accesgimesanddif cul-
tiesin formulatingquerieq5].

In our currentwork we usethe TQuel four-timestamp
formatto represenbitemporaldata[11], where,in addition
to non-temporahttributes,eachtuple hasfour temporalat-
tributes: and representinghe startingandending
time pointsof factvalidity in the modelledworld, and
and representinghetimewhenatupleis insertedn the
databasendthetime it is logically deleted.Samplebitem-
poraldatais shovn in Tablel. A tupleis considereaturrent
if it is partof the currentdatabasatate,i.e. it hasnot been
logically deletedby assigninga timestampo different
from thevalueof now. In theliteraturesuchatuple,where
thevalidity of afactin themodelledworld is valid upto the



currenttime, is callednow-relative

Despitetwo decade®of researchin temporaldatabases,
relatively few papershave addressedhe issueof indexing
temporaldata. Evenlesshave addressethe issuesof how
to index now-relative data,or temporaldatathatarecurrent
or valid now. Existingresearctshovs thatregularindices,
suchas - trees,areunsuitedfor temporaldata[10], and
recentlyseveral otherindiceshave beenproposed.Only a
few index structuresaddresghe needto storethe current
time a needwhich is accommodatedby almostall tem-
poral datamodelsandis naturaland meaningfulfor mary
kinds of applications. As valid time andtransactiortime
areconsideredo beorthogona[12], bitemporaldatacanbe
representeth two dimensionakpacegnablingusto apply
spatialindexes. For bitemporalindicesbasedon R-trees,
the maximum-timestamppproactis a straightforvard so-
lution to theindexing of now-relative data.But it is obvious
thatin this approachfactswith now-relative valid-timein-
tenalsarerepresentedsingvery large rectanglesandthe
resultingsearchperformances poordueto excessve dead
spacein the index nodesand overlap betweennodes. We
areawareof only afew structureghataddressheissuege-
latedto storingnow-relative datain temporaldatabasefl],
[2], [9]. Someof theproposalgely on specialvariablesun-
til changedandnowthatshouldbe partof anotyetexisting
temporalrelationalmodel. Researctalsosuggestshatthe
widespreadacceptancef sucha modelis unlikely, dueto
the large commercialinvestmentin the existing relational
model,bothin termsof developedcodeand expertise[7].
At the sametime, dueto thesigni cant dropin the price of
disk storage more and more databasapplicationsare us-
ing addedtemporaldimensionsand,asa consequencegre
facingincreasinglypoorresponsdimes.

Bitemporaldatabasestorepast,presentandevenfuture
factsin eitherlogically deletedor currenttuples. To repre-
sentthata factis currentnow, or thata tuple hasnot been
logically deleted requiresthe storingof a valuerepresent-
ing the currenttime. In the literature, several conceptgo
representurrenttime have beenproposedy includingspe-
cial variablessuchas: “now” , “until-changed”,“forever”,
“n @, and“-". However, the samebasicissueapplies
to ary approachj.e. how physicallyto storethat concept
in the databasd3]. As nowis not part of the domainof
SQL1999valued[8], it is necessaryo representhecurrent
time by someothervalue, in sucha way that the chosen
valueis not overloaded(i.e. doesnot have morethanone
meaning).

It hasbeenshown thatthe choiceof the physicalvalue
for now signi cantly in uences the ef ciency of access-
ing bitemporaldata[14]. Currently the literaturehascon-
centratedon threebasicapproaches:rstly using NULL,
secondlyusing the smallesttimestampand thirdly using
thelargesttimestampsupportedy the particularRDBMS.

A disadwantageof using NULL is that columnsthat per
mit NULL valuespreventthe RDBMS from usingindexes.
Corversely usinganon-NULL valuecanalsoaffectindex-
ing badly. For example,whenanindex is usedto retrieve
tupleswith atime periodthatoverlapscurrenttime, andnow
is representeavith smallestor largesttimestampvalue,tu-
pleswith the (Valid time end)or (Transactiortime
end)attribute setto nowwill notbein therangeretrieved.

We have seenthat currentfactsare representedy as-
signingthevaluenowto , andthatby assigninghowto

we canrepresenthebeliefthatatupleis current(or not
logically deleted).This shavs importanceof nowin bitem-
poral databasesFurthey the importanceof now increases
whenwe considerthat currenttuplesand currentfactsare
likely to be accessedhorefrequently While issuesrelated
to storingnow arediscussedn the literaturein the context
of temporaldatabaseshis equallyappliesto corventional
relationalDBMS technology

In this paperwe proposea new approachto modelling
currenttime in temporaldatabasethat overcomeghe lim-
itation of an attribute setto now not beingin the rangere-
trieved. In addition, our approachhassigni cant compu-
tational advantagesover the previously proposedmnethods
and, to the bestof our knowledge, it is the only approach
to representingnowthatensureghe valuenowis not over-
loaded.

In theremainderof the paperwe rst look moreclosely
at previousapproacheto modellingcurrenttime andhigh-
light their limitations and disadantages.Then,in section
3, we presentthe “core” of the new proposedmethodfor
representingurrenttime, andempirically evaluateour ap-
proachin comparisonto two of the standardexisting ap-
proachesFinally, in section4, we presenbur conclusions
anddiscusgpossibleextensionsandfuture work.

2 Traditional representationsof currenttime

As time seemdo becontinuousandcurrenttimeis ever-
increasinga signi cant questionin computerscience par
ticularly with respecto databasess how to storethevalue
of currenttime (or now).

In line with the existing researchwe have acceptech
discretemodelof time. Sincedigital computersonly sup-
port a limited granularityfor realnumbersmostproposals
for addingtime to the relationalmodelare basedon a dis-
crete,totally orderedsetof time instantsto represenboth
thetransactiorandvalid time dimensionsThis orderingis
de ned asfollows:

For valid time:



For Transactiortime :

In a discretetotally orderedmodel, a time interval, de-
notedas| , ), representa setof acountablyin nite
equidistantime instantg4], where is the startingtime
instantand is the endingtime instantrepresentinghe
startingandendingboundariesespectiely. Thesetimein-
stantsarethesmallestandlargestvalueson thetimeline in
thesetof continuoudime instantsmakingup a giveninter-
val. Also, atimeinterval [ , ) is closedon the left-
handsideandopenon theright. This meansthatthe start
pointof theinterval = andtheendpoint ,i.e.the
interval includesthe point andexcludesthe point

In sucha model, now-relative datacontainedin tuples
thatarecurrentlyvalid, canberepresenteds| , now).
Here representshetime pointwhenthe fact startedto
be true and now representshatthe factis still currentand
thatthetime validity of factis continuouslyexpanding(i.e.
its endis unknown).

Assumingwe areinterestedn usingexistingtechnology
andgiventhatthedomainof SQL1999valuesdoesnotcon-
tain a specialvalue for now, the taskbecomesone of se-
lecting an appropriatevalue for now from an existing do-
main. This valueshould rstly satisfythe requirementhat
it cannotbe usedwith someothermeaning,otherwisethe
meaningoecomesambiguousandthevalueis overloaded.

As mentionedbefore, previous work has concentrated
on three physical valuesto representnow. the NULL
value, thesmallestimestampgMIN) andlargesttimestamp
(MAX) supportecby a particularRDBMS. It is clearthat
whichever of thesevaluesis chosenthedomainof thedata
typebecomedimited andapotentialfor overloadingis cre-
ated. This is especiallythe casefor the NULL value,asit
is alreadyoverloadedin its normal usage. However, the
NULL value doeshave the advantagethatit takesup less
spacethanaregulartimestampvalueandcanbe processed
faster Despitethis, the crucial disadantageof NULL is
that columnsthat permit NULL valuescannotbe indexed
by acorventionaRDBMS, leadingto potentiallyunaccept-
ableaccessimes.

It is importantto mentionthatusinga non-NULL value
for nowalsocanaffectindexing. If, for example,a B-tree
index on or is usedto retrieve tupleswith a time
periodthat overlapsnow, andnow is representedvith the
smallestor largesttimestampvalue,tupleswith the or

attribute setto now will not be in the rangeretrieved
(i.e. they will be at the extremeleft or extremeright of
the B-tree). We termthis asthe range indexing problem.
Henceall previousapproacheto modelcurrenttime using
thelargesttimestampvalue(MAX), thesmallestimestamp

value(MIN) or NULL have disadwantageselatedto index-
ing. This hasbeenhighlightedin the literatureandis par
ticularly relevant to accessingitemporaldata, wherethe
choiceof the valueof nowhasbeenshown to signi cantly
affectacces®f ciency [14)].

3 A newapproachto model now

Eachof the previously discussedapproacheso repre-
sentingnow hassevere limitations in termsof indexing or
overloading. Of theseapproachesthe literaturegenerally
agreeghat MAX is the bestoverall compromisdq14], asit
allows indexing andgenerallyhasbetterperformancehan
MIN. However, MAX andMIN have further performance
problemsnavigating and updatingtime valueindexes,due
to the redundang of the specialtimestampvalue usedto
representhecurrenttime. This meanghatall and
valueswill beindexedto the samespecialvalue(i.e. MAX
or MIN) causingthe index to searchsequentiallythrough
theserecords. We term this the index redundancy prob-
lem.

A major aim of our researchs to overcomethe limita-
tions of previous approacheso representinghow. These
limitations have beenidenti ed asoverloading, the range
index problemandtheindex redundancyproblem. From
aconsideratiorof theredundang problem,it becameclear
thatour solutionshouldproducea valuefor nowthatis re-
latedto somedistinctpropertyof thetupleto whichit refers.
In thiswaythelevel of redundang canbereducedAlso, to
avoid therangeindex problem,avalueis neededhatis con-
tainedin theinterval betweerthe starttime andthe actual
currenttime. We thereforeconcludedhatthe bestsolution
would beto maketheendpointof ary currentinterval equal
to the start point (i.e. = and = ). Thisrepre-
sentationthereforede nes the actualinterval betweenthe
startandendpointsof a currentinterval to be zero(i.e. it
becomes pointon thetime line ratherthananintenal).

A rst objectionto this approachcould be to say that
thevalueis overloadedg.g. it becomesmpossibleto dis-
tinguish betweenan interval that actually startedon the
12.12.01and nished onthesameday, from onethatstarted
on 12.12.0l1andis still current(giventhat the granularity
of our time valueor chrononis oneday). However, using
the de nitions of interval startand end pointswe can see
that this objectionis not valid: i.e. theinterval [12.12.01,
12.12.01)s closedontheleft (andsostartsonthe12.12.01)
and openon the right (and so nishes before 12.12.01).
Thereforethis interval hasno meaningfulduration. If it is
requiredto distinguishthe startandendtimesmore nely,
thenthegranularityof thetime valuemustbechangede.g.
from daysto hours). Fromthis discussionwe canseethat
our new approacho representingurrenttime alsosolves
the overloadingproblemas ary tuple where = or



22.03.99
21.02.01

26.09.00 | 26.09.00

22.03.99
21.02.01

10.04.99 | 10.04.99

Table 1. Sample Bitemporal data with POINT representation of now

=  isunambiguouslgurrent.

To illustrate our new point-basedapproachto now
(which we term POINT), considertherelationin Table 1.
Here,in tuple ID = 3, we canconcludethat Mark hasthe
currentpositionof “Admin”, rstly because equals
(meaningthe factis currentlyvalid) andsecondlybecause

equals (meaningthe tuple hasnot beendeleted).
Tuple ID = 1 representghat Megan had the position of
“DBA” from “21.08.00"to “10.05.02" andbecausehe tu-
pleiscurrent(as  equals ) thisrepresentsurcurrent
beliefaboutMegan'spastposition. TupleID = 2is logically
deletedas  differsfrom ), which meanghatwe be-
lievedfrom “01.07.00"to “26.10.00"that Stepharwasem-
ployedasa“Teacher’betweeri23.07.00"and“30.01.01".
Tuple ID = 4 is logically deleted(as differs from

), which meansthat we believed from “13.02.01" to
“23.02.01"that Steven hasa currentemploymentasa “Of-
cer” from*“21.02.01". Hence whenthetimestamor
is the sameas it meanghata factis valid now. Sim-
ilarly when is the sameas it meansthat a tuple
is current. Note alsothatin Table 1 we aredisplayingthe
dataasit would be storedin the databasein actualprac-
tice we would expecttheendtime valuewhen = or

= tobedisplayedo theuserassomespecialsymbol
(suchasnow, until changedor NULL).

3.1 Experiments

In orderto evaluateour POINT approachto represent-
ing nowwe decidedo empiricallycomparePOINT to both
the MAX timestampapproachandto usingNULL. In do-
ing this we followed previous researchn the area,but in
contrastto previouswork, we decidednot to testthe mini-
mumtimestampalue(MIN) asthishasalreadybeenshovn
to be consistentlyworsethan MAX [14]. For eachof our
methodswve generatedhreerelations eachdifferingonlyin
the physicalrepresentationf the currenttime value. Then
oneachrelationwe performedhreedifferentrepresentatie
time slice queriesshavn in Figurel. We chosetime slice
queriesbecaus®f their recognisedmportancen temporal
databasefl5].

QueryOneretrievesthe currentstatein bothtransaction
andvalid time. It selectstupleswith transactiorandvalid

Valid
Time

Now @ eyl

| Quay3 | Quay2

01-JUN-01 , ‘

01-0CT-01 NOW  Transaction Time

Figure 1. Types of Time slice Queries

time intervals that both overlap with the currenttime, as

well asretrieving tupleswherevalid time andtransaction
time endsat now. Basically QueryOneretrieveswhatwe

currentlybelieve aboutthe currentstateof theworld.

QueryTwo time slicestherelationasof nowin transac-
tion time andasof a pasttime in valid time. In otherwords
it retrievesour currentbelief abouta paststateof theworld.
QueryThreetime slicestherelationasof apasttimein both
transactiortime andvalid time, which meanst retrievesa
pastbelief abouta paststateof reality. QueriesOne and
Two favour the currentstate becausehis stateis assumed
to beaccessedhuchmorefrequentlythanold states.

| Resultsfor 10%currentdata |

Disk | CPU | Duration | Exp. Type
POINT10-1
MAX10-1
NULL10-1
POINT10-2
MAX10-2
NULL10-2
POINT10-3
MAX10-3
NULL10-3




| Resultsfor 20%currentdata |

Disk | CPU | Duration | Exp.Type
POINT20-1
MAX20-1
NULL20-1
POINT20-2
MAX20-2
NULL20-2
POINT20-3
MAX20-3
NULL20-3

Our testswere performedon a four 450MHZ CPU -
SUNUItraSpardl processomachineyunningOracle9.2.0
RDBMS, with adatabasélock sizeof 8K. During thetests
the sener hadno othersigni cant load. We performedex-
perimentsusingfour differentsizesof SGA (SystemGlobal
Area): 30MB, 50MB, 100MB and 200MB in orderto in-
vestigatethe effects of agingbuffers. We created -tree
compositandexeson and anda -treeindex on

for all tables.We alsoperformedadditionaltestsusing
functionbasedndexes.

| Resultsfor 40%currentdata |

Disk | CPU | Duration | Exp.Type
POINT40-1
MAX40-1
NULL40-1
POINT40-2
MAX40-2
NULL40-2
POINT40-3
MAX40-3
NULL40-3

Our querieswereexecutedon nine differentbitemporal
tables, three for eachrepresentatiorof now, with each
tablehaving a randomdistribution of onemillion temporal
tuplesand a granularityof one day. Within this dataset,
eachrepresentatiorof now was testedon three separate
relations:In the rst relation,10% of thetuplesoverlapped
with the currenttime in bothtransactiorandvalid time. In
the secondand third relationsthis percentagevas 20 and
40, respectiely.

The tables presentour experimentalresults for 100MB
SGA,whereCPUusagds measureéh CPUunits,duration
is measuredin secondsand Experiment Type usesthe
notationMETHOD - , where METHOD representghe
methodusedto model now, i.e. either our new POINT
approaciiwhere = and = )orMAX (using
the Oraclemax timestamp*31-DEC-9999”") or NULL;

representghe percentagef the tuplesin the experiment
overlappedwith the currenttime in both transactionand
valid time (i.e. either10, 20 or 40%);and representshe

timeslicequerytype(i.e. eitherQueryOne,Two or Three).

3.2 Analysis

Theresultsshav thatthe new POINT representatiofor
now clearly outperformsboth MAX and NULL in terms
of disk reads,CPU usageand query duration acrossthe
full rangeof our problemset. Looking more speci cally,
QueryOnemostaccuratelymeasureshe effect of varying
the percentag®f tuplesoverlappedwith currenttime, asit
retrievesall suchtuples. On this measurewve canseeall
techniquesstart slowing down asthe percentagef over
lap increasegi.e. aswe move from 10-1to 20-1and40-1)
but alsothattherelative advantageof POINT overthe other
techniguegrows asthe overlapincreasesFor instanceat
10-1thedurationtimesfor POINTMAX andNULL are26,
29 and32respectrely, whereasat 40-1this haschangedo
48,75 and 70 (i.e. POINT hasgonefrom beingroughly
comparablego NULL and MAX to performingalmostas
twice asfast). This demonstrateshe distinct advantage
POINT hasin retrieving currentrecordsdueto POINT rep-
resentingcurrentrecordsas single pointson the valid and
transactiortime linesratherthanastheintervalsde ned by
differing startandendpointsusedby MAX.

TheperformancesnQueriesTwo andThreeagainshowv
POINT to be consistentlysuperior althoughherethe rela-
tive performanceof the threetechniquesemainsrelatively
stableasthe overlappercentagéncreasesThis is because
QueriesTwo andThreearemoreconcernedvith paststates
of the databas@ndsoarenot soaffectedby the proportion
of tuplesthatoverlapthe currenttime.

Also, the disk accessesultsshov POINT to be consis-
tently betterthan MAX or NULL especiallyon the 10-1
problemsfor Query Onewherethe durationmeasuresre
fairly similar. Accordingto the Theoryof Indexability [6],
the I/O compleity cost measuredy the numberof disk
accessefor updatingand answeringqueriesis one of the
mostimportantfactorsfor measuringoerformanceThisis
becauseastechnologyadvances,CPU speedgendto in-
creaserelatively fasterthandisk I/O speeds.In Figures2,
3 and 4 we graphicallyrepresenpur resultsfor the case
when = 10% (i.e. 10% of tuplesoverlapwith current
time in bothvalid andtransactiortime with SGA againset
at 100MB). This givesa clearerrepresentationf the rela-
tive performancef eachtechniqueandhighlightsthedom-
inanceof POINT especiallyin termsof diskreadson Query
One.

We alsoinvestigatedthroughfurtherexperimentabktudy
severalpossiblefactorsthatcouldinterferewith ourresults,
but duethe limitations of spacewe will only briey men-
tion them. One of the factorsthat can affect the number
of physicaldisk readsis the size of SGA. As previously
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Figure 2. Number of Physical disk reads

Figure 3. CPU Usage

mentioned,we looked at the effects of aging buffers by
varying the size of SGA through4 values: 30Mb , 50Mb,
100Mb and200Mh Our resultsshoved small differences
betweenapproachesnd favoured larger valuesof SGA.
The main differencenoted was that a smaller SGA size
tendsto favour the NULL representatiorof now, result-
ing in relatively fewer disk reads.This is because NULL
value useslessspacethan a timestampand so the chance
of the buffer agingis reduced.Apart from this, we did not
noticeary signi cant effectson the resultswhencompar
ing the differentrepresentationsf now on differentsizes
of SGA, i.e. changesn the numberof physicaldisk reads,
CPUusageandquerydurationarevirtually linearfor all the
approachesonsidered.

Figure 4. Duration of queries in seconds

4 Conclusionand Future work

This studymakesthefollowing contrikbutionsto the eld:

by investigatingdifferent representation®f now in
bitemporal databaseswe presenteda better under
standingof the signi canceof modellingcurrenttime,
particularly in the contet of efciently accessing
bitemporaldata;

weidenti ed limitationsof previousapproacheto rep-
resentingnow, namelyoverloading the range index
problemandtheindex redundancyroblem

we proposeda new approachcalledPOINT, to repre-
sentcurrenttime in bitemporaldatabasesnd

in the experimentalstudy we have demonstratedhat
the proposedPOINT basedapproachnot only over
comesthelimitations of previousapproachedyut also
leadsto a signi cant improvementin the ef ciency of
gueryingbitemporaldatabases comparisorto exist-
ing methods.

Currently we areinvestigatingheeffectof theproposed
POINT approachon the performanceof multidimensional
indexes,suchasthe spatialR-treeindex.

Finally, the POINT-basedmethodto representnow in
temporaldatabaseitroducedin this paper could signif-
icantly effect performanceof previously proposedindex
structuredor temporaldata. It would be interestingto in-
vestigatethe effect of POINT on variousindex structures
for temporaldatawith respecto spaceusageandresponse
time. It wouldbealsointerestingo look atthetimerequired
for index restructuringn relationto insertion,deletionand
updating. This investigationshouldfollow the directions
usedfor theworstcasescenaridn [10].
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