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ABSTRACT

In valid-time indeterminacy, it is knownthatan eventstoredin a temporaldatabase
did in fact occur but it is not known exactly when the eventoccurred. We extenda
tuple-timestampetemporaldatamodelto supportvalid-timeindeterminacyandoutline
its implementationThisworkis novelin thatpreviousesearchalthoughquiteextensive,
hasnot studiedthis particularkind of incompleteinformation. To modelthe occurrence
time of anevent,weintroducea newdatatype calledanindeter minate instant. Ourthesis
is that by representingan indeterminatanstantwith a setof contiguouschrononsand
a probability distribution over that set, it is possibleto characterizea large numberof
(possiblyweighted)alternativesto deviseintuitive querylanguageconstructsincluding
schemaspecificationtemporalconstantstemporalpredicatesand constructorsandag-
gregatesandto implementtheseconstructefficiently. We extendthe TQuelandTSQL2
guerylanguagesvith constructgo retrieveinformationin the presencef indeterminacy
Althoughthe extendediatamodelandquerylanguagerovideneedednodelingcapabil-
ities, theseextensiongppeato carryasignificantexecutioncost. The costof supportfor
indeterminacys empirically measuredandis shownto be modest. We thenshowhow
indeterminacycanprovidea muchrichermodelingof granularity andnow. Granularity
is the unit of measureof atemporaldatum(e.g.,days,months,weeks). Indeterminacy
andgranularityare two sidesof the samecoin insofarasa time at a given granularity
is indeterminateat all finer granularities. Now is a distinguishedemporalvalue. We
describea newkind of instant,a now-relative indeterminate instant, which hasthe same
storagerequirementgasotherinstantsput canbe usedto modelsituationssuchasthatan
employees currentlyemployedbut will not work beyondthe year1995. In summary
supportfor indeterminacydramaticallyincreaseshe modelingcapabilitiesof atemporal
databasevithoutadverselympactingperformance.



CHAPTER 1
INTRODUCTION

Therelationaldatabasenodel[Codd1970]hasprovedafruitful paradignfor database
researclandcommerciabpplications.Therelationalmodelblendsconceptuasimplicity
with asolidtheoreticafoundation andhasanefficientimplementatioiDate 1990]. But,
asoriginally formulated,the relationalmodel could not represenbr queryincomplete
information. In the lasttwo decadesthe relationalmodelhasbeenextendedo provide
supportfor manykindsof incompletenformation,includingfuzzy, imprecisejndefinite,
indeterminatemissing,partial, possible probable uncertain,unknown,vague,anddis-
junctiveinformation. (Relatedvorkis presentedh Chapter.) Thisinterestn supporting
incompletanformationin relationaldatabaseis fueledby therealizationthatincomplete
informationis pervasivan largebodiesof data.

Temporal informationis also ubiquitous;time is an attribute of most “real-world”
data. For example a personnelelationis commonlya history of employeepromotions
anddemotionsa building relationrecordsdifferentblueprintversionsandaninventory
relationchartssalesovertime. Despitethe prevalencef temporainformation thereis no
specialsupportfor it in therelationalmodel. Temporaldatabaseesearcherkaveadded
specialsupportfor temporalinformation; extensiondo the relationalmodelto support
time aremanifold[Kline 1993,S001991]. This supportis dividedalongtwo orthogonal
temporaldimensions:valid time andtransactiortime [Jenseretal. 1994,Snodgras$
Ahn 1986]. Valid time is the “real-world” time associatedvith a fact while transaction
time is the time when the fact was storedin the database.The two time dimensions
canbe usedto partition databasesto four categories:snapshot databaseshich have
no supportfor either time dimension,transaction-time databasesvhich supportonly
transactiontime, valid-time databasesvhich supportonly valid time, and bitemporal

14



15

databasewhich supportboth time dimensions.This taxonomyof temporaldatabases
sufficient; in thesix yearssinceit wasformulatedno newtaxonomiesavesupplantedi.
A valid-time databaseecordsthe history of anenterprisdJenseretal. 1994]. The
historyis asequencef events.Theterm*“history” is intuitive, butsomewhamisleading,
sincetheeventouldbein thefuture. It associatewith eventatimestamp indicatingwhen
thateventoccurred.Oftenauserknowsonly approximatelywhenaneventhappenedFor
instanceshemayknowthatit happenetbetweer2 PMand4 PM,” “sometimdastweek;
or “aroundthe middle of the month.” Theseare examplef valid-time indeter minacy.
Informationthatis valid-time indeterminateeanbe characterizeés“don’t know when”
information, or more precisely “don’t know exactly when” information. This kind of

informationhasvarioussourcesincludingthefollowing.

e Granularity mismatch — In perhapsmostcasesthe granularitywith which data
is recordeds finer thanthe precisionto which the occurrencdime of aneventis
known. For exampleanoccurrencdgime knownto within oneday recordedon a
systemwith timestampsn the granularityof a microsecondhappenedgometime
during thatday, but duringwhich microseconds unknown.

¢ Dating techniques — Many dating techniquesare inherentlyimprecise,suchas
Carbon-14ating.

¢ Uncertaintyin planning— Projecteccompletiordatesareofteninexactlyspecified,
e.g.,theprojectwill completethreeto six monthsfrom now.

¢ Unknownor impreciseevent times— In generalpccurrencéimescouldbeunknown
or imprecise.For example perhapsve do notknow whenanindividual wasborn.
Theindividual’s dateof birth couldberecordedn the databasaseitherunknown
(theywerebornbetweerthebeginningandtheendof time) orimprecisgtheywere
bornbetweemowand70yearsago).

e Clock measurements — Every clock measuremerttassomeimprecision[Petley
1991].
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Temporaldatabasenanagemensystemsshould provide supportfor valid-time in-
determinacy In particular timestampsshouldinclude a representatiotior valid-time
indeterminacyusersshouldbeableto control,via querylanguageconstructstheamount
of indeterminacypresenin derivedinformation,andthe queryevaluatorshouldaccom-
modatevalid-time indeterminacyin its processing.Query evaluationefficiency should
remainhighin the presencef valid-timeindeterminacyandit shouldbe unafectedby
its absence.

This dissertatiorpresentsa valid-time indeterminate datamodelandits implementa-
tion. The modeladdsvalid-timeindeterminacyto TQuel[Snodgras4.987]. TQuelis a
strict supersetf Quel, the querylanguagédor Ingres[Stonebrakeetal. 1976]. TQuel
hasa complete formal semanticsvhich we extendto supportvalid-time indeterminacy
We alsoextendTSQL2[Snodgrasetal. 1994],whichis aconsensutemporalextension
of SQL-92[Melton & Simon1993],to supporttemporalindeterminacy The additionof
indeterminacyo two, distincttemporalquerylanguageslemonstratethatthetechniques
wedescribarenotlimited to a particularquerylanguagebutinsteadaregenerallyappli-
cable.Below we give a shortexamplerequiringthe storageof temporallyindeterminate
information.

A valid-timedatabaseés shownin Figurel.l. Thisdatabasenodelsasinglecompany
with two warehouseandoneairplangactory Thewarehousesupplypartsto thefactory.
Eachwarehousd&eepsa Sent relation,which recordswhenpartswereshippedfrom the
warehouseo the factory The factory maintainsthe In_Production relation,which is a
productionhistory of airplanesbuilt by the factory. For everyrelation we assumean
underlyingtimestampgranularityof oneday.

Valid-timeindeterminacynhaturallyarisesn bothbaserelationsandderivedrelations.
It may surprisethe readerto note that the In_Production baserelationis a valid-time
indeterminateelation. This is becausehe granularityof the In_Production relationis a
monthwhile thatof the Sent andRecelved relationsarejust a singleday. A monthis an
indeterminateraluethatrepresenta setof possibledays.We knowthatproductiononan
airplanestartedon somedayin theindicatedmonth,butwe cannotesurewhichone. For
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thisexample we assumehatproductionis equallylikely to havestartedor endedduring
anydayin anindicatedmonth,although,n generalwe allow nonuniformlikelihoods.

TheReceived relationis notmaintainedy eitherthefactoryor awarehousesatherit is
aderivedrelation,the productof inference.Partsareshippedoy truck from awarehouse
and arrive at the factory no earlier than four and no later than twenty-four days after
theyleavea warehouseThe Received relationis computedrom eachwarehouses Sent
relationby addinga 4—24day “fudge factor’ to thevalid-time attribute. The valid times
in the Received relationareindeterminatethatis, we know roughlywhenthe partswere
received,but we do not know exactlywhich day they were received. We will assume
that eachday in the recordedrangeof daysis equallylikely. For example,the batch
of enginesreceivedfrom the Trump warehousearrived on one of the daysin the set
{June8, June9, ..., June27}, butwe havenoreasorto favor onedayoveranother

In a databasehat supportsvalid-time indeterminacyqueriescan makeuseof inde-
terminateinformation. Supposehat a few of the Centurionairplaneownersreporta
faulty wing strut. Naturally we would like to querythe databaseo determinewhich
warehouse(Quppliedthe defectivepartsand,specifically which lots areimplicated(we
give sucha queryin Section4.3). In TQuel(or TSQL2)with valid-time indeterminacy
we couldqueryto determinevhich shipmenif wing struts“‘overlaps”the productionof
aCenturionairplane.Overlapis the operatiorof temporalintersection.

Therearetwo well-definedimits onanansweto aqueryin anincompletdanformation
databasethe definite answerandthe possible answer{Lipski 1979]. Very roughly, the
definite answeris the information that satisfiesthe queryin all possibleextensionsof
the databasevhile the possibleansweriis theinformationthat satisfieghe queryin some
possibleextensionof the database.For example,considera temporalselectionon the
Received relationthatselectghosetuplesreceivedriorto JunelO. Eventhoughtheexact
datethe shipmentof Lot _Num 23 from the Trumpwarehousearrivedis unknowniit is
clearthatthis shipmentarrivedbeforeJunelO (the shipmentarrivedon somedayin the
set{May 10, May 11, ..., May 29}). Thistuple,andno other is in thedefiniteanswer
to thequery Lot Num 30 from the Griffin warehouses in the possibleanswerto the
query It is possiblethatthis shipmentarrived prior to Junel0 (andalso possiblethat



Sent_by_Trump(Lot_Num,Part)

Valid time
Lot Num | Part H (at)
23 wingstrut || May 6
24 engine ‘June 4

Sent_by_Griffin(Lot_Num,Part)

Valid time
Lot Num | Part H (at)
30 wingstrut || May 26
31 ‘ wing strut ‘ June 9

In_Production(Model, Serial Num)

Valid time
Model | SerialNum || (from) | (to)
Centurion| AB33 March | June
Cutlass | Z19 June | July
Centurion| AB34 June | August
Caravan | FA2K April May

Received(Warehouse, Lot_Num, Part)

Lot_Num Valid time
Warehousd |  Part (at)
Trump | 23 | wingstrut || May 10~ May 29 e,
Griffin 30 | wing strut || May 30~ Junel8 e,
Trump | 24 | engine June 8 ~ June27 e;
Griffin 31 | wingstrut| Junel3~July 2 e,

Figurel.l: A valid-timedatabase
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Lot_Num Valid time
The Definite Answer Warehouse Part (at)
Trump | 23| wingstrut || May 10~ May 29
Lot_Num Valid time
Warehouse Part (at)
The Probable Ansier Trump | 23| wingstrut || May 10~ May 29
Griffin 30 | wing strut || May 30~ Junel8
Lot_Num Valid time
Warehouse Part (at)
The Possible Answer Trump | 23| wingstrut || May 10~ May 29
Griffin 30 | wing strut || May 30~ Junel8
Trump | 24 | engine June 8 ~ June27

Figurel.2: Answersto examplequeries

it did not). Similarly, Lot _Num 24 from the Trump warehousepossiblyarrived prior
to JunelO. Thefirst shipmentfrom the Trumpwarehouses alsoin the possibleanswer
becauseadefiniteanswelis alsoa possibleansweybut notvice-versa.

Betweenthe possibleanddefinitelimits lie otheranswers.For instance assumehat
it is equallylikely thatLot _Num 24 from the Trumpwarehousearrivedon eachdayin
the set{June8, June9, ..., June27}. Forthe shipmentto havearrived prior to June
10, it hadto arriveon eitherJune8 or June9. If all thedaysareconsideredo beequally
likely, thenthereis a probability of only 0.10(2 chance®ut of 20) thatthe the shipment
wasreceivedprior to Junel0. Soit is improbable thatLot _Num 24 arrived prior to
JunelO. However it is probable thatboth Lot _Num 30 (0.55probability, 11 chances
out of 20) andLot _Num 23 did arrive (1.00 probability). The definite, possible,and
“probable” answerto the temporalselectionare portrayedin Figure1.2. If the query
languagecan makeuseof a probability distribution over the possibletimes associated
with anindeterminatenstant,a “richer” querylanguageesults,onenotrestrictedto the
definiteand possibleanswers. The richnessof the querylanguage however mustnot

compromiseefficientimplementatiomor detractfrom theintuitivenesf thelanguage.
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Therearetwo stagedo determiningananswerto aquery Thefirst stageretrieveghe
datathatis relevantto thequery Thesecondstageconstructsananswetthatsatisfieghe
constraintspecifiedn the query We provideseparateontrolson theindeterminacyor
eachstage.

Range credibility changesheinformationavailableto queryprocessingForinstance,
given a uniform distributionassumptionit is unlikely that productionon the Centurion
serialnumberAB33 had begunearly in March, but morelikely thatit had startedby
late March, sincethe likelihood that productionhad startedby a given dateis the sum
of the probabilitiesthat productionbegin on eachpreviousday. A typical usermight
be interestedn only thoseproductiontimesthatarelikely, late Marchto early Junefor
the Centurion,ignoringthosethatareunlikely. In TQuelor TSQL2with indeterminacy
the usercanexpresghis preferenceby selectingan appropriaterangecredibility value.
The choserrangecredibility potentiallymodifieseveryintervalin a valid-timerelation,
restrictingthe rangeof eachinterval. Effectively, non-crediblestartingandterminating
timesareeliminatedto the choserlevel of credibility duringqueryprocessingallowing
theuserto controlthe quality of theinformationusedin the query

Ordering plausibility controlstheconstructiorof anansweto thequeryusingthepool
of credibleinformation. For instance,a Centurionowner could querywhich shipment
of wing strutsplausiblyarrivedduring productionof his or her plane. Intuitively sucha
gueryrelaxegheconstraint®ntherelationshigetweertheproductiontimesandtheday
a shipmentwasreceivedfrom “absolutelysureof overlap?” to “is it probablethatthey
overlap?”or perhapgo “is it evenremotelypossiblethattheyoverlap?”. Theuserselects
thekind of overlapthatsheor herequiresby settingan appropriateorderingplausibility
value. It is probablethatlot number31 from the Griffin warehousevasreceivedduring
productionof the Centurionwith serialnumberAB33, butonecannotbe absolutelysure
thatit did.

In summarythereis a naturaldivision betweenindeterminacyin the dataandinde-
terminacyin the query The supportfor valid-time indeterminacythatwe addto TQuel
and TSQL2 allows the userto control both kinds of indeterminacy Rangecredibility
massagetheinformationfrom which a plausibleanswetrto the queryis constructed.
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In the nextchapterwe informally andformally definewhatwe meanby incomplete
informationin relationaldatabasenanagemensystems. We also mapthe incomplete
informationlandscapepinpointingpreviousapproachesandclearlydelimit theterritory
of valid-timeindeterminacy We thenexaminethe representationf valid-timeindeter
minacy We presentour ontology of time andintroducethe threebasicindeterminate
modelingentities: theindeterminatenstant,interval,andspan.Next, we add constructs
to TQuelto permitcreationof relationswith indeterminateime valuesandto express
operationn thosevalues. After that, we explorewhatit meando retrieveinformation
from adatabasevith valid-timeindeterminacyEmphasiss placedon providingasimple
andintuitive retrievalmethod. We extendTQuel’s tuple calculus(the formalismused
in TQuel's determinatesemantics)to handlevalid-time indeterminacy The extended
semanticseducedo the currentsemanticsvhenno indeterminacys presenin a query
We then considerimplementationssues. Although retrieving valid-time indeterminate
information may appearo be expensive we outline an efficient implementation. We
describehe algorithmsusedto implementthe extendedsemantics Thesealgorithmsare
implementedand performancdigurespresented.Bit layoutsof indeterminatenstants,
intervals,andspansarepresentecindshownto be competitive(in termsof space)with
existingdatabasémestamgormats. Theextendedmplementatiomeducego thecurrent
implementatiorwhenno indeterminacys usedin a query In thefinal chaptersve add
indeterminacyto TSQL2, and explorethe impactof indeterminacyon the modelingof
granularity andnow; indeterminacypermitsa richermodelingof bothconcepts.



CHAPTER 2
A TAXONOMY OF INCOMPLETE INFORMATION

Somedatabasananagemensystemscan store and use information that is incom-
plete. In this chapter we informally andformally definewhatwe meanby incomplete
informationin databasenanagemergystemsandwe classifyproposedxtensionso the
relationaldatamodelthat canstoreandqueryincompleteinformation. Thereare many
differentkinds of incompleteinformationincludinginformationthatis fuzzy, imprecise,
indeterminateindefinite,missing,partial, possible probabilistic,unknown,uncertainpr
vague.We will exploreeachvarietyof incompleteinformationin detailbelow Because
therearesomanydifferentflavorsof incompleteinformation,therehavebeenmanypro-
posedextension®f therelationalmodelto supportincompletenformation,far toomany
to give a detailedaccountof eachin the limited spaceof this chapter To makesense
of the multitude,we providea taxonomythat pigeonholesgachproposecextensionn a
generaklassof incompletanformationmodels.

This chapteis organizedasfollows. First,we define‘incomplete”’andbuild aformal
notationfor describingdatabasethatcontainincompletanformation. Next, we applythe
formal definitionto the kinds of incompleteinformationfoundin theliterature. We then
describea taxonomyandclassify the variousresearctproposals.Finally, we providea
brief summaryof the centralconcepts.

2.1 De€finitions

In this sectionwe definewhatwe meanby “incomplete.” The definition of incomplete
given in The Concise Oxford English Dictionary is, perhaps,too concise;it defines
incompleteas“not complete”[Sykes1964]. Thedefinitionof completeis of morehelp;
completemeansentire or whole. An object,then,is incompletewith respecto anobject
thatis entireorwhole. Theincompleteobjectis missingsomethindgromits morecomplete

22
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partner For exampleanancientGreekstatuemissinganarmis incompletewith respect
to thestatuewith thatarm. If thestatues armis unearthedndreafixed,the statuecould
bemadecomplete.

If informationis representedsafact (we definewhatwe meanby afactbelow),the
differencebetweera completeandanincompletefactis oftena matterof precision. For
instancea fact which stateshatthe temperatures 56° is lessprecisethana fact which
stateghatthe temperatures 56.4°. The 56° temperaturdact, howevey is moreprecise
thanonewhich assertshetemperatureo be 56° £ 4° or afact which stateghatit could
beanytemperature.

The informal definition of incompleteinformationis thatinformationis incomplete
becausd is missingsomethingrom morecompletanformation,andtheincompleteness
can be assuagedby addingthe missinginformation, which may be unavailable. It is
veryimportantto notethatinformationis incompleteonly with respecto morecomplete
information(whichin turn couldbeincompletewith respecto still otherinformation).

We will assumehata fact is a tuple in a relation. Adopting the well-known cor-
respondenceetweerfirst-orderlogical modelsandrelationaldatabasefJliman 1988],
we will write a fact asa ground literal. For example,assumehatwe havea relation,
Employees, with asingleattribute Name. ThenthefactthatJoeis anemployeas written:
employee(joe). In generaltherearetwo kindsof facts: extensional factsandintensional
facts. The extensionafactsare whatthe databasédiasin its baserelations,thatis, the
axiomsof the first-ordermodel. The intensionalfacts are what can be derivedby the
databasde.g.,views). To simplify this discussionwe will largely ignorewhatcanbe
derivedin aquerylanguagdi.e., our first-ordermodelhasno proofrules).

The formal definition of incompleteinformationin databasenanagemensystems
beginswith definingthe meaningof a database.n this chaptey we will assumdhata
databaseD, is asetof facts,{ Fi, ..., F,,}. Themeaningof adatabase)), written[D],
is denotedby a set, {[F1], ..., [Fn.]}, wherethe meaningof eachfact, [ #;], depend®n
thefact, butin generaljs amultiset.! (Thereasorfor usingamultisetwill bemadeclear

!Knuthdescribeamultisetas‘a mathematicagntitywhichislikeasetbut isallowedto contiinrepreated
elements;an objectmay be an elementof a multisetseveraltimes,andits multiplicity of occurrencess
relevant”[Knuth 1969].
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whenprobabilisticinformationis introducedelow) As anotationakconveniencenstead
of replicatingidenticalelementsn a multiset,we will associate numericalcoeficient,
representinghenumberof suchelementsn themultiset,with eachelement.Forexample,
we will write the multiset,{«, b,b} as{1 - «,2 - b}. Onefurthernotationalnote,we will
drop the coeficient whenit is 1. In our simplified model of a databasea databases
nothingmorethana collectionof facts,consequentlyin whatfollows, we will focusjust
onsinglefactsratherthanonthedatabasasawhole.

In the multisetmodel of a fact, the meaningof a fact is a multiset. Eachelement
in the multisetis a set of literals. For example the meaningof the fact emp(b) in our
multisetmodelis {1-{emp(b)}}, or just{{emp(b)}}. The mappingsbetweerfactsand
theirmeaningsaredevelopedn Section2.2.

Eachfact in the databasenight or might not be true of theworld (i.e., the database
mightmodelafantasyworld). Weassumehateverythinghatis knownaboutthemodeled
world is containedn the database.

Eachfact potentiallyhastwo interpretations:a definite interpretationanda possible
interpretation. The definiteinterpretationis all the informationthat that fact definitely
representsyhile thepossiblanterpretations everythingthatthefactpossibly represents.
We stipulatethatthedefiniteinterpretatiorof afactis thesubsetf literalsthatis common
to eachsetof literalsin the meaningfact (recall thatthe meaningof a factis a multiset,
theelementof which aresetsof literals).

Definition 2.1.1 Thedefinite informationin afact,[F] = {fi,..., f.}, writtende f, is
defr=4 () [ where (1] is setintersection.
fielF]

The possibleinformationin a fact is the informationthat is isolatedto specificliterals
associateavith afact.

Definition 2.1.2 Thepossibleinformationin afact,[F] = { fi, ..., f.},iswrittenposs .

possp =4 |J fi — defp where [ J issetunion.
fielr]
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Theformal definitionof incompletenformationin afactis relatedto its possibleand
definiteinformation. A factcanbeincompleteonly with respecto anotherfact.

Definition 2.1.3 A fact F' is incomplete with respecto afact F” (written F' <; F') if

(defp Cdefp N possp Cpossp) V (defr Cdefp N possp C possy)

Thisdefinitionstateshat /' isincompletewith respecto £ if it containitherlessdefinite
informationor more possibleinformation. We motivatethe utility of this definitionwith
anexample.Considetthefollowing facts:

Fy = {{emp(b)}}
Fy = {{emp(b)}, {emp(c)}}
Fy = {{emp(b)}, {emp(c)}, {emp(d)}}

Thedefiniteandpossibleinformationin thesefactsis givenbelow

defr, = {emp(b)} possy, =0
defr, =0 possy, = {emp(b), emp(c)}
defp, =0 possp, = {emp(b), emp(c), emp(d)}

F, isincompletewith respecto F; becaus@ hasbothmorepossiblanformationandless
definiteinformation. Similarly £3 isincompletewith respecto 3, butonly becausé has
morepossibleinformation. We will returnto theseexamplesn the nextsectionbecause
it remainauncleawhethertheincompletenesselationship@amongheseactscorrespond
to whatis traditionally consideredo be incompleteinformation. We will demonstrate
thattheaboverelationshipsapturesomevery commorkindsof incompletanformation.

Incompleteinformationis presentat the databasdevel aswell asat thefact level (a
databasés a setof facts). For instancea database¢hat containstwo factsis incomplete
with respecto anothedatabas&hich storeshosetwo factsplusathird. Incompleteness
atthedatabaséevelis definedbelow
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Definition 2.1.4 A databasel), is incomplete with respecto anothemdatabasel)’, if

VF,e D (HFC e (FZ < Fc))

Thisdefinitionstipulateghattheincompletedatabases missinginformationfromits more
completepartner Thereis amorecompletefactin thecompletedatabaséor everyfactin
theincompletedatabaseWewill notexploreincompletenesatthedatabasévelfurther;
it is aissueof incompletanformationgatheringatherthanoneof incompletenformation
within a databaseontext. Insteadwe will concentrat®n incompletenformationatthe
level of facts.

2.2 Attribute Incompleteness

In thissectionwe describevariouskindsof incompletanformationandgive themeaning
of eachtypein the contextof the formal modeldevelopedn the previoussection. We

limit the discussiorto incompleteinformationstoredasattributevalues,which we call

attributeincompletenes® distinguisht from tupleincompletenessvhetheror notatuple
belongdo arelation)or query incompletenes@vhetheror notaqueryreturnsacomplete
answer).Wefocusonattributeincompletenesisecausealid-timeindeterminacys akind

of attributeratherthantuple or queryincompleteness.

221 Common Incomplete Attribute Values

An unknown attributevalue is a value that is known to exist, but the actualvalue is
unknown.Theunknownvalueis assumedo beavalid attributevalue thatis, somevalue
in thedomainof thatattribute. This a very commonkind of incompleteinformation. For
examplejn anemployeadatabasewhile everyonemusthaveanage,Joans agemaybe
recordedasunknown. The unknownvalueindicatesthat Joanhasa valid age(i.e. it is
not“purple” or “-3” or “INAPPLICABLE"), butwe do notknow herage. An unknown
value hasvariousnamesin the literatureincluding unknown null [Codd 1979], missing
null [Goldstein1981],andexistential null [Biskup 1981,Minker 1982].
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In our formal model, we candescribean unknownattributevalue asfollows. The
meaningof a fact, ¥, with an unknown attribute value over an attribute domain of
cardinality N is a multisetwith N members;eachmemberis a set containingan F
literal with the unknown value replaceda different value from the attribute domain.
For example,assumel’ = emp(@) (where @ representsan unknown value over a
domain{b, ¢, d}), thenthe meaningof F' is the meaningof examplefact 3, thatis,
{{emp(b)}, {emp(c)}, {emp(d)}}. Not surprisingly F; is incompletewith respecto
Fy (Fy isanunknownvalueoverthedomain{b}, orin otherwords,it representaknown
value). This correspondso the notionthata fact with an unknownvalueis incomplete
with respecto afactwherethatunknownvalueis nolongerunknown,butis nowknown
to beaspecificvalue.

A generalizatiorof an unknownvalueis animprecise value. An imprecisevalueis
anattributevaluethatis knownto existandknownto be a singlevaluefrom a subset of
the attributedomain. For example,in an employeedatabaseif Jill’s ageis recordedas
somewherdetween20 and 30 yearsold, but her preciseageis not recordedher ageis
saidto beimprecise.A speciakaseof animprecisevalueis anunknownvalue(thesubset
is thedomainitself). Anotherspecialcases a preciseor completevalue(the subseis a
singletonset). Partially known values [Grant1979]andset nulls[Keller & Wilkins 1985]
areimprecisevalues.

The meaningof animprecisevaluein the multisetformulationis similar to that of
anunknownvalue. In our examplecollectionof facts, £, is animprecisevalueoverthe
subset{b, ¢} of thedomain{b, ¢, d}. F; isincompletewith respecto F; becausét has
nodefiniteinformation,butnotincompletewith respecto F; becausé;, haslesspossible
informationthan F3. F, is moreprecisethan Fs.

Anothergeneralizatiof anunknownfactis adigunctivefact[Grant& Minker1986],
also known as indefinite information[Liu & Sunderramari990, Liu & Sunderraman
1991]. A disjunctionis a logical or appliedto literals. For example Jill might be an
employeeor a manageie.g.,“emp(Jill) v manager(Jill). Thedisjunctionis exclusive
[Ola 1992]or inclusive [Homendal991]. If it is anexclusivedisjunction,oneandonly
onedisjunctis true. Themeaningf anexclusivedisjunctivefactis thesameasthatof an



28

imprecisevalue.Let F' beanexclusivedisjunctivefactwith N disjuncts.Themeaningof
F'is givenby amultisetwith N memberspachmemberis a setcontainingonedisjunct.
For example,assumel’ = emp(b) V emp(c), thenthe meaningof F' is the meaningof
examplefact F;.

The meaningof an inclusive disjunctive fact is somewhatdifferent than that of
its exclusive counterpart. Let F' be an inclusive disjunctive fact with N disjuncts.
The meaningof F is given by a multiset with 2V — 1 members;eachmemberis
a unique subsetof disjuncts. For example,assumeF’ = emp(b) V emp(c), then
[F] = {{emp(b), emp(c)}, {emp(b)}, {emp(c)}}. The“empty attribute”fact, emp(),
is not part of the meaningof an inclusivedisjunctivefact sinceat leastone alternative
valuemustbe the attributevalue. The empty attributerepresentshe situationwherea
tuple exists,but doesnot havea particularattributevalue (e.g.,an unmarriedemployee
tupleexists,butdoesnotanyvaluefor the marriednameattribute).

A maybe value is anattributevaluewhich mightor mightnotexist[Gessertt991]. If
it doesexist,thevalueis known. For instancewe couldstorein our employeedatabase
thatJill's phonenumbemaybe 555-5555.1f Jill hasa phone thenthisis hernumberbut
shemaynothaveaphone.A maybe tupleis similarto amaybevalue,buttheentiretuple
might not be partof therelation[Liu & Sunderramad990,Liu & Sunderramai991].
Maybetuplesareproducedvhenonedisjunctof aninclusivedisjunctivefactis foundto
betrue,theotherdisjunctsbecomemaybetuples.

Both kinds of maybeinformationarerepresentedimilarly. Let F' be a fact with a
maybeattributevalue. The meaningof F' is given by a multisetwith 2 members,one
containingthe literal with the attributevalue,the othercontainingthe literal without the
attributevalue. For examplejif F' = emp(jill, maybes55 — —5555) thenthe meaning
of ' is {{emp(yill,555 — 5555)},{emp(jill)}}. If F is afactwith a maybetuplethen
the meaningof F' is the multisetwith 2 members;one containingthe tuple, the other
containingthe emptyattributefact (emp()).

A combinationof inclusivedisjunctiveand maybeinformationis open information.
An openattributevalueindicatesthatan attributeof a particulartupleis underthe open
world assumptiorjGottlob & Zicari 1988]. The attributevaluemay not exist, could be
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exactlyonevalue,or could be manyvalues. For example,in the employeedatabasan
openvaluecould be usedfor JillI's previousemploymenhtistory. This valuemeanghat
Jill possiblyhadpreviousemploymen{this couldbe Jill’ s first job), Jill might havehad
onepreviousjob, or Jill might havebeenemployeednanytimespreviously The open
valuecoversall thesepossibilities.

Let F' be afact with an openattributevalue over an attributedomainof cardinality
N. Themeaningof F is givenby a multisetwith 2% memberspachmembeiis a unique
subsebf thedomain. For exampleassume’ = emp(@Q) (where@ representsnopen
valueoveradomain{b, c}), thenthemeaningof F'is

{{emp(b), emp(c)}, {emp(b)}, {emp(c)}, {emp()}}-

A no information value is a combinationof an openvalue and an unknownvalue
[Zaniolo1984]. Thenoinformationvaluerestrictsanopenvalueto resemblenunknown
value.A noinformationvaluemightnotexist,butif it doesthenit is asinglevaluewhich
is unknown,ratherthanpossiblymanyvalues.

The meaningof a no informationvalueis similar to thatof an unknownvalue. Let
F be afactwith a no informationattributevalue overanattributedomainof cardinality
N. Themeaningof F'is givenby amultisetwith N + 1 memberseachmemberis a set
containingaliteral with thenoinformationvaluereplacedy avaluefromthedomain.In
addition,the emptyattributefactis alsoa memberof the multiset. For example assume
F = emp(@) (where@ represents no informationvalueoverthedomain{b, c}), then
themeaningof F'is {{emp(b)}, {emp(c)}, {emp()}}.

A generalizatiof openinformationis possibleinformation[Lipski 1979](thisdiffers
from our useof the term “possible”). Possibleinformationis an attributevalue whose
existences undeterminedputif it doesexist,it couldbe multiple valuesfrom a subset of
theattributedomain. For examplejn anemployeedatabase]ill’ s previousemployment
history could be narrowedto possiblytwo companiesshecould haveworkedfor both
companiespnly one,or neither A specialcaseof a possibleattributevalueis anopen
value(the subsets the domainitself). Anotherspecialcases a maybevalue(thesubset
is asingletonset).
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The meaningof possibleinformationin the multisetformulationis similar to that of
openinformation.

Probabilistic informationis a variantof impreciseinformation. A probabilisticdata
valueis a setof alternatives. Eachalternativehasan associategrobability that it is
the attributevalue [Barbaé et al. 1989, Cavallo& Pittarelli 1987, Gelenbe& Hebrail
1986]. Forexamplejn the employeedatabaseassumehatwe do notknow Jill’s salary
exactlybut we are 70% sureit is $30,000and 30% surethatit is $35,000. Jill's salary
is a probabilisticdatavalue; the value exists, it is a value from a known subsewf the
attributedomain, it is exactlyonevalue,andwe know that somealternativesare more
likely thanothers. In somemodels,oneof the member=f the setof alternativescould
be an unknownvalue [Barba& et al. 1989]in which casethe associategbrobability is
distributeduniformly overthe elementsn thedomain.

To representa probabilisticfact using the multiset notation, the probability of an
alternativas proportionako themembershipatio of thatalternativan themultiset. Orin
otherwords,theprobabilityis thenumberof timesthatalternativeappearsn themultiset.
Soif f; is analternativeof fact ' with probability p, then

p-1fi} € [F].

For example,if £ = emp((b,0.25)(¢,0.75)) (indicating that b is the employeewith
probability0.25andthatc is the employeewith probability0.75),thenthe meaningof F
is

{0.25 - {emp(b)}, 0.75 - {emp(c)}}.

Notethattheweightsareignoredin thedefinitionof thedefiniteandpossiblanformation
in afact. Sothefact /' hasthe sameinformationcontentas /' = emp((b, 0.50)(c, 0.50))
(sincepossy = poss . andde f . = poss ).

Anothervariety of weightedinformationis fuzzy set information. Fuzzysetinforma-
tionis similarto possiblanformation. A fuzzy setis asetof possibilities.Eachpossibility
is a maybevalue,thatis, it may belongto the setor it might not. The possibility thatis
doedelongis givenby amembershifunction(alsoknownasthedegree of membership).
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Thedegreds avaluebetweerD and1l (inclusive). A fuzzy setcanbe anattributevalue
[Zemankova& Kandel1985].

Themeaningof afuzzy setvaluein a multisetnotationis similar to the meaningof a
probabilisticvalue. But a possibilityis a subsebf theattributedomainratherthanjustan
elemenbf thatdomain.If we ignorethedegreeof membershipafuzzy setvaluehasthe
samemeaningasanopenvalueoverthedomaincomposeaf the possibilities. Thatis, if
Fis afactwith anfuzzy setvaluewith N membersthenthe meaningof F' is givenby
amultisetwith 2V memberspachmemberis a uniquesubsebf the setof possibilities.
For example,assumel’ = emp({b, ¢}) (for the moment,we leaveoff the degreefor b
andc), thenthemeaningof F'is {{emp(b), emp(c)}, {emp(b)}, {emp(c)}, {emp()}}.
Thedegreeof membershipvill berepresentedsa coeficientin the multiset.

The meaningof F' is given by a multisetwith 2V elementgat least). A subsetof
possibilitiesmayappeamanytimesin the multiset. The coeficient of eachsubsets the
minimal degreeof membershiputof all theelementsn thatsubset.Thatis, if fi,..., f.
arepossibilitiesof fact /' with degree®f membershipg, ..., o,, respectivelythen

min(oy,...,00) - {f1,..., fu} € [F]

Forexamplejf F = emp((b,0.25)(¢c,0.75)) (indicatingthatb is anemployeewith degree
of membershi®.25andthatc is anemployeewith degreeof membershi®.75),thenthe
meaningof F'is

{0.25 - {emp(b), emp(c)}, 0.75 - {emp(c)}, 0.25 - {emp(b)}}.

Note that poss anddef arethe sameevenif the elementsare weighteddifferently
(unlesgheyareweightedwith zero).

The distinctionwe makebetweenprobabilisticand fuzzy attributevaluesis contro-
versial. Oftenresearchers thefield stresghesimilarity betweerfuzzy andprobabilistic
by advancingproofsthatfuzzy valuescanmodelprobabilisticvalues.But in the multiset
model,the goalis to highlight the differencegatherthanthe similaritiesbetweernthese
kinds of values. Therefore we havelabeledthe meaningsasprobabilisticandfuzzy al-
thoughthosekinds of valuesarecapableof modelingeachother(with somerestrictions).
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Notethatthe meaningof aprobabilisticvalueis a subsebf themeaningof afuzzyvalue;
in theprobabilistiomeaningpnly thesingletorsetsareretainedaselementsForexample,
the“probabilistic” meaningof thefuzzy valueemp((b, 0.25)(¢,0.75)) is

{0.75 - {emp(c)}, 0.25 - {emp(b)}},

while the“fuzzy” meaningof theprobabilisticvaluevalueemp((b,0.25)(¢, 0.75)) is
{0.25 - {emp(b), emp(c)}, 0.75 - {emp(c)}, 0.25 - {emp(b)}}.
2.2.2 Truncation Incompleteness

Attribute valuesin databaseelationsare sometimeshortenedo accommodatémited
spaceresourcesA commonexampleis limiting the sizeof surnamesby truncatingany
namethat exceeds fixed, but small, numberof characters.But, truncationsometimes
discardsnformation. In thosecasewhererelevantinformationis lost, a truncatedfact
is incompletewith respectto its untruncatedpartner We will refer to this kind of
incompletenesastruncation incompleteness. This kind of incompleteneskasreceived
scantattentionalthoughdatabasestoragestrategieandtechniquefiavebeenextensively
researched.

The multisetmeaningof a fact accommodatesuncationincompletenesby treating
thetruncatedvalueasanimprecisevalue. Theimprecisevalueis a valuefrom a known
subsef the attributedomain. Very informally, the known subseis all thosemembers
of the entire attributedomainthat include the non-truncategortion of the value. For
example,assumehat the nameattribute of an employeerelationis limited to names
of three charactersor fewer The employeewith the name“Jill” is truncatedby the
databasé¢o thefact emp(jil). The multisetmeaningof emp(j:!) (to four charactersjs

{{emp(jil), emp(jila), emp(jilb), ..., emp(jilz)}}.
2.2.3 CompleteInformation Null Values

Unknown, partially known, open, no information, and maybenull valuesare different
interpretation®f anull value. Thereareothernull valueinterpretationshutnoneof these

is akind of incompleteinformation.
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An inapplicable or does not exist null is a very commonnull value. An inapplicable
null, appearingasanattributevalue,meanghatanattributedoesnot havea value[Grant
1977]. The prototypicalexampleis an employeerelationwith a Maidennameattribute.
The employeelill may not be married, henceshedoesnot havea Maidenname,and
thevaluefor this attributewould be aninapplicablenull. An inapplicablevalueneither
containsnor representanyincompletenesst is knownthatthe attributevaluedoesnot
exist. Inapplicablevaluesindicatethatthe schemgusuallyfor reasonof efficiency or
clarity) doesnotadequatelynodelthedata. Therelationcontainingheinapplicablevalue
canalwaysbedecomposehto anequivalensetof relationghatdo notcontainit [Atzeni
& Parker1982,Lerat& Lipski 1986,Linn 1987]. Hencethe presencef inapplicable
valuesindicatesnadequacies theschemabut doesnotimply thatinformationis being
incompletelyrecorded.

A singlenull valueis oftensemanticallyoverloadedo meareitheranunknownvalue
or aninapplicablevalue[Codd 1986,Codd 1979, Date 1986] in which caseit is anno
informationnull. Problemsthat resultfrom suchan overloadinghave beenidentified
[Zaniolo 1982,Zaniolo1984]. Recently useof four-valuedlogics hasbeenadvocatedo
untanglethe semantiacconfusion[Gessertl990].

Another non-incompletanformation null is a universal null [Biskup 1981]. The
universalnull, appearingasan attributevalue,meanghateveryvaluefrom the attribute
domainis anattributevalue. ForexampleassuméhataPartselationhasacolorattribute
andthatthe “crayon” partcomesin everycolor. To savespacewe couldstorea single
“crayon”tuplewith therelationanduseauniversahull toindicatethecolor. Theuniversal
null servesasanabbreviatiorfor a setof facts.

2.3 A Taxonomy of Incomplete | nformation Data M odels

Theformal modeldevelopedn previoussectionsservesasa foundationfor classifying
various schoolsof thoughtin incompleteinformation databases.In this section,we
proposea tree structuredtaxonomybasedon issuesthat areillustratedwith the formal
model.Belowwe describeéhesdssuesn somedetail. Eachinteriornodein thetaxonomy
treeis anissuechoicepoint. A branchindicatesa choicemadeon anissue. Someof
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the choicesareorthogonal. Thatis, therearedatamodelsthatcansupportboth choices.
Othersareimportantspecialcases.At eachleafin the taxonomytreearelistedresearch
proposalghatfit the choicesmadeonthe pathfrom therootto theleaf.

2.3.1 Valuevs. Temporal Incompleteness

Thefirst issuein the taxonomyconcernsvhetherthe proposednodelsupportsvalue or
temporal incompletenessThedifferenceébetweervalueandtemporaincompletenessan
becharacterizedsthatbetweerfdon’t knowwhat” and“don’t knowwhen”information.
The choiceof which kind of informationto modelis orthogonal,thatis, thereare (or
couldbe) datamodelsthatsupportboth. For instance althoughthis dissertatiorfocuses
exclusivelyon temporalincompletenessemporalindeterminacycanbe combinedwith
supportfor null valuesin nontemporahttributes. The taxonomysubtreefor both value
andtemporalincompleteneshasexactlythe samestructure which is describedurther
below

Researcln valueincompleteneskasbeenextensive.Thefield is certainlydeserving
of ataxonomy Therelativenewnes®f valid, transactionandbitemporaldatabasebas
limited researclon temporalincompletenessHowever we believethatthereis enough
work to makeclassificatiormeaningful.

Another kind of incompleteinformation is spatial incompletenesg“don’t know
where”). Yet anotheris abductiveincompletenesg§‘don’t know why”). In the inter-
estof spacewe shallleaveinvestigationof these(andother)areado futureresearchers
with thewarningthatour taxonomyis asyet “incomplete.”

2.3.2 Alternativevs. Possible

The secondchoiceto be madeconcernsvhetherthe incompleteinformationmodelsan
attributevaluethatcanbeasetof valuesor justasinglevalue. An incompletedatavalue
caneitherbe a setof alternatives or a setof possibilities. Exactlyonemember in a set
of alternativeds the attributevalue; which memberis unknown. Any subset of a set
of possibilitiescould be the attributevalue; which subsets unknown(andcould be the
emptyset). Alternative proposalsaremorecommonin databasesinceit is atypicalto
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havesetattributevalues(e.g.,nestedrelations). In the formal model,the meaningof a
datavaluewith N alternativegandwithout weights)is typically a multisetwith O(N)
memberswhereasghe meaningof a datavaluewith N possibilitiesis a multisetwith
O(2") members.

2.3.3 Unweighted or Weighted

Weightsplay animportantrole in somedatamodels. Weightsaretypically normalized
valuesin the range[0,1]. Weightsare assignedo individual alternativesor individual
possibilitiesin an incompletevalue. For an alternative,a weight gives the chanceor
probabilitythatthealternativas the actualvalue. For a possibility, a weightindicateshe
likelyhoodthatthe possibilityis an actualvalue.

The unweightedschoolis an importantspecialcaseof the weightedschool. An
appropriateweighting schemecan usually be usedto encodeunweightedinformation
(e.g. usinguniform weights). However the query evaluationsemanticawith weighted
incompletanformationdifferssubstantiallyfrom thatwith unweightednformationsince
gueriesneedto beableto utilize theweightedinformation. Unweightedmeansot only
thatweightsarenot presentput thatqueryevaluatiorsemanticsnakeno useof weights.

Unweightedincompleteinformation may be either unrestricted or restricted. By
restrictedve meanthatthevalueof eachpossibilityor alternativas restrictedo a subset
of theattributedomain. Thesubseto whichit is restrictednustbeencodedspartof the
incompleteinformationin the value(if it werekeptin the schematherestrictionwould
simply be to the domainof the attribute). Queriesmusttake accountof the restriction
duringqueryevaluation.An unrestrictedraluehasno suchconstraints.

In the weighted case,this distinction is madeby the weighting scheme. While
weighting schemesuserestrictedvalues,an appropriateweighting scheme(using zero
weights)canmimic theunrestrictectase.

2.3.4 TheTaxonomy Tree

The taxonomytree is split over severalfigures. Figures2.1 and 2.2 are the value
incompleteproposalswhile Figures2.3 and 2.4 are the temporalincompletepropos-
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/\/alue
Alternative
Unweighted Weighted

[Cavallo& Pittarelli1987]
[Gelenbe& Hebrail1986]
[Barbaietal. 1989]

Unrestricted Restricted

unknownnulls partially knownvalues

[Codd1979] [Grant1979]

[Codd 1986] setnulls

missingnulls [Keller & Wilkins 1985]

[Goldstein1981] exclusivedisjunction

existentialnulls [Ola1992]

[Biskup 1981]

[Minker 1982]

Figure2.1: Thetaxonomysubtredor value/alternativéncompleteness

als. The valueincompletealternativeschoolsare shownin Figure 2.1. Most of the
work in incompleteinformation are representedyy theseschools,in particular at the
Value/Alternative/Unweighted/Unrestrictéghf. Thisis whereunknownnull valuesre-
side. Null valuesareincorporatedn the SQL-92standardMelton & Simon1993]and
aresupportedn severatommerciaproducts.In fact,nomajordatabaseendorsupports
anyotherkind of incompleteinformation. The otherfiguresshowingthetaxonomycover
Value/PossibléFigure 2.2), Temporal/AlternativgFigure 2.3), and Temporal/Possible
proposals(Figure2.4).

In thetaxonomythe classificatiorof a schoolis givenby the pathfrom therootto the
leaf. The primary differencebetweerthe schoolss thateachmodelsa differentkind of
incompleteinformation. In Figure 2.5 we give a table showingsituationswith different
kindsof valueincompletenessnexampleof atuple with anincompletedatavalue,and
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Value
Possible
Unweighted Weighted
[Prade1985]
[Raju & Majumdar1988]
[Zemankova& Kandel1985]
. . Zadeh1989
Unrestricted Restricted [zade ]
opennulls [Lipski 1979]
[Gottlob & Zicari 1988] [Buckles& Petry1982]

inclusivedisjunction
[Homendal991]
indefiniteinformation
[Liu & Sunderramad990]
[Liu & Sunderramai991]
maybevalue
[Gessertl991]

Figure2.2: Thetaxonomysubtredor value/possibléncompleteness

to whichleafin thetaxonomythetuplebelongs.Figure2.6 showsasimilartripartitetable
for temporalincompleteness.

Therelationgdepictedn thefiguresrelateanindividualto zerqg one,or morecontracted
diseasesEachtuplein thetwo relationsrepresenta differentschool(asindicatedin the
SCHOOL column). Thedifferencdiesin theinterpretatiorof theinformationrecorded
for the DISEASE attributein Figure 2.5 andthe VALID attributein Figure2.6. The
intendednterpretations givenby the SITUATION column.

2.3.5 Valid-time Indeter minacy

Thetaxonomyshowdhatvalid-timeindeterminacysin thetemporal/alternative/weighted
school. Indeterminacymodelsthe situationwhereexactlyonememberof a setof times
is the actualtime, but we do not know which member In addition,eachmemberof the
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Temporal
Alternative
Unweighted Weighted
valid-timeindeterminacy
[Dyreson& Snodgras&993A]

Unrestricted Restricted
temporalindeterminacy [Koubarakis1993]

[Snodgras4982] [Schiel1987]

generalizeavents

[Kouramajian& Elmasri1992]

Figure2.3: Thetaxonomysubtredor temporal/alternativencompleteness

Temporal

Possible

Unweighted Weighted
[Dutta 1989]

Unrestricted Restricted

Figure2.4: Thetaxonomysubtredor temporal/possiblexcompleteness
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SITUATION PERSON | DISEASE SCHOOL
JethrohasMalaria Jethro | Malaria No incompleteness
Juanhasonedisease, Juan Unknowny alternative/unweightedhresticted
but we arent sure

which

Jerome has either Jerome | Malaria or alternative/unweightédestriced
Malariaor Typhoid Typhoid

There is a 70% Jules Malaria.7 alternative/weighted
chance Jules has Typhoid.3

Malaria but only Rest0

a 30% chancehe has

Typhoid.

Juana has zero or Juana | Unknowns possible/unwighied/unestricted
morediseases.

Julie has Malaria or Julie Malaria, possible/unweigted/resticted
Typhoid,  perhaps Typhoid

both.

There is a “good” Jill Malaria.8 possible/weighad
possibility Jill has Typhoid.9

both Malaria and Rest0

Typhoid

Figure2.5: Thesituationmodeledby schoolsn valueincompleteness

setof timeshasana weight. In valid-time indeterminacythe weightis interpretedasa
probability, thatis, the weightgivesthe probability thatthe time is the actualtime. The
weightsin asetmustsumto 1. Indeterminacyhasonefurtherconditionthatis not shown
in thetaxonomy Thesetof probabilitydistributionsis limited by theimplementationas
describedurtherin Chapters.

2.4 Indeterminacy and Related Work

In this section,we more closely examineresearchrelatedto indeterminacy Despite
the wealth of researchon addingincompleteinformationto databasefDyreson1993],
therearefew effortsthataddressncompleteéemporalinformation. Much of the previous
researchn incompleteinformationdatabasebasconcentrate@n issuesrelatedto null

values(e.g.,[Codd 1990, Date 1986, Vassiliou1979, Zaniolo 1984]). Anotherprimary
researclhrusthasstudiedheapplicabilityof fuzzysettheoryto relationaldatabase.g.,
[Duboisetal. 1988,Pradel993,Zemankova% Kandel1985]). By andlarge, mostof
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PERSON/
SITUATION MALARIA | VALID SCHOOL
JethrohadMalaria at Jethro 2 noincompleteness
time 2
JuanhadMalaria,but Juan Unknown, alternative/unweightedhresticted
when?
Jeromehad Malaria Jerome | 2o0r8 alternative/unweigled/restrcted
at either time 2 or
time 8
Juleshad Malaria ei- Jules 2 7 alternative/weighted
ther at time 2 or 8 3
time 8 with the indi- Rest 0
catedprobabilities
Juananighthavehad Juana Unknown, possible/unweigtgd/unrestriced

Malaria, perhapsre-
peatedlybutwhen?

Julie had Malaria at Julie 20r8 possible/unweigtedfestricted
time 2, or time 8,
or times 2 and 8, or

never
There is a “good” Jill 2 .8 possible/weigted
possibility Jill had 8 9

Malaria at both time Rest 0

2 andtime 8

Figure2.6: Thesituationmodeledby schoolsn temporalincompleteness

theseproposalsio notaddressheissueof cost, whichis a primaryfocusof ourresearch.
We first placeourwork in the contextof value incompletenesandthenexaminean detail
severabaperghatconcernemporal incompleteness.

Informationthatis valid-time indeterminates similar to disjunctiveinformation,es-
pecially in the contextof deductivedatabasefLiu & Sunderramari990]. Disjunctive
informationis in the value/alternative/unweighted/restrictechool. Disjunctiveinfor-
mationis a collectionof facts,one (or more)of which is true. Indeterminacys of the
exclusive-orvariety of disjunctiveinformation (only one disjunctis true) [Ola 1992],
butdiffersfrom theaboveinvestigationdecausehe alternativesare“weighted” andthe
weightsareintegratednto the querysemantics.
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Thefield of probabilisticdatabasesoversawide spectrunof differentusesof proba-
bilistic information. Probabilistioveightshavebeenattachedo attributevaluesmodeling
situationsvhereanattributevaluecouldbe oneof severamoreor lesslikely valuegBar-
badetal. 1990,Barbaéetal. 1992,Gelenbe Hebrail1986]. Thesaesearcleffortsare
in the value/alternative/weighteschool. Probabilisticweightshavealsobeenappended
to tuples,wheretheweightis the probabilitythatthetuplebelonggo therelation[Cavallo
& Pittarelli1987,Kornatzky& Shimony1993A,Kornatzky& Shimonyl1993B,Zimanyi
1992]. Decisionsupportsystemsyaguequeriesanddatamining havealsoutilized prob-
abilistic information[Fuhr 1990,Henrion& SuermondtL993,Wong 1982]. Our work
concern®nly probabilitiesn attributevaluesandcanbeseermsanextensiorof theProb-
abilistic DataModel (PDM) [Barba&etal. 1992]. In PDM, attributevaluesaresetswith
weightsattachedo eachelement. The weightis the probability thatthe corresponding
elements the valueof the attribute. Queriesusethe probabilisticrepresentatiom con-
junctionwith a singleusergiven“confidence”to computea resultwithin the framework
of the possibleworld semantics. The novelty in our work canbe seenin the methods
usedto retrievethe incompleteinformationandin how thatinformationis represented.
In PDM eachelementin a setof possiblevaluesis storedandprocessedeparatelyThe
costof the probabilisticoperatorsn PDM are proportionalto the numberof alternatives
in the set(someof the operationshavea costthatis proportionalto the squareof the
numberof alternatives). We could not adoptthe PDM approachsincetheremight be
severamillion elementsn a setof possiblechronons.The encodingof the probabilistic
informationthat we developedusinga periodof indeterminacyanda massfunction, is
spaceefficient; andthe operationson that encodingaretime efficient. In addition, our
useof both credibility andplausibility valuespermitsgreaterflexibility andfiner control
in queryevaluation. Thesetechniquesarea productof the uniquenatureof the type of
incompleteinformation,valid-time indeterminacythat we investigated.The remaining
approachethatwe discussdo notuseprobabilities.

In the earliestwork on incompletetemporalinformation, an indeterminatanstant
was modeledwith a setof possiblechronongSnodgrass1982]. Before wasextended
to returnthe value unknown, necessitatingn extensiorto a three-valuedogic. Also, a
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four-valuedogic wasproposedo modeltimesandvalueshatareunknown mprecisepr
negative (underthe openworld assumption)Schiel 1987]. Our currentapproactallows
aprobabilitymasdunctionto beassociateavith eachindeterminaténstant,anddoesnot
requirea multi-valuedlogic.

Duttausesa fuzzy setapproacho handlegeneralized temporal events [Dutta 1989].
A generalizedemporalkevents asingleeventthathasmultiple occurrencesk-orexample
the event“Margarets salaryis high” may occur at varioustimes as Margarets salary
fluctuatesto reflectpromotionsand demotions. The meaningof “high” is incomplete.
“High” is not a crisp predicate. In Dutta’s model all the possibilitiesfor “high” are
representedh ageneralized eventandtheuserselectsomesubsetccordingo hisor her
interpretatiorof “high.” This contrastswith thetaskof encodinghetype of information
we havecharacterize@s valid-time indeterminate.We view eventsas havinga single
occurrence An indeterminatenstantis a setof alternativespneandonly oneof which
is the actualtime. Everymemberin afuzzy setis alwayspossible to a greateror lesser
extent, dependingon the degreeof membershipput always possible(althoughsome
fuzzy databasestipulateby fiat thatonly onemembeiis possibleDuboisetal. 1988]).
Our approachrandthatof Dutta’s modeldifferentkinds of temporalincompletenessWe
feelthata probabilisticapproachs bettersuitedto modelingvalid-timeindeterminacyas
formulatedn thispaperandthatfuzzy setapproachebke Dutta’s (e.g.,[Dubois& Prade
1989,Vitek 1983]),arebettersuitedto modelinggeneralize@dvents.Thetwo approaches
areorthogonalandthe usermay pick the one(s)mostappropriateo herapplication.

Generalizeitemporalelementsare definedsomewhatifferentlyin a morerecent
paper[Kouramajian& Elmasri1992]. Bitemporalelementscombinetransactiortime
andvalid time in the sametemporalelement. Since TQuel also supportstransaction
time, valid-timeindeterminacyandgeneralizeditemporaklementsliffer mainlyin their
handlingof valid time. In Kouramajianand EImasris model,both the upperandlower
supporonavalid timeintervalcouldbeasetof noncontiguoupossiblechronons.Unlike
valid-timeindeterminacyno probabilitiesareused. Sincethereareno probabilities,the
userin generalis limited to queryingfor answerswhich are either “definite” or those
which are “possible” (or combinationghereof). Historically, thesealternativeshavea
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well-definedmeaningin incompleteinformationdatabaseflipski 1979]. Generalized
valid timesare composedf valid timesby the operatorsof alternation(only onevalid
time applies)and/orunion (bothvalid timescould apply). We provideno capabilityfor
“generalizing”valid timesto handlealternatioror union.

Otherapproachesonsiderthe subtleinteractionof determinatdimestampsandin-
completeinformation[Gadiaet al. 1992, Kurutach& Franklin 1993]. In contrast,we
studytimestampgshatareincompletelyspecified.

Recently global andlocal inequality constraintson the occurrencdime of an event
havebeenaddedo atemporaldatamodel[Koubarakis1993]. Theresultingmodelsup-
portsindefiniteinstants.An indefiniteinstantis avery generakind of instantthatincludes
indeterminatenstants jnstantswith disjoint setsof possiblechrononsandinstantswith
incompletelyspecifiedupperand lower supports. For instance,we may know that «
occurrecbefores butafter2 PM (2 PM < o < (3), andwe mayknowthat happened
before4 PM. In Koubarakiss datamodelwe canthenconcludethata happenedbetween
2 and4 PM. Koubarakisexploreshe complexityof queryprocessingindachievesgoly-
nomialtime complexityfor retrievinginformationby restrictingthe kinds of constraints
that are allowed (to disjunctionsof inequalities). The primary differencebetweenhis
modeland ours (otherthan a differencein weights)is thatin TQuel (and TSQL2) no
inter-tuple constraintsare supported.ConsequentlyKoubarakissupportsa muchricher
setof global constraintsandis ableto modeltemporalinformationthatwe cannot(and
vice-versafor probabilisticinformation). We believethat addingglobal constraintso
TQuel (and TSQL?2) would adverselyimpactperformanceandto reachour goal of an
efficientimplementationyve restrictedhekindsof incompletenformationthatwe could
represent.

Wenotethatthereis little discussionn anyof theaforementionegaperof implemen-
tation aspects.We feel thatboth efficient representationandefficient queryprocessing
algorithmsareessentialespeciallywhentheincompletenformationis weighted.

Finally, theapproacho valid-timeindeterminacyespousetty KahnandGorry[Kahn
& Gorry 1977]is reminiscenbf thoseemployedby theartificial intelligencecommunity
[Maiocchi& Pernicil991]. In theirmodel,instantsandintervalsarespecifiedrelativeto
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eachother;only a subsetreactuallytied to thevalid time line. An instantmayonly be

knownto haveoccurred,say betweentwo otherinstants. Their modelis moregeneral
thanour datamodelwithout probabilities but alsoexhibits significantqueryprocessing
overhead.

2.5 Summary

In this chaptemwe gavea simpledefinitionof anincompletefact, andbuilt thatdefinition
into a formal model,whichin turn servedasa foundationfor a taxonomyof incomplete
informationdatabaseroposals.We observedhata fact is incompleteonly in relation
to anotherfact, ratherthansomehowbeing“intrinsically” incomplete.This observation
led to the developmenbf a formal model. In the model,the meaningof a factis given
in terms of the definite and possibleinformation associatedvith the fact. A fact is
incompletewith respecto anotherfactif it haslessdefiniteor morepossiblenformation.
We thensketchedhe meaningof severakcommonkinds of incompletedatavalues,such
asunknown,imprecise andprobabilisticvalues. Thesevaluesmodeldifferentkinds of
incompleteinformation. Previousresearchn this areais extensiveandit is not always
clearwhich kind of incompleteinformationis beinginvestigated We proposeda simple
taxonomyto classifyincompleteinformationdatamodels. A researchemterestedn a
particularkind of incompletenessanreferto the appropriatédoranchin the taxonomyto
spotthe datamodelsthatcanserveheror him best. Thisis by no meansan exhaustive

classification.



CHAPTER 3
TIME MODEL

Temporalrelationaldatabaseaddcomprehensiveupportfor time to relationaldata-
basesThis supportrestson threetemporaldimensionsyvalid time,andtransactiortime,
anduserdefinedtime. As discussedreviously valid time is the real world time of a
fact. Transactiortime is the databasdime during which that informationwas stored.
Userdefinediimeis anuninterpretedemporaldomain. A singlemodelof time, however
is the foundationfor eachof theseseparat@imensions.In this chaptey we presentour
modelof time. We focuson the conceptf instant,interval,andspan.We discusshow
eachis modeledandwe give anoverviewof thesemantic®f operationn themodeled
entities.

3.1 TheOntology of Time

Time hasa standardgeometricmetaphor In this metaphoyrtime itself is a line; a point
on the time-line is calledan instant; the time betweentwo instantsis knownasa time
interval (interval for short); anda length,or unanchoredegmentpof the time-lineis a
span [Jenseretal. 1994].

In the temporaldatabaseommunity threebasictime modelshavebeenproposed:
the continuous model, in which time is viewedasbeingisomorphicto therealnumbers,
with eachreal numbercorrespondingo a “point” in time; the dense model, in which
time is viewed as beingisomorphicto the rationals;and the discrete model, in which
time is viewed as beingisomorphicto the integers[Clifford & Tansel1985]. Science
andmetaphysicfiaveyetto determinevhich modelbestfits reality; goodargumentscan
be madefor eachof the threemodels(somequantumtheoriesview time as ultimately
guantizedor discrete[Anderson1982]). In contrastwe abstainfrom choosingamong
thesethree models,that is, the choiceis unimportant. What is importantis how we

45
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representhetimes in our model. We assumehatthe representatiors both discreteand
finite, thatis, we assumehatwe arelimited to representing finite numberof different
times or “collections” of times. This assumptions strongly influencedby practical
considerationsincethe timesstoredin our databasareencodedn fixed-sizedrecords
calledtimestamps. Sincetimestampsrea fixed numberof bits, they canrepresenonly
afinite numberof differentvalues.

In our ontology time is modeledas a closedinterval of the naturalnumbers(or,
alternatively the real numbers). Conceptuallywhile time may extendinto the infinite
futureor theinfinite past,in our model timeis boundedtbothends.Thisis notacrucial
featureof our model,which could just aseasilybe unboundedyatherit is a pragmatic
choice. Timesare storedin fixed-sizeddatastructures. An unboundedangeof times
would makesucha storageschemampracticalsincetimestampsvould alsoneedto be
unboundedn size. Thechoiceis alsoconsistentvith a popularcosmologywhich asserts
that time beginat the “Big Bang,” 14 £ 4 billion yearsago, andwill end at the “Big
Crunch,”sometiman thefuture[Dyreson& Snodgrasd994A].

3.2 A DiscreteView of Time

Theclosedntervalof timeis partitionednto afinite numberof discrete smallersegments
knownaschronons [Ariav 1986,Clifford & Ra01987,Jenseretal. 1994]. Our modelof
time doesnot mandatea specificchrononsize or (minimum) granularity; a chrononmay
beof anyduration(e.g.,nanosecondygears Chinesemperialdynasties) We believethat
specifyingthe minimumgranularityshouldbeleft to theimplementatiomatherthanfixed
in the datamodel. Our time modelhasonly a singlegranularity; multiple granularities
canbe handledby representinghe indeterminacyexplicitly or implicitly (asdescribed
furtherin Chapter7). Thechrononsareconsecutivelyabeledwith theintegersan theset
{0,..., N}, whereN is thenumberof differentvaluesthatour timestampcanrepresent.
The setof chrononss linearly ordered. Therearetwo instants just outsidethe closed
interval of time, calledbeginning andforever, thatarethe leastandthe greatesvalues,
respectivelyin thelinearordering.
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3.3 Maodeling Instants

To modelinstants,we introducean instanttimestamp. An instanttimestampstoresthe
granulenumberof thetime thatit representsA chrononis the smallestamountof time
thataninstanttimestampanrepresentBut achronons asegmenof atime-linewhereas
aninstantis a point on a time-line. Whatthenis therelationshipbetweerchrononsand
instants?

We couldeitherassumé¢hatchrononsarethesamesizeasinstantsor we couldassume
that the duration of chrononsfar exceedgshat of instants,that is, that every chronon
containsa large (possiblyinfinite) numberof instants. If we assumehatchrononsand
instantsarethe same thenwe mustalsousethe discretemodelof time. If the modelof
time werecontinuousor denseéhentherewould haveto beaninfinite numberof chronons
becausein eitherof thesetwo models,thereare an infinite numberof instantsin any
non-zerolengthsegmenof the time-line. Sincethe themeof our modelis thattime is
(possibly)continuousye mustassumehatchrononsaremuchbiggerthaninstants.

An instanttimestamprecordsthat aninstantis locatedsometimeduring a particular
chronon(e.g.,a day). Without lossof generality we assumehat an instanttimestamp
representanyinstantduringachronon.Hence at a very abstractevel, the exact instant
modeledby aninstanttimestampis neverpreciselyknown. At best,only the chronon
duringwhichit islocateds known. Two instantghatarerepresentetly thesamechronon
may still model differentinstants. For example,assumehattwo differentinstantsare
positionedduring the samehourlong chronon. The two instantsare representedy
identicalinstanttimestampseachwith agranularityof anhour.

Alternatively, we might assumehat whenwe represenan instant,we are actually
representinghe veryfirstinstantin eachchronon.However thefirst assumptionthatan
instantis sometimewithin a chrononbetterdescribesctualclock measurementsiVhen
we glanceatawristwatchandreportthatthetimeis currently“3:45,” we typically do not
meanthevery firstinstantin the 45thminuteafterthreeo’clock, rather we meanthatwe
simply do notknow morethanthatit is sometimewithin theminutedescribedy “3:45.”
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All (currentoperation®ntimestampsupporbothof thesgconflicting)assumptions,
andausewill beunableo detectanydifferencebetweertheséwo assumptionby testing
variousoperations.Stateddifferently, if we assumehataninstantmay occuranywhere
within achrononwe mayjustaseasilyassumehatit is alwaysthefirstinstantwithin that
chrononbecaus@o timestampperationuseghelocationof aninstantwithin achronon.
Sowhile the distinction betweenthe two assumptionsiasno practicalimport, the first
assumptiorbettermodelsthe processy which we derivetemporalinformation.

Yet anotheralternativeis to assumethat the instantis really the entire chronon.
However this is not what is meantby an instant. An instantis instantaneougof no
duration)ratherthanbeinga chronon,an hour, a day, or evena yearin duration. Nor
would suchanassumptionrmodelthereality of clock measurements/Ne whenglanceat
ourwristwatchandreportthetime is currently“3:45,” we typically do not meanthatit is
theentirechronon(assumaanosecondstartingwith “3:45.”

In summaryaninstantis modeledby aninstanttimestampghatstoresachrononlabel.
Theinstantmodeledby thetimestamps someinstantwithin the indicatedchronon.We
will usethe delimiters®| | ” to denotean instanttimestamp.For example the constant
| June 1, 1993| (assuminga chrononsize of a day) modelssomeinstantduring
the 15t day of Junein the year1993. It is importantto notethatwe cannotaskwhich
instant, that is, thereis no timestampoperationthat permitsus to ask which instant.
Furthermorethereis no operatiorwhich will requireusto know moreaboutthe instant
thanthatit is sometimeduringthatday For examplethe operationthataddsthe above
instanttimestampto a spanof “3 days”is akin to asking,“In termsof days,whatis
someinstantduring Junel, 1993displacedby 3 days?” The answeris someinstantin
| June 4, 1993|.

34 ModélingIntervals

To modelintervals,weintroduceaintervaltimestamp.Thetimestamps thecomposition
of two instanttimestampsnda constraint.Theconstraints thattheinstantimestamghat
startstheintervalequalsor precedegatthelevel of chronons}theinstanttimestamphat
terminategheinterval. We will usethedelimiters®[ ] ” to denoteanintervaltimestamp.
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For example,the interval timestamp June 1, 1993 - June 1, 1993] means
thatthe intervalis all within the sameday; but we are not surewhenit beginsor ends
duringthatday (notethat| June 1, 1993| equalg June 1, 1993| atachronon
sizeof days).

3.5 Modeling Spans

A spanin anunanchorediuration. To modelspanswe introducea spantimestamp.The
timestampis a countof chronons. We will usethe delimiters“%84 to denotea span
timestamp.For example the spantimestamp¥3 days%is a countof threeday-sized

chronons.

3.6 Impact of the Model on the Semantics of Timestamp Operations

The partitioninginto chrononscreatesa discreteimageof a (possibly)continuousun-
derlying time-line. Operationson timestampsare definedwith respectto this discrete
view of time. For example,f the chrononsizeis days,thena comparisoroperationat
the granularityof dayscomparegiays. It is very importantto note that operationson
instantsarenotsupportedthegranularityof chrononss thesmallespossiblegranularity
Consequentljtimestampperationshatareperformedatthelevel of instantsdonotexist
(i.e., we cannotaskif oneinstantprecedesin animageof instantsanothernstant). In
fact, sucha questionis not only unaskablebut unanswerabléen our modelof time since

aninstanttimestampdoesnot recordthe exactlocationof aninstant.

3.7 Summary

Thethemeor ourmodelof timeis thatusersmanipulatexdiscretemageof atime-linethat
is possiblycontinuousdensepr discrete. The discreteimageis createdby partitioning
the time-line into chronons. Instanttimestampsmodel durationlessemporalvalues,
instants,that are locatedsometimeduring a particular chronon. Interval timestamps
model temporalvalueswith duration, intervals, that are representeds a sequencef
chronons.Spantimestampsnodelunanchoredemporalvalueswith duration spansthat
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arerepresentedsa countof chronons.Timestampoperationsaredefinedwith respecto
thediscretamageandareperformedo the granularityof chronons.



CHAPTER 4
EXTENSIONSTO TQUEL

In this chapterthe TQuel querylanguaggSnodgras4.987]is extendedwith support
for indeterminacy TQuel is a strict supersef Quel, the query languagefor Ingres
[Stonebrakeetal. 1976]. In the nextsectionindeterminatenstants spansandintervals
areaddedo TQuel's datamodel. To makeuseof theincreasegowerof thedatamodel,
thequerylanguages thenextendedo supporiqueriesonindeterminateralues.We focus
on changego the syntaxandsemanticof the retrieve statementin particular on the
additionof controlsfor therangecredibility andorderingplausibility.

4.1 Extending the Data M odel with Indeter minacy

In thissectionwe discushow to represenindeterminateénstantsjntervals,andspansn
TQuel'sdatamodel.In Sectiorb.1wediscusdhiowthesaepresentatiorsreimplemented.

4.1.1 Indeterminatelnstants

An instantis a point on thetime-line[Jenseret al. 1994]. An instantis determinate if

it is knownwhen(i.e., duringwhich chronon)it is located. Often, however we do not
knowtheexactchrononduringwhichaninstantis located;jnsteadwe only knowthatthe
instantis locatedsometimeduringa setor rangeof chronons.We call suchaninstantan
indeterminateinstant. Theindeterminacyefersto thelocationof theinstant,notwhether
theinstantexists. Indeterminaténstantsdio notmodelthe situationwhereit is unknownif

aninstantexists. Forexamplewe mayknowthataplaneleft sometimeon Junel2,1994.
With minute-sizecchrononswe do not know the exactminute during which that plane
departed,but only that it departedsometimeduring an interval representedy 1440

consecutivehronons.

51
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An indeterminatenstantis describedby a lower support, an upper support, and
a probability mass function (p.m.f.) [Dyreson& Snodgras4993A]. The supportsare
chrononsthat delimit whenthe instantis located;the instantis no earlier than during
the lower supportandno laterthanduring the uppersupport. Betweenthe supportdies
a period of indeterminacy. The periodof indeterminacyis a contiguoussetof possible
chronons. Theinstantis locatedduring somechrononin this set, but which chrononis
unknown.Wedenoteasetof possiblechrononghatextendgromthelowersupporto.,, to
theuppersupporte*, usingthenotation| «,. ~ «*| ,e.g.,| May 10 ~ May 29|.

4.1.1.1 TheProbability Mass Function

Althoughtheinstants locatedduringsomepossiblechrononnotall thepossiblechronons
areequallylikely. Forexamplejt couldbethattheinstantis mostlikely locatedduring
the earliestchrononin the periodof indeterminacy The probability massfunctiongives
theprobability of eachchronon.Theprobabilitymasdunction, £, for theindeterminate
instant,«, is

P,(i) = Prla=4d] i€ {0,1,...,N}

wherePr[a = i] is the probability that the instantis locatedduring chronon:. Since
the instantis not any time outsidethe period of indeterminacyPr[: < «.] = 0 and
Pr[z > o*] = 0. All indeterminaténstantsareconsideredo beindependenthatis

Prla=¢ A B=7] = Prla=1] x Pr[8 =j].

Like otherprobabilisticdatabasesye makeno provisiondor joint or dependentrobabili-
ties[Barbai@aetal. 1990,Barbaéetal. 1992 ,Cavallo& Pittarellil987,Gelenbe Hebrail
1986,Kornatzky& Shimony1993A,Kornatzky& Shimony1993B,Zimanyi 1992]. We

sometimeslenoteanindeterminatenstant,«, usingthenotation,(| a. ~ o*| , P,).

4.1.1.2 MassFunction Sources

The probability massfunction for an indeterminatanstantis suppliedby the user In
Section5.2 we show how userscan provide massfunctionsthat are relevantto their
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Probability 61

25 50 75 100
Chronons

Figure4.1: A “probablyearly” distribution

applications.For example the massfunctiondepictedin Figure4.1 mightillustratethe
probabilitythata performers “gonged”on The Gong Show (the performancaes likely to
endearly).

In many commoncasesthe probability massfunction for an indeterminatanstant
stemsfrom the sourceof theindeterminacy

e Granularity mismatch — The uniform or equi-probablenassfunctionis a useful
assumption.For example aninstantknown to within oneday andrecordedon a
systemwith timestampsn the granularityof a microseconchappenedgometime
during thatday, but duringwhich microseconds unknown.

¢ Datingtechniques— A propertyof radioactivedatingtechniquess thattheestimate
is describedy anormal,“bell-shapeccurve” distribution.

e Uncertainty in planning — Analysis of pastdata(the pastdatamay be readily
availablein atemporaldatabasegansometimegprovidea goodindicatorof future
performancgwhenusedcarefully). For instancewe may not know exactlywhen
anairline will depart. However ananalysisof pastdeparturdimesfor thatroute,
type of airline, andday of the week (the analysiscould be muchmore elaborate)
mayshowthatthisflight tendsto leavelaterthanscheduledBasednthisanalysis,
a‘“probablylate” distributioncouldbe usedfor the departurdgime of thatflight.

¢ Unknown or impreciseinstants— Typically, if thelocationof aninstantis unknown,
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the distributionis alsounknown. In thesesituations,a usercan specify that the
distributionis missing (seebelow).

¢ Clock measurements — Clock-specifiadistributionsmodelthe imprecisionof spe-
cific clockmeasuremen{®etley1991].

In generalausenustmaynotknowtheunderlyingmasdunctionbecauséhatinformation
is unavailableor the massfunction could exceedthe implementationcapacitiesof the
system(Section5.2 describesheimplementatiorandthe constraintst imposeon mass
functions). In suchcasesthe distribution canbe specifiedasmissing. A distribution
thatis missingrepresents completelack of knowledgeaboutthe distribution. It is a
kind of second-ordeincompletenesshatis, thedistributionthatis missingis incomplete
informationaboutindeterminatéenformation. Unlike someotherprobabilisticdatamodels
[Barbaéetal. 1990,Barbaéetal. 1992],we do notallow partially knowndistributions.

While theterminologyintroducedsofar suggests differencebetweerindeterminate
anddeterminatenstantsjt is instructiveto notethatanindeterminatenstantcanbeused
to modela determinatanstant. A determinatanstantis modeledby an indeterminate
instantwith a singletonsetof possiblechronons.A determinatenstantrecordsthatan
instantis locatedsometimeduring a particularchronon. Without lossof generality we
assumehat a determinatanstantrepresentsany real-world instantduring a chronon.
Hence,at a very abstractevel, the exact real-worldinstantmodeledby a determinate
instantis neverpreciselyknown. At best,only the chrononduringwhichiit is locatedis
known.

4.1.2 Indeterminatelntervals

A determinate interval is the time betweentwo instants. In our model of time, it is
representetly a sequencef chrononsgdenoteddy the startingandterminatingchronons
in thesequence.

An interval boundedby indeterminatanstants(called the starting and terminating
instants) is termedanindeterminateinterval. Anindeterminatentervalcouldstartduring

any memberof the setof possiblechrononsof the startinginstant. Likewise, theinde-
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terminateinterval could end during any memberof the setof possiblechrononsof the
terminatinginstant. Sincethelocationof the startingandterminatinginstantsareknown
only imprecisely it follows thatit is unknownpreciselywhenan indeterminatenterval
beginsor ends.

An indeterminateinterval representsa set of possible (determinate) intervals, one
of which is the “real” interval, but which is unknown. A single possibleinterval is
obtainedby choosingone possiblechrononfrom eachboundingindeterminatenstants
setof possiblechronons.Every combinationof chrononsn the startingandterminating
instants’setof possiblechronongs a possibleinterval.

Thusfar we haveonly consideredndeterminatentervalsboundedoy indeterminate
instants.Sinceindeterminaténstantanbeusedo modeldeterminaténstantspospecial
provisionsareneededo handledeterminatanstantsthat serveasoneor both bounding
instants.

4.1.3 Indeterminate Spans

A span is anunanchoredlurationof time [Jenseretal. 1994]. It hasa knownlengthbut
no specificstartingor endingchronons Forexamplethespan‘6 days”is knownto have
adurationof six days,but canreferto any block of six consecutivalays. A spancanbe
eitherpositive,denotingforwardmotionin time, or negativedenotingbackwardsnotion
in time.

A determinatespanis a preciselyknown durationof time andis is representedsa
countof chronons. An indeter minate span, on the otherhand,is animpreciseduration
that describesa setof possibledurations. An indeterminatespanis representedby an
imprecisenumberof chrononse.g.,“from twoto threechronons.”Like therepresentation
of anindeterminatenstant,therepresentationf anindeterminatespanhasanassociated
probabilitymassfunctionwhich givesthelikelihood of eachpossibleduration.

4.1.4 Indeterminate Tuples

The datamodel that we proposeis an extensionof the TQuel datamodel [Snodgrass
1987]. The TQueldatamodelsupportshitemporal relations. A bitemporalrelationmay
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bethoughtof asatrajectoryof transaction-timstatesgachof whichis acompletevalid-
time relation. The transaction time-slice operationon a bitemporalrelation selectsa
particulartransaction-timestate ,on which a valid-time querymay be performedJensen
etal. 1994]. For our purposeswe canassumehata bitemporalrelationis embedded
in a snapshotelationby addingtwo implicit attributes. The value of the first attribute
specifiesa valid time while the valueof the secondattributespecifiesa transactiortime.
Thus,tuplesin relationsin the databasaretimestampeavith bothtransactiorandvalid
times. Thevalid-timeattributemaybeaninstantor anintervalwhile thetransaction-time
attributeis alwaysaninterval.

Thegranularityof atransaction-timéimestamps the smallesinter-transactiortime.
Transactiortimesaresystem-suppliedndarealwaysdeterminatesincethe time during
which atransactiortakesplaceis known. We will largely ignoretransactiortime in this
paper TheexampledatabaséFigurel.1l)showsseveralalid-timerelationswith implicit
valid-timeattributesonly.

The TQueldatamodelis anungroupediatamodel[Clif ford etal. 1994A] with tuple
timestampingTuplesin TQuelrelationsare“row-independent,thatis, noinformationis
shareetweertuples.Sincetheindeterminatelatamodelis basedn TQuel,it makesno
overtprovisionsfor sharingindeterminatenformationbetweenuples. Suchprovisions
would significantlyincreasethe complexity of queryprocessing.Instead,eachtupleis
independendf the othertuplesin therelation,andno inter-tupletemporalrequirements,
suchasthe probabilitiesof the setsof possiblechrononsassociatedavith a key mustsum
to one,areimposed.For example assumehatwe haveinformationthata planeengine
is shippedfrom the Trump warehouséo the factory sometimebetweenJunel andJune
30. Assumethat this informationis recordedin two differentrelations: Shipped and
Received. The Shipped relationstoreswhenpartsaresentby a warehouseo the factory
while the Received relationkeepgrackof whenshipmentarereceivedatthefactory. An
inter-tuple constraintcould be usedto stipulatethat partsareshippedprior to whenthey
arereceivedhoweveysuchconstraintanbeexpensiveao enforce.In thiscaseaquery
couldimposethe constrainthatpartsbe shippedobeforetheyarereceived.
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Valid time
Warehousg Lot_Num Part (at)
ss Trump 40 unknown May 31
s¢ Griffin 70 somee€lectrical part | May 31
sy Trump 41 {yoke,throttle} May 31

Figure4.2: Examplesf valueincompleteness

4.1.5 Other Kindsof Indeter minacy

In TQuelwith indeterminacyvalid-timeindeterminacys orthogonalto othersourceof

incompletenesgsdiscussedn Chapter2). In particular it canpeacefullycoexistwith

value incompleteness, wherethe value of a nontemporakttributeis not fully known,
and tuple incompleteness, wherethe membershipof a tuple in a relationis not fully

determined.For example,in the Received relation,a part may existwhich we haveyet
to identify (s5 in Figure4.2), hasbeenpartially identified(s¢ restrictsthe kind of partto

belongto the specifiedclassof parts),or hasbeennarroweddownto asetof possibilities
(s7). We advocateseparatinghevariouskindsof indeterminacysothatuserscanchoose
thecombinatiorthatis mostappropriatdor their application.We turn now from thedata
modelto thequerysemantics.

4.2 Review of TQue

In thisdissertatiorwe focuson extendinglT Quel's retrieve Statemento supporindeter
minacy Belowwequickly reviewthesyntaxandsemantic®f TQuel'sretrievestatement.
Theinterestedeademwill find manyexamplesaswell asa completedescriptionof the
languageelsewhergSnodgras4987,Snodgras4993].

An examplequerythat determinesvhich w ng st rut shipmentsarrived during
productionof aCent ur i on airplaneis shownin Figure4.3. As discussedh Chapterl,
this query might be issuedby a Cent ur i on ownerlooking for the sourceof a faulty
part. Theretrievehasseveralcomponentsthetarget list, specifyinghow the attributes
of therelationbeingderivedarecomputedrom theattributesof theunderlyingrelations;
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range of I is Recei ved

range of p is | Nn_Producti on

retrieve (VWH=r . VAr ehouse, L_Numer. Lot _Num S_Nunmep. Serial Num
valid atl overlap
where p. Model =" Cent uri on" andr.Part="wi ng strut"”

when! overlapp

Figure4.3: An exampleretrieve Statement

avalid clause, specifyingthe valid time of tuplesin the targetrelation; a where clause,

specifyingarelationshipghatmustbe satisfiedamongtheexplicit attributeqthosevisible
to the user)of the participatingtuples;a when clause, specifyinga relationshipamong
the valid-time attributesof the participatingtuples; andan as of clause(not shownin

Figure4.3) thatperformsatransactiortime-sliceon the bitemporaldatabase.

In the valid clause a temporalexpressiorconsistingsolely of temporal constructors
specifieghevalid time of tuplesin thetargetrelation. A temporalkonstructochoosesn
instantor interval that satisfiessomeconstructofspecificconstraints.For example the
Firsttemporakonstructochoosesheearliesinstanfrom apairof instants.Thetemporal
expressiomssociatewith thewhenclausdas composedf temporakonstructorshoolean
connectivesandtemporal predicates. A temporalpredicatadeterminesvhethera pair of
instantor intervalssatisfiesomespecificconstraint.Forexamplethe precede predicate
determineswhetheroneinstant(or interval) is earlierthananother If so,the predicate
evaluatego “true;” if not, it evaluateso “false.”

In the examplequeryshownin Figure4.3, pairsof wi ng st r ut shipmenttuples
andCent ur i on airplanetuplesthatoverlaparecandidatedor thetargetrelation. The
valid clauseconstructghevalid time for thetuplesin thetargetrelation. In this casethe
valid time of eachtargettupleis the valid time of thereceivedm ng st r ut shipment.
Theotherattributesn thetargetrelationarespecifiedby thetamgetlist: theWar ehouse,
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theLot _Num andthe Seri al _.Num (An asof clauseis usedonly whenthe queryis
evaluatedn bitemporalor transaction-timeelations.)

Thesemantic$or TQuelassociateatuplecalculusstatemenivith eachT Quelretrieve
statementensuringhateachconstructhasa clearandunambiguousneaningSnodgrass
1987]. Tuplerelationalcalculusstatementareof theform {¢¢ | ¥(¢)}, wherethevariable
t denotesitupleof arity i andW (¢) is afirst-orderpredicatecalculusexpressiorontaining
only onefreetuple variable,t. The k** attributeof tuplet is denotedt.D,. Thetuple
calculusstatementor the skeletalTQuelretrievestatement

range of 1) is Ry

range of 1 is Ry

retrieve (t;,.Dy, ..., t;.Dy)
valid at v
where

when T

1) Reduce({u"™" | (Fty) -+ (Ft) (Ri(t) A -+ A Ri(tr)

2) A1) =t fyi] A oo A ulr] =t [y,)
3) Aulr+1] =@,

4) AW

5) ALs) 3)

Line 1 comesfrom therangestatementsLine 2 is constructedrom thetargetlist. The
symbol®,, appearingn line 3, is a function over the valid-time attributesof a subset
of the tuple variables. The function constructsa valid-time interval using the temporal
constructorgyivenin thevalid clause.Line 4 is constructedrom the whereclause.I',,
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appearingn line 5, is a predicateover the valid-time attributesof a subsetf the tuple
variablesjt useshetemporalpredicate@ndconstructorgivenin thewhenclause.The
Reduce functionensureghattupleswith identicalvaluesfor all explicit attributescalled
value-equivalent tuples[Jenseretal. 1994],thatoverlapin valid time or arecontiguous

arecoalesced into a singleresultingtuple.

4.3 Syntactic Extensionsto Support Valid-time I ndeter minacy

This sectiondescribeghe syntaxfor retrievinginformationfrom a databasevith valid-
time indeterminacythe nextsectionprovidesa formal semanticgor theseconstructs A
primarydesigngoalin extendingl Quelto supportvalid-timeindeterminacys to makea
minimal extension.It will be shownin Section4.4.5thatthe new syntaxandsemantics
preserveshe meaningof all extantTQuelretrievestatements.

We makefour syntacticextensionso TQuel: oneto indicatethatarelationis indeter
minate,oneto specifythe rangecredibility, oneto specifythe orderingplausibility, and
oneto specifydefaults.

Our first syntacticextensioninvolvesthe schemaspecificationstatements.To the
createstatementve addthe option of specifyingthatthe valid-time timestampsnay be
indeterminate.Beforethe keywordsSevent and interval a usermay addthe modifier
indeterminate Of indeterminate general. Theseoptionstoggle betweenalternative
storagestrategiedor indeterminatdimestampsgdiscussedt lengthin Section5.1 (the
“general’versionis amoreexpressivelesscompactimestamp) We alsoaddanoptional
“with” phraseto the endof the createstatementhat allowsthe userto specify standard
or nonstandard massfunctions. Thesetwo categorie®f massfunctionsarediscussedn
Section5.1. Thedefaultis with standard distribution.

To the modify statementve provide clausesthat allow instantsor intervalsto be
specifiedasdeterminat®r indeterminateandto specifyakind of distributionthatapplies



61

to all the tuplesin the relation. Below are someexamplesof the createand modify

statements.

create indeterminate event Recei ved( War ehouse: string;
Lot _Num i nteger;
Part: string)
create indeterminate intervall n_Producti on(Model: string;
Serial Num string)

modify Recei ved to nonstandard distribution

With thecreateor modify statementf isalsopossibleo specifythedurationor probability
massfunction of anindeterminatenstantintensionally In thatcasethe uppersupport
or massfunction neednot be stored;the uppersupportcanbe computedrom the lower
supportand this durationwhile the massfunction is the samefor all the valid-time
instantsin the relation. The semanticsf theseextensionsare straightforward. The
intensionalnformationconcerningheindeterminacyf thetimestampss recordedn the
systemcatalogue.Theintensionakpecificatiorof distributionsis particularlyhelpful in
optimizingboththerepresentatioandqueryprocessingandis alsoof intuitive valueto
theuser

Rangecredibility appears therangestatementTherangecredibility isthecredibility
in eachvalid time in the specifiedntervalrelation. The credibility appliesindependently
to thestartingandterminatinginstantsn aninterval. It canbeanyintegervaluebetween
0and100(inclusive). Thecredibility phrasas optionalandhasaninitial defaultvalueof

100. Thisdefaultvaluecanbe changedisinga setstatemenasfollows.
set default range credibility to 50

The setstatements very usefulwhena group of queriesis to be madeat a particular
credibility level,or whenthecredibility is to bespecifiedor anovice. Rangecredibility is
notapplicableo eventrelationganevent relationis timestampeadvith instants[Jenseret
al. 1994]) becauseemovingindeterminacyirom anindeterminatenstantmight require

partitioningtheinstants periodof indeterminacy
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range of I is Recei ved

range of P is | N_Producti on with credibility0

retrieve (VWH=r . VAr ehouse, L_Numer. Lot _Num S_Nunmep. Serial Num
valid atl overlap P with plausibility 60
where p. Model =" Cent uri on" andr.Part="wi ng strut"”

when! overlap P with plausibility 60

Figure4.4: An examplequery

Orderingplausibility is the plausibility in the temporalorderingof the instantsthat
participaten theretrieval. Theorderingplausibility maybe specifiedeitherfor theentire
whenclauseor valid clausgor both). Theorderingplausibilityis specifiedvith aninteger
betweerl and100(inclusive). Theplausibility phrases optionalandhasaninitial default
valueof 100, which canbechangedisinga setstatement.

An examplequerywith optionalcredibility andplausibility phrasess shownin Fig-
ure4.4. Intuitively, thequerywill determinewithin the specifiedplausibility andcred-
ibility levels,whichwi ng st rut shipmentsverereceivedduring productionof each
Cent uri on. A credibility of O is specifiedin the query(this is alsothe defaultcredi-
bility). The selectectredibility keepsall theindeterminacyin the underlyingdata. The
retrievestatemenin thefigurehasa plausibilityvalueof 60for theoverlaptemporalpred-
icatein thewhenclause Whenthis queryis appliedto thedatabasshownin Figurel.1,
therelationshownin Figure4.5is computed.The whereclauseselectshe tuplesfrom
Received thatareshipment®fw ng st r ut s andthetuplesfrom In_Production thatare
Cent uri ons. Thewhenclauseselectgairsof Cent uri on andwi ng strut tuples
thatoverlapwith aplausibility of 60. Finally, thevalid clausedeterminesvhenthe ship-
mentof possiblydefectivepartswasreceived.We will discussan detailin Section4.4.4
howthis queryis evaluatedo obtaintheindicatedresult.
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Defective_Shipment_Candidates(WH, L_Num, S_Num)

Valid time

WH | L_.Num | S.Num (at)
Trump 23 AB33 || May1l0 ~ May?29
Griffin 30 AB33 || May30 ~ Junel8
Griffin 31 AB34 | Junel3 ~ July2

Figure4.5: Resultof theexamplequery

4.4 Semantic Extensionsto TQuel

The semantiextensiongo supportvalid-time indeterminacynvolve the redefinitionof
severaéxistingfunctionsandrelationsandtheintroductionof newfunctions.Specifically
we redefinethe temporalorderingrelationto supportorderingplausibility, we introduce
two “shrink” functionsto effectrangecredibility, andwe redefinghe coalescingperatoy
Reduce. In subsequerdectionsve considereachof thesemodificationan somedetail. It
isimportant,howeverto notethateachfunctionor relationthatwe redefineor addincor-
porateghe determinatesemantics Supportfor valid-timeindeterminacys anextension
of thedeterminatesemanticsatherthanareplacementHence the semanticof existing
gueriess left unchangedthis pointis reiteratedn Section4.4.5).

4.4.1 Supporting Ordering Plausibility

TosupporbrderingplausibilityweredefingheorderingrelationBefore. Thesemanticef
retrievewithoutindeterminacysbasemnawell-defnedordeing of thevalid timeinstants
in the underlyingrelations[Snodgrassl987]. Every temporalpredicateand temporal
constructorrefersto the orderinggiven by Before to determinethe truth value of the
predicatertheinstantorintervalreturnedy theconstructar A setof deter minateinstants
hasa single temporalordering. Given a temporalexpressionconsistingof temporal
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predicatesndtemporalconstructorsthis orderingeithersatisfiesghe expressioror fails
to satisfyit.

A setof indeterminatenstants howevertypically hasmanypossibleéemporalorder
ings. Someof thesetemporalorderingsare plausiblewhile othersareimplausible. The
userspecifiesvhichorderingsareplausibleby settinganappropriaterderingplausibility
value.We stipulatethatatemporalexpressions satisfiedf thereexistsa plausibleorder
ing thatsatisfiest. This semanticseducego thatof the determinateasewherethereis
only oneordering.

In thedeterminatesemanticsBefore is the® <” relationoninstants.In theindetermi-
natesemanticsthetemporalorderingis basedntheprobabilitythatoneinstantis before
another Foranytwo indeterminatenstantso andg, the probabilitythat« is befores is

Prla<p]=> Prla=dxPr[3=j] 4,5€{0,...,N}
i<
Figure4.6 showsthevalueof Pr[a < (] (to two decimalplaces)or eachpair of instants
in the relationRecelved. Thoseinstantsare placedon a time-linein Figure4.7. For
instancePre; < e3] = .83.

To handleindeterminatanstants,we modify Before to include an additionalinitial
parameterthe orderingplausibility, v. The valueof v canbeanyintegerbetweenl and
100(inclusive).In generalhigher(closerto 100)orderingplausibilitiesstipulatethatonly
highly probableorderingsbe consideredlausible. The indeterminateBefore is defined

asfollows.
Before(n, o, 8) < —(ais 8) A ((Prla < ] x 100) > ~)

An instantis neverBefore itself, regardles®of the valueof . Two instantsare saidto

be representationally-equivalent if they havethe samesupportandthe sameprobability
massfunctions. Two representationally-equivalemtstantsmay or may not be Before

oneanotherdependingpn . To distinguishrepresentationally-equivalemistantseach
instantappearing@sanargumento Beforeistaggedwith thetuplefromwhichit originates.
Thetagsarecomparedy the Before function. If thetagsdo not match,the binaryinfix

operatorPr [a < (] determineshediscreteprobability of oneinstantoccurring“before”

another
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Prla<p]l e e €3 €4
€1 1.00 1.00 1.00
) 0 .83 .94
€3 0 .13 .70
€4 0 .03 .26

Figure4.6: Tableof Pr[a < (] for theindeterminaténstantsin Received

€1 b——d
€2 b——-
€3 b——r
€4 b

Figure4.7: A pictorialrepresentationf theinstantsn Received

This formulationof Before treatsorderingprobabilitiesthatarebetweerd and.01 as
0. Thatis, it treatstwo instantsthat havea smallchanceof occurringbeforeeachother
aswell-orderedin time. To distinguishthe well-orderedcasefrom this other case,we
definetheorderingprobabilityto be .01 wheneveits valueis betweer) and.01. Hence,
to evaluateevery possibleordering,howeverimprobable,an ordering plausibility of 1
suffices.

A massfunctionthatis missing is treatedspecially If one(or more)of the instants
beingorderechasamasdunctionthatis missingthenthemasss assumetb bedistributed
in suchaway thatthereis a small,butnon-zeroprobability of orderingthe two instants.
For instance,if we introducethe instantes with a massfunction that is missing,then
Prie; < es] = c¢andPr[es < e;] = e. Consequentlyin thesemanticsaninstantwith a
masdunctionthatis missingbehave®xactlylike anull value,in thatthe participationof
suchaninstantin a Before operationrmakesthe Before false(for all plausibilitiesgreater
thanl). However sincethereis a small probability thatan instantwith a missingmass
is beforeanotherinstant(whentheir periodsof indeterminacyoverlap),Before will be

satisfiedfor anorderingplausibility of 1.
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NN N L LT
2:7 3 2‘21% 3 2:’7— 3 2‘21% 3 2\6‘1/ 3
v = 01 v = 25 v = 50 v =75 ~ = 100

Figure4.8: Orderingthe eventsn Received depend®n~y

Before assumeshat thereare no dependenciebetweenthe probabilitiesassociated
with indeterminatanstants. Hence,it cannotbe usedto accuratelycomputethe prob-
ability of orderingssuchasPr[(a < # < n)]. In the expressiorn(« precede (3)
and (3 pr ecede n)” thetwo pr ecedes are separatelyevaluatedyreturningboolean
valuesthataresubsequenthanded.While this evaluationstrategyis consistentvith the
determinatesemanticsit is notequivalento computinganorderingof (o < 8 < 7).

The orderingrelation amongthe instantsin the relation Received dependson the
orderingplausibility, v. The orderingsgiven by differing valuesof ~ are graphically
depictedin Figure 4.8. Eachdirectededgein a graphindicatesthat the originating
instantis Before the terminatinginstant. Somepairsof instantsare “indistinguishable,”
thatis eachoccursBefore the other If no edgeconnectswo instants,the instantsare
“incomparable,’neitheroccursBefore the other From the definition, it canbe shown
that Before, for v # 100, is not a typical orderingrelationin thatit is not transitive
nor anti-symmetricalthoughit is alwaysirreflexive (Before for v = 100 is transitive,
anti-symmetricandirreflexive). The following exampledemonstratethatthe ordering
relationis not transitive. Considerthe indeterminaténstanta = (|1 ~ 7/, uniform) and
the determinaténstantsg = |2| andw = |4|. Thereis a nonzeroprobability thatw is
beforeca, so Before(1, w, ). Thereis alsoa nonzeroprobability that « is before3, so
Before(1, o, 3). Howeverw is notbefores.

A generalizationf Beforeis Set_Before. Set_Beforeis usedoelowin theredefinitionof
varioustemporalkonstructorandpredicates Set_Before is similarto Before, butoperates
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on setsof instants.
Set_Before(y, a, #) <= V& € aVy € (3 Before(y, z, y)

Set_Before stipulatesthat the setof instants,«, is beforethe setof instants,3, if every
instantin « is beforeeveryinstantin 3, to the specifiedorderingplausibility.

The new orderingrelationsare usedto redefinethe temporalconstructorsand pred-
icates. Below, we considerthe First constructorin somedetail sinceFirst is usedin
otherconstructorsRecallthatFirst chooseghe earliestinstantamonga pair of instants.
With indeterminatenstants choosingthe earliestinstantamonga pair of instantsis not
alwaysstraightforward. In particular for a given orderingplausibility, it could be that
neitherinstantin a pair or instantsis earliet or it could be thatboth areearlier In the
indeterminatesemantics,

o if Set_Before(y, «, 3)

¢ if Set_Before(y, 4, «)

First(~, o, 8) = n — ¢ otherwisewhere

n = alJs and

0 ={z|x € n A -3y € n (Before(r, y, x))}

To simplify discussionof First, considerthe casewherea and 3 eachcontaina sin-
gle indeterminatdanstant. Determiningwhich instantoccursfirst hasseveralpossible
outcomes:

e only « isfirst,
e only 3 isfirst,

e botha andg arefirst (eachis beforethe other;the instantsareindistinguishable),
or

¢ neithera nor 3 is first (neitheris beforethe other;theinstantsareincomparable).
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Thefirst two outcomesrestraightforward.Thethird outcomethatfor indistinguishable
instants,is handledby the fact that First is nondeterministiceachinstantis generated
separatelyand may resultin a separateoutputtuple. Alternatively, a setof possible
outcomeganbemaintainedgeneratingvith eachelementn thesetgenerating separate
outputtuple. Only plausibilitiesbelow50 cangeneratendistinguishablénstants.Forthe

final possibleoutcome sinceneitherinstantis beforethe other First constructshe set

containingbothinstants. Othertemporalconstructorsandtemporalpredicatesill treat

thesetasa setof instantswith no Before relationshipdetweerthemembersin general,
all memberdgn suchsetsare pairwiseincomparable.Below we showseveraltemporal

expressionsomposeaf theFirst constructoandtheresultof eachexpressiomusingthe

instantsrom therelationReceived.

First(50, {e2}, {es}) = {e2}
First(100, {ez}, {e1}) = {e1}
First(1, {e2}, {es}) = {e2} then{es}

(e isfirst)

(B isfirst)

(botho andg arefirst,

(the operatiorgenerateothinstantg
First(100, {e2}, {es}) = {e2, es} (o and areincomparable

TheFirst constructorcandeducethe first instantamonga groupof instants,evenwhen

someof thoseinstantsareincomparablée,, e3, ande, areincomparabldor a plausibility

of 100asshownin Figure4.8),for example:

First(100, {e}, First(100, {ex}, {es})) = {e1}

First(100, {es}, First(100, {es}, {e1})) = {e1}.

First(100, First(100, {e2}, {e1}), First(1, {es}, {es})) = {e1}
TheFirst constructoalsoworks whensomeof theinstantsareindistinguishablde,, ¢3,
ande, areindistinguishabldor a plausibility of 1), for example:

First(1, {e1}, First(1, {e2},{es})) = {e1}
First(1, {e2}, First(1, {es},{e1})) = {es}
First(1, First(1, {e2}, {e1}), First(1, {es}, {es})) = {e1}.
The redefinitionof the Last temporalconstructoris similar to that of First andis
omittedto savespace.Thedefinitionsof the othertemporalconstructorshangdittle; a
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§=01 o ________ 2
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5 =50 o =
5 =15 s
§ =100 29

Figure4.9: Shrink_s(4, (|1 ~ 20|, Uni form)) for severalvaluesof §

parametefor the plausibility is addedo eache.g.,

overlap(v, (o, 8), (n,4)) = (Last(y,a,n),First(y, 3,9)).

Contrasthis with thedeterminatesemanticgor the overlapconstructor:

overlap({a, #), (n,9)) = (Last(a,n), Firs(s,d)).

We arenow in a positionto redefinethe temporalpredicates Thesedefinitionsdiffer
only slightly from the determinatesemantics.A plausibility parameters addedto each
predicateand Set_Before replacesBefore sincethe temporalconstructorsiow build sets
of instantgatherthaninstants.For examplejn the determinatesemantics,

precede((a, 3), (n, ¢)) = Before(Last(«, ), First(n, d)),
while in theindeterminatessemanticst is
precede(, (o, 3), (n,9)) = Set_Before(, Last(y, a, ), First(v,n,9)).

4.4.2 Supporting Range Credibility

Rangecredibility changeghe datathat is availablefor query evaluation. In gen-
eral,rangecredibility is usedto eliminatesomepossibleintervalsfrom anindeterminate
interval. It doesso by eliminatingsomepossiblechrononsfrom both the startingand
terminatinginstants’setof possiblechronons.To supportrangecredibility we introduce
two “shrink” functions: Shrink_s (shrink the starting instant)and Shrink_t (shrink the
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terminatinginstant). The shrink functionscomputea “shortened’versionof anindeter
minateinstantby shrinkingits periodof indeterminacyandmodifyingits probabilitymass
function.

Shrink_scomputes“later” periodof indeterminacyy removingsomeof the“earlier’
chronongromthesetof possiblechronons How manychronongoremoves governedy
thefirstargumenty, therangecredibility. Thevalueof ¢ is betweerD and100(inclusive).
Everypossiblechrononthathasa cumulativeprobabilitylessthanthelevel of credibility
is removed. Higher values(closerto 100) of 4 will removemore chrononsfrom the
set. Shrink_s(100, ) will removeeverychrononexceptthe latestpossiblechrononin c.
Shrink_s(0, ) will leavea unchangedFigure4.9showstheresultof Shrink_s for several
credibility valueson theindeterminatenstanta = (| 1 ~ 20| , Un: form). Shrink_sis
definedasfollows.

Sqrink_s(57 (l Q. ~ a*l 7 Pa)) = (l T ~ a*l , P/)

o
wherez is constrainedy

(an <z < a* A Fylz) > 6)
A=(Fi)(x <i < a*AF,(1) = Fu(x)
A=(F)ae < j<aA Fulz)> Fo(j) >9)

Pa(i
—Fa(z)

functionfor theprobabilitymasgunction! Intuitively, theconditionsonShrink_sstipulate

and P, is the newmassfunction, P/ (z) = ; . F,(x) is the cumulative distribution
thatthe desiredchrononis in a groupof chrononswith the samecumulativeprobability
(thecumulativeprobabilityis thechancehatthe chrononis beforeor duringthe chronon
in question).This groupis thelatestgroupsuchthatthe cumulativeprobability of all the
chrononsearlierthanthe groupfalls below § while the cumulativeprobability of each
chrononwithin thegroupmatche®or exceeds. Thedesiredchrononis thelatestchronon
within this group. It is the latestratherthananarbitrarychrononsothatrepeatedhrinks
will makeprogress.

The functionmustalsocomputea new probability massfunction sincethe old mass
functionmighthaveassignechonzergprobabilityto timesthatarenolongerin the period

' Thecumulativedistributionfunctionis F, (i) = Prla < i] = >, .. Pa(k).
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of indeterminacy To constructthe new massfunction, the probability of eachof the
remainingtimes is scaledby the cumulative probability of the choppedtimes. The
new massfunctionis a conditional probability function. Thatis, the probabilitiesare
conditionedby thefactthatthe periodof indeterminacys shrunk.

Shrink t is similar to Shrink_s, but it removesthe “late” instantsfrom an instants
periodof indeterminacy Thedefinitionof this functionis similarto thatof Shrink_s.

With thesetwo functions,it is possibleto definethe temporalconstructorconsisting
entirelyof atuplevariableassociateavith anintervalrelation.

({Srink.s(4, tsr0m)}, {Srinkt(d, ¢4,)})
if Before(y, Shrink_s(d, ¢ ¢,0,),

interval(v,d, t) = Shrink t(4,ts,))
s Uio

nointerval otherwise

Thisfunctionextractghefromtimestamgrom thetuple,shrinksit by ¢ to createa“later”

setof possiblechronons.extractsthe to timestampfrom the tuple, and shrinksit by §

to createan “earlier’ setof possiblechrononstherebyeffecting the rangecredibility.

If & = 100, thenall valid-time indeterminacywill be eliminated. The function then
constructsan interval consistingof the pair of the startinginstantand the terminating
instanteachperhapsndeterminatehutonlyif thestartinginstantprecedetheterminating
instantat the choserplausibility.

The semanticof the temporalconstructorconsistingsolely of a tuple variableas-
sociatedwith aninstantrelationchangedittle. We representheinstanta (determinate
or indeterminate)as the pair ({a}, {a}), to simplify the semanticsof the temporal
constructorandpredicates.

4.4.3 Coalescing

Tuplesin TQuelrelationsareassumedb becoalescedn thatvalue-equivaleruples(i.e.,
tupleswith identicalvaluesfor the explicit attributes)neitheroverlapnor areadjacentn
determinatevalid time. However the tuplescould overlapin indeterminatevalid time.

Thevalid timesassociatedavith thevalueequivalentuplesarecoalesceadnto a temporal
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element by theReducefunction. Essentiallyatemporaklements asetof non-overlapping
intervals[Jenseret al. 1994]. A new function, Reduc€, computeshe minimal setof
value-equivalenindeterminateuples,i.e., the setfor which thereareno suchtuples.
Thebehaviorof Reduce canbemadeclearby examiningthe procesof addinganew
intervalto atemporaklement.We addanindeterminatenterval,:, to atemporaklement,
t" asfollows. Sequentiallyconsidereachinterval, j, in t’. If the determinateportions
of » and; overlapthenmakeoneintervalby gluing: and; together;thiswill eliminate
onedelimiting indeterminatenstantfrom eachinterval. Theresultingintervalbecomes

¢. Continueuntil all theintervalsin thetemporalelementhavebeenconsidered.

4.4.4 Semantics of the Example Query

As areview the following is the tuple calculussemanticof the queryin Figure4.4 on
page62, usingarangecredibility of 0 andanorderingplausibility of 60.

1) Reduc€ ({u*% | (3r) (Ip) (Received(r) A In_Production(p)

2) Aull]=r[1] A u[2] =7r]2] A u[3] = p[2]

3) A wul[4] = Last(60, r[4], Shrinks(0, p[3]))

A u[5] = First(60, r[4], Shrink t(0, p[4]))
4) A r[2] ="wing strut” A p[l] = “Centurion”
5) A Set_Before(60, Last(60, r[4], Shrink_s(0, p[3])),
First(60, r[4], Shrinkt(0, p[4])))

6) A Before(60, Shrink_s(0, p[3]), Shrink t(0, p[4]))})
We have chosenthis examplebecausat illustratesboth a temporalconstructorand a
temporalpredicate. The overlap appearingn the whereclause(a predicate)generates
theFirst andLast constructorandthe Set_Before online five. Line sixis generatedby the

interval constructorconstraint. The valid clausegeneratedine three. The defaultrange
credibility generateshe Shrink functioninvocations.
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At this point, the semanticf the retrieve statementhave beenspecified. As an
example,we tracethe computationof the query given in Figure 4.4 on the database
givenin Figurel.1. The querywill resultin threetuples,shownin Figure4.5. First,
theextentof theintervalsin In_Production is unchangedby the shrinkfunctionsbecause
the query usesa rangecredibility of 0. The whereclauseeliminateseverytuple from
In_Production exceptthe Centurions.Likewise, the whereclausealsoeliminatesevery
tuplefrom Recelved exceptthewing struttuples.

The shipmentof lot number23 was definitely receivedduring productionof the
CenturionserialnumberAB33; it satisfieghe overlapwith everyplausibility. Theother
shipmentsnighthavebeenreceived.Lot number30satisfiegsheoverlapfor plausibilities
lowerthan60 becaus¢ May 30 ~ June 18| is before| June 1 ~ June 30| for
everyorderingplausibility below 65. The othershipmenthowever arrivedtoo late in
Juneto beconsideregblausible.lt is plausiblethatlot number31 arrivedbeforetheendof
productiononly for orderingplausibilitiesof 28 or less. For productionof the Centurion
serialnumberAB34, all the shipmentsarrivedtoo early, exceptfor lot number31 from
the Griffin warehouse.

445 Query Reducibility

An importantfeatureof the extendedsyntaxandsemanticss thatevaluatiorof aretrieve
statementisingthedefaultplausibility andcredibility (both100)onavalid-timedatabase
with indeterminateor determinatdnterval relationsand determinatesventrelationsis
equivalentto evaluationof the retrieve statementith the previoussemanticgwhich
hasno supportfor valid-time indeterminacy)on the correspondindinterval reduced”
databasevithout valid-timeindeterminacyWe will call this propertyquery reducibility.
By aninterval reduced databaseye meana databasé whichtheintervalindeterminacy
hasbeenremovedby replacingeachindeterminatenterval with its determinategportion
via shrinkingby arangecredibility of 100. Queryreducibility showsthatthe meaningof
all extantTQuelqueriesandrelationss preservedinderthenewsemanticslt alsoshows
thatevenif thereis someindeterminacyin the databaséi.e., if thereareindeterminate
intervalrelations) the usercanchooseo ignoreit (this is the defaultchoice).
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Q querywithoutindeterminacyhrases
(previoussemantics) / \ (extendedsemantics)

C '
(evaluatedninterval | | (evaluatedbnindeterminate

reducedelations ? intervalrelations
A = A

Figure4.10: DemonstratingQueryReducibility

More specifically underthe extendedsemanticsa retrieve statementvithout cred-
ibility or plausibility phrasesQ, will be translatedo a tuple calculusstatementC, of
theform describeckarlierin this paperassuminghecredibility andplausibility defaults.
Underthe previoussemanticsQ will betranslatedo atuple calculusstatement(’, of
the form discusseg@reviously We claim thatif everyeventrelation participatingin Q
is determinatdbut everyintervalrelationneednot be), thenC is queryreducibleto ",
that is, evaluationof C is equivalentto evaluationof C’. The claim is diagramedn
Figure4.10.

Theorem 1 The extended semanticsis query reducible to the previous, valid-time deter-

minate, semantics.

PROOF. Theoutlineof whatto proveis illustratedin Figure4.10. Theonly differences
betweenC andC’ arethe new and redefinedfunctionsBefore, Shrink_s, Shrink_t, and
Reduce. Wewill showthatwhenworkingwith determinatéuplestheredefinedunctions
in the extendedsemanticgeduceto their definitionsin the previoussemanticsandthe
newfunctionshaveno effect.

We observethat a determinateuple is timestampswith a determinatenstant (or
interval). A determinaténstanthasa periodof indeterminacyhatis asinglechronon.All
determinatenstantshavethe sameprobability distribution;the probability of thatsingle
chrononis 1. Finally, thedefaultcredibility andplausibility areboth 100.

The shrink functions have no effect on determinatenstants. Sincea chrononis
the smallestgranuleof time, a determinatenstantcannotbe shrunkany further. Thus,
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evaluationof any of the shrink functionson a determinatanstantwill returnthe same
instantregardlessf the rangecredibility.

The defaultorderingplausibility of 100 will selectthe determinateorderingof the
instantsin the underlyingrelationsto evaluatetemporalexpressions.For any pair of
determinateinstants, either one instantis before the other with probability 1 or the
instantsarerepresentetly thesamechrononandneitheris beforetheother An ordering
plausibilityof 100servego establistthewell-orderingof instantgepresentedy different
chronons Hencethedeterminatdefore operatioron determinatenstantseducego that
of theindeterminatdBefore operationon determinateénstantsat a plausibility of 100

Finally, the newdefinitionof Reduce coalescesalue-equivalentuplesthatareadija-
centor overlapin determinatdime exactlyastheold definition.}i



CHAPTERS
IMPLEMENTATION OF INDETERMINACY

Changego the semanticgo supportvalid-timeindeterminacyrigger changesn the
implementation.Thesechangesreisolatedto the representationf instants spansand
intervals,andto the new or modifiedtemporaloperators:Reduce’, Before, Set_Before,
Shrink_s and Shrink t. In the next two sectionswe describethe data structuresand
algorithmsto implementthesenewor modifiedoperators Our goalis to providesupport
for valid-timeindeterminacywithout adverselyimpactingstoragerequirement®r query
evaluatiorefficiency,

At first glance,supportfor valid-time indeterminacyappeardo be expensive. For
example Shrink_s mustcomputethenewprobabilityfor eachchrononin theshrunkerset
of possiblechronongn a terminatingindeterminatanstant. Unfortunately therecould
be quite a large numberof possiblechronons: a typical indeterminatenstantwith a
one-dayperiodof indeterminacystoredto the granularityof a microsecondasover 86
million possiblemicrosecondsln addition,someof the modifiedoperatorse.g.,Before,
areexecutedn the“inner loop” of queryprocessingpotentiallyperformedmanytimes
for eachcombinationof tuplesin the queriedrelations. Significantslowdownof these
operatoravould havea dramaticeffect on the overallspeedf queryevaluation.

Although Shrink_s and the other operatorsappearcostly, we show below how the
new operatorscan be implementedefficiently. We begin with the representatiorof
indeterminatenformation. In particular we describetimestamgformatsthatcompactly
storevalid-timeindeterminatenstantsjntervals,andspans.We thenshowhow the new
operatoranbe implementecefficiently, focusingon the probabilisticorderingusedin
Before.

76
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5.1 Indeterminate Timestamp Formats

Valid-time indeterminateinstants,intervals, and spansmodel new kinds of temporal
information. To representindeterminatdemporalvalues,new temporaldatatypes,or
timestamps[Jenseretal. 1994],areneededIn this sectionwe describaheindeterminate
timestampsn detail. First, we presenthe indeterminatenstanttimestamps.Next, we
showthatthespamandintervaltimestampsarenaturalextensionsf theinstantimestamps.
Finally, we motivatethe decisionsve madein designinghetimestamps.

5.1.1 Instant Timestamp Formats

Theinstantformatsdescribedherebuild uponthe determinatenstantformat. We briefly
review this format here; a full descriptionis given elsewhergDyreson& Snodgrass
1993B,Dyreson& Snodgrasi&994B].

5.1.1.1 Determinatelnstants

An instanttimestampmustmeetseverarequirementsFirst, thetimestampmustsupport
amultitudeof ranges. Ranges ameasuref howmuchof atime-linecanberepresented.
A timestampshouldbecapableof storingtimesthatrangeoverjustafew secondso those
thatrangeovertheageof theuniverse.Secondit mustsupportavarietyof granularities
[Jenseretal. 1994], from thoseaslarge asa yearto thoseassmall asa femtosecond.
In this paper we haveconsiderenly a singlegranularity thatof chrononsjn general,
multiple granularitiesshould be supportedDyreson& Snodgrass994C]. Third, the
timestampmustbe capableof storingtimesbothbeforeandafteragranularityanchor(an
anchor is a pointonthe time-line). Finally, sinceit is difficult to anticipatethe demands
of futurelanguagedesignerstheformatmustallow for growth, primarily the additionof
newtimestampypes.

The determinatanstanttimestampis shownin Figure5.1. The dashedines mark
wordboundariesThenumberaboveasubfieldis thesizeof thatsubfield,in bits. Thesize
of thetimestampin particular thesizeof thedata field variesdependingntherangeand
granularityof thetimestampthedatafield is either28, 60, or 92 bits in size. We assume
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Determinate (32/64/96 bits)

3 28 : 60 ; 92

data data data |

|
|_ sign

— type = 000

Figure5.1: The standardnstantformat

thatthe rangeandgranularityare specifiedfor the instantaspart of a createor modify
statemenéndstoredwith the schemalargerrangesandfiner granularitiegequiremore
bits to represent.The one,two, andthreeword formatsaredepictedn the figure. Two
wordsshouldbe sufficient for mostapplications. The two word timestampsanstorea
rangeof historicaltimesto the granularityof a microsecondor timeswithin a rangeof
36 billion years(all of time, backto the big bang)to the granularityof a second.Three
words,which canrepresentimesoverarangeof 36 billion yearsto ananosecondhould
takecareof thefew remainingapplications.

An instantis locatedon thetime-line at somedistancefrom the anchor Theinstant
formatstoresthe distancefrom the anchorasa signednumber The numberis storedin
thedatafield andis a countof unitsof agivengranularity thatis, a countof chronons.It
is importantto notethatthe rangeandgranularityof aninstanttimestamparenot stored
in thetimestamp Hence theinterpretatiorof the datafield requiresnformationfrom the
schemaprovidedby the queryprocessorThesignbit field indicatesvhetherthe instant
is beforeor aftertheanchor

To differentiateamongsthetimestamgormats eachformathasatypefield. Thetype
fieldis storedn thehigh orderportionratherthanthelow orderportionbecaus@otevery
formatis the samesize. Thetypefield distinguishespecialinstants suchas“beginning”
and“forever,” from otherinstants.Beginningis theyoungespossibletime while forever
is theoldest.
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Starting | Terminating| Probability

FORMAT Time Time Distribution
Determinate explicit implicit implicit
ChunkedStandard | explicit implicit implicit
ChunkedNonstandard, explicit implicit explicit
General Standard explicit explicit implicit
GeneralNonstandard| explicit explicit explicit

Table5.1: Encodingsn theindeterminatdormats

5.1.1.2 Indeterminatelnstants

Supporfor indeterminaténstantgreatlycompoundshecomplexityof therepresentation
becausaninstantis no longerjusta singletime, ratherit is two timesanda probability
masdunction. In theworstcasethemassunctioninformationaloneaddsanextraword
to therepresentation.

Torepresenindeterminatéenstantsyeaddfour newformats shownin Figure5.2. The
typefield of everyformatis thesamejndicatingthatthistimestamps for anindeterminate
ratherthana determinateor otherkind of instant. The formatthatis usedis specifiedby
theuseraspartof creatingarelation. Thefirst formatfrom thetop depictedn Figure5.2
is the defaultformat. The secondformat is usedif the userwishesa “nonstandard”
distribution;the standardlistributionsarethe uniform massfunctionsandthatthe mass
functionis missing. Nonstandardlistributionsaddan extraword of informationto the
format. If the userwantsa “general” indeterminatenstant,to be describedshortly, one
of thelasttwo formatsis used.

The formatsappearto be very different,but they areall fundamentallyalike. Each
timestampformat hasthe threebasicpartsneededo describean indeterminatanstant,
asdescribedn Section4.1.1: alower support, anupper support, anda probability mass
function. Thesethreepartsareencodedn the timestampeitherimplicitly or explicitly.
Table5.1indicatesfor eachformatwhetherthe representatiors explicit or implicit. For
examplethedeterminatéormat(shownin Figure5.1)hasanexplicitlowersupportputan
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Figure5.2: Theindeterminatéormats
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implicit uppersupport(identicalto the lower support).Thelower anduppersupportsare

representetb therangeandgranularityof the timestamp.As with determinatenstants,
therangeandgranularityof indeterminatenstantsarestoredwith the schemaatherthan

with eachtimestamp,andthe size of the datafield variesdependingon the rangeand

granularity If the determinatdormathasa granularityof microsecondshenthe lower

supportis the representednicrosecondandthe uppersupportis the samemicrosecond.
The period of indeterminacyone microsecondjs implicit, asis the probability mass
function, which is assumedo be the uniform distribution. It is in this sensethatevery

timestampstoredin the databasés indeterminate.

Sometimeghe uppersupportis alsoencodedmplicitly. If it is encodedmplicitly
thenit it composedof a chunk size and a numberof chunks. Intuitively, chunksare
usedto supportcoarse-graimnits efficiently. A chunkis a span,the lengthof whichis
specifiedoy thechunksizefield. Theuppersupports computedy addingthenumberof
chunks,eachof sizechunk size, to thelower support.Forexample to represena period
of indeterminacyf severhoursusingchunks thetimestampwould recordthatthereare
sevenhoursizedchunks. The chunksizesthat can be useddependon the granularity
of the timestamp. Chunk sizessmallerthan the granularity cannotbe usedsincethe
timestampcannotstorethesetimes. Oneof the dutiesof the databas@mplementoris to
specifychunksizetables,onefor eachgranularity

By makingthe numberof units in a chunkexponentialin the chunk size (e.g., by
havingthe chunksizejump by afactorof betweerl0and100),it is generallypossibleto
coveralarge portionof therangewith 16 chunksizes.

Chunksandchunksizesareeitherrecordedexplicitly or implicitly in thetimestamp
format. Everytimestampghatdoesnotexplicitly encodea particularuppersupportusesa
chunkingschemeo computethe uppersupport.Forexamplethe determinatéormathas
animplicit uppersupport.Furthermoret hasanimplicit chunkingschemelt is assumed
to haveasinglechunkwith achunksizeof oneunitin the granularityof the timestamp.

In general,the (timestamp)epresentatiof a probability massfunction hasthree
parts,the nameof a massfunction, a left offset, anda right offset, occupyingsomewhat
lessthan 32 bits in toto. The nameof the massfunctionis storedwith the timestamp
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but the actualmassfunctionis storedseparatelyasdescribedurtherin Section5.2.1.2.
Indeterminatanstantsthat havethe sameprobability massfunction andperiod of inde-
terminacymay still differ sincesomeof the massmay havebeenremovedthroughthe
machination®f the Shrink operatorsaasdescribedurtherin Section5.2.2. Theleft and
right offsetsarethe percentagehat hasbeenremovedfrom the “early” andthe “late”
portionof the periodof indeterminacylnstantswvith auniformdistributionor distribution
thatis missing,termedthe standard distributions,do not needto keeptrack of the left
andright offsetsincethesedistributionsareindependentf the offset. Consequentlywe
optimizedrepresentationf the standardistributions,which are oneword shorterthan
the nonstandardlistributions. The userspecifiesthe kind of distribution, standardor
nonstandardyhencreatingor modifyingavalid-timerelationasdescribedn Sectior4.3.
Whentherelationis createdthe standardlistributionsareassumed.

Thechunkingschemeandtheuseof standardlistributionsyield acompactimestamp.
SQL-925slimited TI MESTAMP formatwithout fractionalsecondsindwithoutindetermi-
nacy (assuminghatthe positions in the SQL-92timestamparenibbles)is 56 bits. Our
indeterminatechunkedtimestampwith the samerangeand granularityasthe SQL-92
datetimeformatrequiresonly 64 bits.

5.1.2 Indeterminatelntervalsand Spans

Like determinaténtervalsjndeterminaténtervalsarerepresentedsingtwo instantimes-
tamps;onefor thestartinginstantandonefor theterminatingnstant. Sinceindeterminate
instanttimestampsare sometimediggerthandeterminatanstanttimestampssomeof
the indeterminatenterval formatsarelarger thantheir determinatéorethren;the largest
indeterminatentervaltimestamps fourteenwords. However we anticipatethatthe four
wordindeterminatentervalformatswill bethemostcommon.

Many commonspansareof indeterminateluration.Forexamplethetypical response
asto whenthe garbagewill be carriedoutis “in aboutfive minutes,” which actually
representa spanof betweerfive minutesandseveradays. Justasdeterminatespansise
the sameformatsasdeterminatenstants[Dyreson& Snodgras4994B], indeterminate
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spansuse the samerepresentationdormats as indeterminatenstants. The format is
interpretedasa spanratherthananinstant.

5.1.3 Design Decisions

The designof theindeterminatéimestam@ormatsoptimizesrepresentationf the com-
monmassfunctions(the standardnassfunctionscostonly a singlebit). Thedesignalso
optimizesencodingof the uppersupportvia chunking. To storethe upperand lower
support(two separatéimes)in a singletimestampit wouldappeathatwe wouldrequire
atleasttwo datafieldsfor anindeterminatenstant. But we expecthatarbitraryperiodsof
indeterminacywill berare. Whatwill be commonareperiodssuchas N hours,N days,
or N years.We alsoexpectthatpreciseknowledgeof startingandterminatingtimesfor
large periodsof indeterminacywill berare. For example,it would be very uncommon
for a userto know that an instantoccurredsometimebetween6:23:43.003A.M. July
23,1985and 3:00:57.2340August 15, 1990. It is morelikely thatthe userknowsit
occurredsometimebetweenjuly 1985andAugust1990. The userspecifiesvhetherthe
indeterminatenstantsn arelationarechunkedor unchunkedvhenarelationis created.
The chunkedformatsarethe default. The unchunkedormatsresultfrom a useradding
the modifier “general” when creatingan indeterminatanstantrelation as describedn
Sectior4.3.

The chunkingschemewas developedio meetthe expectationthat regularperiods
of indeterminacywill the norm. Chunkingis a very efficient methodof encodinga
terminatingtime; theencodingonly occupieslevenbits. But the spaceefficiencycomes
attheexpensef somerun-timecomputatiorsincetheterminatingime mustbecomputed
onthefly. Thecomputationcostsone additionto addthe chunksto the lower support.
Another cost is that many periodsof indeterminacycannotbe representedising the
chunkingscheme For examplewe cannotrepreseng periodof 3 hoursand46 minutes
using 1 minute chunks(the maximumperiod in this caseis 2 hoursand 8 minutes).
However a chunk size of 10 minuteswould permit an approximationof 3 hoursand
50 minutes. While usersspecify which timestampsare chunked,when a timestamp
is translatedfrom a string constantand storedon disk, it is the responsibilityof the
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databassystento determinghechunksizeandnumberof chunksthatbestfits theusets
timestamponstant.We anticipatethananexactmatchcanbe foundin mostcasesince
thedatabasenplementomwill selectchunksizesthatarenaturalperiodsof indeterminacy
(e.g.,anhour, aweek,ayear etc.). A goodsystemwill alsogive feedbacko theuserin
thosecasesvherethe storeddataonly approximateshecaus®f chunking,the specified
temporalconstant.

5.2 Implementation of Operators

In this sectionwe discussthe implementatiorof Before, Set_Before, Shrink_s, Shrink_t,
andReduce, beginningwith the mostcommonnew operation:the temporalcomparison
predicateBefore.

5.2.1 TheBefore Operation

We observedn Section4.4 that the semanticf temporalconstructorsand predicates
suchasoverlap andfirst areultimatelybasedn Before. If theinstantdeingcompared
by Before aredeterminatethatis, if we know preciselywhenor duringwhich chronon
theyarelocatedthenBefore is the* <” relationontheintegersandits implementations
asingleintegercomparison.

Indeterminatenstantscomplicatetheimplementatiorof Before. In theindeterminate
semanticsgdeducingthatoneinstantis beforeanothemay requirecomputingthe prob-
ability thatoneinstantis beforethe other This is a potentiallycostly computation.We
showbelowhow this computatiorcanbe madeefficient.

5.21.1 TheCommon Interface

Theinterfaceto the Before routineis givenin Figure5.3. Theinterfacedeterminesf the
relatively costly computatiorof the orderingprobability canbe avoided. If « and3 are
thesameinstantthenBefore is trivially falsesinceaninstantcannotbe earlierthanitself.
Before is alsotrivial if o’s and3’s periodsof indeterminacyaredisjoint. Disjointness
impliesthatoneinstantis beforetheotherin all possiblecasesWe anticipatethatdisjoint
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function Before(in «, 3 : instant;in v : integer): boolean;
begin
if aisf then return FALSE
elseif a* < 3, then return TRUE
eseif 3* < a, thenreturn FALSE
elseif vy = 100then return FALSE
elseif vy = 1then return TRUE
elsereturn PROB_a_BEFORE _§(«, (3, )
end; { Before }

Figure5.3: Interfaceto Before

periodsof indeterminacyill becommon.Evenif the periodsof indeterminacyoverlap,
someorderingplausibilitiescanbetrivially satisfied.An orderingplausibility of 100can
only bemetif the periodsof indeterminacyaredisjoint while an orderingplausibility of
1is attainedf the periodsoverlapatall. Again,we anticipatethatthesewill becommon
casesyepresentinghe definite and possibleorderings,respectively If no specialcase
appliesthentheorderingprobability, Pr[a < 3], mustbe calculated.

5.2.1.2 Probability Mass Function Representation

Thealgorithmfor Pra < ] presentedelowusesthe probability massfunction. In this
sectionwe describea datastructureto storethatfunction. We presenthe datastructure
first sinceit impactsthealgorithmdesign.

In generalafunctioncaneitherbecomputednthefly or precompute@ndits values
cachedsay in anarray Thelatterstrategyis bestfor a probabilitymassfunction. Before
is executedn the“innerloop” of queryprocessingperformednanytimesduringaquery
We anticipatethat many useful probability massfunctions are not easily computable
functions, making computingvalueson the fly expensivein termsof executiontime,

whereagable-lookups quite cheap althoughpotentiallyexpensivan termsof space.
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Storinga probability massfunctionin an array however is not straightforward. If
thefunctionis precompute@ndcachedthe domainof the function givesthe numberof
elementdn the arraywhile the rangestipulateshe size of eachelement. A probability
massfunction cannotbe storeddirectly in an array sinceits domainis the integers(or
reals)andits rangeis therealnumberinterval[0,1].

To makestoragecostsreasonableéhedistributiongivenby aprobabilitymasgunction
mustbe approximated. We approximatea massfunction asfollows. First, the massis
guantized; thatis, it is parcelednto indivisible,discretechunksof probability Thequanta
canbethoughtof asrods of equalmassbut (possibly)differing lengths.If a probability
massfunction hasP rodsin total, thenthe massof eachrod is . The numberof rods
is calledthe precision of the approximation. Next, the domainof the massfunctionis
sampledat C evenly-spacegoints. C is calledthe coarseness of theapproximation.The

samplepointsare{;-, =2 ..., 21} (assuminghatthedomainof themassunctionhas
beennormalizedto [0,1]). Typically, the coarseness muchlargerthanthe precision.
For instancejn our experimentsye usea coarsenessf 2!¢ but a precisionof 28. The
approximatiorof theuniform masdunctionwith acoarsenessf 8 andaprecisionof 3 is
shownin Figure5.4.

A usefulmentalmodelis to think of the rodsas coveringthe samplepoints. One
conditionthatwe imposeon the approximations that eachpointis coveredby at most
onerod, althougha singlerod canspanseveralpoints. A pigeon-holeargumentshows
thata probability massfunction’s precisioncanneverexceedts coarsenessThatis, if
thereare 256 points, thentherecould be at most 256 rods (otherwisesomepoint must
coveredby morethanonerod).

Therod andpoint methodof approximatinga distributionhassomelimitations. The
coarsenesand precisionrestrictthe variety of probability massfunctionsthat can be
approximatelyrepresentedsome massfunctions cannotbe representect all. If the
coarsenessqualsthe precision,thenonly the uniform probability massfunction (every
point is equally likely) can be representeda different rod on every point). As the
coarsenesand precisiondiverge, more massfunctionscanbe representedIn general,

with a precisionof P and a coarsenessf C, at most( Jf ) different probability mass
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Figure5.4: Theapproximatediniform massfunctionwith P = 3 andC' = 8

functionsare possible. Also, massfunctionsthat havea massof morethan + spread
overlessthan % of their domaincannotbe approximated.To modelsuch“spiky” mass
functions, two or more rods might have to spanthe samepoint. It is the database
implementots taskto choosethe appropriateC and P values,supportingthe kinds of
massfunctionsthatareof interestto the usersof the system.

Using the rod and point method,a probability massfunction is approximatedvith
an absoluteerror of lessthan . Thatis, the probability of a possibleinstantin the
approximatedlistributionis within % of theactualprobability. If thedifferencebetween
the probabilitiesis morethan % thenthe approximatiorhasbeendoneincorrectly asa
newrod shouldhavebeenintroduced.

Theapproximatednassfunctionis storedin abinarytreeratherthananarray There
is one leaf for eachsamplepoint. For example,the first leaf in a preordertraversal
correspondso the samplepoint % At eachleafin the tree,the numberof rodsto the
left andright of the samplepoint are stored. For example,in the approximationof the
uniformmasgunctionshownin Figure5.4therearenorodsto theleft andtwo rodsto the
right of thefirst point. The exampleshowsthatit is not alwaysthe casethatthe number
of rodsleft andright of a samplepointwill sumto P; often,thenumberof rodswill sum
to P — 1 sincetherod coveringthe nodeis uncounted. The treefor the approximated
uniform masgfunctionis shownin Figure5.5.

In thetreeshownin Figure5.5,C andP aresmallvalues consequentlyheentiretree
canbe easilystoredin just afew bytes. But whenC andP arelarge, it is infeasibleto
storethe full tree,nor do we needto storethe full tree. We are primarily interestedn
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Figure5.5: The treestoringthe approximateduniform massfunctionwith # = 3 and
C=8

thenumberof rodsto theleft andright of samplepoints. Observehatfor manysubtrees
thesenumbersare the samefor every nodein the subtree. All suchsubtreescan be
pruned keepingonly theroot of the subtreewhichis speciallymarked.Whentraversing
aprunedsubtreethetreetraversahblgorithmtreatsa speciallymarkednodeastheroot of
a“virtual” subtreeandtraverseghe subtreeasthoughit were stored. The tree pruning
techniquesavesquite a bit of space. The prunedtree hasat most2P leaves(one leaf
mightbeneedegerrodend)andcouldhaveasfew asP leaves.In contrasttheunpruned
treehasC leaveqin generalC >> P). Thenumberof interiornodesalsovaries,with as
fewasP — 1 interiornodesandasmanyas2P — 1 interiornodesn atree(abinarytree
with NV leaveshasN — 1 interior nodes).Eachinterior nodeis two log, (C')-bit pointers
while eachleaf nodeis two log, ( P)-bit fieldsto storethe numberof rods. For C' = 26
and P = 28, the storagecostof a prunedsearchreeis betweenl.5K and3K bytes. The
prunedtreefor the exampledistributionis shownin Figure5.6. The speciallymarked
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02

nodeshavedashedine borders.

Thedistributiontreeefficiently storegsheapproximategbrobabilitymasgunction,but
the approximatiorimpactsthe computatiorof Pr[a < 3], changinghe problemto arod
countingproblem.

5.2.1.3 An Overview of Computing Pria < ]

Calculatingheprobabilitythatoneinstantis beforeanothewusingtheapproximateanass
functioncanbereformulatecasarod countingproblem.Assumethattherearetwo rows
of Prods. Therodscouldbeof varyinglengthsor theycouldall bethesamdength. The
two rowsof rods,which we shallcall the a-row andthe 3-row, areparallelto eachother
asshownin Figure5.7. Therod countingproblemis to countthe pairsof rods,onerod
from eachrow, suchthattherod from the a-row is beforetherod from the 3-row. Each
suchpairrepresents contributionof 2 to Pr[a < f].
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Therod countingproblemis complicatedoy thefact thatthe rodsin eachrow might
befurthergroupednto chronons Forthepurposeof computingPr [« < 3], eachchronon
hasanindivisible massthatis, all the rodsentirely within the samechrononshouldbe
treatedasa singlerod with a massequivalentto the total massof the constituentrods.
For example,consideranindeterminatanstantwith a uniform massfunctionanda set
of possiblechrononsconsistingof only two chronons. Thereare| £ | rodswithin each
chrononconsequentlgachchrononin thisindeterminatenstanthasanindivisible mass
of 0.5.

Therod countingproblemdiffersfrom the original problemof computingthe proba-
bility thatoneinstantis beforeanotheiinstantin a subtle butsignificantway: thesumof
themassn pairsof rodswherea’srodis befores’srodis notquitethesameasPr [a < [3].
Considerapairof rods,neitherof whichis beforetheother(therodsareatthesameplace
in the overall orderingof rods). Eachrod representshe probability that the instantis
locatedduring a certainrangeof chronons(the rangecould be just a single chronon);
but how the probabilityis distributedamongthe chrononswithin thatrangeis unknown.
Althoughneitherrod is beforetheother it is probablythe casethatsomechrononwithin
therangerepresentetly therodis beforea chrononin therangerepresentely theother
rod. Therod countingproblemdoesnot countthe (small, < %) probability of this case
andthusundercount®r[a < 3]. In Section5.2.1.6we quantify the error on the rod
countingtechnique.

Thealgorithmfor countingpairsof rodsis basedn a divide-and-conquetechnique.
Eachstepin the algorithmis illustratedin Figure5.7. Thefirst stepis to chosea pivot.
A pivotis arodin o’srow or rods. The pivot splitstherodsin a-row into threegroups:
thosebeforethepivot, ay.f..., thoseafterthe pivot, a, ¢+, andthe pivot itself.

Thesecondstepis to identify wheretheright-endof the pivot belongsn theordering
of #’srods. Theright-endof the pivot divides 3’s row of rodsinto threeparts: those
beforetheright-endof the pivot, 5. s..., thoseaftertheright-end,3, s, and,perhapsa
rodthatoverlapsheright-end,3,.c 4.

The third stepis the conquerstep. Observethat all the rodsin as. .. U ptvot are
beforeall therodsin g3, ... Eachpairof rods,onechoserfrom eachof thesetwo groups,
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adds% to a runningsumof Pr[a < (]. If the runningsum (scaledby 100) exceeds
the plausibility, v, thenthe algorithmterminatessincethe plausibility hasbeenmetand
Beforeis true. Thisis calledan“early exit” condition.

Similarly, all therodsin ;... arebeforetherodsin o, ... Eachpair of rods,one
chosenfrom eachof thesetwo groups,adds2; to arunningsumof Pr[3 < a]. If the
runningsum(scaledby 100)exceedd 00 — ~, thenthealgorithmterminatesinceBefore
is false. Thisis theonly other“early exit” condition.

If an early exit is not taken,thentwo subproblemgemainto be solved. The al-
gorithm hasyet to determinethe relationshipsetweenthe rodsin a. ... [J pivot and
thosein ;. ..., aswell asthe relationshipsetweernthetherodsin «, .., andthosein
Bagter U Bovertap- EAChOf thesesubproblemss solvedrecursivelyin the next“round” of

thealgorithm.

5.2.1.4 Choosingthe Pivot

The choiceof pivot is an importantfactor in controlling the algorithm. The algorithm
choosessthe pivot therod correspondingo half of theremainingrodsin « (thoserods
thathaveyet to be counted). This choiceenableghe algorithmto reachan“early” exit
conditionquickly. Overall,thetotal work performedby the algorithmis to countall P?
pairsof rods. But the countingcanstopwhenenoughpairsare countedto determinef
eitherPr[a < 3] or Pr[3 < o] is satisfied(the early exit conditions). It is betterif, in
thefirst few pivot choicesanalgorithmmaximizeshe pairsof rodsit countssinceit will

thenhit anexit conditionin fewerpivots.
Theorem 2 The &N pivot will count P2/2110% (®1+1 pajrs,

Proof. By choosingthe rod correspondingo half of the remainingrods, the algorithm
countshalf the pairson thefirst pivot, thatis, it countsP*/2 pairs. On the secondand
third pivots,it countshalf of half of theremainingpairs,or P* /8 pairsperpivot, assuming
“breadth-first”recursion. On the fourth through seventhpivots, it countshalf of half
of half of the remainingpairs,or P?/32 pairs. Soin generalthe pth pivot will count
P2 /2109, (®1+1 pairs. In theworstcase2 P pivotsarerequired i
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Figure5.7: A rod countingoperation

Observehat, for a precisionof 28, afterthe fourteenthpivot, the algorithmwill have
counted93% of the total numberof pairs. In otherwords,to approximatethe ordering
probabilityto within 10%,at mostfourteenpivots mustbe performed.

5.2.1.5 Implementation Detailsfor Computing Pr|a < 3]

The codefor the “pivoting” algorithmis shownin Figure5.8. The countingstopswhen
thecountof pairsexceedsheneededumberof truepairsor falsepairs(it simultaneously
solvesfor bothPr[a < ] andPr |3 < «]), or whenall the possiblepivotshavebeentried
(anundercounhasoccurredandwe assumehatPr[a < ] is false). Themostimportant
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featureof this codeis thatthe majority of instructionsare “cheap” integeroperations:
shifts,assignmentsandadditions. Thereareonly two multiplications,no divisions,and
no floating point operations.Although, for pedagogicateasonsye havepresentedhe
pivoting codeasa recursiveprocedurethe proceduras implementedisinga queueand
iteration,thusavoidingthe expensef recursiveprocedurecallsandsupportingoreadth-
first recursion.Onefinal observationgalculatingthe numberof true andfalsepairshas
beenreducedto a table-lookupsincethe orderingplausibility, v, cantakeon only 100
differentvalues.

5.21.6 Error in Rod Counting

As we pointedoutearlier theapproximatiorby rodsandpointsleadsto anundercounting
of Pr[a < f]. In this sectionwe quantifythe magnitudeof theundercounting.

Theorem 3 The undercount is less than %.

Proof. First considerthe error oncea pivot hasbeenchosen. The erroris the rodsin
the otherrow of rodsthatremainuncounted.The uncountedodsarethosethatoverlap
the pivot. Theserodsareuncountediecauset is unknownhow the probability massis
distributedwithin eachrod, consequentlyt is impossibleto determinewvhetherthe mass
is beforeor afterthe massin the pivot. Figure5.9 showstherodsthatareuncountedor
an examplepivot; the rodsthatare eitherpartially or wholly within the dottedlinesare
notcounted.But how manypairsof rodspossiblyoverlap?We claimthattherecanbeat
most2P — 1 pairsthatoverlap.

Wedemonstratéhis claimby modelingtheoverlappingodswith anundirectedyraph.
Let eachrod beanodein agraph. Add anedgebetweereachpair of rodsthatoverlaps.
Observahattheedgescannot‘cross” eachother thatis, thegraphis planar. Now count
thetotal numberof edgesn the graph. Choosehefirst, or “leftmost” edgein thegraph.
Sinceedgesannofcross atleastonenodeonthisedges asink, unconnectetb anyother
nodesby a differentedge. Eliminate both the nodeandthe edge. Repeathis process,
alwayschoosingthe “leftmost” remainingedge,until thereareno moreedges.Initially
thereare2 P nodes.Onenodeis eliminatedat everystepalongwith oneedge. At least



94

onenoderemainsafterthe final edgeis removed. Consequentlyinitially, therewereat
most2P — 1 edges.

Eachedgerepresents pair of rodsthatoverlap,correspondingo a massof % that
remainsuncounted.Sincethereareatmost2P — 1 edgesthetotal missingmassis less
than%. Fora precisionof 28, thetotal erroris lessthan1%. il

Therod countingalgorithmallows Before to be efficiently implementedSection5.2
will examineits efficiency in detail). We now turn to the implementatiorof the other
operationghat changewith supportfor indeterminacy:Shrink_s, Shrink t, Set_ Before,
andReduce.

5.2.2 The Shrink functions

A Strink function changesan indeterminatanstantin two ways. First, it shortenghe
instants periodof indeterminacyandsecondjt modifiestheinstants massfunction. In
this sectionwe describegheimplementatiorof thesetwo changesSurprisingly thefirst
changas morechallenginghanthe secondo implement.

A periodof indeterminacys shortenedy computinga new upperor lower support.
In a Shrink_s operationthe newsupportis the chrononwherethe cumulativeprobability
exceedsheuserspecifieccredibility. Theimplementatiorof theShrink_soperatiortreats
the credibility asa percentagef rodsthatareto beremovedfrom therow of rods. The
leftmostchrononin the earliestremainingrod becomeghe new lower support,thereby
removingthe“early” portionof the periodof indeterminacy For examplejn a Shrink_s
operationwith a credibility of 50, the chrononcorrespondingo half of the remaining
probabilitybecomeshe newlower support. Thelocationof thatchronondepend®nthe
masdunction. Forauniform masgunction,thechrononis in themiddle of the periodof
indeterminacywhereador a probablyearlymassfunctionit is towardstheearly portion
of the periodof indeterminacyWhereveiit is in a periodof indeterminacythe chronon
correspondindo half of the remainingprobabilityis in the “middle” rod in the row of
rods. We usea binary searchtechniqueo find theleftmostchrononin thatrod.

To computea new massfunction, we recordin the left or right offset of the inde-
terminatetimestamphow much of the massfunction hasbeenremovedby the Shrink



function PROB_a_BEFORE _§(in «, 3 : event;in v : integer): boolean;
const
P : integer= 256;C : integer= 65536;
Oireer Piree - Probability massfunction treeC,P);
plausibility.-map : array[1..100pf 1.. P*/100];
var
false pairs, true_pairs, pivot, «,,,;4 : integer;
leaf : treenodepointer;
procedure ROD_COUNTING(IiN &, om , @tos Bfrom, Bio - INtEQET);
begin
{ Checkthe exit conditions}
if (true_pairs< 0) Vv (false_pairs < 0) then return;
if (o — @prom) =0)V ((Bio — Bfrom) = 0) thenreturn;
{ Calculatepivot }
PIVOt <— avprom + ((to — prom) div 2);
{ Figureout«’s contribution}
Qpefore ¢ PIVOL — Qprom;
Qgfter ¢ O — PIVOL,
{ Figureoutthe chrononin which the pivot endsusingbinary search}
miq < binary searchdy,.., pivot);
{ Findtherodin g justafterthe pivot's chrononusingbinarysearch}
leaf «+ binary.search@.,.., amis);
{ Figureout 3’s contribution}
Byeore < leaf left rods — B3, om;
Bagter ¢ Bio — l€af right_rods,
{ How muchis thetotal contribution?}
true_pairs « true_pairs — ((aweefore + 1) X Bagter);
false_pairs « false_pairs — (cvgpier X Boefore);
{ Continuecounting}
ROD_COUNTING(from s @from 4 Qefores Biroms Birom + Boefore):
ROD_COUNTING(ct, — @afters Qor Bro — Bagters Bro);
end; { ROD_COUNTING }
begin
true_pairs « plausibility_map[~];
false_pairs < P? — true_pairs;
ROD_COUNTING(1, P, 1, P);
return true pairs< 0
end; { PROB_a_.BEFORE 3 }

Figure5.8: Thepivotingalgorithm
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Figure5.9: Therodswithin thedottedlinesaretheundercountor the pivot

functions. Specifically the left andright offsetskeeptrack of which rodsremainin the
approximatednassfunction aftera shrink operation.For example assumehatthe user
executes Shrink_swith arangecredibility of 50 onaninstantwith P rods. Thisoperation
will removehalf of therods,or % rodsfrom theleft sideof the probabilitymassfunction

associateavith theinstant. We marktheserodsasremovedoy updatingthe left offsetto
P

5
Whenarod is removedtheremainingrodsbecomemoremassiveto compensatéor
thelost mass. If tenrodsareremoved,the massrepresentethy eachremainingrod is
effectively 5 ratherthan+. Henceall thatis neededo computea newmassfunction
is to keeptrackof how manyrodshavebeenremoved.
Buthowdoegheshrunkemrmasdunctionaffectthepivotingalgorithmusedn Before?
RecallthatBefore countspairsof rodsthatprecedeachotherin two rowsof rods,until the
countsatisfiesa certainorderingplausibility. Assumehatthemassof eachrodin onerow
is 1 (initially therewereP rods,but P — = rodshavebeenremovedasrecordedn theleft
andright offsets)andin theotherrow i Furtherassumehatby countingr pairsof rods,
the orderingplausibility, v, is reached Mathematicallywe canexpresshisas 5 < gt
Sinceall the variablesin the equationare non-negativewe canrewrite the relationship
asizé < n. Therewrittenrelationshipshowsthatcountingwith rodsof increasednass

is equivalentto first scalingy by anappropriatdactor, by %, andthensimply counting

therods. Hencewe do not haveto changethe pivoting algorithmor datastructures.lt
is straightforwardo addthe codeto scaley to the headeicodefor Before. The codefor
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function Shrink_s(in « : event;in v : integer): event;
const
P : integer= 256;C : integer= 65536;
a0 - Probability massfunctiontreeC, P);
var
j : integer;
begin
{ Thefunctionreturnsg }
B+ a;

{ Determinethe newleft offset }

B.left of fselt «— a.left of fsel
+ (((av.rightof fset — a.left of fset) x ) div 100);

{ Find thechrononof therod for the newleft offset }
B + binary.searchd,.., (a.left_of fset x P) div 100);
return g

end; { Shrink_s }

Figure5.10: The Shrink_s algorithm

Before mustalsobe sensitiveto which rodshavebeenremovedirom a probabilitymass
function. Only theinitial call to ROD_COUNTING in the body of PROB_a_ BEFORE_3
needsto be changed;insteadof assertingthat both massfunctionsstartat rod 1 and
continueto rod P, theinitial call to ROD_COUNTING mustpassthe correctbeginning
andendingrods(computedrom theleft andright offestsfor bothinstants).

It is importantto notethatsincethe shrinkfunctionschangehe masshatis approxi-
matedby arod, theerrorontheapproximatiorandtheerrorin the Before algorithmboth
increasadueto cumulativeshrinking.

The straightforwardposeudo-codéor Shrink s is givenin Figure5.10. Similar code
for Shrink_t is omittedfor brevity.

5.2.3 Set_Before

Set_Before also appearscostly sinceit must computeover setsof instants. But we
stipulatethattherecanbe at most32 instantsin a set(the maximumnumberof instants
in anexpressiongorrespondingo betweereightandsixteentuplevariablesa very high
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maximumin practice);henceasingleword of storagesufficesto represena set,eachbit
indicatingmembershipf aninstantin the set. Set_Before efficiently determinesf all the
instantsin onesetareBefore thosein anotherby performinglogical ands betweerrows
in theboolearntableof previouslycomputedefore results.

5.2.4 Reduce

The implementatiorof Reduce is little changedrom that of the original Reduce. The
indeterminatenstantswith the earliestandlatestextentmustbe computedbut this adds
only two timestampcomparisongo eachstep. Of greaterconsequences that Reduce
mustdealwith moretuplesthanReduce becausef thenondeterminisnm First andLast.
The valid clausespecifieshe valid times of tuplesthatareinput to Reduce. The valid
clauses anexpressiorconsistingsolely of temporalconstructorsuchasFirst andLast.
For plausibility valuesbelow50, First andLast arenondeterministi@andmight produce
bothargumentinstants(if theinstantsareindistinguishable)eachof which couldbethe
valid-time timestampof a tuple. For plausibility valuesabove50, at mostoneinstant
canbe produced(asis the casefor the determinatesemantics). Consequentlyin the
indeterminatesemanticqfor plausibilitiesbelow 50) more tuplesmay resultthanwith
the determinatesemantics.For an expressionnvolving the First andLast constructors,
at most 2/FIrsti+ILast| gifferentinstantscould be producedput no morethan the total
numberof instantsin the expressiorfa maximumof 32). In thetuple calculussemantics
shownin Sectiord.4.4for thequeryin Figure4.4,only onetuplewill beinputto Reduce
sincethe plausibility on the valid clauseis above50. If the plausibility wereloweredto
25,thenat mostfour tuplescouldbeinputto Reduce sincethereis oneFirst andoneLast
constructoin thevalid clause.

5.25 Impact of Indeterminacy on the Deter minate | mplementation

In parallelwith the theoremof queryreducibility given in Section4.4.5, conventional

TQuelqueriesondeterminateelationswill incur no additionalexecutioroverheadinder
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the new semanticsandexecutingsuchquerieson indeterminateelationswill only add
Shrink_s(100, , ) and Shrink_t(100, , ) invocations which effectively discardthe indeter

minateinformation.

5.3 Empirical Analysisof the  mplementation

We implementedhe indeterminateperationsn the C programmindanguageausingthe
GNU C compiler version2.0, with compiler optimizationfully enabled. We useda
precisionof 2% anda coarsenessf 2!¢ in the codefor the indeterminateBefore. These
valueslimit the maximumerror in the pivoting algorithmto lessthan 1%. We also
implementedBefore with a maximum possibleerror of 10%. This versionof Before
performs(at most) 14 pivotsasdiscussedn Section5.2.1.6. Eachoperationwascoded
asaseparaté& function.

We then testedthe performanceof eachoperation. All testswere performedin a
controlledenvironmenbn adedicatedSFARC stationl+ (a 12-MIP machine).A single
testconsistedf ten separateuns, whereeachrun executedhe operationbetweenone
thousandand onemillion timesto avoid any internalclock samplingerrors. Table 5.2
showsheresultsfor eachoperation.Theexecutiortimesshownin thefigurearetheaver
ageoverall runsandincludethecostof thefunctioncall. ‘NA’ denotesnot applicable.”
The costof Reduce is givenin termsof the costof Before. For mostof the operations,
the bestandworst casediffer very slightly, but the behaviorof Before is complexand
depend®ntheinstantsbeingcompared.

To further examineBefore's behavior we devisedseveraladditional testsfor the
indeterminateBefore. Thesetestsweredesignedo captureboththe worstcaseandthe
expectedcaseperformancef the pivoting algorithm. Theworstcasefor Before happens
whenthe two indeterminatanstantsspanthe samechrononsand have nearly uniform
distributions. We testedthis worst caseperformancenf Before on a pair of eventseach
of which hasa periodof indeterminacyof onemillion chronons. The resultsaregiven
in Figure5.11. The graphplots the executiontime (in microsecondsdf Before for the
plausibilityvaluesl to 100. AstheorderingplausibilityapproacheS0,theexecutiortimes
increasdecausenorepivotsareneededo determingheoutcomeof Before. Theaverage
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Operation

DeterminateCost

(in microseconds

Indeterminate
BestCaseCost

(in microseconds

Indeterminate
WorstCaseCost

(in microseconds

DeterminateBefore

Shrink_s
Shrink_t
Set_Before

Indeter Before - 1% error
Indeter Before - 10%error

Reduce (perpair of tuples)

0.4
NA
NA
NA
NA
NA
1-2 Before's

NA
0.6
0.6
0.4
0.4
0.4

1 Before

NA
5000
320
2
2
0.4
2 Before's

Table5.2: Timingson indeterminat@perations

worstcaseBefore operationwith 1% error, acrossall plausibilities,is approximatelyl 57

microsecondswith a high of 5000 microsecondst a plausibility of 50, anda low of

0.6 microsecondsWith a maximumerror of 10%, the averagewnorstcasefor Before is

somewhatess,72 microsecondsyith a high of 320microsecondata plausibility of 50.

Theworstcaseperformanceloesnotalwaysoccurata plausibility of 50, butdepends

on the relative positionsand massfunctionsof a pair of indeterminatanstants. Two

instantswith nearlyuniformdistributionswhich havepartially (but notfully) overlapping

periodsof indeterminacywill exhibit worstcaseperformancet plausibilitiesotherthan

50. Usingthe sametwo instantsfrom the first test, we testeda rangeof relationships

betweertheir periodsof indeterminacyfrom no overlapto completeoverlap. We fixed

the positionof oneinstantin chrononspaceandslid theotherinstantrelativeto thefixed

instant. Figure 5.12 showsthe results. The z-axisis the cost(in microsecondspf a

singlecall to Before (we usedthe 10%errorversion). Thex-axisis the plausibility. The

y-axisis therelative positionof the two instants,far apart”’indicatesno overlapin the

periodsof indeterminacywhereas‘even” meanscompleteoverlap. The figure shows

thatif theinstantsdo not overlap(a commoncase) Before is very cheap.If theinstants

overlap,Before only exhibitspoorperformancealongacentralridge. Notethatthegraph
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Figure5.11: Worst-casgerformancef Before

in Figure5.11is asliceof thegraphin Figure5.12atthe“even” pointalongthe‘“relative
position” axis.

While examiningworst-casebehavioris sometimeslluminating, we anticipatethat
it will beuncommorfor two instantsto haveoverlappingperiodsof indeterminacyand
that worst-casebehaviorwill berarerstill. For example,consideran eventrelation of
employeehirestimestampeadvith thedayof hiring. Thedayanemployeavashiredis an
indeterminatenstant,assuminga commontimestampgranularityof a second.Suppose
we querythis relationto determinewhich employeesvere hired beforethe third fiscal
guarterbegan.The quarterbeganat 8 AM on October1St It is unlikely thatmostof the
hiring instantsoverlap8 AM on October1 St Hence theprecedesomparisorior mostof
theinstantsin therelationwill bevery efficient,andtheimpactof the othercomparisons
onthetotalwork donein thequerywill beslight.

To explorethis aspectfurther, we deviseda further test. We randomlyplacedten
instants,eachof which hada one-dayperiodof indeterminacy86,400chrononsyanda
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Figure5.12: Sliding oneinstantrelativeto anothemperformancef Before

nearlyuniform distribution,in a chrononspacethatvaried betweenl and50 days(be-
tween86,400and4,320,00chronons)n size. For everyplausibility betweenl and100,
we testedBefore on everypossiblecombinationof instants(10* possiblecombinations)
at plausibilitiesrangingfrom 1 to 100. Instantswerenot comparedo themselves.We
performedone hundredsuchtestsfor eachplausibility andpoint in chrononspace.We
rerandomizedhe locationof the instantsbetweeneachtest(i.e., per one hundredcom-
parisons).Theresultsaredepictedn Figure5.13. Thegraphin Figure5.11is aslice of
this graphat a valueof oneunit of randomspace.Thegraphshowsthatin a normalmix
of instantsyareworst-casesituationshavelittle impacton overallperformance Only in
whenthesizeof therandomspaceas smallis the costof Before significant.

To this point we have not determinedhow much more expensivewe expectthe
indeterminateBefore to be thanthe determinateBefore. To measurehe relativecostof
theindeterminat®efore wereranthe“randomplacemenbf instants’testdescribe@bove
on both the indeterminateand determinateBefore. But this time we let the size of the
randomchrononspacevary betweenl and1800daysratherthan1 and50. For eachday,
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Figure5.13: The costof comparingteninstantsrandomlyplacedin a chrononspaceof
varyingsize

we averagedhe costof the Before operationacrossall the plausibilities,1 to 100. The
resultsareplottedin Figure5.14. Whenall teninstantsarerandomlyplacedin achronon
spacethreemonthsin size(i.e., thereare ten employeehiresin threemonthsandonly
thesehiresare usedin the query), the indeterminateBefore is approximatelysix times
moreexpensivehanthe determinateéBefore. By oneyearit is only twice asexpensive,
andthereafterit is approximatelyhalf againasexpensiveasthe determinateperation.
The asymptotictime for the indeterminateBefore is .6 microsecond$1% meets10%in
thelimit) and.35 for thedeterminatéBefore.

Althoughtherun-timecostof eachoperationconsideredn isolationis informative,
it doesnot addresghe “actual” costof a querywith indeterminatenformation, since
the frequencyof operationsandthe interactionsbetweenoperationsaareabsenfrom the
analysis. In addition,theseoperationsare only one portion of queryevaluation;many
otheroperationsareincluded. To measureBefore andthe otheroperationsn context,
we designeda testof a completequery We hand-compiledhe exampleTQuel query
givenin Figure4.4 on page62, into a seriesof callson a prototypesystemfor temporal



104

1% error ——
10% error -----
determinate -----

Microseconds
N
L

14- 4
124
1
8-
AL
2-

T I T | I T 1
3 months 1 year 2 years 3 years 4 years 5 years 6 years
Width (in periods of indeterminacy)

Figure5.14: The averagecostof comparingten instantsrandomlyplacedin a chronon
spaceof varyingsize

supportcalledMULTICAL [Sooetal. 1992]. We choseMULTICAL primarily becauset
is the only suchsystemin the public domain(of which we areaware). The sequencef
MULTICAL callsareshownin Figure5.16. Thedeterminatendindeterminatesequences
of callsdiffer only slightly; the differencesarehighlightedin italicsin theindeterminate
sequence.For both sequencesve suppresseall input, output, anddisk 1/0 asthese
expensiveoperationgendto dominatethe costof other operations. We also usedthe
chunkedndeterminatéimestamgormats,whicharemoreexpensiveao unpackputhave
the samespacecostasthe determinatéimestampsisedin the experimen{consequently
disk1/O costsshouldbethesame).

Totestthequeryweonceagainusedavariationof “the randomplacemenbf instants.”
We usedthetuplesshownin Figurel.1,butrandomlyplacedtheindeterminatédetermi-
nate)instantsn anchrononspaceof increasingsize. We usedaperiodof indeterminacyf
twenty-fourhoursfor theinstantan bothrelations.Theresultsareshownin Figure5.15.
Exceptfor theraresituationswheremostof theinstantsarepackednto arelativelytight
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Figure5.15: Theaveragecostof theexamplequerypercombinatiornof tuples

randomspacejndeterminacyoughly doublesthe costof the query from anasymptotic
time of 17 microsecond#o thatof 31 microsecondsvith indeterminacy
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{ Thedeterminatesequence
for everycombinationof r andp

unpackinstant(r);

unpackinterval(p);

c1 + Before(t p.to);

c2 < Before(p.fromy);

if (clandc2)then
el « First(r, p.to);
e2«+ Last(p.fromy);
temp+« Before(elg2);
addtempto result

end

{ Theindeterminatesequence
for everycombinatiorof r andp
Shrink_t(0, p.to);
Shrink_s(0, p.from);
unpackinstant(r);
unpackinterval(p);
cl + Before(60, r, p.to);
c2 + Before(60, p.from, r);
if (clandc2)then
el « First(60, r, p.to);
e2 < Last(60, p.from, r);
temp < Before(60, €1, €2);
addtempto result
end
end

Figure5.16: MULTICAL callsfor examplequery



CHAPTERG6
INDETERMINACY IN TSQL?2

Thischapteiis aproposafor addingtemporalindeterminacyo the TSQL2language,
datamodel, and algebra. We outline syntacticand semanticextensiongo TSQL2 to
supportetrievalof temporallyindeterminaténformation. Theseextensionsvereadopted
by the TSQL2 committeeandarenow partof the proposedl SQL2 languaggSnodgrass
etal. 1994]. Temporalindeterminacys orthogonato SQL-92's supportfor null values.

The TSQL2languagehasslightly differentterminologyfor thetemporalconceptsof
instant,span,andinterval;in TSQL2,they areknown asdatetime,interval,andperiod,
respectively In orderto presenta coherenthesiswe will continueto useinstant,span,
andintervalin this chapterto referto thesefamiliar temporalentities. However we will
useTSQL2syntaxin thelanguageexamplesandin theappendice§AppendixA givesthe
BNF for thelanguageextensiongo supportindeterminacy)Also, in theappendicesye
will useTSQL2terminologyfor temporalconcepts.

6.1 Syntactic Extensionsto Support Temporal | ndeter minacy

This sectiondescribeshesyntaxfor retrievinginformationfrom databasewith temporal
indeterminacythe nextsectionoutlinesaninformal semanticdor theseconstructs.The
proposedyntaxandsemanticareextension®f the syntaxandsemanticof the TSQL2
selectandcreatetablestatementsA primarydesigngoalin extendingT SQL2to support
indeterminacyvasto makeaminimalextension.Thenewsyntaxandsemanticpreserves
the meaningof all extantnon-indeterminatd SQL2 selectstatementsjust asit did for
extantTQuelstatements.

We makefour syntacticextensiongo TSQL2, oneto indicatethata tableis indeter
minate,oneto specifythe rangecredibility, oneto specifythe orderingplausibility, and
oneto specifydefaults.
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Our first syntacticextensioninvolvesthe schemaspecificationstatements.To the
createtable statementve addthe option of specifyingthat a timestampmay be inde-
terminate. Before the reservedvords DATE (specifyingan instant), Tl ME (specifying
an instant), DATETI ME (specifyingan instant), T| MESTAMP (specifying an instant),
| NTERVAL (specifyinga span),or PERI OD (specifyingan interval) a usermay add
eitherthemodifierl NDETERM NATE or GENERAL | NDETERM NATE. Forexample,

CREATE TABLE Enp( Bdate GENERAL | NDETERM NATE DATE );

Theseoptionstogglebetweeralternativestoragestrategiedor indeterminatéimestamps,
discussedtlengthin Chapters. The“general’versionis alesscompactimestamp We
alsoaddanoptionalreservedvord thatallowstheuserto specifyeitherthestandard (the

uniform or distributionthatis missing)or nonstandard massfunctions;for example

CREATE TABLE Enp( Bdate NONSTANDARD CGENERAL
| NDETERM NATE DATE );

Thedefaultis standardthe optionalreservedvord NONSTANDARD chooseghe slightly
larger, nonstandardiistributionformats.

We also extendthe CREATE statemento allow dynamiccreationor modification
of distributions. A userspecifiescreationof a distributionratherthan a table by using
thereservedvord DI STRI BUTI ON. For example to createa local distributionnamed
pr obabl y _ear | y, ausermight codethefollowing.

CREATE LOCAL DI STRI BUTI ON pr obabl y early
USI NG pr obabl y_ear| y_t abl e;

The new distributionis describedoy a two-columntable namedin the USI NG clause.
The first column of this tableis of type integerandis the domainof the distribution.
The secondcolumnis of type float andis the probability associatedvith eachpoint
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in the domain. The probabilitiesin the secondcolumnmustsumto one. If elements
of the domainare missing,they are assumedo have probability 0. The distribution
tableis processedy animplementation-dependetdol that generateshe distribution
datastructures.Somedistributionscannotbe supportedn theimplementationthe tool

will detectunsupportablaistributionsand reporterrors. Distributionscreatedin this

way canbe subsequenthaltered(usingALTER DI STRI BUTI ON) anddropped(using

DROP DI STRI BUTI ON).

Rangecredibility appeare thefrom clauseof aselectstatementTherangecredibility
is the credibility in eachinterval column. The credibility appliesindependentiyto the
startingandterminatinginstantsin theinterval. It is anintegervaluebetweerD and100
(inclusive). Thecredibility phrasas optionalandhasaninitial defaultvalueof 100. This
defaultvaluecanbe changedisinga setstatemenasfollows.

SET CREDI BI LI TY 50

The setstatements very usefulwhena group of queriesis to be madeat a particular
credibility level, or whenthe credibility is to be specifiedfor a novice. Rangecredibility
is notapplicableto instanttablesbecauseemovingindeterminacyrom anindeterminate
instantmight requirepartitioningtheinstant.

Orderingplausibility is the plausibility in the temporalorderingof the instantsthat
participatein the select. The ordering plausibility is an integer betweenl and 100
(inclusive) and may be specifiedfor the entirewhereor valid clause. The plausibility
phrasesreoptionalandhaveaninitial defaultvalueof 100,which canbechangedising
asetstatement.

An examplequerywith optionalcredibility andplausibility phrasess shownin Fig-
ure6.1. Intuitively, thequerywill determinewithin the specifiedplausibility andcred-
ibility levels,whichwi ng st rut shipmentsverereceivedduring productionof each
Cent uri on. The selectstatementn the figure hasa plausibility value of 60 for the
whereclause.
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SELECT \War ehouse, Lot#, Part#

VALI D R
FROM Received R, InProduction IP WTH CREDIBILITY O
WHERE Model = ' Centurion’ AND

Part = "wing strut’ AND

R OVERLAPS | P WTH PLAUSI BI LI TY 65

Figure6.1: An examplequery

6.2 Semantic Extensionsto TSQL?2

The semanticextensiondo supportTSQL2 areessentiallythe sameasthosefor TQuel
givenin Chapter4. The semanticextensiongo supporttemporalindeterminacynvolve
the redefinitionof severalexistingfunctionsandrelationsand the introductionof new
functions. Specifically we redefinethe temporalorderingrelationto supportordering
plausibility, we introducetwo “shrink” functionsto effect rangecredibility, we redefine
the coalescingperatoy Reduce, andwe definethe semantic®f arithmeticandaggregate
operationon indeterminatevalues. Only the semanticof arithmeticon indeterminate
valuesis newin TSQL2; we discusgheir semanticdelow Supportfor temporalinde-
terminacyis anextensiorof the determinatsemanticsatherthanareplacementHence,
thesemantic®f existingqueriess left unchanged.

6.2.1 Semanticsof Arithmetic Operations

Arithmetic using indeterminateéemporalvaluesis similar to the arithmeticof interval
mathematicdKulisch & Miranker 1981], introducedto analyzethe error boundson
floating-pointoperationgamongotheruses). Below, we reproducehe interval mathe-
maticsformuleefor theadditionof two intervalsandthe multiplicationof anintervaland
ascalar
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Operand| Operand Massfunctionof Result

determinatg determinate notapplicable
determinatg indeterminatg| massfunctionof indeterminateperand
determinatg scalar notapplicable

scalar| indeterminate| massfunctionof indeterminate@perand

scalar| scalar notapplicable

indeterminate indeterminate missing

Table6.1: Themassunctionthatresultsfrom anarithmeticoperation

[a,b] + [¢,d] = [a+ ¢,b+ d] assumingt < bA c < d
[a,b] X ¢ =[a x ¢,b x c] assuming: < b

In the arithmeticof indeterminatevalues,the period of indeterminacyis treatedas an
interval, andthe interval of the resultcorrespondso the periodof indeterminacyof the
result. Forinstance,

DATE June 1 ~June 2’ + | NTERVAL' 2 days ~ 3 days’
= DATE June 3 ~June 5’
| NTERVAL’ 2 days ~ 3 days’ x 2=1NTERVAL' 4 days ~ 6 days’

If theresultof anarithmeticoperationis anindeterminatesalue,both a new period
of indeterminacyanda new probability massfunction mustbe computed.Which mass
function is computeddependson the kind of arithmeticoperation. In the addition of
two indeterminatesalues,the massfunction of the resultis the convolutionof the mass
functionsbelongingto the operandsTypically, the convolutionis notamongthe pretab-
ulatedmassfunctions; consequentlythe resultof the operationis a distributionthatis
missing. Table6.1lists the possibleoperandsn arithmeticoperationsandthe resulting
massfunction(assuminghattheresultis nota scalay asis the casewith somespan/span
operations).The table showsthat arithmeticbetweentwo indeterminatevaluesalways
resultsin adistributionis missing.
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6.2.2 Semanticsof Aggregate Operations

For aggregatestemporalindeterminacyimpactsboth the grouping of tuplesand the
semantic®f individual aggregat®perationgKline etal. 1994].

6.2.2.1 Aggregation via Selection

Selectionbasedaggregatesver instants,intervals, spans,or temporalelementsare all
ultimately basedon the Before operation. To supporttemporalindeterminacythe se-
manticsof aggregatesntemporallyindeterminateraluesremainsessentiallyntact,only
thedeterminateBefore is replacedwith theindeterminatdBefore. For example consider
the aggregateM N( T) whereT is a columnof indeterminatanstants. This aggregate
computeshetuplethathastheearliestimefor thatcolumn. In thedeterminatsemantics,
Before is usedto determinewhich instantin a columnof instantsis the earliest. For a
columnof indeterminatenstants the indeterminateBefore is usedwith the plausibility
givenby theuserfor thatquery

6.2.2.2 Aggregation via Computation

Computationbasedaggregatesver instants,intervals,spansor temporalelementsare
all ultimately basedon arithmeticoperations. To supporttemporalindeterminacythe

semanticof computatiorbasedaggregatesn temporallyindeterminatezaluesremains
essentiallyintact, only the determinaterithmeticoperationsarereplacedwith theinde-

terminateoperationsFor example considettheaggregat&UM S) whereS is acolumn
of indeterminatespans..SUM computegshe cumulativesumof a columnof spans.For

acolumnof indeterminatespansthe indeterminatedditionoperationis used.Note that
the plausibility givenby a plausibility phrasefor the aggregatés inertin aggregatiorvia

computationasit is for all arithmeticoperations.

6.2.2.3 Weighted Aggregates

Weightedselectionor computatiorbasedaggregatege.g.,computingthe averagesalary
overtime, wherethe averagesalaryat aninstantis computedrom timestampghatspan
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severamonths)vertemporallyindeterminatealuesarenotsupportedndwill resultin a
compile-timeerror. Forweightedaggregatesjaluesareweightedby theirlengthin time.
If thatlengthis indeterminatethe resultingweightedvalue will alsobe indeterminate
(e.g.,computingthe averagesalaryover time would resultin anindeterminatesalary).
Sinceindeterminaténontemporalyaluesarecurrentlyunsupportedyeightedaggregates
canbedefinedonly overtemporallydeterminateralues.

6.2.3 Input and Output of Indeter minate Temporal Constants

We suggesa simpleform for indeterminatéemporalconstantshatminimizestheimpact
of indeterminacyninputandoutput. Sincecalendarganalreadyparsedeterminateon-
stantsthe suggestedorm of anindeterminateonstantconsistof two determinateon-
stantseparatetly thecharacter-!. Indeterminatspan$aveasimilarstandardorm,that
is, two determinatespansseparatetty a~, e.g.,| NTERVAL’ 2 days ~ 3 days’.

A probability massfunction can be namedinside a constantby using an optional
phrase*with distribution X”, where X is the nameof someknown distribution, e.g.,
| NTERVAL' 2 days ~ 3 days with distribution uniform.

6.3 Summary

This chapterdescribesan extensionof TSQL2 to supporttemporalindeterminacy This

supporimimicsTQuel'ssupporinsofarasit providesheusermwith two controlsonquery-
ing adatabaseangecredibility andorderingplausibility. We haveaugmentedhe create
statemento specify which tablesincorporateindeterminacyextendedhe from clause
with anoptionalwith clauseto specifyrangecredibility, extendedhe selectstatemento

specifyorderingplausibilities,andaddedvariantsto the setstatemento specifydefault
plausibilitiesandcredibilities. We alsoconsideredheimpactof indeterminacyon arith-

meticandaggregat®perationsThefull list of modificationgo thesyntaxappearsn the
appendix.

1The particular character(s)are specifiedby the indeterminate_datetime_format and the indeter mi-
nate_interval_format.



CHAPTER 7
INDETERMINACY AND GRANULARITY

Thereis onefeaturecommonto all temporaldata: granularity. Granularityis theunit
of measurdor a temporaldatum. For instance pbirthdatesaretypically measuredn or
knownto the granularityof days,businessappointmentso the granularityof hours,and
train scheduleso thatof minutes. The mixing of temporaldataat differentgranularities
in asingledatabasés common but createsariousproblems.

¢ Whatarethe semantic®f operationawith operandst differing granularities?~or
example whatis the meaningof comparinga time knownto the granularityof a
day with a time knownto the granularityof an hour? Canthe two timeseverbe
ordered?

¢ Cantimesbeconvertedrom onegranularityto anotheyfor instancefrom daysto
years?How aboutfrom yearsto days?

¢ How expensivds maintainingandqueryingtimesat differentgranularities?Can
timesatdifferinggranularitesbestoredasefficiently astimesatasinglegranubrity?
How muchmoreexpensivearetemporaloperationsat mixedgranularities?

It is surprisingthattheissueof mixed granularitiespf basicimportanceo modeling
“real-world” temporaldata,has,to date lackedacomprehensiveolution. In thischaptey
we addressachof the problemsjust posed. The practicalsolutionthat we outline is
basedon a realisticmodelof time, canbe easilyintegratedwith SQL-92 syntax,hasa
clearsemanticgor temporaloperationon operandst differing granularitiesand most
importantly hasanefficientimplementation.

Thischapters organizedasfollows. Wefirstgivearealisticexampldhatillustrateshe
needto supporimixedgranularities We thendefinea granularityasa calendadependent
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partitioningof thetime-line. Granularitiesyaturallyform ahierarchy or morepreciselya
latticein thatsomegranularitiesrefineror coarsewwith respecto others.Next,weextend
the syntaxand semanticof SQL-92to permit the definition of timestampsat various
granularities.The BNF for the extendedsyntaxis givenin AppendixA. We alsoextend
the semantic®of temporaloperationdo handleoperandsat differing granularities.This
guerylanguagesupportrestson two operationsscale andcast, thatconverttimesfrom
onegranularityto another Indeterminacys critical to correctlyimplementinghelattice
andoperationghatmovetimeswithin thelattice. We alsodescribethe implementation,
focusingon maximizingthe efficiency of the scaleoperation.Finally, we summarizeour

work andrelatedwork (pertainingto granularityissues).

7.1 Motivation

Considerthe airline flight databaselepictedin Figure 7.1. The databaseconsistsof
two relations: Flight_Departures and Vacations. The Flight_Departures relation stores
information aboutairplaneflight departures. The flight departuretime is recordedin
the granularityof minutes. The Vacations relation storesinformation aboutvacations,
specifically the daysthat makeup a vacation. The temporalinformationin Vacations
is ostensiblystoredto the granularityof days,with eachtuplerecordingan“interval” of
daysratherthanjust a singleday Thevacationdistedin Vacations includetraditional
holidayssuchasLaborDay, ChristmasandThanksgiving.The Thanksgivingvacationis
afour dayweekendbeginningon thefourth Thursdayin November

A user interestedn flying homefor Thanksgivingguerieshis databaséo determine
which flights leaveduring the Thanksgivingvacation. In SQL-92,this querymight be
formulatedasfollows [Melton & Simon1993].

SELECT *
FROM Vacations, Flight Departures
WHERE Vacation = ‘ Thanksgi vi ng’ AND
Fl i ght _Departures. Ti e OVERLAPS Vacati ons. Ti ne

In thisquery theuserspecifieshe OVERL APS operatiorto determinevhichflightsleave
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Flight_Departures(Flight#, Time) Vacations(Name, Time)
Flight# Time
53 | Nov. 20,2:38PM 1994
200 | Nov. 25,2:34PM 1994
653 | Nov. 27,12:38PM 1994
658 | Nov. 30,10:03AM 1994
Figure7.1: A flight database

Vacation Time
LaborDay Sep.1— Sep.31994
Thanksgiving| Nov. 24— Nov. 281994

Christmas | Dec.24— Dec. 261994

duringthe Thanksgivingvacation.OVERLAPS is atemporalintersectioroperator How-
ever thetimesparticipatingn the OVERLAPS areat differentgranularities.To determine
theflights thatleaveduring Thanksgiving the queryprocessoneedsnformationabout
therelationshibetweemminutesanddays. In particularit needso knowthateachminute
belongsto a uniqueday Consequentlya flight thatdepartson a givenminuteduring a
dayalsodepartonthatday With this extrainformationthe queryprocessocan“scale”
or convertthe granularity of flight departuretimesfrom minutesto daysallowing the
OVERLAPS to determinenhichflights leaveduringthe Thanksgivingvacation.
Severalaspectof this queryremainunexplained.Primarily, how doesthe database
know the relationshipbetweendaysand minutes,why is the OVERLAPS performedat
the granularityof daysratherthanminutes,andhow arethe minutesof flight departures
“scaled”to days?In theremaindeiof this chaptemve outlineanswergo thesequestions.

7.2 A Discretelmage of Time

The time-line segmentcan be partitionedinto a finite setof smallersegmentdknown
asgranules [Wiederholdet al. 1991]. The partitioningschemes a granularity andis

informally describedy two piecesof information:

1. alength, or unanchoredsegmentof the time-line, which givesthe size of each

granuleand

2. ananchorpoint, which establishesvherethe partitioningbegins.
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Both the anchorpoint and partitioninglengthare givenin time-line clock chronons. A
partitioningschemepartitionsthetime-lineinto granulesegachthe sizeof the partitioning
length, beginningfrom the anchorpoint, and extendingboth forwardsand backwards
alongthetime-line. Theresultinggranulesareconsecutivelyyabeledwith their distance
from the anchorpoint. A granularitycreatesa discreteimage,in termsof granulesof a
(possiblycontinuousY)ime-line. By choosinganappropriategranularity a usercanview
thetime-lineasadiscretesetof secondser days,or years. Thegranularityof chronons,
usedin previouschaptersis merelythe smallestsupportedyranularity Figure7.2shows
aportionof thetime-line partitionedinto daysizegranules.

Granularitiesarecalendatdependengntities. Calendars relatetimeson thetime-line
clock to morefamiliar temporaldescriptiondSnodgras®t al. 1994]. For example the
GregoriarcalendaassociatethetemporatdescriptiorfDecembe®, 1921"with aspecific
setof time-line clock chronong(a segmenbf the time-line). Calendarsncorporatethe
cultural, legal, and evenbusinessrientationof the userto definethe time valuesthat
are of interest. For example,an employeetime card can be regardedas a calendar
which measuresime in eighthourincrementsandis only definedfor five daysof each
week. Althoughthe calendamostfamiliar to the typical databaseiseris probablythe
Gregoriancalendarmanydifferentcalendargxistandno calendais inherently*better’
thananother;the value of a particularcalendars wholly determinedoy the population
thatusest.

A granularityanchorpointis typically a calendar origin. For example,the anchor
pointfor mostGregoriancalendaigranularitiess midnight,Januaryl, A.D. 1. Different
calendardhavedifferentanchorpoints and sometimeghereare multiple anchorpoints
within the samecalendar For example,assumethat we havea length the size of a
Gregoriarcalendarday.” If we usetheanchofpointcorrespondingo midnight, January
1,A.D. 1, thenwe would partitionthetime-lineinto days.But if we chooseéheanchorto
benoon, Januaryl, A.D. 1, thenwe obtaina differentgranularity sometimesalledthe
civil day.

In reality, partitioningby usingasingle fixedlengthis impracticalsincemostcommon
granularitiescarvethe time-lineinto partitionsof differing lengths. For instancea year
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variesin lengthsinceit could have365 or 366 days. A monthvariesin lengthsinceit
mighthave28, 29, 30, or 31 days.But evenadayis of varyinglengthsinceleapseconds
canbeinsertedor deletedFraser1987].

While we will continueto usethe informal descriptionof a granularityasananchor
point and a length, formally, a granularityis a partitioning function which mapstime-
line clock chrononanto granules.Not every partitioningfunctionis a granularity We
assumehatcalendar&know which partitioningfunctionsaregranularities.For instance,
aGregoriarcalendamightsupportgranularitieof secondsminuteshours,days,weeks,
fortnights,months,years,anddecades A granularityis, in fact, only a partial function
sincecalendarsnaybeundefinedvercertainportionsof thetime-line,e.g.,theGregorian
calendaris undefinedlO billion yearsagosinceit is basedon the the revolutionof the
Eartharoundthe Sun,andthe Earthdid not existat thattime. Anotherexampleis the
MayanLong Countcalendar It beginsin 3114B.C. andendsin A.D. 2012(it is limited
by the syntaxof dates).

The smallest possiblegranularityis that of time-line clock chronons.The largestis
“all of time,” thatis, theentiretime-lineconsideredsa singlegranule.Calendarsio not
defineeitherthelargestor smallesgranularitiesthosegranularitiesarebuilt-in.

Within a given granularity the setof granuless well-ordered. Two specialvalues,
beginning and forever, arethe leastand greatestvalues,respectivelyin the ordering.
Beginningandforeverare not granules;rather they areinstantsjust outsidethe closed
intervalof time andhavespecialoperationakemanticgoperationallytheyaretreatedas
—oco andoo, respectively]Dyresonetal. 1993].

Within a calendargranularitiesarerelatedin the sensethat one granularitymay be
a further partitioning of another For example,daysare a further partitioning, a finer
partitioning,of monthsor weeks.Notethatmonthsarenotafurtherpartitioningof weeks,
or vice-versaWith respecto furtherpartitioningsthe setof granularitieformsa lattice
[Wangetal. 1993]. Thelattice for a Gregoriancalendaiis depictedin Figure7.3. The
topelement,T, in thelatticeis the granularityof “all of time.” Thebottomelement, L,
in thelatticeis the granularityof time-lineclock chronons.
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Figure7.3: A Gregoriancalendagranularitylattice

The lattice in Figure 7.3 showssomegranularitiesin a Gregoriancalendar In a
multi-calendasystengranularitiesn differentcalendarsrewoventogetherinto asingle
lattice. A granularityis just a partitioningof the time-line,andoften, differentcalendars
havethesamegranularity Forinstancedaysin theJulianandGregoriarcalendarsrethe
samegranularity althoughtheanchomointsdiffer. Granularityequivalencearechecked
whenthe system-widdatticeis built, asdescribedurtherin Section7.3.1.
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7.21 ModédingInstantsat Various Granularities

Recallthataninstantis apointonthetime-line. To modelinstantsatvariousgranularities,
we usean instanttimestamp. An instanttimestamprecordsthat an instantis located
sometimeduring a particulargranule(e.g.,aday, ayear amonth). Thetimestampstores
thegranulenumber(aninteger)(theactualformatis givenin Section7.4.1). Withoutloss
of generalitywe assumehataninstanttimestampepresentanyinstantduringagranule.
Hence,at a very abstractlevel, the exact instantmodeledby an instanttimestampis
neverpreciselyknown. Intervalandspantimestampsrenaturalextension®f theinstant
timestamp. In this chapter we will follow the syntaxdevelopedn previouschapters
(not TSQL2syntax,exceptwherenoted)anddelimit instantconstants with verticalbars,
for example,| June 1, 1994|, interval constantswith brackets([ June 1994 -
Jul y 1994] ) andspanconstantsvith percentsigns(%6 days%).

7.2.2 Indeterminacy and Granularity

An instanttimestamprecordsthat an instantis locatedsometimeduring a particular
granule. Often, however we do not know the exactgranuleduring which aninstantis
located;instead,we know that the instantis locatedsometimeduring a setor rangeof
granules.We call suchan instantan indeterminate instant. For example we may know
thataplaneleft sometimeon Junel2, 1994 but, atthe granularityof aminute,we do not
know the exactminuteduringwhich thatplanedeparted.

Granularityand indeterminacyare two sidesof the samecoin. A generalmaxim
is that a determinatanstantis indeterminatevith respecto all finer granularities. For
instance,supposethat at the granularity of dayswe recordthat a planetook off on
Junel2, 1994. At the granularityof hours,thedepartureime is indeterminatesincewe
did notrecordthe exacthourthatthe planedepartedywe only know thatit left sometime
duringa 24 hourperiod. Converselyanindeterminatenstantis determinatevith respect
to some coarsegranularity Forexample supposeve record,atthe granularityof hours,
that a flight departssometimebetween2 PM. and4 PM. on Junel2, 1994. At the



121

granularityof days,months,andyears theflight departsvholly within a singlegranule:
| June 12, 1994|,| June 1994|,and| 1994| , respectively

7.3 A Proposal for Accommodating Mixed Granularities

In this section,we proposea syntaxand semanticgor supportingmixed granularities.
Implementatiordetailsare discussedn Section7.4. The proposedsupportfor mixed
granularitiegs basednthe SQL-92languagestandardMelton & Simon1993],andhas
beenacceptednto theconsensutemporaljuerylanguagdel SQL2[Dyreson& Snodgrass
1994D].

We first describenowthegranularitylatticeis constructedluringdatabasenplemen-
tation. We thenproposea syntaxfor specifyingthe granularityof timestamps.The fact
thattherearetimestampst differentgranularitieampactsthe semantic®f temporalop-
erations.As thedefaultsemanticsye adoptcoar se granularity semanticswhich converts
operandso thecoarsesgjranularityprior to theoperation.We proposewo operationghat
makegranularityconversionandshowhow theseoperationsanbe usedto implement

thedesiredsemantics.

7.3.1 Buildingthe Lattice

There are many methodsthat could be usedto build the granularitylattice. Perhaps
the easiesis to assumehat the lattice is built-in. We feel that suchan assumptions
unrealistic. Instead,we outline a methodfor building the lattice using a specification
providedby the databasedministratorfDBA). We notein passingthatthe MULTICAL
systemSooetal. 1992]is a concreterealizationof this approacto supportingmultiple
calendarsn aconventionaDBMS.

In thisapproacheachcalendahasa specification filewhichcontainscalendaspecific
information,suchasthe calendaworigin. Thecalendarspecificatiorfiles areparsedvhen
the DBMS is configuredby the DBA. We proposeto add granularity descriptionsto
eachspecificationfile. In the specificationfile, a granularityis describedas a further
partitioning of some other granularity using either an “irregular’ mapping(i.e., a C
function) or a “regular’ mappinginto groupsof sizen. An anchorpoint mustalsobe
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givenfor eachgranularity Belowis anexamplefrom a Gregoriancalendaispecification
file thatuseshothkindsof descriptions.

GRANULARI TY seconds PARTI TI ONS chronons | RREGULAR
W TH ANCHCR gregori an_ori gin;
GRANULARI TY m nut es PARTI TI ONS seconds | RREGULAR
W TH ANCHCR gregori an_ori gin;
GRANULARI TY hours PARTI TI ONS m nut es REGULAR USI NG 60
W TH ANCHCR gregori an_ori gin;
GRANULARI TY days PARTI TI ONS hours REGULAR USI NG 24
W TH ANCHCR gregori an_ori gin;

GRANULARI TY decades PARTI TI ONS years REGULAR USI NG 12
W TH ANCHOR gr egori an_year boundary_2000;

Thelattice built by this specificatiorfile is shownin Figure7.4. Thelatticeis decorated
with “upward” and“downward” edgesbetweenthe granularities. Eachedgerepresent
a mapping. A dashededgeis an irregular mappingwhile a solid edgeis a regular
mapping. Eachedgeis labeledwith the mappingfunction betweenthosegranularities.
Thegranularitieof chr onons (L) andal | _of _ti me (T) arebuilt-in.

The examplespecificationfile describeghe granularityof hoursasa regularparti-
tioning of minutes. Further it assertghat thereare sixty minutesin an hour. In the
granularitylattice,this informationis representetly asolid edgeconnectingninutesand
hours,labeledwith a60. Whatmaybesurprisingto somereaderss thatthe specification
doesnot assumehattherearesixty secondsn a minute. This is becauseheremay be
sixty-onesecondsn aminutedueto leapsecondnsertions.Insteadthe specificatiorfile
stateghatanirregularmappingexistsbetweemminutesandsecondslrregularmappings
areC functionsthatthe calendamprovides.For everyirregularmapping,a calendamust
havebothan“upward” mappingfunction(e.g.,seconds_t o_m nut es) anda“down-
ward” mappingfunction (e.g.,m nut es_t o_seconds). The nameof the irregular
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mappingfunction,e.g.,seconds_t o_m nut es, isinferredfrom thesourceandtarget

granularities.Alternatively, the calendarspecificatiorfile could explicitly list the name

of themappingfunctionwith a separat&/APPI NG clauseasfollows.

MAPPI NG days TO nont hs USI NG | eap_nont h_nmappi ng;

Althoughtheseconds_t o_m nut es functionis simple(we describeslsewherdnow

to processGregoriancalendardateswith leapsecondg§Dyreson& Snodgras4994E])),

someirregularmappingsmaybequitecomplex.Thedays_t o_nont hs mappingmust

accommodatenonthsthathavedifferentnumbersof days,aswell asleapyears.

In the exampleGregoriancalendarspecificationnotethatthe granularityof decades

hasa differentanchorpoint thanthe othergranularities. If theanchorpointfor decades

were the Gregorianorigin, midnight Januaryl, A.D. 1, then the ten yearsbetween

(inclusive)1971and1980would bea decadeatherthanthetenyearsbetweer(inclusive)

!We assume that the definitions of the anchor points, gregorian_origin
gregori an_year_boundary_2000 in termsof time-line clock chrononsare given elsewherein

the calendasspecificatiorfile (presumablypeforethegranularitiesaredescribed).
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1970and 1979. The latter period, but not the former, fits the commondefinition of a
decade. Consequentlythe anchorpoint for decadesannotbe the Gregoriancalendar
origin, butmustbeadecaddandyear)boundarysuchasthestartof theyearA.D. 2000).
Whentheanchorpointsdiffer betweertwo granularitiessemanticheckings performed
to determineif the anchorpoint of the coarsergranularityis on a granuleboundary
of the finer granularity In general,the granularitydescriptionsare checkedwhenthe
specificatiorfile is parsedduring databaseonstruction. The irregularfunctionscannot
becheckedor errorsandareassumedo bevalid.

During constructiorof the lattice, pairsof granularitiesarecheckedor congruence.
Two granularities perhapdrom differentcalendarsare congruentf they partition the
time-line into identical sets,eventhoughthey may have differentanchorpoints. For
examplesupposehatGregoriarandJuliandayspartitionthetime-linesimilarly, butthat
thesetwo granularitieshavedifferentanchorpoints. Thenthe 93rd Gregoriandayis not
thesamedayasthe23rOI Julianday;insteadit is the 100023t Julianday (assuminghat
the Gregorianday anchorpoint is 100000dayslater thanthe Julianday anchorpoint).
Congruengranularitiesareveryusefulfor savingspacen timestampgseeSection7.4.1).
In the granularitylattice, they areconnectedy regularmappingedgedabeledwith a 1.
Conceptuallygranularitiesmay betestedor congruencdy enumeratinghe setof time-
line clock chronons convertingeachchrononto the given granularity (usingthe scale
operationdescribedbelow), and seeingwhetherit belongsto the sameor a different
partition (modulopartition labels). Varioussimple optimizationscanbe appliedto this
brute-forceapproach.

7.3.2 Temporal constants

Instantjnterval,andsparconstantsresyntacticallydelimitedby speciatharacters)| | ",
“[17, and “984, respectively(or their SQL-92 equivalents,e.g., “TI MESTAMP’ ’ 7,
“PERIOD []'", and“l NTERVAL’ ' ", respectively). A calendartranslatesvhatever
comedetweerthedelimitersinto aninstant,nterval,or spantimestamp We assumehat
the calendaralsodecideghe granularityof thattimestamp.For examplejt is naturalto
interprethattheinstantconstant June 12, 1994| isgiventothegranularityof days.
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We believethat calendarshouldprovidethis interpretationhowever we do not require
themto do so. Consequentlythe calendamaydecidethatthe constanthasa granularity
of years(losing someinformation), or secondgcreatingsomeinformation). For the

constantpresentedh this dissertationye alwaysassumehe “natural” interpretation.

7.3.3 Column Definitions

In SQL-92,the createtable statemenaddsrelationschemago the systemcatalog.In a
temporakxtensiorio SQL-92 columngattributespf instantjnterval,or spartimestamps
canbedefinedaspartof the createtablestatemenasfollows.

CREATE TABLE Vacati ons (Nanme CHAR[ 30], Tinme PERI QD);
CREATE TABLE Fl i ght _Departures (Flight Num | NTECER,
Ti me DATE);

Detailsarepresente@lsewhergSnodgrasgtal. 1994].

Lacking from thesecolumndefinitions,however is a way to specifythe timestamp
granularity We proposeto allow the userto specifya range andgranularityat column
definition. Conceptuallyrangeis how muchtime is representedFor exampleto define
an instanttimestampthat canstoretimesknown to the granularityof a secondhatare
within 18,000yearsof thegranularityanchorpoint, we proposeo use

TI MESTAMP( 948000 year s% seconds)

The spanconstantin the column definition is parsedby a specificcalendar(calendar
scopingrulesaredescribecklsewherg¢Snodgrasgtal. 1994]). Thespecifiedgranularity
however is a system-widename. In an SQL-92 implementationthe nameis a user
defined nhullary functionsymbolthatis madeknownto thedatabasevhenthegranularity
latticeis built. Thedefaultgranularityisseconds. Thedefaultrangeis%d20 year s%
Therationalebehindthesedefaultsis givenin Section7.4.1. Thefollowing declaration
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specifiesan instanttimestampthat can storetimes within thirty-six billion yearsof the
granularityanchorto the granularityof a microsecond.

TI MESTAMP( %36 billion years% m croseconds)

The syntaxfor columndefinitionis similarto SQL-92's datetimedefinitionandpro-
videsagreatdealof flexibility, ascanbeimaginedMelton & Simon1993]. Like SQL-92,
we assumeéhatacolumndefinitionestablisheadata-typehatis thesamefor everyvalue
in that column, e.g.,in a column of integertype, every valueis an integer(or a null
value). All timestampsn a columnarestoredto the samegranularity In our example
databaseall flight timesarestoredto thegranularityof aminute,ratherthansomebeing
storedto finer granularities suchas a secondor millisecond. Timesknownto coarser
granularitiege.g.,a day) can be storedby makingthe indeterminacyexplicit (e.g.,the
flight leavesbetweerthe first andlast minutesduring thatday). Also, the granularityof
atimestampcanbe storedwith the schemaatherthanin the timestamp.This resultsin
smallertimestampformats,asdescribedurtherin Section7.4.1.

It is importantto notethatthe syntacticextensiongor granularitycoexistwith those
for indeterminacydiscussednh Chapter6.

Creatinganinterval-timestampedolumnis similarto creatinganinstant-timestamped
column. Theintervaldata-typedefinition hasboth a rangeanda granularity asdoesthe
instantdeclaration.The instantsthat startandendtheinterval sharethe samerangeand
granularity Forexample,

PERI OD( 948000 year s% m cr oseconds)

establisheanintervalthathasboundinginstantswith a granularityof microsecondsnd
arangeof 18,000years.

Specificationof spancolumnsis similar to that of instantcolumns. The spandata
type declaratiorusesbotharangeanda granularity asdoestheinstantdeclaration.For
example,

| NTERVAL( %60 year s% years)
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would establisraspanwith agranularityof year s andarangeof forty years.Therange
is interpretedslightly differently for a span. The rangelimits the maximumdurationof
the span,ratherthanthe maximumdistancefrom the calendarorigin. In this example,
spansstoredin this columncanbe nolongerthanforty years.

7.3.4 Granularity in Operations

The granularity of time valuesimpactsthe semanticsof expressionsnvolving those
values.Forinstancewhathappensvhenwe compareatimestampmt the granularityof a
microsecondo oneatthe granularityof a second?n this sectionwe discusssupportfor
granularityin temporaloperations.

Considera binary temporaloperation,suchas OVERLAPS or addition, involving
operandsitdifferinggranularities. Thereareseverapossiblesemantic$or theoperation.

¢ Giveamismatchedranularityerror. We feelthatthis optionis tooinflexible since

operationverdiffering granularitiesvill becommon.

e Performthe operationat the granularityof the first operand,as proposedby the
SQL-92languagestandardMelton & Simon1993]. The advantagef this strat-
egy is that the granularity of the operationcan be controlled by swappingthe
operands.The disadvantagés that symmetricoperationsare no longersymmet-
ric, e.g.,A OVERLAPS B is not the samething asB OVERLAPS A, sincethe
operations performedo andtheresultgivenin thegranularityof thefirst operand.

e Performthe operationto the finer granularity In orderto performthe operation
at the finer granularity both operandsnustbe renderedn that granularity For
example,to comparean instantat the granularityof an hour to an instantat the
granularityof aday, thedayinstantmustbe convertedo hoursprior to performing
the operation.The problemis thatthe conversiorcreatesanindeterminatenstant.
Thatis, if we knowthataninstantis locatedsometimeduringa particularday, then
we cannotasserthatit is locatedsometimeduringa particularhour, ratherwe only
knowthatit is locatedsometimeduringa 24-hourperiod.
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¢ Performthe operatiorto the coarsegranularity

We will describauserleveloperationghatcaneasilysupportthesevarioussemantics
(plus others). As the defaultsemanticsve adoptthe secondsemantic§rom aboveto
remainconsistentith SQL-92. But a usercanutilize the operationghat we describe
belowto implementanydesiredsemantics.

All the semanticgeston operationghat movetimeswithin the granularitylattice.
Convertingfrom afinerto acoarsegranularitymovesatime “up” thegranularitylattice.
Theconversions calleda scale operationandis describedn the nextsection.

As anexampleconsideranoperatiorthatteststhe overlapof aninstantknownto the
granularityof aminuteandanintervalknownto thegranularityof aday Toimplementhe
coarseggranularitysemanticsthe instantknownto the granularityof a minuteis “scaled”
to thedaythatcontainghatminute. The overlaptestis thenperformedat the granularity
of anday Informally, theentireoperations akinto asking, is thisinstantlocatedduring
the sameday assomeportion of the interval?” Note thatthe semanticof an operation
fundamentallydependson the granularityof the operands.At the granularityof a year
theoverlapwouldtest“is thisinstantlocatedduringthe sameyearassomeportionof the
interval?” At the granularityof a minute,the overlapwould test“is this instantlocated
during the sameminute as someportion of the interval?” In a databasehat supports
indeterminacya usermay alsouseplausibility and credibility phrasedo posequestion
suchas*is it possible thatthis instantis locatedduringthe sameminuteassomeportion
of theinterval?”

7.3.5 Scale

We proposeto add an operation,called scale, that movesa time “up” (or “down”) the
granularitylattice. Theinformal syntaxof scaleis

scal e( (operand), (granularity) )

Thefirstargumento scaleés anoperand.Theoriginalgranularityof thisoperands locally
overriddenby thescaleoperation.A temporaloperanccaneitherbeaconstantacolumn
variable,or the resultof an expression.If the operands a constantthe granularityof
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thatconstants givenby the calendathatparsesheconstant.f theoperands acolumn
variable,the granularityof thatvariableis given by the columndefinition (specifiedin
the schema).Finally, if the operands an expressionthe granularityof the operands
thegranularityof theresultof thatexpressionThesecondargumentto scaleis thetarget
granularity Forexample,

scal e(Fl i ght _Departures. Ti ne, days)

scalegheinstantantheTi me columnoftheFl i ght _Depart ur es tablefrom minutes
to days.

Scala@saverysimpleoperation Howevertheinternalmechanicsf scalearecomgex.
Beforeconsideringhe semanticof scale,we give someexampledhatillustratescales
simplebehavior

scal e(| June 1, 1994|, centuries) = | 20th|
, 1994|, years) = | 1994
, 1994|, nonths) = | June 1994
scal e(| June 1, 1994|, days) = |June 1, 1994
scal e(| June 1, 1994|, hours)
= |0 hours June 1, 1994 ~ 23 hours June 1, 1994|
scal e(| June 1, 1994|, m nutes)
= | 00:00 June 1, 1994 ~ 23:59 June 1, 1994|
scal e(| June 1, 1994|, seconds)

= | 00: 00: 00 June 1, 1994 ~ 23:59:59 June 1, 1994|

scal e(| June

1
1
scal e(| June 1
1

Notice how the result of the scaleswitchesfrom determinateto indeterminateas the
targetgranularitymovesfrom coarseto finer granularities This is a key featureof scale.
Scalinga determinatenstantfrom afinerto a coarsegranularityresultsin a determinate
instant. But scalinga determinatenstantfrom a coarserto a finer granularityresultsin
anindeterminatenstant.
Scaleusestheregularandirregularmappingdetweergranularitiego convertatime
from one granularityto another the mappingsare recordedin the granularitylattice.
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Themechanic®f scaledepend®n whetherscalemovesa time from afinerto a coarser
granularityor from a coarseto afiner granularity We discusghefinerto coarseiscaling
first, focusingon scalingdeterminatenstants.

Suppos¢hatwewishto scaleaninstantt:me,, fromafinergranularity f, toacoarser
granularity ¢, resultingin theinstant,tzme.. Letdif f, . bethedifferencebetweerthe
granularityanchorpointsof f andc, expressedh thefiner granularity f, andmap; ,, .
betheregularor irregularmappingfrom thefiner to the coarsegranularity Initially we
assumehat thereare no “intervening” granularitiesbetweenf and ¢; insteadthey are
directlyrelatedby map; ,, .. Then

scal e(timey, c) = map;_,, (timey — diff;.) = time..

If map,_,, . is aregularmapping, then the mappingfunctionis a simple integer
division. For example,supposave wantto scalea time from minutesto hours. Since
minutesandhourshavethe sameanchorpoints,

scal e(times, hour s) = times div 60 = time..

This operatiorscalesanyminutein {0, ..., 59} to hour0, anyminutein {60,...,119} to
hourl, etc.

Now supposehatgranularity f’ lies betweenf andc in thegranularitylattice. Then
scal e(timey, c) = mapp_;, (map;_;, p(timey —diff; o) —diffp ) = time..
Soto scalefrom minutesto days,thescalefunctionwould be

scal e(timey,days)
= scal e(scal e(times, hour s),days)
= (timey div 60) div 24

= lime..

In generalpy composingscaleoperationsatime maybe movedseveralgranularitiesn
thelattice. Scaleoperationsanbe composedaincetheyarefunctions.
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Timesmay alsobe moveddown the granularitylattice. The mechanicf scalinga

determinatenstantfrom a coarseto afiner granularityaregivenbelow
Scal e(timeﬁ f) = (mapc_to_f(timec—diffc,f)) ~ (mapc_to_f((timec—l—l)_diffc,f)_l)

If map,_,,_, is aregularmapping thenthemappingfunctionis asimpleintegermultipli-
cation. Forexample supposeave wantto scaleatime from hoursto minutes.Sincehours

andminuteshaveidenticalanchorpoints,

scal e(time.,m nut es)
= time. x 60 ~ ((time. + 1) x 60) — 1
= time. x 60 ~ (time, x 60) + 59.

This operatiorscaleshour0 to 0 ~ 59 minuteshourl to 60 ~ 119 minutes etc.

To scaleanindeterminatenstant,the upperandlower supportsarescaledseparately
Whenscalingfrom acoarseto afinergranularity eachsupports scaledo apairof times.
In suchcasesthe periodof indeterminacys maximizedby choosinghe minimumtime

for thelower supportandthe maximumtime for the uppersupport.

scal e(| June 1994 ~ July 1994|, days)
=|June 1, 1994 ~ July 31, 1994|

Sinceall timesarerelatedat T and L in thelattice, aninstantat any granularitycan
be convertedto an instantat any othergranularityby moving up and down the lattice.
Thegenerakule to scalefrom onegranularityto anothetis to movethetime downto the
greatestowerboundof thetwo granularitiesandthenupto thetargetgranularityfWanget
al. 1993]. An upmoveresultsn anoverall“loss” of information. Forexamplejn scaling
from microseconds$o secondsthe numberof microsecondsvithin thatsecond6 digits
of information)is removedfrom thetimestamp.A downmovewill convertdeterminate
to indeterminatanformation, refining the information contentof the timestamp. Scale
never“creates”information. No compositionof scaleoperationswill everrelocatean
instantelsewheren thetime-linenorwill it everresultin atimestamghathasa period

of indeterminacyshorterthanthatof the original timestamp.
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7.3.6 Scaling Intervalsand Spans

To scalean interval, the instantsthat startand end the interval are scaledseparately
Scalingspanshoweveris slightly morecomplex.

A spanis anunanchoredluration. A spanof %d day%r represents durationthat
whenaddedo aninstantat the granularityof days,will displacethatinstantby oneday.
So,

| Decenber 30, 1994| + %4 day% = | Decenber 31, 1994|
and
| Decenber 31, 1994| + %4 day% = | January 1, 1995].

But a spanof %4 day%alsorepresents durationthatwhenaddedto aninstantat the
granularityof months coulddisplacethatinstantby 0 or 1 months.In theaboveexample,
the instantcould be movedfrom the monthof Decembeto the monthof January Note
thatthespanof %d day%couldalsodisplaceaninstantinto the nextyear

The problemis that a granularity is an anchoredpatrtitioning, whereasa spanis
unanchored.Imaginetaking a spanand placing it anywherealonga time-line that is
partitionedinto granules.Dependinguponwherewe placethe span,it will crossmore
or fewer granulesasshownin Figure7.5. Eventhe smallestspanwill crossatleastone
granuleboundary

Theconsequencef theunanchoreahatureof spangs thatwhenevema spanis scaled,
anindeterminatespanwill result,evenwhenadeterminatespanis scaledrom afinerto a
coarsegranularity Below, we give someexamplego illustratethe unexpectedehavior
of scalinga span.

scal e(%d day% centuries) = %) centuries ~ 1 century%
scal e(%d day% years) = % years ~ 1 year%

scal e(%d day% nonths) = %0 nonths ~ 1 nonth%

scal e(%d day% days) = % day%

scal e(9%d day% hours) = % hour ~ 47 hours%
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Figure7.5: SpanA canbe placedwithin a singlegranuleor spanningwo granules

scale(% day% mnutes) = % mnute ~ 2879 m nutes%

Theactualmechanic®f scalinga spanis a variationof thatfor scalinganinstant.

7.3.7 Scaling Mass Functions

Theprobabilitymasdunctiongivestheprobabilitythattheinstants locatedwithin agiven
granule.Sincea scaleoperationrmodifiesthe sizeandnumberof granulesn a periodof
indeterminacyit alsochangeshe massfunction. Eachmassfunctionis describedin the
implementationasa functionat thelevel of chronongactually theimplementatioronly
approximates this granularity but the approximations discusseelsewhere)In scaling
from afinerto a coarsegranularity the massof eachfine granuleis addedo the massof
all theotherfine granuleghatbelongto agivencoarsegranule.Forexample assumehat
anindeterminatenstantwith asevendayperiodof indeterminacyfrom Sundaythrough
Saturday)and a uniform massfunction is scaledto the granularity of weeks. In the
resultinginstanttheprobabilitythattheinstantis locatedduringeachday, aprobabilityof
1, isaccumulatedo give theprobabilitythattheinstantis locatedduringthe givenweek,
aprobabilityof 1. In scalingfrom acoarseto afiner granularity themassof eachcoarse
granuleis, in effect, “dispersed.”"Themasdunctionsaredefinedatthelevel of chronons.
Any granularityabovethatlevel aggregatethe massat eachchrononinto the massat a
granule. In scalingfrom a coarsetto a finer granularity the massis reaggregatedt the

finer granularity
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7.3.8 Cast

A scaleoperationthat convertsaninstantfrom a coarsetto a finer granularityproduces
anindeterminatenstant. But, for variousreasonsa usermay not wantanindeterminate
result. Instead,a user might want an operation,like scale,that always producesa
determinatdimestamp gventhoughthatresultmight not be strictly consistentwvith the
recordeddata. To meettheseuserneedswe proposea new operation,called cast, that
allowsoneto “create”information.

The castoperationis similar to scalebut alwaysproducesa determinatdimestamp.
In thosesituationswhere scalewould return an indeterminategimestamp,castsimply
choosesa single possibility, alwaysthe first possibility, from the indeterminateresult.
For exampleto casta determinatenstantfrom a coarsetto a finer granularity castfirst
scalegheinstantresultingin anindeterminaténstant. Fromthatindeterminatenstant,it
selectghefirst instantin the periodof indeterminacylt returnsthis singleinstant,which
is modeledby adeterminatéimestampastheresult. In effect,for anyinstanttimestamp,
castassumeshatthe timestampalwaysmodelsthefirst instantat all finer granularities.
To draw an analogywith fixed-precisiomumberscastis a “pad with zeros”operation.
Thenumber3.45castedo five decimalplaceswould be 3.45000.

We could definean operationsimilar to castthat chooseghe lastinstantin a period
of indeterminacybut this operationis not neededo implementthe SQL-92semantics;
althoughit couldeasilybeadded.

The syntaxof castis similarto thatof scale.

cast ( (operand), (granularity) )

The semanticof castis alsosimilar to thatof scale,with oneexception:whencasting
from a coarseto afinergranularityonly thefirst timeis produced Examplesof castwill
makethis distinctionclear

cast (| June 1, 1994|, centuries) = | 20th|
cast (| June 1, 1994|, years) = | 1994|
cast (| June 1, 1994|, nonths) = | June 1994
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cast (| June 1, 1994|, days) = |June 1, 1994|
cast (| June 1, 1994|, hours)

=| 0 hours June 1, 1994|
cast (| June 1, 1994|, m nutes)

=|00: 00 June 1, 1994|
cast (| June 1, 1994|, seconds)

=| 00: 00: 00 June 1, 1994

Comparetheseresultswith the examplesof scalegiven in the previoussection. No
indeterminatenstantsare produced.An caston anindeterminatenstantmay, however

still produceanindeterminatenstant,for example

cast (| June 1994 ~ July 1994|, days)
=|June 1, 1994 ~ July 1, 1994|

Unlike the scale the castdoesnot maximizethe periodof indeterminacy

7.3.9 Enforcing SQL-92 Semantics

The SQL-92semanticdor temporaloperationss enforcedby implicitly insertingcast
operationsasneededto convertthesecondperando thegranularityof thefirstoperand.
Castis usedratherthan scalesince SQL-92 doesnot haveindeterminacy The query
processomsertsthe castoperationsluringthe query-rewritephase.

Althoughwe adoptSQL-92semanticsn this chaptey any of the possiblesemantics
(savegeneratinghemismatchedjranularityerror)canbeimplementedy insertingscale
andcastoperations Forexamplefo implementhecoarsegranularitysemanticsthefiner
operands convertedo thegranularityof thecoarseoperandy insertingascaleoperation
onthefiner operand.Anotheroptionwould beto introducea compileor run-time*“flag”
to toggleamongthevarioussemantics.

It isimportantto notethatanindividualusewhodesireadifferentemporakemantics
can explicitly insert scaleor castoperations. Userspecifiedgranularity conversions

overridequery-rewriteinsertions.
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7.3.10 Defaults

The defaultscale(cast)on an operandmay be globally overriddenby a SET statement.
We proposehattheusercansettheglobalscalein a setstatemente.g.,

SET SCALE m croseconds # Set global scale to m croseconds
SET CAST m croseconds # Set gl obal cast to m croseconds

Settinga global scale(cast)addsa scal e() (cast ()) operationto every operand,
exceptingthosemake explicit callsto scal e() or cast (). This hasthe effect of
performingall operationsat a given granularity Since both kinds of set statements
modify all the operanddn a query the mostrecently executedsetscaleor casttakes
precedence.

Initially thereis no global scale(cast),the scale(cast)of operandsaregiven by the
operandsOnceset,theglobalscaleandcastcanberemovedasfollows:

SET SCALE AS DEFAULT

7.3.11 Processing of Example Query

We usethetechniquesievelopedn previoussectiongo processheexampleguerygiven
in Section7.1. First,thequeryis parsedindercoarsegranularitysemantica&ndrewritten
to thefollowing query

SELECT *

FROM Vacat i ons, Flight Departures

WHERE Vacation = ‘ Thanksgi vi ng’ AND
(scal e(Fli ght _Departures. Ti me, days)
OVERLAPS Vacat i ons. Ti ne)

The granularity lattice is consultedto determinehow to scalefrom minutesto days.

Scalingfrom minutesto daysfirst requiresscalingfrom minutesto hoursandthenfrom
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Flight_Departures(Flight#, Time)
Flight# | Time

53 | Nov. 20
200 | Nov. 25
653 | Nov. 27
658 | Nov. 30

Figure7.6: Flight timesscaledo days

hoursto days.Both mappingareregularandthe anchordifferencesrezero,so

scal e( Flight_Departures.Time, days)
= scal e( scal e( Flight_Departures.Time, hour s) , days)
= (Flight_Departures. Time div 60) div 24.

The effect of the scaleon eachtime is depictedn Figure7.6. Thescaledtime of flight#
200 andof flight# 653 overlapsNovember24 - November28, soonly thesetwo tuples
appeain theanswer

7.4 Implementation

In thischaptemwe haveintroducedimestampshatmodeltemporainformationatvarious
granularitiesand two operationsthat converttimes betweengranularities. The added
modelingcapabilitiescarryanassociatedpaceandtime cost. In this sectionwe quantify
the costof supportingmixed granularities. In a previouschaptey we describedsimple
and compacttimestampformats that store times. Theseformats remain unchanged,
howeverrangeandgranularitydictatethe size of theformatto use. We alsooutlinethe
implementatiorof scaleandcast. Althoughtheseoperationgnay appearexpensivewe
presenseveralbptimizationstrategieshatmitigatethe expense.



138

7.4.1 Impact of Granularity on Timestamp For mats

The only changeto the timestampformatsdiscussedn Chapter5 is that the datafield
storesthe granulenumberratherthan the chrononnumber The granulenumberis a
count,in granulespf thedistancefrom the granularityanchorpoint to theinstant. Since
all timestampsn a columnhavethe samegranularity the granularityis storedwith the
schemaatherthanstoredwith thetimestampthuseliminatinga field to storethe name
of thegranularity

In a timestampdefinition, the rangecontrolsthe maximumpermissiblecount. For

example,
| NSTANT( 948000 year s% seconds)

definesatimestamphatcanhavea countof atmost36,000years(418, 000 years)worth
of secondsor approximatelyl.2 trillion seconds.In generalthe numberof bits needed
to storethe maximumcountvaries,dependingon the rangeandgranularity For alarge
rangeandsmallgranularity themaximumallowablecountis quitelarge,while for asmall
rangeandlarge granularity the maximumcountis small. Consequentlythe sizeof the
field to storethecount,andin turn,thesizeof aninstanttimestampyaries. Thefollowing
is aroughguidelinefor determiningthe size(in bits) of thefield to storethe count,

[log,(max(scal e(range, granularity)))| + 1.

Themaxfunctionchooseshelongestpossiblespanfrom theindeterminatespanreturned
by scale[Dyreson& Snodgras4994C].Sincethe countcould be positive or negative,
one bit is addedto the sizeto accountfor the sign bit. The size of the countfield is

further adjustedto keepthe format on a 32-bit word boundary Table 7.1 showssome
example®finstantspecificationshatmightarisein practice(thesparfal | _of _ti me%
is approximately36 billion yearsin our modelof time). As a comparisonthe SQL-92
TI MESTAMP formatstoringthemaximumallowablerange(9999years)o thegranularity
of secondsequiresl9 positions, which maybe convenientlystoredasBCD digitsin two

anda half words[Melton & Simon1993]. Notethatthe defaultson aninstanttimestamp
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definition,a granularityof seconds andarangeof %420 year s% buildsaone-word
format(the defaultis essentiallythe UNIx format).

Congruengranularitiesanbeusedto limit thesizeof timestampsA userthatwants
to storetimesin the currentdecadeto the granularityof a secondcan usea oneword
formatby usingagranularity congruento secondshutwith ananchoipointatthecurrent
decadéoundary By relocatingtheanchormointvia congruengranularitiestheusercan
useoneword timestampdgor mostapplications.

7.4.2 Scaleand Cast

Sincecastis basedn scale we describeonly theimplementatiorof scale.

Scaleis performedin the “inner-loop” of query processingpotentiallydonemany
timesduringaquery Eachscalecostgpossibly)onesubtractior{for theanchodifference)
and one “expensive” suboperation. For a regular mappingfrom a finer to a coarser
granularitythe expensivesuboperations a division. On somemachinege.g., Sun-4s)
divisionis micro-codedasrepeatedubtractionpftencostingmuchmorethanadditionor
multiplication. For aregularmappingfrom a coarsetto a finer granularitythe expensive
suboperatiorms a multiplication (notethatthe secondmultiplicationcanbe donewith an
addition). For anirregularmapping,it is a C functioninvocation,which probablyusesa
division or a multiplication. In this section,we presentfour optimizationstrategieghat
aredesignedo minimizethe costof the “expensivesuboperation.”

Thefirst optimizationis an algebraicsimplificationof composedcales.For certain
compositionge.g., of regularmappingswith equivalentanchorpoints, suchas scaling
from minutesto days)an expensivesuboperatior{a division or multiplication) canbe
eliminated. For example to scalefrom minutesto days,we canalgebraicallysimplify
(timey div 60) div 24 to time; div 1440.

Thesecondptimizationexploitsthefact thatmultiplicationis muchcheapethandi-
vision (onmanymachines).This optimizationappliesonly to temporalcomparisonshut
we anticipatethatcomparisonsvill bethe mostcommonkind of temporaloperation.All
comparisondncludingOVERLAPS, areexpressedsformulasinvolving theBefore oper
ation(a< ordering)andlogicalconnective$Snodgras4987]. ConsideiaBefore between
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TimestampDefinition CountSize=- FormatSize
| NSTANT (948000 year s% days) 20 bits = oneword

| NSTANT (940000 year s% seconds) 39 bits = two words

| NSTANT (948000 year s% m cr oseconds) | 60 bits=- two words

| NSTANT (%al | _of _ti ne% seconds) 60 bits = two words

| NSTANT (%al | _of _ti nme% nanoseconds) | 90 bits=- threewords

Table7.1: Sizesof somecommoninstanttimestamps

two determinatenstantsp andg. If thegranularityof o, GG, is finerthanthegranularity
of 3, Gig, thena is before atthe coarsergranularity(i.e., scal e(«, Gz) Before [3),
if andonly if « is beforeg atthefiner granularity(i.e., o Before cast (8,G,)). Soa
temporalcomparisorwith a scaleon oneoperandcanbe transformednto a comparison
with an caston the other operand. This programtransformatiortradesa scalefrom a
finer to a coarsemgranularity(a division) for ancastfrom a coarsetto a finer granularity
(a multiplication). The query processorcanchoosethe cheaperoperation(in this case
the cast),but mustfactorinto the decisionhow manytimesthe castor scaleis executed.
If « and arecolumnvariablesandtherearefar fewertimestampsn «’s column,then
the transformationwill not improve performancesince many more castsof 5 will be
performedhanscalef «.

A third optimizationis to introducea direct link into the granularitylattice for a
highly optimizedmappingfunction. For example,if the databasemplementorknows
that castingyearsto secondswill be a commonoperation,a direct link with the name
of the optimizedmappingfunction canbe insertinginto the granularitylattice duringits
construction.In castingyearsto days,therun-timeenginewill usethisdirectlink rather
thanthecompositiorof yearsto months monthsto days,daysto hours,hoursto minutes,
and minutesto secondswhich coststhreeregularandtwo irregularmappingsn total.
Elsewherave showthatcastingyearsto daysrequiresonly eightmicrosecondenaSun-4
IPC[Dyreson& Snodgrasd994E].



141

Thefinal optimizationis to usealazy caching strategyto avoidrecomputingpreviously
scaledtimes. The cachingstrategyis basedon the observatiorthat timesin a column
of timestampsare often clusteredratherthandistributeduniformly overthe entiretime-
line (randomsamplingcould be usedto detectthe clustering). Consequentiythereare
probablymanycasesvhereseveralnstantatthefinergranularityscaleto thesamenstant
atthe coarselgranularity For examplejnstantsin a columnof employeebirthdateswill
beclusteredbetweerll934and1974(mostemployeesirebetweertwentyandsixty years
old). Assumethatthesebirthdatesstoredto the granularityof days,arecomparedo a
columnatthe granularityof years(e.g.,in computinga bargraphof employeeages).In
alarge corporationijt is probablythe casethatseveralemployeesverebornin thesame
year To avoidrecomputinghecastof yearso days(introducedoy apreviouslydiscussed
optimization) we cancachepreviouslycomputedcastsusingasmallarray(thereareonly
forty yearsbetweenl934and1974). Theviability of the cachingstrategyis a trade-of
betweerthe costof building andmaintainingthe cacheandthe costof cachemisses.

7.4.3 Empirical Results

To quantifytheactualcostof supportingquerieson mixedgranularitiesyve programmed
the examplequery undera variety of optimizationstrategiesasa seriesof callsin the
MULTICAL system.Thecall sequenceareshownin Figure7.7. Thevariabled andv are
the columnvariablesfor the Fl i ght _Depart ur es. Ti ne andVacat i ons. Ti ne,
respectively Theunpack operationgarsethe timestampflagsto distinguishdetermi-
natefrom indeterminateand specialinstants. We ignoredthe “Thanksgiving” selection
and codedthe OVERLAPS as a conjunctionof Before operationswith no shortcircuit
evaluation. The first sequencdfrom left to right) is an overlapwith no supportfor
mixed granularities.Testingthis sequencavill give usabasecostagainstwhichwe can
comparethe costof modelingandusinginformationat mixed granularities.The second
sequencacalesninutesto days,usingthe algebraicoptimization. We will alsotestthe
unoptimizedsequencehatcodeis notshown.Thethird sequenceombineghealgebraic
simplificationwith the programtransformatiorthattradesa scalefor ancast.
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We compiledall four testsusingthe GNu C compiler version2.4.5,with compiler
optimizationsfully enabled.We thenranthe testsseveralmillion timeson a dedicated
Sun-41PC (atwelve“mips” machine).Theresultswe obtainedareasfollows. Fortheno
granularitytest, eachpredicateevaluationtook approximatelyl 0 microsecondsfor the
unoptimizedestwith onescale 48 microseconddpor the algebraicoptimizationtest,27
microsecondsandfor theprogramtransformatiortest,14 microseconds.

Theseresultsshowthat modelingtimes at differentgranularitiesdoescarry a cost;
for the examplequeryit addsan overheadf betweent0 — 380%. Note, however that
thereare many other componentgo query evaluation,suchas disk readsand writes,
andtheadditionalcostof granularityconversion®verthe entirequeryexecutionwill be
relatively slight. Also notethata userwho doesnot wantthe extramodelingcapability
of mixed granularitiescansimply specifythatall columnshaveanidenticalgranularity
incurringnoaddectost. Theresultsalsoshowthattheoptimizationssignificantlyimprove
performance.

7.5 Related Work on Granularity

Ourwork canbe viewedasan extensiornof Andersons pioneeringresearclon a model
of time [Anderson1982]. Andersonpointedout the needto model times at multiple
granularities. Clifford and Rao further developedAndersons frameworkby addinga
“granularity chain” (a completeorderingof granularities)and “downward” granularity
conversiondetweertimes[Clif ford & Ra01987]. Wiederhold JajodiaandLitwin made
Clifford andRao’s theoreticalwork moreconcreteby proposinga specificsemanticgor
temporalcomparison&t mixed granularitiegWiederholdet al. 1991]. Their proposed
semanticss similarto thefinergranularitysemanticsnentionedn this chapter Recently
Wang, Jajodia,and Subrahmaniameneralizedhe “granularity chain” to a lattice and
proposedsemanticgor movingtimes*“up” and“down” the lattice [Wangetal. 1993].
Their downwardconversiorf‘creates”information. For example jf we recordthatJohn
earneda salaryof $50,000in 1991,thenat the granularityof days,Johnearneo%.
However thisinferencas notsupportedy the storeddatasinceJohnmayhavechanged

pay scalesseveraltimes during the year; the inferenceinvokesan extra uniformity as-



143

{ Thenogranularitysequence
unpack event(f);
unpack interval(v);
cl := Before(f,v.t0);
c2 := Before(v.from,f);
if (clandc2)then
addf ,v toresult

{ Thealgebraicoptimization}
unpack event(f);
f ;=1 div 1440;
unpack interval(v);
cl := Before(f,v.t0);
c2 := Before(v.from,f);
if (clandc2)then
addf ,v toresult

{ Thefully optimizedsequenceé
unpack event(f);
unpack interval(v);
v.from:= v.from x 1440;
v.to:= ((v.to+ 1) x 1440)- 1;
cl := Before(f,v.t0);
c2 := Before(v.from,f);
if (clandc2)then
addf ,v toresult

Figure7.7: MULTICAL callsfor examplequeries
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sumptionto createa daily accountof Johns salary They also presentegemanticdor
temporalcomparisongit mixedgranularities.

Noneof thesepapersaddressheissueof costor theintegrationof granularitiedrom
multiple calendarsthe latter threealsolack indeterminacy Eachis basedon the notion
thataninstantatagivengranularityis a“segment’of thetime-line. In theseframeworks,
supposehatwe converttwo instantdocatedn thesamehourandstoredatthegranularity
of an hour to the granularityof a minute. We then query whetherthey overlap. We
will alwaysobtainan affirmative answerbecausehe two instantsareidenticaltime-line
segments.

In contrastyvetreatall instantsasindeterminateWhentwoinstantdocatedn thesame
hourarescaledto a finer granularity two similar indeterminatenstantsresult. But each
indeterminatenstantretainsthe semantic®f theoriginalinstantin thatit recordghatthe
instantis locatedsometimeaduringthe hour (with theupperandlower supportexpressed
in the finer granularity). The usercan then query whethertheseinstants“definitely”
overlap(never)or “possibly” overlap(always). It is our positionthatindeterminacyis
necessaryo support‘downward” granularitymappingsandto correctlymodelinstants.

7.6 Chapter Summary

This chaptershowedthatgranularityandindeterminacyarerelatedfeaturesof temporal
data. Granularityis the unit of measurefor a temporaldatumwhile indeterminacy
representpartialinformationaboutfinerunitsof measure Forexampleaninstantknown
to the granularityof anhour hasanhourlong periodof indeterminacy For this instant,
we only knowthehourduringwhichit is located we cannotascertainwith certainty the
minuteduringwhichit is located.Suchis the natureof “real-world” temporaldata.

In this chapter we describeda granularityas a partitioning of the time-line. We
thenshowedthatgranularitiesnaturallyform a hierarchy or moreprecisely a lattice, in
thatsomegranularitiesarefiner or coarsemwith respecto others.Although granularities
comefrom manydifferentcalendarsall granularitiesaarerelatedin a single,system-wide
lattice. Next, we describedhow the granularitylatticeis built. During construction;up”
and“down” mappingfunctionsareinsertedbetweensomepairsof granularities. These
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mappingfunctionsareusedby scale andcast to movetimesfrom onegranularityto the
nextin thelattice. Judicioususeof scaleandcastcanimplementa variety of semantics
for temporaloperations.We adoptedcoarsegranularitysemanticandshowthatit can
be enforcedby implicitly inserting scaleoperationsduring query analysis. The scale
operationdoesnot createinformation; ratherit exploitsthe relationshipbetweengranu-
larity andindeterminacyto refinetheinformationcontentof atimestamp.A determinate
instancestoredto a particulargranularity becomesndeterminatevhenscaledo afiner
granularity Supportfor indeterminacypermitsconversiondetweergranularitiesvhich
heretoforemighthavebeenconsidereincomparablesuchasweeksandmonths.Finally,
weexploredhecostof ourframework.We presentedour optimizationghatcanbeeasily
appliedduringqueryanalysisandshowedhatfor the examplequerytheseoptimizations
reducedhe predicateevaluationoverheado a reasonabléevel. Our conclusionis that
a simplisticapproacho implementingmultiple granularitieds quite expensiveput that
via the combinatiorof the straightforward optimizationghatwe presentedhe overhead
of theadditionalexpressivgpowerof mixedgranularitieds quitesmall.



CHAPTER 8
NOW AND INDETERMINACY

Now is an Englishnounmeaning“at the presenttime” [Sykes1964]. Now is also
a distinguishedimestampvalue in many temporaldatamodelproposals. The precise
semantic®f this valueis investigatecelsewherdClif ford etal. 1994B].In this chaptey
we examinethe role of indeterminacyin providing a richer modeling capability for
now. Nowis acommontimestampralue. Mostreal-worldactivitiesmodeledoy temporal
databasesustautomaticallymaintainandupdateghecurrentdatabasstate.Forexample,
banksneedto keepcustomeiaccounturrent,storesneedto keeptrack of which goods
arein stock,andcompaniesieedto maintaindataon who s currentlyemployed.Now is

importantto accuratelynodelingall threeenterprises.

8.1 Nowin Valid-time

In thevalid-timedimensionacommornuseof now is to indicatethatafactis valid until the
currenttime [Ariav etal. 1984,Bassiouni& Llewellyn 1992 ,Elmasrietal. 1990,Gadia
& Yeung1988,Navathe& Ahmed1989,Sardal990,Tansel1990,Yau & Chat1991].
In conventionatlatabasesuchfactsarethe only onesthataredirectly supportedy the
datamodel. For example supposehat Janebeganworking asa welderfor the factory
onJunel. Figure 8.1 showsthe relevanttuple from the factory’s employmenthistory
(theEMPLOY EE relation). Janestartedworking asa welderon Junel, asindicatedby
the“from” attribute(for the examplesn this chaptemwe assume timestampgranularity
of oneday). The value now, appearingasthe “to” time in Janes employmenttuple,
represents currentlyunknownfuture time whenJanewill stopworking for the factory.
Theresultof aquerythatrequestsurrentweldersincludeslane.

The informal semanticsof this value is that Janeis an employeeuntil we learn

otherwise. As the currenttime inexorablyadvancesthe value of now also changedo

146



147

Employee(Name, Position)
Valid time
(from) | (to)

Jane ‘ welder H Junel now

Name‘ Position

Figure8.1: Janes employmentuple

reflectthenewcurrenttime. Someauthorshavecalledthis concepuntil changed instead
of now [Wiederholdetal. 1993,Wiederholdetal. 1991],butthe meanings thesame.

Supposehatinsteadof usingthe variablenow asthe“to” timein thattuple,we usea
groundtime, i.e., a particulardate. We startby recordinga “to” time of Junel. Thenas
time advanceandJaneremainsa welder the“to” time on Janes tuple mustbe updated
eachdayto recordwhensheworked. Hence the“to” time would be updatedo June2,
thento June3, etc. While this representatiors faithful to our knowledgeat any pointin
time, it is unrealisticto assumdhatthe “to” time will be continuouslyupdatedastime
advancesilt is alsounclearwho shoulddo theupdating asthedatabaséasno indication
of which timestampvaluesare stableand which are continuouslychanging. For these
reasonsit is usefulto usethe variablenow.

Oneproblemwith thisuseof now is thedatabasappears$o explicitly recordthatJane
will not be employedtomorrow Assume for the purposeof this discussionthattoday
isJuly9. A querythataskswho will beemployedomorrow(i.e., July 10) will nothave
Janein the answeysincethe“to” time of Janes tupleis now, or in this case July 9. Yet
if nothingchangesin the databaser in reality, andwe executetheidenticalquery(i.e.,
whowasemployedon July 10) on July 11, we will geta differentansweysinceJanewill
beincluded.We call this problemthe pessimistic assumption.

Sometemporaldatamodelsavoidthis problemby limiting valid time to the past,that
is, to timesbeforenow [Gadia& Yeung1988,Tansel1990]. For manyapplicationghis
limitation is muchtoo restrictive. Otherdatamodels(e.g.,[Ben-Zvi 1982, Snodgrass
1987, Snodgrassl 993, Thirumalai & Krishna 1988]) addressthis problem by using
forever or oc asthe“to” time,asshownin Figure8.2. Forever is thelargestrepresentable
timestampvalue, thatis, the one furthestin the future. This value admitsthat we do
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Employee(Name, Position)
Valid time
(from) | (to)

Jane ‘ welder H Junel forever

Name‘ Position

Figure8.2: Janes employmentuplewith alargeright boundary

not know whenJanewill departthe university andsoassumeshatshewill be working
forever Onelimitation of this fix is thatit is overly optimistic: foreveris along time!
In SQL andin IBM’ s DB2, foreveris about8,000yearsfrom the presen{Date & White
1990,Melton & Simon1993];in our moreliberal proposalijt is approximatelyl8 billion
yearsfromthepresentime[Dyreson& Snodgrasd993B].Henceto asserthatJanewill

be employedforeveris mostassuredlyncorrect(othershavealsonotedthata “to” time
of oo, or forever haserroneousmplicationsfor the future [Navathe& Ahmed1989]). A
relatedimitation is thatwhenJanedepartgheuniversity forever mustberevisedwith the
dateof herdepartureputthereviseddatewill beanentirely separat¢ime, unrelatedo,
andinconsistenwith, forever. Theactof changingatimeto anunrelatedimeis typically
acorrectiveactappliedto a previouslyincorrecttime, ratherthansimply a refinemenof
previousinformationasnewinformationis gathered.

An alternativewvayto view this problemis thatthereis a differencebetweertheactual
andexpected timesof afact. Onaday-to-daybasiswe expectlaneto remainemployed.
A databaséhatusedorever asthe“to” time of heremploymentuple(very optimistically)
recordsherexpectecemploymentwhile a databas¢hatusesnow (very conservatively)
recordonly heractualemploymentthetimeshehasworkedto thecurrenttime. However
with indeterminacywe canrepresenthe actualandexpectedimesusingasinglekind of
time value.

Another problem sharedby both of theseapproachega “to” time of either now
or forever) is that they implicitly containa very strongassumptionthat we term the
punctuality assumption, abouttheintegrity of avalid-timedatabaseThetuplesshownin
Figures8.1 and 8.2 representhe fact that Janeis employeduntil the databasendicates
otherwise.Thatis, thesetuplesassumehatthefactory’s databasés a true,exact,up-to-
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Employee(Name, Position)

Valid time
Name Position (from) | (to)
Jane | welder Junel July6
Jane ‘ possibly employedasawelder| July6 now

Figure8.3: Meaningof Janestuple,if todayis July 9 andthe boundis 3 days

datemodelof the world. To remainconsistentvith the world, the instantJaneis fired,
her unemploymentnustbe manifestedn the database.Otherwise,querieswill return
anincorrectresult. If Janewasfired yesterday(i.e., July 8), but the databasédasyet
to beupdateda queryrequestinghe currentemployeesxecutedn eitherrelationwill
erroneouslyncludeJane.

In manyrelationsthevalid time is alwaysearlierthanthetime of thetransactiorthat
storedtheinformation,butwithin awell-specifiedfinite bound(we will shortlyconsider
casesvherevalid timeis laterthantransactiorime)[Jenser& Snodgras$994,Jenser&
Snodgras992]. Typically, whenanemployeas hiredorfired, it is notuntil severahours
or daysaftertheincidentthatthe databaseecordof thatemployeeds updatedo indicate
the newemploymenstatus.For instance perhapslanewasfired on July 8, butit is not
until July 11 thathertupleis actuallyupdatedo reflecthercorrectstatus.If theboundon
therelationshipbetweertransactiorexecutiortime andvalid time is knownto beatmost
threedays(all updatesare madewithin threedays),thena querythat asksif Janewas
employediour or moredaysagocanalwaysdeterminelanes correctemploymenstatus.
Givensuchanassumptionpnecouldinterpretthe meaningof Janes tuplein Figure8.1
as of today (July 9), asshownin Figure 8.3. This effectively replaceshe unrealistic
punctualityassumptiorwith a weakeryet more reasonabldounded assumption. This
interpretationmay solvethe problemposedby the punctualityassumptionput hasthe
limitation of introducinga possiblyemployedstatus(how shouldthatbe handled?)and
doesnotaddresshefirst problem,thatof Janestill beingemployedomorrow



150

Employee(Name, Position)
Valid time
(from) ‘ (to)
Jane ‘ welder H Junel July31~ August3l

Name‘ Position

Figure8.4: Janehasafixed-termappointmentrepresentedith valid-timeindeterminacy

Employee(Name, Position)
Valid time
(from) ‘ (to)
Jane ‘ welder H Junel July31~ forever

Name‘ Position

Figure8.5: Janes employmenwill befor atleasttwo months

8.2 Now Remodeed

By usingindeterminatenstantswe canmoreaccuratelyrecordour knowledgeof Janes

employmentwith the factory Insteadof using now asthe “to” time in Janes tuple,

we canuseanindeterminatenstant. Which indeterminatenstantto usedependsn our

knowledgeof thesituation.If Janewvashiredasalimited-termemployeeto work between
two andthreemonthswe couldrecordthisinformationasshownin Figure8.4. Heretwo

time bounds July 31 and August31, delimit the “to” indeterminatenstant. If we knew
only thatthetermwould be at least two months we would usetherepresentatioshown
in Figure8.5. If the factory hasa mandatoryretirementpolicy, we could decreas¢he

indeterminacyconsiderablyas shownin Figure8.6. If we removedthe guaranteghat
Janewill work atleasttwo months,we arrive attherepresentatioshownin Figure8.7.

Employee(Name, Position)

Valid time

Name‘ Position|| (from) ‘ (to)
Jane | welder | Junel July31~ Jan.l,2028

Figure8.6: Assuminga mandatoryretirement
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Employee(Name, Position)

Valid time

Name‘ Position|| (from) ‘ (to)

Jane ‘ welder H Junel Junel ~ Jan.l, 2028

Figure8.7: No guaranteedhinimumterm

Employee(Name, Position)

Valid time

Name‘ Position|| (from) ‘ (to)

Jane ‘ welder H Junel July6~ Jan.1,2028
Figure8.8: Thesituationasof July 9

Indeterminatanstantsaddresghe first problem,the pessimistiacupdateassumption,
providing evidencethat Janemight still be employedin the future. They alsoremove
the problemof incompletenesm the non-timestamp@ttributes(e.g.,possibly employed,
as shownin Figure 8.3), and ensurethat new knowledgeacquiredlater, such as the
informationthat Janeleft the universityon August10, is not inconsistentvith currently
storedinformation,butratheris arefinemenof thatinformation.

Althoughindeterminatenstantsremovethe pessimistiassumptiontheyrequirein-
stantaneousipdates. To illustrate the latter problem,assumehat todayis July 9, and
thatJanedepartedoday Assumealsothatherdeparturénasnotyetbeenrecordedn the
database.The stateof the Janes tuple in the databasehouldnot be that of Figure8.7,
butratherthatshownin Figure8.8 (again,assumingat mosta threedaylagin recording
afactin thedatabase)The stateon July 10is shownin Figure8.9 (notehowtheindeter
minacyin the“to” instanthasdecreaseéversoslightly). OnJuly 11,theindeterminacy
disappearaswe learnof Janes departure.Eachsuccessivatateis consistentith that
precedingt, andeachaccuratelyecordsour currentknowledgeof Janes status.But how
canwe automaticallysupporthis successiveefinemenbf states?

To accuratelyrepresenbur continuouslychangingknowledgeaboutJanes employ-

ment,we needto combinethe bestfeaturef now andindeterminaténstantsjnto anew
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Employee(Name, Position)
Valid time
(from) ‘ (to)
Jane ‘ welder H Junel July7~ Jan.1,2028

Name‘ Position

Figure8.9: Thesituationasof July 10

kind of instant,which we call anow-relative indeterminateinstant. An exampldas shown
in Figure8.10. Here,thelowerboundof the“to” timestamps anexpressiomvolving the
construcinow andaspan,in this casethreedays,indicatingthe punctualityof updates.

A now-relativeindeterminateinstant capturesboth the actual and expectedtimes
associatedvith a fact. For instance,in the tuple given in Figure 8.10, Jane$ actual
employmentistoryis delimitedby the lower boundonthe“to” time while herexpected
employmenis delimitedby the upperbound. Thelower boundexpresseson a day-to-
day basis,our changingknowledgeof whenJanewasemployedwhile the upperbound
expressesur expectatiorof how long shewill remainemployed. For example,if the
referencetime is July 9, the now-relativeindeterminatanstantshownin Figure 8.10
would be interpretedasthe non-relativeindeterminatenstant“July 6 ~ Jan.1, 2028”
Usinganow-relativeindeterminaténstantensureshatcontinualupdatesrenotrequired
(in asensetheupdatesarelazy andnon-persistent)yhile capturingall of ourknowledge
of exactlywhenJanewasemployedby thefactory.

Sowhathappenso theprobabilitymasdunctionasnow approachetheupperbound?
Theprobabilitymasgunctionis “shrunk” by usingshrink_sastheperiodof indeterminacy
getsshorter For example,assumethat we storethe tuple shownin Figure 8.10 on
Junel, andthat we associatewith thattuple the “normal” distribution. If 10% of the
time betweenJunel andJan.1,2028 haselapsedthenthe valid time of the tuple is
Shrink_s(10, |Junel ~ Jan.1,2028,normal. Note thatto shrink correctly we must
storetheinitial lower boundwith thetimestamp.

Thereis onewrinkle to this schemejf the now-relativeindeterminatenstantis the
“to” timeof anindeterminaténterval,thenthelowerboundontheinstantmustbebetween

theupperboundonthe“from” eventandtheupperboundonthe“to” event.Forinstance,
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Employee(Name, Position)
Valid time
(from) ‘ (to)
Jane ‘ welder H Junel (now — 3 days)~ Jan.l,2028

Name‘ Position

Figure8.10: Usinga now-relativeindeterminatenstant

the“to” lower boundof Janes employmentupleis constrainedo be sometimebetween
Junel andJan.1, 2028. If todayis May 9, thenthelower boundis Junel andthetuple
indicatesthat we expect Janeto be employedfrom Junel to Jan.1,2028. If todayis
Jan. 1, 2050,thenthe upperboundis Jan.1, 2028andthetuple indicatesthat Janewas
actually employedFrom Junel to Jan.1,2028. In short, now-relativeindeterminate
instantscapturethe semantic®f predictiveupdates.

Now-relativeindeterminatanstantsare ableto modelthe evolutionarycharacteof
temporaldatabasesA real-life predictionsituationis eitherconfirmedor provenfalse
astime progresses.Similarly, as the referencetime increasesyaluesin the possible
extensionalizatioof atupleevolveinto definite valuesor areremovedrom thedatabase.
Considerthe tuple of Figure8.10. If the referencetime is May 9, then Janewill be
possibly employedevery day betweenJunel, 1994 and Jan.1,2028. However for
referencdime April 1, 2028,thedatabaseecordshatJanehasdefinitely beenemployed
everydaybetweenJunel, 1994andJan.1, 2028. In summarynotonly do now-relative
indeterminatenstantgelaxthe strict punctualityassumptiormsnow-relativedeterminate
instantsdo, but they alsosupportfuture queriesand capturethe semanticof predictive
updates.

In the next section,we demonstratehat now-relativeindeterminatenstantscan be
storedin the samerepresentatioasdeterminatanstantsandnon-relativeindeterminate
instantswith theresultthattheyimposelittle spaceoverhead.

8.3 Timestamp Representation

This chapterhasproposeda new timestampthat mustbe represented:a now-relative

indeterminaténstant.In thissectionveextendheexistingtimestamgormatstorepresent
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Now-relative Indeterminate, Chunked, Standard Distribtution (32/64/96/128 bits)

3 4 : 48 : 80 ; 112

——

data data data

sign ;
span added or subtracted
chunks
chunksize
uniform = 1, missing = 0

type = 101

Figure8.11: Thenow-relativeindeterminatenstantformat

thenewtimestampralue,andshowthatnow-relativeindeterminatéormatshavea minor
impacton storagecosts.We extendonly theinstantformats;intervalsarerepresenteds
apair of boundinginstants.

A now-relativeindeterminatenstantis quite complex. It is of theform “now + span
~ upper bound.” A now-relativendeterminaténstantformathasanupperbound,aspan,
andthevariablenow. To properlyscalenonuniformdistributions theinitial lowerbound
mustalsobe stored,.e., thetime at which thetuplewasfirst stored.Surprisinglywe can
typically fit all of thisinformationin the samespacethata determinatenstantrequires,
eightbytesin thecommoncase.Thekey to the storagds thatthe span representinghe
punctualityof updatesis the samefor everytuplein arelation,henceit canbe storedin
the schemg(in thoserarecasesvheretuplesare mixed with differentupdatebehaviors,
the relationcanbe horizontally fragmentedthe tuplesin eachfragmenthavethe same
updatepunctuality).

We employ a variation of a chunkedindeterminateformat that hasessentiallythe
sameformat, but a differentinterpretation.The newformatis shownin Figure8.11. A
now-relativeindeterminatenstanthasa differenttypefield thananindeterminatenstant
sincethereis no otherway to distinguishbetweerthe two formats. The upperboundis
explicitly encodedhn thedatafield, while thespans storedn theschemaTheinitial lower
bounddoesnot haveto be storedfor the standardistributions sincethesedistributions
arenot changedy shrinking. The sign bit positionsthe upperboundbeforeor afterthe
granularityanchorpoint, just asdoesthe signbit for determinatenstants.
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If the chunkingyields an inadequateprecision,or the userwishesto associatea
distribution other than the missing or uniform distribution then more storagewill be
required. In this case,we usevariantsof otherindeterminatanstantformats. These
variantsare essentiallythe sameasthe indeterminatdormats,but havea differenttype
value. For brevity, we omit thesevariants.

As apointof comparisontheSQL-92TI MESTAMP format,whichhasarangeof only
10,000yearsanda granularityof only onesecondandwhich doesnotincorporatesither
indeterminacyor now-relativity, requirestwenty positions(eighty bits). For mostusers,
our eightbyteformatshouldsufice.

84 Summary

Usingindeterminateandnow-relativeindeterminatenstantscanprovidea far richer se-
manticsfor now. Now-relativeindeterminatgand determinate)nstantsrelaxthe strict
punctualityassumptionreplacingit with a morereasonabldoundedassumptiorwhile
indeterminatéenstantsaturallysupportheuncertaintyn futurequeriesandallowfor pre-
dictiveupdatesBothof thesepositiveaspectarecombinedn now-relativandeterminate
instants.

We showedthatthe newkinds of instantsneededo combatthe semantidifficulties
associateavith now haveacompactepresentationusttwo or threewordsin mostcases,
with virtually no spaceoverheaccomparedvith othertimestampepresentations.



CHAPTER9
CONCLUSIONS

In this document,we extendeda valid-time relational databasdo supportvalid-
time indeterminacyor “don’t know when” information. Indeterminacyis a common
kind of incompletetemporalinformation and has severalsourcesthe most prevalent
being granularitymismatche®r conversions.We describeda new temporalvalue,an
indeterminateénstant,thatis capableof modelingimpreciseeventoccurrenceimes,such
asthatan eventoccurredsometimebetweenJune3, 1994andJunel0, 1994. An instant
is determinatef it is knownwhen(i.e., during which chronon)it is located. But if we
only know that the instantis locatedsometimeduring a setor rangeof chronons,we
call it anindeterminatanstant. The indeterminacyrefersto the locationof the instant,
not whetherthe instantexists. Indeterminateanstantsdo not modelthe situationwhere
it is unknownif aninstantexists. An indeterminatanstantis representedby a period
of indeterminacydescribingthe setof possibletimes for whenthe instantis located,
and a probability massfunction, giving the likelihood of eachtime in the period of
indeterminacyWhenausercreatesinindeterminaténstant shemayhavenoinformation
aboutthe underlyingprobability distribution. To handlethis situationwe introducedthe
capabilityof representingdistributionthatis “missing,”whichrepresentacompletdack
of knowledgeaboutthe probability massfunction. We alsodescribedanindeterminate
intervaltimestamgto modelintervalssuchas“sometimeduringthe70sthroughsometime
duringthe80s”) andanindeterminatespantimestamp(to modeldurationssuchas*“three
tofive days”). Thethreenewdata-typesvereaddedo theTQuelandTSQL2datamodels.

Oneimportantassumptiorwe makethroughoutis that tuplesare row-independent,
with no information sharedbetweenindeterminatetuples. All the other databasep-
proacheshatwe areawareof thatutilize probabilitiesto modelvariousflavorsof incom-
pletenessnakethisassumptiormaswell becauseomputingdependenprobabilitiesin the
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innerloopof queryprocessings justtooexpensive We alsoassumehattheindeterminate
instantscanbe modeledoy contiguoussetsof possiblechronons We do not supportnon-
contiguoussetswhich could modelindeterminateeventssuchas“it happenegesterday
morningor this morning,” althoughan appropriatgprobability massfunction (assigning
zeroprobability to times otherthanthis morningor yesterdaymorning,if this is within
implementatiorbounds)could beusedto modelthis particularsituation.We exploitboth
of theseassumption$o achieveefficiencyin representatioandin queryprocessingThe
contiguoussetassumptiorallowsusto represena periodof indeterminacywith alower
andan upperboundratherthanhavingto representachchrononin the setseparately
while theindependencassumptiorns necessarjo rapidcomputatiorof the probabilistic
ordering.

Querylevel supportfor indeterminacyrestson two controlson the retrievalprocess,
rangecredibility and orderingplausibility. Rangecredibility changeghe information
availableto query processing.It eliminatessomepossiblebut unlikely intervalsfrom
an indeterminatanterval until the desiredquality of informationis reached. Ordering
plausibility controlsthe constructionof ananswerto a queryusingthe pool of credible
information. We addedboth controlsto the syntaxandsemanticof TQueland TSQL2.
As with the introductionof any new datatype, permissibleoperationon indeterminate
instantsjntervals,andspansnustbeclearlyspecified.Operation®ntimestampgall into
four broadcategories.comparisonarithmetic,input, and output[Dyreson& Snodgrass
1993B]. The classof operationgmpactedmostby indeterminacyarecomparisonsand,
in particular thetemporalorderingoperatoy Before.

Thesemantic®f Before withoutindeterminacys basedn awell-definedorderingof
the valid-time instantsin the underlyingrelations[Snodgras4.987]. In the determinate
semanticsBeforeisthe” <” relationoneventimes. Everytemporakxpressiomgonsisting
of Before operationsandlogical connectivegefersto this orderingto determineif the
expressiots satisfied A setof determinatenstantshasasingletemporalbrdering.Given
atemporalexpressionthis orderingeithersatisfieghe expressioror fails to satisfyit.

A setof indeterminaténstantshowevercouldhavemanypossibléemporabrdeings.
For example,one temporalorderingof the instantsin the Received relation given on
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pagel8is ey, ey, €3, €4. But the orderingey, es, €5, ¢4 IS also possible. Thereare still
otherpossibleorderings.Someof theseemporalorderingsareplausible while othersare
implausible. We proposeto permitthe userto specifywhich orderingsare plausibleby
settinganappropriaterdering plausibility value. We stipulatethatatemporalexpression
is satisfiedf thereexistsa plausibleorderingthatsatisfiest.

The probability distributioninformationis relatedto the orderingplausibility value
in the following fashion. Considera setof instants,{a1, as,...,a,}, in a temporal
expressionForanypairof instants¢; anda;, comparedby theexpressiortheprobability
thato; is Before o in all possibleextensionsf thedatabaseannobelesshantheordering
plausibility. Essentiallywe proposeto treateachBefore asan isolatedtest(in termsof
probabilitycalculations).The orderingplausibility valueexpressetheusers confidence
in eachtest.

Operationson indeterminatevalueswith a distributionthatis missingarerestricted.
A tuple with a distribution that is missingonly participatesin querieswhich ask for
the definite or possibleanswer(astheseansweranakeno useof the underlyingmass
function).

We also augmentedhe createand modify statementsn both TQuel and TSQL2
to specify which relationsincorporatevalid-time indeterminacyand to identify which
timestampformatto use. The updatestatementgappenddelete,andreplace)canalso
be extendedn an analogousmanner The TSQLZ2 syntaxgiven here, including aug-
mentedschemaspecificationretrieval, update,and setstatementshasbeenadoptedn
theconsensugemporalquerylanguagel SQL2[Dyreson& Snodgras&994F].

Oneof ourgoalsin addingsupportor valid-timeindeterminacyo TQuelandTSQL?2
was to leave unchangedoth the meaningand performanceof all statementsvithout
indeterminacyWe call this propertyquery reducibility. Supportfor indeterminacys an
extensiorof thedeterminatsemanticandtheimplementatiomatherthanareplacement.

While it is easyto positanabstracimodelwith alarge setof weightedpossiblgimes,
the actualtime and spacecostof sucha modelmustbe carefully considered.We note
that other“probabilistic” databas@roposaldBarbaé etal. 1989,Barbaa etal. 1992,
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Cavallo & Pittarelli 1987, Gelenbe& Hebrail 1986] do not addresshe issueof cost;
perhapdecauseheresearcheranticipatedew weightedalternatives.

We showedhow indeterminatenstantswith a uniform or unknownprobability dis-
tribution canbe representeth only 64 bits in mostcasesfor userdefineddistributions
the commonrepresentatioms only 96 bits. The probability massfunctionis muchtoo
largeto storewith eachtimestampinsteadonly a pointerto amassunctionis stored.We
optimizedstorageof thecommonmassunctionpointers.

Weimplementedheoperationsequiredoy theextendedemanticsanddemonstrated
thattheimplementations efficient. The mostdifficult operatiorto implementefficiently
wasBefore. Beforeistypically executedn the“innerloop” of queryevaluationperformed
possiblymanytimesfor eachparticipatingtuple. In this tight innerloop, Before must
computeheprobabilisticorderingbetweenwo instantsapotentiallycostlycomputation.
But we successfullyusedapproximationtechniquego mitigatethe costof Before. We
usea tree-likedatastructureto storean approximationo a usergiven probability mass
function. A “pivoting” algorithmthencomputeghe probabilitythatoneinstantis before
another Althoughthe approximationof a massfunctionintroducessomeerrorinto the
“pivoting” computationywe showedhatthiserroris boundedandthatthesizeof theerror
is underthecontrolof thedatabasenplemento(theimplementochooseshe“precision”
and“coarsenessbdf the approximationandalsosetsthe numberof pivotsto perform).
Thereis atradeof betweerthe sizeof the errorandthe speedof the pivoting algorithm.
The speedof the pivoting algorithm can be improvedby relaxingthe error, however
the overall speedupon real-worlddatais slight. We experimentedvith error boundsof
1% and 10%. Exceptfor rare situations,the run-time costwas essentiallyequivalent.
We also comparedhe determinateBefore with the indeterminateBefore. Supportfor
indeterminacyappeardo essentiallydoublethe “in memory” costof query evaluation
(thisanalysiggnoresthepotentiallyfar greatercostof disk1/O in queryevaluationwhich
remainsunchanged).

Supportfor indeterminacyalsoenablesa richer modelingof granularityand of now.
Granularityandindeterminacyretwo sidesof thesamecoin. A timeatagivengranularity
is indeterminatewith respectto all finer granularities. The practicalimpact of this
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observationis that when a userchooseso convertan instanttimestampat a coarse
granularityto one at a fine granularitywith no loss of information, an indeterminate
instantresults. Indeterminacyis essentiato implementingoperationghat move times
aroundthegranularitylattice.

Now is atimestampvaluerepresentinghecurrenttime. A now-relativeindeterminate
instantis a span,representinghe the punctuality of updates,the specialvalue now,
indicating that the temporalinformationis currentand changesas time advancesand
an upperbound,limiting whenthe informationis current. For example,supposehat
anemployeses currentlyemployedbut will not work beyondtheyear1995. We could
representhis informationusingthe now-relativeindeterminatenstant| now ~ 1995|
asthe“to” time of theemploymeninterval. Thelower boundof the“to” time (i.e., now)
capturespn a day-to-daybasis,our changingknowledgeof the employeeis employed
while the upperbound(i.e., 1995) expressesur expectatiorof how long the employee
will remainemployed.

In sum,theapproachhatwe espouséerehasanintuitive semanticsis orthogonato
thoseproposeddy othersto handlevalueincompletenesandgeneralizedvents refines
previously proposedechniquego handlemultiple granularitiesof time, increaseghe
modelingcapabilitiesof a temporaldatabaseand hasa practicalimplementation.The
resultis anexpressivextensiono TQuelandTSQL2. Theextensions also‘transparent”
to theuserwhodoesnotusetheaddedquerylanguageanddatamodelsupportfor indeter
minacy Theextendedsemanticandimplementatiorreduceto the previousdeterminate
semanticandimplementatiorunderthe defaultcredibility andplausibility.

Thisdissertatiortanbeextendedn variousdirections.Time andspaceareanalogous,
yet different, problemdomains[Snodgrass992]. Perhapghereis a spatialanalogto
valid-time indeterminacyand the techniquegdevelopedherecanbe appliedto “spatial
indeterminacy Cantherepresentatioanduseof indeterminatenstantscanbe naturally
extendedo indeterminatépoints?”

“Best fit” queriesare anotheravenueof exploration. A bestfit queryrelaxesstrict
guery constraintsto accepttuplesthat comecloseto satisfyingthe query constraints,
without actually satisfyingquery constraints. Often the answersetis rankedby some
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“closenessneasure.’Forexample supposeve areinterestedn findingoutwhich airline
flights are scheduledo departaround9 AM. We couldissuea bestfit queryfor flights
thatarescheduledo departat 9 AM. Perhapso flights leaveexactlyat 9 AM; a best
fit querywould find flights thatcomeclosestto 9 AM first, followed by thosethatleave
muchearlieror muchlater Indeterminacycanbe usedto supportbestfit queries. In
theairline flight example 9 AM could be automaticallyinterpretedasthe indeterminate
instantf 6 AM ~ 12 AM | with anormaldistribution. A bestfit querywould then
askfor flights that overlapthis indeterminatenstant,ranking the resultsby the highest
orderingplausibility thatsatisfieghe overlap.

Valid-time indeterminacyalso engendersomenovel query optimizationproblems
sinceit is a newkind of information. For example the Before operationcostsslightly
morefor indeterminatanstantsthanfor determinatanstants. If the databasdiasonly
determinatanstants,limiting the numberof Before operationsmay havelittle impact
on the evaluationof a temporalexpressionput with indeterminatanstants,a possible
optimizationis to limit thenumberof Before operations.As a simpleexample consider
thetemporalexpression;é over | ap(first(~v, 5)) A «precede 35.” Evaluating
the secondconjunctrequiresa single call of Before while the first conjunctrequiresat
leastthreeBefore operations Evaluatinghesecond-onjunctandthenthefirst (if needed)
is a betterevaluatiorstrategy

Anotherimportantissueis validation. Thisdissertatioradvocateamethodor storing
andqueryingtemporallyincompletenformationin thehopethatuserswill findthismethod
practicalandbeneficialto their applications.A comprehensivetudyof the utility of the
methodsdvocatedhereis addressingsers’desirewill validateor refutethishope.Such
astudyis beyondthe scopeof thisdissertation.



APPENDIX A
TSQL2 BNF FOR INDETERMINACY

A.1 New or Modified Syntax for Indeter minacy Constructs

The organizationof this sectionfollows that of the SQL-92 document. The syntax
is listed undercorrespondingsectionnumbersin the SQL-92 document. All new or
modifiedsyntaxrulesaremarkedwith abullet (“e”) ontheleft sideof the production.

Whereappropriateye providedisambiguatingulesto describeadditionalsyntactic
andsemanticestrictions.Weassumehatthereadeis familiar with theSQL-92proposal,
andthata copyof the proposals availablefor reference.

A.1.1 Section 5.2 <token>

Six reservedvordswereadded.

(reserved word) ::=

) | | NDETERM NATE
) | CREDI Bl LI TY

) | PLAUSI BI LI TY
. | GENERAL

) | NONSTANDARD

. | DI STRI BUTI ON

A.1.2 Section 5.3 <literal >

No new syntaxis introduced but the allowabledatetime,interval, andperiodliteralsis
expandedo supportindeterminatevalues.
Additional GeneraRules:
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e Let A and B bevalid <datetimevalue>s, representinghe datetimesC' and D.

Let £ be a string consistentwith the distribution_format property which can
includereferencedo the field distribution_name. If the value of the indetermi-

nate_datetime property with the determinate_datetimel field replacedwith A, the
determinate_datetime2 field replacedvith B, andthedistributionfield replacedvith

E,isidenticalto the <datetimevalue>, thenthevaluerepresentelly the<datetime
value> is theindeterminatalatetimewith lower supportC', uppersupportD, and
distributionasnamesn £.

Let A andB bevalid <intervalvalue>s,representingheintervalsC andD. Let £/
beastringconsistentvith thedistribution_format propertywhich canincluderefer
encedo thefield distribution_name. If thevalueof theindeterminate_interval prop-
erty, with thedeterminate_interval 1 field replacedvith A, thedeterminate_interval2
field replacedwith B, andthedistribution field replacedwith £, is identicalto the
<intervalvalue>, thenthevaluerepresentetly the <intervalvalue> is theindeter
minatedatetimewith lower supportC', uppersupportD, anddistributionasnames
in E.

A.1.3 Section 6.1 <datatype>

Theproductiongor thenon-terminals(datetimetype), (interval type) and (period type)

areaugmenteavith thefollowing.

(datetimetype) ::=

[ (indeterminate data type) ] DATE [ (time precision and scale) ]

[ (indeterminate data type) ] TI ME[ (time precision and scale) ]
[WTH TI ME ZONE]

[ (indeterminate data type) ] TI MESTAMP [ (time precision and scale) ]
[WTH TI ME ZONE]
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(interval type) ::=
o [ (indeterminate data type) ] | NTERVAL [ (time precision and scale) ]

(period type) ::=
o [ (indeterminate data type) ] PERI OD[ (period precision) ]
[WTH TI ME ZONE]

Theproduction, (indeterminate data type) is added.

(indeterminate data type) ::=
‘ [ NONSTANDARD] [ GENERAL ] | NDETERM NATE

Additional syntaxrules:

1. Thedefaultdistributionis standardnot NONSTANDARD).
2. Thedefaultindeterminatelatetimas compactnot GENERAL).
3. Thedefaultdatetimes determinat€not! NDETERM NATE).

4. Thesizeof thetimestampformatallocateddependsn the kind of timestampse-
lectedandthe userspecifiedorecision.Enoughspacemustbeallocatedo thedata
fieldsto accommodattheprecisionof thetimestampprecisionrulesaredescribed
elsewhere) The defaultindeterminatéimestamgormatis the chunkedwith stan-
darddistributionsformat. By specifyingGENERAL the userchoosego useoneof
the generaljndeterminatdimestampformats. By specifyingNONSTANDARD the
userchooseso useoneof thenonstandartéimestamgformats.
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A.1.4 Section 6.3 <tablereference>

To the productionfor (table reference) is placeda (corr) non-terminal,which itself
includesanoptionalcredibility phrase.

(table reference) ::=
. (table source) [ [ AS ] (corr) { (corr) } ...]
. | (derived table) [ AS] (corr) { (corr) } ...
| (joined table)
(corr) =
3 (correlation) [ W TH CREDI Bl LI TY (integer) ]

Additionalgenerakules:

1. Thecredibility is avaluebetweerD and100(inclusive).

2. If the credibility phrasas missing,the defaultcredibility is 100 or asspecifiedoy
theuserwith a setstatement.

A.15 Section 7.6 <where clause>

To theproductionfor (where clause) is addedhe plausibility phrase.

(where clause) ::=
) VWHERE (search condition) [ W TH PLAUSI BI LI TY (integer) ]

Additionalgenerakules:

1. Theplausibility is a valuebetweenl and100 (inclusive). A valueof 1 impliesa
non-zergplausibility lessthanl.

2. If theplausibility phrasas missing the defaultplausibilityis 1000r asspecifiedoy
theuserwith a setstatement.
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A.1.6 Section 11 <schema definition>

We addto the productionfor (schema element) to allow dynamicdefinitionof distribu-
tions.

(schema element) ::=
) | (create distribution statement)

(create distribution statement) ::=
. CREATE[ { GLOBAL | LOCAL } TEMPORARY] DI STRI BUTI ON
(distribution name) USI NG (table name)

(alter distribution statement) ::=
o ALTERDI STRI BUTI ON (distribution name) USI NG (table name)

(drop distribution statement) ::=
o DROP DI STRI BUTI ON (distribution name)

Additionalgenerakules:

1. Thedistributionmustconformtoimplementation-dependedistributionconstraints,
otherwiseanexceptions raised.

2. The (create distribution statement) establishes newdistributionname.

3. Altering adistributioneffectively destroyghe old distributionandreplacest with
anewdistributionhavingtheindicatedtabledescriptor

A.1.7 Section 12.5 <SQL procedure statement >

To this classof statementareaddedhe defaultplausibility andcredibility statements.

(SQL session statement) ::=
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set credibility statement)
set plausibility statement)

alter distribution statement)

|«
|«
) | (create distribution statement)
|«
| (drop distribution statement)

(set credibility statement) ::=
. SET CREDI BI LI TY { (integer) | AS DEFAULT }

(set plausibility statement) ::=
. SET PLAUSI BI LI TY { (integer) | AS DEFAULT}

Additional syntaxrules:

1. Themostrecentinvocationof a (set credibility statement) or a (set plausibility
statement) takesprecedence.

2. If boththe (set credibility statement) andthe (set plausibility statement) are
omitted,thenthedefaults,100and100, respectivelyareassumed.

A.2 New or Modified Syntax for Granularity

The organizationof this sectionfollows that of the SQL92 document. The syntaxis
listedundercorrespondingectiomnumbersn theSQL92documentAll newor modified
syntaxrulesaremarkedwith abullet (“e”) ontheleft sideof theproduction.

Whereappropriatewe providedisambiguatingulesto describeadditionalsyntactic
andsemantigestrictions.We assumehatthereadeiis familiar with the SQL92proposal,
andthata copyof the proposals availablefor reference.
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A.2.1 Section 5.3 <literal>
A literal is added.

(time granularity) ::=
. (identifier)

Additional syntaxrules:

1. Theavailable (time granularity)s areimplementatiordependenthut mustinclude
YEAR, MONTH, DAY, HOUR, M NUTE, andSECOND.

A.2.2 Section 6.8 (datetime value function)

Thefollowing productionsareaddedto the (datetime value function) non-terminal.

(datetime value function) ::=
. | SCALE (left paren) (datetime value expression) AS
(time granularity) (right paren)

(period value expression) ::=
. | SCALE (left paren) (period value expression) AS
(time granularity) (right paren)

Additionalgenerakules:
1. Localinvocationof a scalefunctionoverrideshe globaldefault.

A.2.3 Section 6.10 (cast specification)

Castingto differentgranularitiess allowed,by addingto theoptionsof the (cast target).



(cast target) ::=
(domain name)
| (data type)
) | (timegranularity)

Additional syntaxrules:
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1. Thetableshowingallowabledataconversionss augmentedo addthetime granu-

larity (G) casttarget.

(data type)
of SD

(data type) of TD
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2. 1f DisD, T, TS, YM, DT, P TE, orISandTD is G thenthe conversiorresultsin
avalueof thedatatype SD atthe underlyinggranularityTD.

A.2.4 Section 6.14 <datetime value expression>

To the generalrules for the non-terminal (datetime value expression) are addedthe

following.
Additionalgenerakules:
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1. Thefollowing is addedo Rule 3.

The semanticsof <datetimevalue expressiors involving <period term>s is
calendardependent. If the underlyinggranularitiesof both are suppliedby the
tt SQL92calendarthenthe semanticareasfollows. (Original Rule 3 goeshere.)

2. Operandsrecoercedo theglobalscaleor castspecifiedn thelastSET SCALE or
SET CAST commandprior to theoperation.If nosuchcommandvasissuedr the
defaultsarespecified thenoperandsrescaledasneededo enforceledt-operand

semantics.

3. Therangeof intermediategesultsis the maximumallowedby theimplementation.

A.25 Section 6.15 <interval value expression>
Thefollowing productionis addedo the (interval value expression) non-terminal.
(interval value expression) ::=

) | SCALE (left paren) (interval value expression) AS
(time granularity) (right paren)

Thegeneralulesfor thenon-terminal (interval value expression) areaugmented.

Additionalgenerakules:
1. Localinvocationof a scalefunctionoverrideshe globaldefault.

2. Thefollowing is addedo Rule®6.

If <datetimevalueexpressior is specifiedthe semanticss calendardependent.
If the underlyinggranularitiesof both the <datetimevalue expression andthe
<datatimeternt>, aswell asthe <period qualifier> are suppliedby the SQL92
calendarthenthesemanticareasfollows. (Original Rule 6 goeshere.)

3. Thegranularityof theresultingtype of the SCALE operationis (time granularity).
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A.2.6 Section 10.1 <interval qualifier >

Thisissignificantlygeneralizedo allowimplementation-definegranularities The (non-
second datetime field) non-terminalis removed, (timestamp qualifier) and (period
qualifier) areaddedandthefollowing non-terminalsaremodified.

(start field) ::=
. (time granularity) [ (left paren)
(interval leading field precision) (right paren) ]
) | (left paren) (interval string) (interval qualifier) (right paren)

(end field) ::=
o (time granularity) [ (left paren)
(interval fractional seconds precision) (right paren) ]

(single datetime field) ::=
) (time granularity) [ (left paren) (interval leading fixed position)
[ (comma) (interval trailing field position) ] (right paren) ]

(timestamp qualifier) ::=
3 [ (start field) TO] (end field)
) | (single datetime field)

(period qualifier) ::=
. [ (start field) TO] (end field)
) | (single datetime field)

Thegeneralulesaresignificantlygeneralizedo removemanyfairly arbitraryrestric-
tions.
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A.2.7 Section 11.10 <alter table statement>
The (alter table statement) is augmentedvith thefollowing alternatives.

(alter table statement) ::=
. | (scalevalid definition)
. | (cast valid definition)

Thefollowing productionsareadded.

(scale valid definition) ::=
° SCALEVALI DAS (time precision and scale)

(cast valid definition) ::=
* CAST VALI DAS (time precision and scal€)

Additional syntaxrules:
1. Let T bethetableidentifiedin the containing (alter table statement).
2. T shallbeavalid-timetable.

Additionalgeneratules:

1. Thetemporaklemenbf eachtupleof T is convertedo thenewprecisionandscale,

usinga castor scaleoperation.

A.2.8 Section 12.5 <SQL procedure statement >

The productionfor the non-terminal<SQL sessionstatement is changedo include
defaultsession-levetcaleandcastspecificatiorcommands.
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(SQL session statement) ::=
. | <setscalestatement

o | <setcaststatement

(set scale statement) ::=

. SET SCALE { (time granularity) | AS DEFAULT }
(set cast statement) ::=
. SET CAST { (time granularity) | AS DEFAULT }

The SET PROPEHRIES statements extendedo optionallyassociat@ropertieswith
aparticulargranularity

(set properties statement) ::=
SET PROPERTI ES
[ FOR CHARACTER SET [ DEFAULT | NATI ONAL | <characteset> ] ]
. [ FOR { (granularity name) | (calendar name) } ]
W TH <propertyspec>

Additional syntaxrules:

1. The mostrecentinvocationof a (set scale statement) or a (set cast statement)
takesprecedence.

2. If boththe (set scale statement) andthe (set cast statement) are omitted (or
specifiedas default, thencoarsergranularitysemanticss assumed.

3. Case:

e If neither (granularity name) nor (calendar name) is specified,thenthe
propertiedor all granularitiesarealtered.
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e If (granularity name) is specifiedthenonly thepropertiedor thatgranularity
arealtered.

e If (calendar name) is specifiedthenonly the propertiedor the granularities

definedby thatcalendaarealtered.



