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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-timestampedtemporaldatamodelto supportvalid-timeindeterminacyandoutline

its implementation.Thiswork isnovelin thatpreviousresearch,althoughquiteextensive,

hasnot studiedthis particularkind of incompleteinformation. To modeltheoccurrence

timeof anevent,weintroduceanewdatatypecalledanindeterminate instant. Ourthesis

is that by representingan indeterminateinstantwith a setof contiguouschrononsand

a probability distributionover that set, it is possibleto characterizea large numberof

(possiblyweighted)alternatives,to deviseintuitive querylanguageconstructs,including

schemaspecification,temporalconstants,temporalpredicatesandconstructors,andag-

gregates,andto implementtheseconstructsefficiently. WeextendtheTQuelandTSQL2

querylanguageswith constructsto retrieveinformationin thepresenceof indeterminacy.

Althoughtheextendeddatamodelandquerylanguageprovideneededmodelingcapabil-

ities,theseextensionsappearto carryasignificantexecutioncost.Thecostof supportfor

indeterminacyis empiricallymeasured,andis shownto bemodest.We thenshowhow

indeterminacycanprovidea muchrichermodelingof granularity andnow. Granularity

is the unit of measureof a temporaldatum(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 distinguishedtemporalvalue. We

describea newkind of instant,a now-relative indeterminate instant, which hasthesame

storagerequirementsasotherinstants,butcanbeusedto modelsituationssuchasthatan

employeeis currentlyemployedbut will not work beyondthe year1995. In summary,

supportfor indeterminacydramaticallyincreasesthemodelingcapabilitiesof a temporal

databasewithoutadverselyimpactingperformance.
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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-timestampedtemporaldatamodelto supportvalid-timeindeterminacyandoutline

its implementation.Thiswork isnovelin thatpreviousresearch,althoughquiteextensive,

hasnot studiedthis particularkind of incompleteinformation. To modeltheoccurrence

timeof anevent,weintroduceanewdatatypecalledanindeterminate instant. Ourthesis

is that by representingan indeterminateinstantwith a setof contiguouschrononsand

a probability distributionover that set, it is possibleto characterizea large numberof

(possiblyweighted)alternatives,to deviseintuitive querylanguageconstructs,including

schemaspecification,temporalconstants,temporalpredicatesandconstructors,andag-

gregates,andto implementtheseconstructsefficiently. WeextendtheTQuelandTSQL2

querylanguageswith constructsto retrieveinformationin thepresenceof indeterminacy.

Althoughtheextendeddatamodelandquerylanguageprovideneededmodelingcapabil-

ities,theseextensionsappearto carryasignificantexecutioncost.Thecostof supportfor

indeterminacyis empiricallymeasured,andis shownto bemodest.We thenshowhow

indeterminacycanprovidea muchrichermodelingof granularity andnow. Granularity

is the unit of measureof a temporaldatum(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 distinguishedtemporalvalue. We

describea newkind of instant,a now-relative indeterminate instant, which hasthesame

storagerequirementsasotherinstants,butcanbeusedto modelsituationssuchasthatan

employeeis currentlyemployedbut will not work beyondthe year1995. In summary,

supportfor indeterminacydramaticallyincreasesthemodelingcapabilitiesof a temporal

databasewithoutadverselyimpactingperformance.



CHAPTER 1

INTRODUCTION

Therelationaldatabasemodel[Codd1970]hasprovedafruitful paradigmfor database

researchandcommercialapplications.Therelationalmodelblendsconceptualsimplicity

with asolidtheoreticalfoundation,andhasanefficient implementation[Date1990]. But,

asoriginally formulated,the relationalmodelcould not representor query incomplete

information. In the last two decades,the relationalmodelhasbeenextendedto provide

supportfor manykindsof incompleteinformation,includingfuzzy, imprecise,indefinite,

indeterminate,missing,partial,possible,probable,uncertain,unknown,vague,anddis-

junctiveinformation.(Relatedwork ispresentedin Chapter2.) Thisinterestin supporting

incompleteinformationin relationaldatabasesis fueledby therealizationthatincomplete

informationis pervasivein largebodiesof data.

Temporal information is also ubiquitous;time is an attributeof most “real-world”

data. For example,a personnelrelationis commonlya historyof employeepromotions

anddemotions,a building relationrecordsdifferentblueprintversions,andaninventory

relationchartssalesovertime. Despitetheprevalenceof temporalinformation,thereisno

specialsupportfor it in therelationalmodel. Temporaldatabaseresearchershaveadded

specialsupportfor temporalinformation;extensionsto the relationalmodel to support

timearemanifold[Kline 1993,Soo1991]. Thissupportis dividedalongtwo orthogonal

temporaldimensions:valid time andtransactiontime [Jensenet al. 1994,Snodgrass&

Ahn 1986]. Valid time is the “real-world” time associatedwith a fact while transaction

time is the time when the fact was storedin the database.The two time dimensions

canbe usedto partition databasesinto four categories:snapshot databaseswhich have

no supportfor either time dimension,transaction-time databaseswhich supportonly

transactiontime, valid-time databaseswhich supportonly valid time, and bitemporal

14



15

databaseswhich supportboth time dimensions.This taxonomyof temporaldatabasesis

sufficient; in thesix yearssinceit wasformulated,nonewtaxonomieshavesupplantedit.

A valid-timedatabaserecordsthehistoryof anenterprise[Jensenet al. 1994]. The

historyis asequenceof events.Theterm“history” is intuitive,butsomewhatmisleading,

sincetheeventscouldbein thefuture. It associateswith eventatimestamp indicatingwhen

thateventoccurred.Oftenauserknowsonlyapproximatelywhenaneventhappened.For

instance,shemayknowthatit happened“between2PMand4PM,” “sometimelastweek,”

or “aroundthe middleof the month.” Theseareexamplesof valid-time indeterminacy.

Informationthat is valid-timeindeterminatecanbecharacterizedas“don’t know when”

information,or moreprecisely, “don’t know exactly when” information. This kind of

informationhasvarioussources,includingthefollowing.

M Granularity mismatch — In perhapsmostcases,the granularitywith which data

is recordedis finer thantheprecisionto which theoccurrencetime of aneventis

known. For example,anoccurrencetime knownto within onedayrecordedon a

systemwith timestampsin the granularityof a microsecond,happenedsometime

during thatday, butduringwhich microsecondis unknown.

M Dating techniques — Many dating techniquesare inherentlyimprecise,suchas

Carbon-14dating.

M Uncertainty in planning — Projectedcompletiondatesareofteninexactlyspecified,

e.g.,theprojectwill completethreeto six monthsfrom now.

M Unknown or impreciseevent times— In general,occurrencetimescouldbeunknown

or imprecise.For example,perhapswe do notknow whenanindividualwasborn.

Theindividual’sdateof birth couldberecordedin thedatabaseaseitherunknown

(theywerebornbetweenthebeginningandtheendof time)or imprecise(theywere

bornbetweennowand70yearsago).

M Clock measurements — Every clock measurementhassomeimprecision[Petley

1991].
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Temporaldatabasemanagementsystemsshouldprovide supportfor valid-time in-

determinacy. In particular, timestampsshould include a representationfor valid-time

indeterminacy, usersshouldbeableto control,via querylanguageconstructs,theamount

of indeterminacypresentin derivedinformation,andthequeryevaluatorshouldaccom-

modatevalid-time indeterminacyin its processing.Queryevaluationefficiency should

remainhigh in thepresenceof valid-timeindeterminacy, andit shouldbeunaffectedby

its absence.

This dissertationpresentsa valid-time indeterminate datamodelandits implementa-

tion. Themodeladdsvalid-timeindeterminacyto TQuel [Snodgrass1987]. TQuel is a

strict supersetof Quel, the querylanguagefor Ingres[Stonebrakeret al. 1976]. TQuel

hasa complete,formal semanticswhich we extendto supportvalid-timeindeterminacy.

WealsoextendTSQL2[Snodgrassetal. 1994],which is aconsensustemporalextension

of SQL-92[Melton & Simon1993],to supporttemporalindeterminacy. Theadditionof

indeterminacyto two,distincttemporalquerylanguagesdemonstratesthatthetechniques

wedescribearenotlimited to aparticularquerylanguage,butinstead,aregenerallyappli-

cable.Below we give a shortexamplerequiringthestorageof temporallyindeterminate

information.

A valid-timedatabaseis shownin Figure1.1. Thisdatabasemodelsasinglecompany

with twowarehousesandoneairplanefactory. Thewarehousessupplypartsto thefactory.

Eachwarehousekeepsa Sent relation,which recordswhenpartswereshippedfrom the

warehouseto the factory. The factory maintainsthe In Production relation,which is a

productionhistory of airplanesbuilt by the factory. For every relation we assumean

underlyingtimestampgranularityof oneday.

Valid-timeindeterminacynaturallyarisesin bothbaserelationsandderivedrelations.

It may surprisethe readerto note that the In Production baserelation is a valid-time

indeterminaterelation. This is becausethegranularityof the In Production relationis a

monthwhile thatof theSent andReceived relationsarejust a singleday. A monthis an

indeterminatevaluethatrepresentsasetof possibledays.Weknowthatproductiononan

airplanestartedonsomedayin theindicatedmonth,butwecannotbesurewhichone.For
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thisexample,weassumethatproductionis equallylikely to havestartedor endedduring

anydayin anindicatedmonth,although,in generalwe allow nonuniformlikelihoods.

TheReceived relationisnotmaintainedbyeitherthefactoryorawarehouse;ratherit is

aderivedrelation,theproductof inference.Partsareshippedby truck from a warehouse

and arrive at the factory no earlier than four and no later than twenty-fourdaysafter

theyleavea warehouse.TheReceived relationis computedfrom eachwarehouse’s Sent

relationby addinga 4–24day“fudge factor” to thevalid-timeattribute.Thevalid times

in theReceived relationareindeterminate;that is, we knowroughlywhenthepartswere

received,but we do not know exactlywhich day they werereceived. We will assume

that eachday in the recordedrangeof daysis equally likely. For example,the batch

of enginesreceivedfrom the Trump warehousearrived on one of the daysin the setN
June8 ) June9 )O�*�*�8) June27P , butwe havenoreasonto favoronedayoveranother.

In a databasethatsupportsvalid-time indeterminacy, queriescanmakeuseof inde-

terminateinformation. Supposethat a few of the Centurionairplaneownersreport a

faulty wing strut. Naturally, we would like to query the databaseto determinewhich

warehouse(s)suppliedthedefectivepartsand,specifically, which lotsareimplicated(we

give sucha queryin Section4.3). In TQuel(or TSQL2)with valid-time indeterminacy,

we couldqueryto determinewhich shipmentof wing struts“overlaps”theproductionof

aCenturionairplane.Overlapis theoperationof temporalintersection.

Therearetwowell-definedlimits onananswertoaqueryin anincompleteinformation

database:the definite answerandthepossible answer[Lipski 1979]. Very roughly, the

definiteansweris the information that satisfiesthe query in all possibleextensionsof

thedatabasewhile thepossibleansweris theinformationthatsatisfiesthequeryin some

possibleextensionof the database.For example,considera temporalselectionon the

Received relationthatselectsthosetuplesreceivedprior toJune10. Eventhoughtheexact

datetheshipmentof Lot Num 23 from theTrumpwarehousearrivedis unknown,it is

clearthat this shipmentarrivedbeforeJune10 (theshipmentarrivedon somedayin the

set
N
May 10) May 11)Q���*�*) May 29P ). This tuple,andno other, is in thedefiniteanswer

to thequery. Lot Num 30 from theGriffin warehouseis in thepossibleanswerto the

query. It is possiblethat this shipmentarrivedprior to June10 (andalsopossiblethat
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Sent by Trump(Lot Num,Part)

Valid time
Lot Num Part (at)

23 wing strut May 6
24 engine June 4

Sent by Griffin(Lot Num,Part)

Valid time
Lot Num Part (at)

30 wing strut 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
Warehouse Part (at)

Trump 23 wing strut May 10 R May 29 S*T
Griffin 30 wing strut May 30 R June18 S8U
Trump 24 engine June 8 R June27 SWV
Griffin 31 wing strut June13 R July 2 SWX

Figure1.1: A valid-timedatabase
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The Definite Answer
Lot Num Valid time

Warehouse Part (at)
Trump 23 wing strut May 10 R May 29

The Probable Answer

Lot Num Valid time
Warehouse Part (at)

Trump 23 wing strut May 10 R May 29
Griffin 30 wing strut May 30 R June18

The Possible Answer

Lot Num Valid time
Warehouse Part (at)

Trump 23 wing strut May 10 R May 29
Griffin 30 wing strut May 30 R June18
Trump 24 engine June 8 R June27

Figure1.2: Answersto examplequeries

it did not). Similarly, Lot Num 24 from the Trump warehousepossiblyarrivedprior

to June10. Thefirst shipmentfrom theTrumpwarehouseis alsoin thepossibleanswer

becauseadefiniteansweris alsoa possibleanswer, butnotvice-versa.

Betweenthepossibleanddefinitelimits lie otheranswers.For instance,assumethat

it is equallylikely thatLot Num 24 from theTrumpwarehousearrivedon eachdayin

the set
N
June8 ) June9 )��*�*�8) June27P . For the shipmentto havearrivedprior to June

10, it hadto arriveoneitherJune8 or June9. If all thedaysareconsideredto beequally

likely, thenthereis a probabilityof only 0.10(2 chancesout of 20) thatthetheshipment

wasreceivedprior to June10. So it is improbable thatLot Num 24 arrivedprior to

June10. However, it is probable thatbothLot Num 30 (0.55probability, 11 chances

out of 20) andLot Num 23 did arrive (1.00 probability). The definite,possible,and

“probable” answerto the temporalselectionareportrayedin Figure1.2. If the query

languagecanmakeuseof a probability distributionover the possibletimesassociated

with anindeterminateinstant,a “richer” querylanguageresults,onenot restrictedto the

definiteandpossibleanswers.The richnessof the query language,however, mustnot

compromiseefficient implementationnordetractfrom theintuitivenessof thelanguage.
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Therearetwo stagesto determiningananswerto aquery. Thefirst stageretrievesthe

datathatis relevantto thequery. Thesecondstageconstructsananswerthatsatisfiesthe

constraintsspecifiedin thequery. We provideseparatecontrolson theindeterminacyfor

eachstage.

Range credibility changestheinformationavailableto queryprocessing.Forinstance,

givena uniform distributionassumption,it is unlikely thatproductionon the Centurion

serialnumberAB33 hadbegunearly in March, but more likely that it had startedby

late March, sincethe likelihood that productionhadstartedby a given dateis the sum

of the probabilitiesthat productionbeginon eachpreviousday. A typical usermight

be interestedin only thoseproductiontimesthatarelikely, lateMarch to earlyJunefor

theCenturion,ignoringthosethatareunlikely. In TQuelor TSQL2with indeterminacy

theusercanexpressthis preferenceby selectingan appropriaterangecredibility value.

Thechosenrangecredibility potentiallymodifieseveryinterval in a valid-timerelation,

restrictingthe rangeof eachinterval. Effectively, non-crediblestartingandterminating

timesareeliminatedto thechosenlevel of credibility duringqueryprocessing,allowing

theuserto controlthequalityof theinformationusedin thequery.

Ordering plausibility controlstheconstructionof ananswerto thequeryusingthepool

of credibleinformation. For instance,a Centurionownercould querywhich shipment

of wing strutsplausiblyarrivedduringproductionof his or herplane. Intuitively sucha

queryrelaxestheconstraintsontherelationshipbetweentheproductiontimesandtheday

a shipmentwasreceivedfrom “absolutelysureof overlap?” to “is it probablethat they

overlap?”or perhapsto “is it evenremotelypossiblethattheyoverlap?”.Theuserselects

thekind of overlapthatsheor herequiresby settinganappropriateorderingplausibility

value. It is probablethat lot number31 from theGriffin warehousewasreceivedduring

productionof theCenturionwith serialnumberAB33, butonecannotbeabsolutelysure

thatit did.

In summary, thereis a naturaldivision betweenindeterminacyin thedataandinde-

terminacyin thequery. Thesupportfor valid-time indeterminacythatwe addto TQuel

andTSQL2 allows the userto control both kinds of indeterminacy. Rangecredibility

massagestheinformationfrom whichaplausibleanswerto thequeryis constructed.
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In thenextchapter, we informally andformally definewhatwe meanby incomplete

information in relationaldatabasemanagementsystems. We also mapthe incomplete

informationlandscape,pinpointingpreviousapproaches,andclearlydelimit theterritory

of valid-time indeterminacy. We thenexaminethe representationof valid-time indeter-

minacy. We presentour ontologyof time and introducethe threebasicindeterminate

modelingentities: theindeterminateinstant,interval,andspan.Next,we addconstructs

to TQuel to permit creationof relationswith indeterminatetime valuesandto express

operationson thosevalues.After that,we explorewhat it meansto retrieveinformation

from adatabasewith valid-timeindeterminacy. Emphasisis placedonprovidingasimple

andintuitive retrievalmethod. We extendTQuel’s tuple calculus(the formalismused

in TQuel’s determinatesemantics),to handlevalid-time indeterminacy. The extended

semanticsreducesto thecurrentsemanticswhenno indeterminacyis presentin a query.

We thenconsiderimplementationissues.Althoughretrievingvalid-time indeterminate

informationmay appearto be expensive,we outline an efficient implementation. We

describethealgorithmsusedto implementtheextendedsemantics.Thesealgorithmsare

implementedandperformancefigurespresented.Bit layoutsof indeterminateinstants,

intervals,andspansarepresentedandshownto becompetitive(in termsof space)with

existingdatabasetimestampformats.Theextendedimplementationreducesto thecurrent

implementationwhenno indeterminacyis usedin a query. In thefinal chapterswe add

indeterminacyto TSQL2,andexplorethe impactof indeterminacyon the modelingof

granularity andnow; indeterminacypermitsa richermodelingof bothconcepts.



CHAPTER 2

A TAXONOMY OF INCOMPLETE INFORMATION

Somedatabasemanagementsystemscan storeand useinformation that is incom-

plete. In this chapter, we informally andformally definewhatwe meanby incomplete

informationin databasemanagementsystems,andweclassifyproposedextensionsto the

relationaldatamodelthatcanstoreandqueryincompleteinformation. Therearemany

differentkindsof incompleteinformationincludinginformationthatis fuzzy, imprecise,

indeterminate,indefinite,missing,partial,possible,probabilistic,unknown,uncertain,or

vague.We will exploreeachvarietyof incompleteinformationin detailbelow. Because

therearesomanydifferentflavorsof incompleteinformation,therehavebeenmanypro-

posedextensionsof therelationalmodelto supportincompleteinformation,far toomany

to give a detailedaccountof eachin the limited spaceof this chapter. To makesense

of themultitude,we providea taxonomythatpigeonholeseachproposedextensionin a

generalclassof incompleteinformationmodels.

Thischapteris organizedasfollows. First,wedefine“incomplete”andbuild aformal

notationfor describingdatabasesthatcontainincompleteinformation.Next,weapplythe

formal definitionto thekindsof incompleteinformationfoundin theliterature.We then

describea taxonomyandclassifythevariousresearchproposals.Finally, we providea

brief summaryof thecentralconcepts.

2.1 Definitions

In this sectionwe definewhatwe meanby “incomplete.” Thedefinitionof 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 respectto anobject

thatisentireorwhole.Theincompleteobjectismissingsomethingfromitsmorecomplete

22



23

partner. For example,anancientGreekstatuemissinganarmis incompletewith respect

to thestatuewith thatarm. If thestatue’sarmis unearthedandreaffixed,thestatuecould

bemadecomplete.

If informationis representedasa fact (we definewhatwe meanby a fact below),the

differencebetweena completeandanincompletefact is oftena matterof precision. For

instance,a fact which statesthat thetemperatureis Y[Z4\ is lessprecisethana fact which

statesthat the temperatureis Y4Z���] \ . The Y[Z \ temperaturefact, however, is moreprecise

thanonewhich assertsthetemperatureto be Y[Z4\_^`]�\ or a fact which statesthatit could

beanytemperature.

The informal definitionof incompleteinformationis that informationis incomplete

becauseit is missingsomethingfrom morecompleteinformation,andtheincompleteness

can be assuagedby addingthe missinginformation,which may be unavailable. It is

very importantto notethatinformationis incompleteonly with respectto morecomplete

information(which in turncouldbeincompletewith respectto still otherinformation).

We will assumethat a fact is a tuple in a relation. Adopting the well-known cor-

respondencebetweenfirst-orderlogical modelsandrelationaldatabases[Ullman 1988],

we will write a fact asa ground literal. For example,assumethat we havea relation,

Employees, with asingleattribute,Name. ThenthefactthatJoeis anemployeeis written:

employee(joe). In general,therearetwo kindsof facts: extensional factsandintensional

facts. The extensionalfactsarewhat the databasehasin its baserelations,that is, the

axiomsof the first-ordermodel. The intensionalfactsarewhat canbe derivedby the

database(e.g.,views). To simplify this discussion,we will largely ignorewhat canbe

derivedin aquerylanguage(i.e.,ourfirst-ordermodelhasno proof rules).

The formal definition of incompleteinformation in databasemanagementsystems

beginswith definingthe meaningof a database.In this chapter, we will assumethat a

database,a , is a setof facts,
N�bdc )��*�*�8) bfe P . Themeaningof a database,a , written � �ga�" " ,

is denotedby a set,
N � � bhc " "()��*�*�8)�� � bfe " "iP , wherethemeaningof eachfact, � � bfj " " , dependson

thefact,but in general,is amultiset.
c

(Thereasonfor usingamultisetwill bemadeclearT Knuthdescribesamultisetas“a mathematicalentitywhichislikeasetbut isallowedtocontainrepreated
elements;an objectmay be an elementof a multisetseveraltimes,andits multiplicity of occurrencesis
relevant”[Knuth 1969].
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whenprobabilisticinformationis introducedbelow.) Asanotationalconvenience,instead

of replicatingidenticalelementsin a multiset,we will associatea numericalcoefficient,

representingthenumberof suchelementsin themultiset,with eachelement.Forexample,

we will write themultiset,
N4k )Wl�)WlmP as

N -:n k )o1�n4lmP . Onefurthernotationalnote,we will

drop the coefficient whenit is - . In our simplified modelof a database,a databaseis

nothingmorethana collectionof facts,consequently, in whatfollows, we will focusjust

onsinglefactsratherthanon thedatabaseasa whole.

In the multisetmodelof a fact, the meaningof a fact is a multiset. Eachelement

in the multiset is a set of literals. For example,the meaningof the fact p�Arq?&slmB in our

multisetmodelis
N -[n N p*Arq<&(l*BtP�P , or just

N�N p*Arq<&(l*BtP�P . Themappingsbetweenfactsand

theirmeaningsaredevelopedin Section2.2.

Eachfact in the databasemight or might not be trueof theworld (i.e., thedatabase

mightmodelafantasyworld). Weassumethateverythingthatis knownaboutthemodeled

world is containedin thedatabase.

Eachfact potentiallyhastwo interpretations:a definite interpretationanda possible

interpretation. The definite interpretationis all the informationthat that fact definitely

represents,while thepossibleinterpretationis everythingthatthefactpossibly represents.

Westipulatethatthedefiniteinterpretationof afactis thesubsetof literalsthatis common

to eachsetof literals in themeaningfact (recall that themeaningof a fact is a multiset,

theelementsof whicharesetsof literals).

Definition 2.1.1 Thedefinite informationin a fact, � � b " "?F N = c )��*�*�8)W=�uvP , written w�p�=yx , is

w�p�= x{z�|6} ~}(���[� � x�� � =
j

where ~ is setintersection.

The possibleinformationin a fact is the informationthat is isolatedto specificliterals

associatedwith a fact.

Definition 2.1.2 Thepossible informationin afact, � � b " "fF N = c )*���*�*)W=�u�P , iswritten q�>�����x .

q�>���� x�z�|.} �}(���4� � xv� � =
jr� w�p�= x where � is setunion.



25

Theformaldefinitionof incompleteinformationin a fact is relatedto its possibleand

definiteinformation.A factcanbeincompleteonly with respectto anotherfact.

Definition 2.1.3 A fact
b

is incomplete with respectto a fact
b � (written

b � j b � ) if

&sw�p*= x�� w�p�= xy��� q�>���� xy�?� q�>���� x B���&(w�p�= x�� w�p�= x���� q�>���� x��?� q�>���� x B

Thisdefinitionstatesthat
b

is incompletewith respectto
b � if it containseitherlessdefinite

informationor morepossibleinformation.We motivatetheutility of this definitionwith

anexample.Considerthefollowing facts:

bdc F N�N p�Arq?&slmBDP�Pb�� F N�N p�Arq?&slmBDPv) N p�Arq?&s�mBDP�Pbf� F N�N p�Arq?&slmBDPv) N p�Arq?&s�mBDPv) N p�Arq?&sw�BtP�P
Thedefiniteandpossibleinformationin thesefactsis givenbelow.

w�p�=5x[��F N p�Arq?&slmBDP q�>�����x[�QF��
w�p�= x*� F
� q�>���� x*� F N p�A�q<&(l*BW)�p*Arq<&(�*BtP
w�p�= x*� F
� q�>���� x*� F N p�A�q<&(l*BW)�p*Arq<&(�*BW)�p�Arq?&sw�BtP

b��
is incompletewith respectto

bdc
becauseit hasbothmorepossibleinformationandless

definiteinformation.Similarly
b �

is incompletewith respectto
b��

, butonlybecauseit has

morepossibleinformation.Wewill returnto theseexamplesin thenextsection,because

it remainsunclearwhethertheincompletenessrelationshipsamongthesefactscorrespond

to what is traditionally consideredto be incompleteinformation. We will demonstrate

thattheaboverelationshipscapturesomeverycommonkindsof incompleteinformation.

Incompleteinformationis presentat thedatabaselevel aswell asat thefact level (a

databaseis a setof facts). For instance,a databasethatcontainstwo factsis incomplete

with respectto anotherdatabasewhichstoresthosetwo factsplusathird. Incompleteness

at thedatabaselevel is definedbelow.
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Definition 2.1.4 A database,a , is incomplete with respectto anotherdatabase,a � , if

� b�j?  a¡&£¢ b�¤d  a��y& b�j � j¥b�¤ BDBW�

Thisdefinitionstipulatesthattheincompletedatabaseismissinginformationfromitsmore

completepartner. Thereis amorecompletefact in thecompletedatabasefor everyfactin

theincompletedatabase.Wewill notexploreincompletenessatthedatabaselevelfurther;

it is aissueof incompleteinformationgatheringratherthanoneof incompleteinformation

within a databasecontext. Instead,we will concentrateon incompleteinformationat the

levelof facts.

2.2 Attribute Incompleteness

In thissection,wedescribevariouskindsof incompleteinformationandgivethemeaning

of eachtype in thecontextof the formal modeldevelopedin theprevioussection. We

limit the discussionto incompleteinformationstoredasattributevalues,which we call

attribute incompletenesstodistinguishit from tuple incompleteness(whetherornotatuple

belongsto arelation)or query incompleteness(whetheror notaqueryreturnsacomplete

answer).Wefocusonattributeincompletenessbecausevalid-timeindeterminacyisakind

of attributeratherthantupleor queryincompleteness.

2.2.1 Common Incomplete Attribute Values

An unknown attributevalue is a value that is known to exist, but the actualvalue is

unknown.Theunknownvalueis assumedto beavalid attributevalue,thatis, somevalue

in thedomainof thatattribute.Thisa verycommonkind of incompleteinformation.For

example,in anemployeedatabase,while everyonemusthaveanage,Joan’s agemaybe

recordedasunknown. TheunknownvalueindicatesthatJoanhasa valid age(i.e. it is

not “purple” or “-3” or “INAPPLICABLE”), but we do not know herage.An unknown

valuehasvariousnamesin the literatureincluding unknown null [Codd1979], missing

null [Goldstein1981],andexistential null [Biskup1981,Minker 1982].
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In our formal model,we candescribean unknownattributevalueasfollows. The

meaningof a fact,
b

, with an unknownattribute value over an attribute domain of

cardinality ¦ is a multiset with ¦ members;eachmemberis a set containingan
b

literal with the unknownvalue replaceda different value from the attributedomain.

For example,assume
b F p�Arq?&¨§�B (where @ representsan unknownvalue over a

domain
N l�):��):w�P ), thenthe meaningof

b
is the meaningof examplefact

b �
, that is,N�N p�Arq?&(l*BtPv) N p�Arq?&(�*BtPv) N p*Arq<&(w�BtP�P . Not surprisingly,

bf�
is incompletewith respecttobdc

(
bhc

is anunknownvalueoverthedomain
N l*P , or in otherwords,it representsaknown

value). This correspondsto thenotionthata fact with anunknownvalueis incomplete

with respectto afactwherethatunknownvalueis nolongerunknown,but is nowknown

to bea specificvalue.

A generalizationof anunknownvalueis an imprecise value. An imprecisevalueis

anattributevaluethatis knownto existandknownto bea singlevaluefrom a subset of

theattributedomain. For example,in an employeedatabase,if Jill’ s ageis recordedas

somewherebetween20 and30 yearsold, but herpreciseageis not recorded,herageis

saidto beimprecise.A specialcaseof animprecisevalueisanunknownvalue(thesubset

is thedomainitself). Anotherspecialcaseis a preciseor completevalue(thesubsetis a

singletonset).Partially known values [Grant1979]andset nulls [Keller & Wilkins 1985]

areimprecisevalues.

The meaningof an imprecisevaluein the multiset formulationis similar to that of

anunknownvalue. In our examplecollectionof facts,
b �

is animprecisevalueoverthe

subset
N l�)d�*P of thedomain

N l�)d��)�w�P . b�� is incompletewith respectto
bhc

becauseit has

nodefiniteinformation,butnotincompletewith respectto
b �

because
b©�

haslesspossible

informationthan
b �

.
b��

is moreprecisethan
b �

.

Anothergeneralizationof anunknownfactisadisjunctive fact[Grant& Minker1986],

also known as indefinite information [Liu & Sunderraman1990, Liu & Sunderraman

1991]. A disjunctionis a logical or appliedto literals. For example,Jill might be an

employeeor a manager(e.g.,“emp(Jill) � manager(Jill)”). Thedisjunctionis exclusive

[Ola 1992]or inclusive [Homenda1991]. If it is anexclusivedisjunction,oneandonly

onedisjunctis true. Themeaningof anexclusivedisjunctivefact is thesameasthatof an
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imprecisevalue.Let
b

beanexclusivedisjunctivefactwith ¦ disjuncts.Themeaningofb
is givenby a multisetwith ¦ members;eachmemberis a setcontainingonedisjunct.

For example,assume
b F	p*Arq<&(l*Bd�{p�A�q<&(�*B , thenthemeaningof

b
is themeaningof

examplefact
b��

.

The meaningof an inclusive disjunctive fact is somewhatdifferent than that of

its exclusivecounterpart. Let
b

be an inclusive disjunctive fact with ¦ disjuncts.

The meaningof
b

is given by a multiset with 1�ª � - members;eachmemberis

a unique subsetof disjuncts. For example,assume
b F p�A�q<&(l*B«�Ip�Arq?&(�*B , then

� � b " "�F N�N p�Arq?&slmBo)�p�Arq?&s�mBDPv) N p*Arq<&(l*BtPv) N p�Arq?&(�*BtP�P . The“empty attribute”fact, p�Arq?&£B ,
is not part of the meaningof an inclusivedisjunctivefact sinceat leastonealternative

valuemustbe the attributevalue. Theemptyattributerepresentsthe situationwherea

tupleexists,but doesnot havea particularattributevalue(e.g.,anunmarriedemployee

tupleexists,butdoesnotanyvaluefor themarriednameattribute).

A maybe value is anattributevaluewhichmightor mightnotexist[Gessert1991]. If

it doesexist,thevalueis known. For instance,we couldstorein our employeedatabase

thatJill’ sphonenumbermaybe555-5555.If Jill hasaphone,thenthis is hernumber, but

shemaynothaveaphone.A maybe tuple is similar to amaybevalue,but theentiretuple

might not bepartof the relation[Liu & Sunderraman1990,Liu & Sunderraman1991].

Maybetuplesareproducedwhenonedisjunctof aninclusivedisjunctivefact is foundto

betrue,theotherdisjunctsbecomemaybetuples.

Both kinds of maybeinformationarerepresentedsimilarly. Let
b

be a fact with a

maybeattributevalue. The meaningof
b

is given by a multisetwith 1 members;one

containingtheliteral with theattributevalue,theothercontainingtheliteral without the

attributevalue. For example,if
b FLp�Arq?&�¬v;(­®­¨) maybeY4Y[Y �I� Y[Y4Y[Y�B thenthemeaning

of
b

is
N�N p�Arq?&�¬v;(­®­¨)WY[Y4Y � Y4Y[Y[Y�BtPv) N p�Arq?&¯¬v;(­°­(BtP�P . If

b
is a fact with a maybetuple then

the meaningof
b

is the multisetwith 1 members;onecontainingthe tuple, the other

containingtheemptyattributefact ( p�Arq?&£B ).
A combinationof inclusivedisjunctiveandmaybeinformationis open information.

An openattributevalueindicatesthatanattributeof a particulartuple is undertheopen

world assumption[Gottlob & Zicari 1988]. Theattributevaluemaynot exist,couldbe
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exactlyonevalue,or couldbemanyvalues.For example,in theemployeedatabasean

openvaluecouldbeusedfor Jill’ s previousemploymenthistory. This valuemeansthat

Jill possiblyhadpreviousemployment(this couldbeJill’ s first job), Jill might havehad

onepreviousjob, or Jill might havebeenemployeedmanytimespreviously. Theopen

valuecoversall thesepossibilities.

Let
b

be a fact with anopenattributevalueover an attributedomainof cardinality

¦ . Themeaningof
b

is givenby a multisetwith 1�ª members;eachmemberis aunique

subsetof thedomain. For example,assume
b F±p�A�q<&£§�B (where@ representsanopen

valueovera domain
N l�)h�mP ), thenthemeaningof

b
is

N�N p�A�q<&(l*BW)dp�Arq?&(�*BtPv) N p*Arq<&(l*BtPv) N p�Arq?&s�mBDPv) N p�A�q<&£BDP�Pv�
A no information value is a combinationof an openvalueand an unknownvalue

[Zaniolo1984]. Thenoinformationvaluerestrictsanopenvalueto resembleanunknown

value.A noinformationvaluemightnotexist,butif it does,thenit isasinglevaluewhich

is unknown,ratherthanpossiblymanyvalues.

Themeaningof a no informationvalueis similar to thatof an unknownvalue. Letb
bea fact with a no informationattributevalueoveranattributedomainof cardinality

¦ . Themeaningof
b

is givenby a multisetwith ¦	²
- members;eachmemberis a set

containingaliteral with thenoinformationvaluereplacedby avaluefrom thedomain.In

addition,theemptyattributefact is alsoa memberof themultiset. For example,assumeb F%p*Arq<&£§�B (where@ representsa no informationvalueoverthedomain
N l�)��mP ), then

themeaningof
b

is
N�N p�A�q<&(l*BtPv) N p�Arq?&(�*BtPv) N p�A�q<&£BDP�P .

A generalizationof openinformationispossible information[Lipski 1979](thisdiffers

from our useof the term “possible”). Possibleinformationis an attributevaluewhose

existenceis undetermined,but if it doesexist,it couldbemultiplevaluesfrom asubset of

theattributedomain.For example,in anemployeedatabase,Jill’ s previousemployment

history could be narrowedto possiblytwo companies,shecould haveworkedfor both

companies,only one,or neither. A specialcaseof a possibleattributevalueis anopen

value(thesubsetis thedomainitself). Anotherspecialcaseis a maybevalue(thesubset

is a singletonset).
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Themeaningof possibleinformationin themultisetformulationis similar to thatof

openinformation.

Probabilistic informationis a variantof impreciseinformation. A probabilisticdata

value is a set of alternatives. Eachalternativehasan associatedprobability that it is

the attributevalue[Barbaŕa et al. 1989,Cavallo& Pittarelli 1987,Gelenbe& Hebrail

1986]. For example,in theemployeedatabase,assumethatwe do not know Jill’s salary

exactlybut we are70%sureit is $30,000and30%surethat it is $35,000. Jill’ s salary

is a probabilisticdatavalue; the valueexists,it is a valuefrom a known subsetof the

attributedomain,it is exactlyonevalue,andwe know that somealternativesaremore

likely thanothers. In somemodels,oneof themembersof thesetof alternativescould

be an unknownvalue[Barbaŕa et al. 1989] in which casethe associatedprobability is

distributeduniformly overtheelementsin thedomain.

To representa probabilisticfact using the multiset notation, the probability of an

alternativeis proportionalto themembershipratioof thatalternativein themultiset.Or in

otherwords,theprobabilityis thenumberof timesthatalternativeappearsin themultiset.

Soif = j is analternativeof fact
b

with probability ³ , then

³�n N = j P   � � b " "s�
For example,if

b F p�A�q<&t&sl�)W3v�614Y�BW&s��)o3��µ´mY�BDB (indicating that l is the employeewith

probability0.25andthat � is theemployeewith probability0.75),thenthemeaningof
b

is N 3��.1[Y�n N p�A�q<&(l*BtPv)�3��¶´�Y�n N p�A�q<&(�*BtP�Pv�
Notethattheweightsareignoredin thedefinitionof thedefiniteandpossibleinformation

in a fact. Sothefact
b

hasthesameinformationcontentas
b � F·p�Arq?&D&(l�)W3��.Y[3�Bo&(��)W3��.Y[3�BtB

(sinceq�>���� x F!q�>���� x�� and w�p*= x F¸q�>���� xy� ).
Anothervarietyof weightedinformationis fuzzy set information.Fuzzysetinforma-

tion issimilartopossibleinformation.A fuzzysetisasetof possibilities.Eachpossibility

is a maybevalue,that is, it maybelongto thesetor it might not. Thepossibility that is

doesbelongisgivenbyamembershipfunction(alsoknownasthedegree of membership).
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Thedegreeis a valuebetween0 and1 (inclusive). A fuzzy setcanbeanattributevalue

[Zemankova& Kandel1985].

Themeaningof a fuzzy setvaluein a multisetnotationis similar to themeaningof a

probabilisticvalue.But apossibilityis asubsetof theattributedomainratherthanjustan

elementof thatdomain.If we ignorethedegreeof membership,a fuzzysetvaluehasthe

samemeaningasanopenvalueoverthedomaincomposedof thepossibilities.Thatis, ifb
is a fact with an fuzzy setvaluewith ¦ members,thenthemeaningof

b
is givenby

a multisetwith 1 ª members;eachmemberis a uniquesubsetof thesetof possibilities.

For example,assume
b FLp�Arq?& N l�)O�*P�B (for themoment,we leaveoff the degreefor l

and � ), thenthemeaningof
b

is
N�N p�Arq?&(l*BW)�p�A�q<&(�*BtPv) N p�Arq?&(l*BtPv) N p�Arq?&s�mBDPv) N p�Arq?&£BDP�P .

Thedegreeof membershipwill berepresentedasa coefficient in themultiset.

The meaningof
b

is given by a multisetwith 1 ª elements(at least). A subsetof

possibilitiesmayappearmanytimesin themultiset.Thecoefficientof eachsubsetis the

minimaldegreeof membershipoutof all theelementsin thatsubset.Thatis, if = c )*�*�*�8)W= u
arepossibilitiesof fact

b
with degreesof membership,¹ c )��*�*�8)W¹�u , respectively, then

A¥;(9�&(¹ c )��*�*�*)W¹�u�B�n N = c )*�*�*��)W=�u�P   � � b " "(�
Forexample,if

b FGp�Arq?&D&(l�)W3��.1[Y�Bo&(��)W3��¶´�Y�BtB (indicatingthat l is anemployeewith degree

of membership0.25andthat � is anemployeewith degreeof membership0.75),thenthe

meaningof
b

is

N 3��614Y:n N p�A�q<&(l*BW)�p*Arq<&(�*BtPv)d3v�µ´mY�n N p�Arq?&s�mBDPv)#3v�614Y�n N p�Arq?&slmBDP�Pv�
Note that q�>���� x and w�p�= x are the sameevenif the elementsareweighteddifferently

(unlesstheyareweightedwith zero).

Thedistinctionwe makebetweenprobabilisticandfuzzy attributevaluesis contro-

versial.Oftenresearchersin thefield stressthesimilarity betweenfuzzyandprobabilistic

by advancingproofsthatfuzzyvaluescanmodelprobabilisticvalues.But in themultiset

model,thegoal is to highlight the differencesratherthanthesimilaritiesbetweenthese

kindsof values.Therefore,we havelabeledthemeaningsasprobabilisticandfuzzy al-

thoughthosekindsof valuesarecapableof modelingeachother(with somerestrictions).
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Notethatthemeaningof aprobabilisticvalueis asubsetof themeaningof a fuzzyvalue;

in theprobabilisticmeaning,only thesingletonsetsareretainedaselements.Forexample,

the“probabilistic” meaningof thefuzzyvalue p�Arq?&D&(l�)W3��.1[Y�BW&(��)W3v�µ´�Y�BtB is

N 3��¶´�Y�n N p�A�q<&(�*BtPv)�3��.1[Y�n N p�A�q<&(l*BtP�Pv)
while the“fuzzy” meaningof theprobabilisticvaluevalue p�Arq?&D&(l�)W3��.1[Y�Bo&(��)W3��¶´�Y�BtB is

N 3��614Y:n N p�A�q<&(l*BW)�p*Arq<&(�*BtPv)d3v�µ´mY�n N p�Arq?&s�mBDPv)#3v�614Y�n N p�Arq?&slmBDP�Pv�
2.2.2 Truncation Incompleteness

Attribute valuesin databaserelationsaresometimesshortenedto accommodatelimited

spaceresources.A commonexampleis limiting thesizeof surnames,by truncatingany

namethat exceedsa fixed, but small, numberof characters.But, truncationsometimes

discardsinformation. In thosecasewhererelevantinformationis lost, a truncatedfact

is incompletewith respectto its untruncatedpartner. We will refer to this kind of

incompletenessastruncation incompleteness. This kind of incompletenesshasreceived

scantattentionalthoughdatabasestoragestrategiesandtechniqueshavebeenextensively

researched.

Themultisetmeaningof a fact accommodatestruncationincompletenessby treating

thetruncatedvalueasanimprecisevalue. Theimprecisevalueis a valuefrom a known

subsetof theattributedomain. Very informally, theknownsubsetis all thosemembers

of the entireattributedomainthat includethe non-truncatedportion of the value. For

example,assumethat the nameattributeof an employeerelation is limited to names

of threecharactersor fewer. The employeewith the name“Jill” is truncatedby the

databaseto the fact p�Arq?&�¬v;(­(B . Themultisetmeaningof p�Arq?&¯¬�;s­ºB (to four characters)isN�N p�Arq?&�¬v;(­(BW)dp�Arq?&¯¬�;s­ k BW)dp�Arq?&�¬v;(­®l*BW)��*�*�8)Qp�A�q<&�¬v;(­®»�BtP�Pv�
2.2.3 Complete Information Null Values

Unknown,partially known, open,no information,andmaybenull valuesaredifferent

interpretationsof anull value.Thereareothernull valueinterpretations,butnoneof these

is a kind of incompleteinformation.
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An inapplicable or does not exist null is a very commonnull value. An inapplicable

null, appearingasanattributevalue,meansthatanattributedoesnothavea value[Grant

1977]. Theprototypicalexampleis anemployeerelationwith a Maidennameattribute.

The employeeJill may not be married,henceshedoesnot havea Maiden name,and

thevaluefor this attributewould bean inapplicablenull. An inapplicablevalueneither

containsnor representsanyincompleteness;it is knownthattheattributevaluedoesnot

exist. Inapplicablevaluesindicatethat the schema(usuallyfor reasonsof efficiencyor

clarity)doesnotadequatelymodelthedata.Therelationcontainingtheinapplicablevalue

canalwaysbedecomposedinto anequivalentsetof relationsthatdonotcontainit [Atzeni

& Parker1982,Lerat & Lipski 1986,Linn 1987]. Hencethe presenceof inapplicable

valuesindicatesinadequaciesin theschema,butdoesnot imply thatinformationis being

incompletelyrecorded.

A singlenull valueis oftensemanticallyoverloadedto meaneitheranunknownvalue

or an inapplicablevalue[Codd 1986,Codd1979,Date1986] in which caseit is an no

informationnull. Problemsthat result from suchan overloadinghavebeenidentified

[Zaniolo1982,Zaniolo1984]. Recently, useof four-valuedlogicshasbeenadvocatedto

untanglethesemanticconfusion[Gessert1990].

Another non-incompleteinformation null is a universal null [Biskup 1981]. The

universalnull, appearingasanattributevalue,meansthateveryvaluefrom theattribute

domainisanattributevalue.Forexample,assumethataPartsrelationhasacolorattribute

andthat the “crayon” partcomesin everycolor. To savespace,we couldstorea single

“crayon”tuplewith therelationanduseauniversalnull to indicatethecolor. Theuniversal

null servesasanabbreviationfor a setof facts.

2.3 A Taxonomy of Incomplete Information Data Models

Theformal modeldevelopedin previoussectionsservesasa foundationfor classifying

variousschoolsof thought in incompleteinformation databases.In this section,we

proposea treestructuredtaxonomybasedon issuesthat are illustratedwith the formal

model.Belowwedescribetheseissuesin somedetail.Eachinteriornodein thetaxonomy

treeis an issuechoicepoint. A branchindicatesa choicemadeon an issue. Someof
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thechoicesareorthogonal.That is, therearedatamodelsthatcansupportbothchoices.

Othersareimportantspecialcases.At eachleaf in thetaxonomytreearelistedresearch

proposalsthatfit thechoicesmadeon thepathfrom theroot to theleaf.

2.3.1 Value vs. Temporal Incompleteness

Thefirst issuein the taxonomyconcernswhethertheproposedmodelsupportsvalue or

temporal incompleteness.Thedifferencebetweenvalueandtemporalincompletenesscan

becharacterizedasthatbetween“don’t knowwhat” and“don’t knowwhen”information.

The choiceof which kind of informationto model is orthogonal,that is, thereare (or

couldbe)datamodelsthatsupportboth. For instance,althoughthis dissertationfocuses

exclusivelyon temporalincompleteness,temporalindeterminacycanbecombinedwith

supportfor null valuesin nontemporalattributes.The taxonomysubtreefor bothvalue

andtemporalincompletenesshasexactlythe samestructure,which is describedfurther

below.

Researchin valueincompletenesshasbeenextensive.Thefield is certainlydeserving

of a taxonomy. Therelativenewnessof valid, transaction,andbitemporaldatabaseshas

limited researchon temporalincompleteness.However, we believethat thereis enough

work to makeclassificationmeaningful.

Another kind of incompleteinformation is spatial incompleteness(“don’t know

where”). Yet anotheris abductiveincompleteness(“don’t know why”). In the inter-

estof space,we shall leaveinvestigationof these(andother)areasto futureresearchers

with thewarningthatour taxonomyis asyet “incomplete.”

2.3.2 Alternative vs. Possible

Thesecondchoiceto bemadeconcernswhetherthe incompleteinformationmodelsan

attributevaluethatcanbeasetof valuesor justasinglevalue.An incompletedatavalue

caneitherbe a setof alternatives or a setof possibilities. Exactlyonemember in a set

of alternativesis the attributevalue; which memberis unknown. Any subset of a set

of possibilitiescouldbe theattributevalue;which subsetis unknown(andcouldbe the

emptyset). Alternativeproposalsaremorecommonin databases,sinceit is atypicalto
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havesetattributevalues(e.g.,nestedrelations). In the formal model,the meaningof a

datavaluewith ¦ alternatives(andwithout weights)is typically a multisetwith ¼�&¨¦½B
members,whereasthe meaningof a datavaluewith ¦ possibilitiesis a multisetwith

¼�&(1 ª B members.

2.3.3 Unweighted or Weighted

Weightsplay an importantrole in somedatamodels. Weightsaretypically normalized

valuesin the range[0,1]. Weightsareassignedto individual alternativesor individual

possibilitiesin an incompletevalue. For an alternative,a weight gives the chanceor

probabilitythatthealternativeis the actualvalue.Forapossibility, aweightindicatesthe

likelyhoodthatthepossibilityis an actualvalue.

The unweightedschool is an importantspecialcaseof the weightedschool. An

appropriateweighting schemecan usually be usedto encodeunweightedinformation

(e.g. usinguniform weights). However, the queryevaluationsemanticswith weighted

incompleteinformationdifferssubstantiallyfrom thatwith unweightedinformationsince

queriesneedto beableto utilize theweightedinformation. Unweightedmeansnot only

thatweightsarenotpresent,but thatqueryevaluationsemanticsmakenouseof weights.

Unweightedincompleteinformation may be either unrestricted or restricted. By

restrictedwemeanthatthevalueof eachpossibilityor alternativeis restrictedto asubset

of theattributedomain.Thesubsetto whichit is restrictedmustbeencodedaspartof the

incompleteinformationin thevalue(if it werekept in theschema,therestrictionwould

simply be to the domainof the attribute). Queriesmust takeaccountof the restriction

duringqueryevaluation.An unrestrictedvaluehasno suchconstraints.

In the weightedcase,this distinction is madeby the weighting scheme. While

weightingschemesuserestrictedvalues,an appropriateweightingscheme(usingzero

weights)canmimic theunrestrictedcase.

2.3.4 The Taxonomy Tree

The taxonomytree is split over severalfigures. Figures2.1 and 2.2 are the value

incompleteproposals,while Figures2.3 and 2.4 are the temporalincompletepropos-
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Value

Alternative

Unweighted

Unrestricted
unknownnulls

[Codd1979]

[Codd1986]

missingnulls

[Goldstein1981]

existentialnulls

[Biskup 1981]

[Minker 1982]

Restricted
partiallyknownvalues

[Grant1979]

setnulls

[Keller & Wilkins 1985]

exclusivedisjunction

[Ola 1992]

Weighted
[Cavallo& Pittarelli 1987]

[Gelenbe& Hebrail1986]

[Barbaŕaetal. 1989]

Figure2.1: Thetaxonomysubtreefor value/alternativeincompleteness

als. The value incompletealternativeschoolsare shownin Figure 2.1. Most of the

work in incompleteinformationare representedby theseschools,in particular, at the

Value/Alternative/Unweighted/Unrestrictedleaf. This is whereunknownnull valuesre-

side. Null valuesareincorporatedin theSQL-92standard[Melton & Simon1993]and

aresupportedin severalcommercialproducts.In fact,nomajordatabasevendorsupports

anyotherkind of incompleteinformation.Theotherfiguresshowingthetaxonomycover

Value/Possible(Figure2.2), Temporal/Alternative(Figure2.3), andTemporal/Possible

proposals.(Figure2.4).

In thetaxonomytheclassificationof aschoolis givenby thepathfrom theroot to the

leaf. Theprimarydifferencebetweentheschoolsis thateachmodelsa differentkind of

incompleteinformation. In Figure2.5 we give a tableshowingsituationswith different

kindsof valueincompleteness,anexampleof a tuplewith anincompletedatavalue,and
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[Gottlob& Zicari 1988]

Restricted
[Lipski 1979]

[Buckles& Petry1982]

inclusivedisjunction

[Homenda1991]

indefiniteinformation

[Liu & Sunderraman1990]

[Liu & Sunderraman1991]

maybevalue

[Gessert1991]

Weighted
[Prade1985]

[Raju & Majumdar1988]

[Zemankova& Kandel1985]

[Zadeh1989]

Figure2.2: Thetaxonomysubtreefor value/possibleincompleteness

to whichleafin thetaxonomythetuplebelongs.Figure2.6showsasimilartripartitetable

for temporalincompleteness.

Therelationsdepictedin thefiguresrelateanindividualtozero,one,ormorecontracted

diseases.Eachtuplein thetwo relationsrepresentsa differentschool(asindicatedin the

SCHOOL column).Thedifferencelies in theinterpretationof theinformationrecorded

for the DISEASE attributein Figure2.5 and the VALID attributein Figure2.6. The

intendedinterpretationis givenby theSITUATION column.

2.3.5 Valid-time Indeterminacy

Thetaxonomyshowsthatvalid-timeindeterminacyisin thetemporal/alternative/weighted

school. Indeterminacymodelsthesituationwhereexactlyonememberof a setof times

is theactualtime, but we do not know which member. In addition,eachmemberof the
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[Dyreson& Snodgrass1993A]

Figure2.3: Thetaxonomysubtreefor temporal/alternativeincompleteness
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Figure2.4: Thetaxonomysubtreefor temporal/possibleincompleteness
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SITUATION PERSON DISEASE SCHOOL
JethrohasMalaria Jethro Malaria No incompleteness
Juanhasonedisease,
but we aren’t sure
which

Juan ÄÆÅ�Ç�Å�È�ÉQÅ5T alternative/unweighted/unrestricted

Jerome has either
Malariaor Typhoid

Jerome Malaria or
Typhoid

alternative/unweighted/restricted

There is a 70%
chance Jules has
Malaria but only
a 30% chancehehas
Typhoid.

Jules Malaria.7
Typhoid.3
Rest0

alternative/weighted

Juana has zero or
morediseases.

Juana ÄÆÅ�Ç�Å�È�ÉQÅ U possible/unweighted/unrestricted

Julie has Malaria or
Typhoid, perhaps
both.

Julie Malaria,
Typhoid

possible/unweighted/restricted

There is a “good”
possibility Jill has
both Malaria and
Typhoid

Jill Malaria.8
Typhoid.9
Rest0

possible/weighted

Figure2.5: Thesituationmodeledby schoolsin valueincompleteness

setof timeshasana weight. In valid-timeindeterminacy, theweight is interpretedasa

probability, that is, theweightgivestheprobability that thetime is theactualtime. The

weightsin asetmustsumto 1. Indeterminacyhasonefurtherconditionthatis notshown

in thetaxonomy. Thesetof probabilitydistributionsis limited by theimplementation,as

describedfurtherin Chapter5.

2.4 Indeterminacy and Related Work

In this section,we more closely examineresearchrelatedto indeterminacy. Despite

the wealthof researchon addingincompleteinformationto databases[Dyreson1993],

therearefew effortsthataddressincompletetemporalinformation.Muchof theprevious

researchin incompleteinformationdatabaseshasconcentratedon issuesrelatedto null

values(e.g.,[Codd1990,Date1986,Vassiliou1979,Zaniolo 1984]). Anotherprimary

researchthrusthasstudiedtheapplicabilityof fuzzysettheoryto relationaldatabases(e.g.,

[Duboiset al. 1988,Prade1993,Zemankova& Kandel1985]). By andlarge,mostof
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PERSON/
SITUATION MALARIA VALID SCHOOL
JethrohadMalariaat
time2

Jethro 2 no incompleteness

JuanhadMalaria,but
when?

Juan ÄOÅ�Ç�Å�È*ÉQÅ5T alternative/unweighted/unrestricted

Jeromehad Malaria
at either time 2 or
time8

Jerome 2 or 8 alternative/unweighted/restricted

JuleshadMalaria ei-
ther at time 2 or
time 8 with the indi-
catedprobabilities

Jules 2 .7
8 .3
Rest 0

alternative/weighted

Juanamighthavehad
Malaria, perhapsre-
peatedly, but when?

Juana ÄOÅ�Ç�Å�È*ÉQÅ U possible/unweighted/unrestricted

Julie had Malaria at
time 2, or time 8,
or times 2 and 8, or
never.

Julie 2 or 8 possible/unweighted/restricted

There is a “good”
possibility Jill had
Malaria at both time
2 andtime8

Jill 2 .8
8 .9
Rest 0

possible/weighted

Figure2.6: Thesituationmodeledby schoolsin temporalincompleteness

theseproposalsdonotaddresstheissueof cost, whichis aprimaryfocusof our research.

Wefirst placeourwork in thecontextof value incompletenessandthenexaminein detail

severalpapersthatconcerntemporal incompleteness.

Informationthatis valid-timeindeterminateis similar to disjunctiveinformation,es-

pecially in the contextof deductivedatabases[Liu & Sunderraman1990]. Disjunctive

information is in the value/alternative/unweighted/restrictedschool. Disjunctiveinfor-

mationis a collectionof facts,one(or more)of which is true. Indeterminacyis of the

exclusive-orvariety of disjunctiveinformation (only one disjunct is true) [Ola 1992],

butdiffersfrom theaboveinvestigationsbecausethealternativesare“weighted”andthe

weightsareintegratedinto thequerysemantics.
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Thefield of probabilisticdatabasescoversawidespectrumof differentusesof proba-

bilistic information.Probabilisticweightshavebeenattachedto attributevaluesmodeling

situationswhereanattributevaluecouldbeoneof severalmoreor lesslikely values[Bar-

baŕaetal. 1990,Barbaŕaetal. 1992,Gelenbe& Hebrail1986]. Theseresearcheffortsare

in thevalue/alternative/weightedschool.Probabilisticweightshavealsobeenappended

to tuples,wheretheweightis theprobabilitythatthetuplebelongsto therelation[Cavallo

& Pittarelli1987,Kornatzky& Shimony1993A,Kornatzky& Shimony1993B,Zimányi

1992]. Decisionsupportsystems,vaguequeriesanddatamininghavealsoutilizedprob-

abilistic information[Fuhr 1990,Henrion& Suermondt1993,Wong 1982]. Our work

concernsonly probabilitiesin attributevaluesandcanbeseenasanextensionof theProb-

abilisticDataModel (PDM) [Barbaŕaetal. 1992]. In PDM, attributevaluesaresetswith

weightsattachedto eachelement.The weight is the probability that the corresponding

elementis the valueof theattribute.Queriesusetheprobabilisticrepresentationin con-

junctionwith a singleuser-given“confidence”to computea resultwithin theframework

of the possibleworld semantics.The novelty in our work canbe seenin the methods

usedto retrievethe incompleteinformationandin how that informationis represented.

In PDM eachelementin a setof possiblevaluesis storedandprocessedseparately. The

costof theprobabilisticoperatorsin PDM areproportionalto thenumberof alternatives

in the set (someof the operationshavea cost that is proportionalto the squareof the

numberof alternatives).We could not adoptthe PDM approachsincetheremight be

severalmillion elementsin a setof possiblechronons.Theencodingof theprobabilistic

informationthatwe developed,usinga periodof indeterminacyanda massfunction, is

spaceefficient; andthe operationson that encodingaretime efficient. In addition,our

useof bothcredibility andplausibility valuespermitsgreaterflexibility andfiner control

in queryevaluation.Thesetechniquesarea productof theuniquenatureof the typeof

incompleteinformation,valid-time indeterminacy, thatwe investigated.The remaining

approachesthatwe discussdo notuseprobabilities.

In the earliestwork on incompletetemporalinformation, an indeterminateinstant

wasmodeledwith a setof possiblechronons[Snodgrass1982]. Before wasextended

to returnthevalueunknown, necessitatinganextensionto a three-valuedlogic. Also, a
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four-valuedlogicwasproposedtomodeltimesandvaluesthatareunknown,imprecise,or

negative (undertheopenworld assumption)[Schiel1987]. Our currentapproachallows

aprobabilitymassfunctionto beassociatedwith eachindeterminateinstant,anddoesnot

requirea multi-valuedlogic.

Duttausesa fuzzy setapproachto handlegeneralized temporal events [Dutta 1989].

A generalizedtemporaleventisasingleeventthathasmultipleoccurrences.Forexample

the event“Margaret’s salaryis high” may occurat varioustimes as Margaret’s salary

fluctuatesto reflectpromotionsanddemotions. The meaningof “high” is incomplete.

“High” is not a crisp predicate. In Dutta’s model all the possibilitiesfor “high” are

representedin ageneralized eventandtheuserselectssomesubsetaccordingto hisor her

interpretationof “high.” This contrastswith thetaskof encodingthetypeof information

we havecharacterizedasvalid-time indeterminate.We view eventsashavinga single

occurrence.An indeterminateinstantis a setof alternatives,oneandonly oneof which

is theactualtime. Everymemberin a fuzzy setis alwayspossible,to a greateror lesser

extent,dependingon the degreeof membership,but alwayspossible(althoughsome

fuzzy databasesstipulateby fiat thatonly onememberis possible[Duboiset al. 1988]).

Our approachandthatof Dutta’s modeldifferentkindsof temporalincompleteness.We

feel thataprobabilisticapproachis bettersuitedto modelingvalid-timeindeterminacyas

formulatedin thispaper, andthatfuzzysetapproacheslike Dutta’s(e.g.,[Dubois& Prade

1989,Vitek 1983]),arebettersuitedto modelinggeneralizedevents.Thetwo approaches

areorthogonal,andtheusermaypick theone(s)mostappropriateto herapplication.

Generalizedbitemporalelementsaredefinedsomewhatdifferently in a morerecent

paper[Kouramajian& Elmasri1992]. Bitemporalelementscombinetransactiontime

and valid time in the sametemporalelement. SinceTQuel also supportstransaction

time,valid-timeindeterminacyandgeneralizedbitemporalelementsdiffermainlyin their

handlingof valid time. In KouramajianandElmasri’s model,both theupperandlower

supportonavalid timeintervalcouldbeasetof noncontiguouspossiblechronons.Unlike

valid-timeindeterminacyno probabilitiesareused.Sincethereareno probabilities,the

userin generalis limited to queryingfor answerswhich areeither “definite” or those

which are“possible” (or combinationsthereof). Historically, thesealternativeshavea
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well-definedmeaningin incompleteinformationdatabases[Lipski 1979]. Generalized

valid timesarecomposedof valid timesby theoperatorsof alternation(only onevalid

time applies)and/orunion(bothvalid timescouldapply). We provideno capabilityfor

“generalizing”valid timesto handlealternationor union.

Otherapproachesconsiderthe subtleinteractionof determinatetimestampsandin-

completeinformation[Gadiaet al. 1992,Kurutach& Franklin 1993]. In contrast,we

studytimestampsthatareincompletelyspecified.

Recently, globalandlocal inequalityconstraintson the occurrencetime of an event

havebeenaddedto a temporaldatamodel[Koubarakis1993]. Theresultingmodelsup-

portsindefinite instants.An indefiniteinstantisaverygeneralkindof instantthatincludes

indeterminateinstants,instantswith disjoint setsof possiblechronons,andinstantswith

incompletelyspecifiedupperand lower supports. For instance,we may know that �
occurredbefore butafter2 PM (2 PM � �Ê�Ë ), andwe mayknowthat  happened

before4 PM. In Koubarakis’sdatamodelwecanthenconcludethat � happenedbetween

2 and4 PM. Koubarakisexploresthecomplexityof queryprocessingandachievespoly-

nomialtime complexityfor retrievinginformationby restrictingthekindsof constraints

that areallowed(to disjunctionsof inequalities). The primary differencebetweenhis

modelandours (other thana differencein weights)is that in TQuel (andTSQL2) no

inter-tupleconstraintsaresupported.Consequently, Koubarakissupportsa muchricher

setof globalconstraintsandis ableto modeltemporalinformationthatwe cannot(and

vice-versafor probabilisticinformation). We believethat addingglobal constraintsto

TQuel (andTSQL2) would adverselyimpactperformance,andto reachour goal of an

efficient implementation,werestrictedthekindsof incompleteinformationthatwecould

represent.

Wenotethatthereis little discussionin anyof theaforementionedpapersof implemen-

tationaspects.We feel thatbothefficient representationsandefficient queryprocessing

algorithmsareessential,especiallywhentheincompleteinformationis weighted.

Finally, theapproachto valid-timeindeterminacyespousedby KahnandGorry[Kahn

& Gorry 1977]is reminiscentof thoseemployedby theartificial intelligencecommunity

[Maiocchi& Pernici1991]. In theirmodel,instantsandintervalsarespecifiedrelativeto
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eachother;only a subsetareactuallytied to thevalid time line. An instantmayonly be

knownto haveoccurred,say, betweentwo otherinstants.Their modelis moregeneral

thanour datamodelwithout probabilities,but alsoexhibitssignificantqueryprocessing

overhead.

2.5 Summary

In thischapterwe gaveasimpledefinitionof anincompletefact,andbuilt thatdefinition

into a formal model,which in turn servedasa foundationfor a taxonomyof incomplete

informationdatabaseproposals.We observedthat a fact is incompleteonly in relation

to anotherfact, ratherthansomehowbeing“intrinsically” incomplete.This observation

led to thedevelopmentof a formal model. In themodel,themeaningof a fact is given

in terms of the definite and possibleinformation associatedwith the fact. A fact is

incompletewith respectto anotherfact if it haslessdefiniteor morepossibleinformation.

We thensketchedthemeaningof severalcommonkindsof incompletedatavalues,such

asunknown,imprecise,andprobabilisticvalues.Thesevaluesmodeldifferentkindsof

incompleteinformation. Previousresearchin this areais extensive,andit is not always

clearwhich kind of incompleteinformationis beinginvestigated.We proposeda simple

taxonomyto classifyincompleteinformationdatamodels. A researcherinterestedin a

particularkind of incompletenesscanrefer to theappropriatebranchin thetaxonomyto

spotthedatamodelsthatcanserveheror him best. This is by no meansanexhaustive

classification.



CHAPTER 3

TIME MODEL

Temporalrelationaldatabasesaddcomprehensivesupportfor time to relationaldata-

bases.Thissupportrestson threetemporaldimensions:valid time,andtransactiontime,

anduser-definedtime. As discussedpreviously, valid time is the real world time of a

fact. Transactiontime is the databasetime during which that informationwas stored.

User-definedtimeis anuninterpretedtemporaldomain.A singlemodelof time,however,

is the foundationfor eachof theseseparatedimensions.In this chapter, we presentour

modelof time. We focuson theconceptsof instant,interval,andspan.We discusshow

eachis modeled,andwegiveanoverviewof thesemanticsof operationson themodeled

entities.

3.1 The Ontology of Time

Time hasa standardgeometricmetaphor. In this metaphor, time itself is a line; a point

on the time-line is calledan instant; the time betweentwo instantsis known asa time

interval (interval for short);anda length,or unanchoredsegment,of the time-line is a

span [Jensenet al. 1994].

In the temporaldatabasecommunity, threebasictime modelshavebeenproposed:

thecontinuous model, in which time is viewedasbeingisomorphicto therealnumbers,

with eachreal numbercorrespondingto a “point” in time; the dense model, in which

time is viewedas being isomorphicto the rationals;and the discrete model, in which

time is viewedasbeing isomorphicto the integers[Clif ford & Tansel1985]. Science

andmetaphysicshaveyet to determinewhichmodelbestfits reality; goodargumentscan

be madefor eachof the threemodels(somequantumtheoriesview time asultimately

quantizedor discrete[Anderson1982]). In contrast,we abstainfrom choosingamong

thesethreemodels,that is, the choice is unimportant. What is importantis how we

45
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representthe times in our model. We assumethattherepresentationis bothdiscreteand

finite, that is, we assumethatwe arelimited to representinga finite numberof different

times or “collections” of times. This assumptionis strongly influencedby practical

considerationssincethe timesstoredin our databaseareencodedin fixed-sizedrecords

calledtimestamps. Sincetimestampsarea fixed numberof bits, theycanrepresentonly

afinite numberof differentvalues.

In our ontology, time is modeledas a closedinterval of the naturalnumbers(or,

alternatively, the real numbers).Conceptually, while time may extendinto the infinite

futureor theinfinite past,in ourmodel,timeis boundedatbothends.This is notacrucial

featureof our model,which could just aseasilybe unbounded;ratherit is a pragmatic

choice. Timesarestoredin fixed-sizeddatastructures.An unboundedrangeof times

would makesucha storageschemeimpracticalsincetimestampswould alsoneedto be

unboundedin size.Thechoiceis alsoconsistentwith apopularcosmologywhichasserts

that time beginat the “Big Bang,” -,]Ì^·] billion yearsago,andwill endat the “Big

Crunch,”sometimein thefuture[Dyreson& Snodgrass1994A].

3.2 A Discrete View of Time

Theclosedintervalof timeispartitionedintoafinite numberof discrete,smallersegments

knownaschronons [Ariav 1986,Clif ford & Rao1987,Jensenetal. 1994]. Ourmodelof

timedoesnot mandatea specificchrononsizeor (minimum) granularity; a chrononmay

beof anyduration(e.g.,nanoseconds,years,Chineseimperialdynasties).Webelievethat

specifyingtheminimumgranularityshouldbeleft to theimplementationratherthanfixed

in the datamodel. Our time modelhasonly a singlegranularity;multiple granularities

canbe handledby representingthe indeterminacyexplicitly or implicitly (asdescribed

furtherin Chapter7). Thechrononsareconsecutivelylabeledwith theintegersin thesetN 3�)��*�*�8),¦½P , where ¦ is thenumberof differentvaluesthatour timestampcanrepresent.

The setof chrononsis linearly ordered. Therearetwo instants,just outsidethe closed

intervalof time, calledbeginning andforever, thatarethe leastandthegreatestvalues,

respectively, in thelinearordering.
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3.3 Modeling Instants

To modelinstants,we introducean instanttimestamp.An instanttimestampstoresthe

granulenumberof thetime that it represents.A chrononis thesmallestamountof time

thataninstanttimestampcanrepresent.But achrononis asegmentof atime-linewhereas

aninstantis a point on a time-line. Whatthenis therelationshipbetweenchrononsand

instants?

Wecouldeitherassumethatchrononsarethesamesizeasinstantsorwecouldassume

that the durationof chrononsfar exceedsthat of instants,that is, that every chronon

containsa large (possiblyinfinite) numberof instants. If we assumethatchrononsand

instantsarethesame,thenwe mustalsousethediscretemodelof time. If themodelof

timewerecontinuousor densethentherewouldhaveto beaninfinite numberof chronons

because,in eitherof thesetwo models,therearean infinite numberof instantsin any

non-zerolengthsegmentof the time-line. Sincethe themeof our modelis that time is

(possibly)continuous,we mustassumethatchrononsaremuchbiggerthaninstants.

An instanttimestamprecordsthataninstantis locatedsometimeduring a particular

chronon(e.g.,a day). Without lossof generality, we assumethat an instanttimestamp

representsanyinstantduringa chronon.Hence,at a veryabstractlevel, theexact instant

modeledby an instanttimestampis neverpreciselyknown. At best,only the chronon

duringwhichit is locatedisknown.Twoinstantsthatarerepresentedby thesamechronon

may still modeldifferentinstants. For example,assumethat two different instantsare

positionedduring the samehour-long chronon. The two instantsare representedby

identicalinstanttimestamps,eachwith agranularityof anhour.

Alternatively, we might assumethat whenwe representan instant,we areactually

representingtheveryfirst instantin eachchronon.However, thefirst assumption,thatan

instantis sometimewithin a chrononbetterdescribesactualclock measurements.When

weglanceatawristwatchandreportthatthetimeis currently“3:45,” wetypically donot

meantheveryfirst instantin the45thminuteafterthreeo’clock, rather, wemeanthatwe

simplydonotknowmorethanthatit is sometimewithin theminutedescribedby “3:45.”
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All (current)operationsontimestampssupportbothof these(conflicting)assumptions,

andauserwill beunabletodetectanydifferencebetweenthesetwoassumptionsby testing

variousoperations.Stateddifferently, if we assumethataninstantmayoccuranywhere

within achronon,wemayjustaseasilyassumethatit is alwaysthefirst instantwithin that

chrononbecausenotimestampoperationusesthelocationof aninstantwithin achronon.

So while the distinctionbetweenthe two assumptionshasno practicalimport, the first

assumptionbettermodelstheprocessby whichwe derivetemporalinformation.

Yet anotheralternativeis to assumethat the instant is really the entire chronon.

However, this is not what is meantby an instant. An instant is instantaneous(of no

duration)ratherthanbeinga chronon,an hour, a day, or evena yearin duration. Nor

would suchanassumptionmodelthereality of clock measurements.We whenglanceat

ourwristwatchandreportthetime is currently“3:45,” we typically donotmeanthatit is

theentirechronon(assumenanoseconds)startingwith “3:45.”

In summary, aninstantis modeledby aninstanttimestampthatstoresachrononlabel.

Theinstantmodeledby thetimestampis someinstantwithin the indicatedchronon.We

will usethedelimiters“||” to denotean instanttimestamp.For example,the constant

|June 1, 1993| (assuminga chrononsize of a day) modelssomeinstantduring

the - st day of Junein the year1993. It is importantto notethat we cannotaskwhich

instant, that is, thereis no timestampoperationthat permitsus to ask which instant.

Furthermore,thereis no operationwhich will requireusto know moreaboutthe instant

thanthat it is sometimeduring thatday. For example,theoperationthataddstheabove

instanttimestampto a spanof “3 days” is akin to asking,“In termsof days,what is

someinstantduring June1, 1993displacedby 3 days?” Theansweris someinstantin

|June 4, 1993|.

3.4 Modeling Intervals

To modelintervals,weintroduceaintervaltimestamp.Thetimestampis thecomposition

of two instanttimestampsandaconstraint.Theconstraintis thattheinstanttimestampthat

startstheintervalequalsor precedes(at thelevel of chronons)theinstanttimestampthat

terminatestheinterval. We will usethedelimiters“[]” to denoteanintervaltimestamp.
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For example,the interval timestamp[June 1, 1993 - June 1, 1993] means

that the interval is all within the sameday, but we arenot surewhenit beginsor ends

duringthatday(notethat|June 1, 1993| equals|June 1, 1993| at a chronon

sizeof days).

3.5 Modeling Spans

A spanin anunanchoredduration.To modelspans,we introducea spantimestamp.The

timestampis a count of chronons. We will usethe delimiters“%%” to denotea span

timestamp.For example,thespantimestamp%3 days% is a countof threeday-sized

chronons.

3.6 Impact of the Model on the Semantics of Timestamp Operations

The partitioning into chrononscreatesa discreteimageof a (possibly)continuousun-

derlying time-line. Operationson timestampsaredefinedwith respectto this discrete

view of time. For example,if thechrononsizeis days,thena comparisonoperationat

the granularityof dayscomparesdays. It is very importantto note that operationson

instants arenotsupported;thegranularityof chrononsis thesmallestpossiblegranularity.

Consequently, timestampoperationsthatareperformedatthelevelof instantsdonotexist

(i.e., we cannotaskif oneinstantprecedes,in an imageof instants,anotherinstant). In

fact, sucha questionis not only unaskable,but unanswerablein our modelof time since

aninstanttimestampdoesnot recordtheexactlocationof aninstant.

3.7 Summary

Thethemefor ourmodelof timeis thatusersmanipulateadiscreteimageof atime-linethat

is possiblycontinuous,dense,or discrete.Thediscreteimageis createdby partitioning

the time-line into chronons. Instant timestampsmodel durationlesstemporalvalues,

instants,that are locatedsometimeduring a particularchronon. Interval timestamps

model temporalvalueswith duration, intervals, that are representedas a sequenceof

chronons.Spantimestampsmodelunanchoredtemporalvalueswith duration,spans,that
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arerepresentedasacountof chronons.Timestampoperationsaredefinedwith respectto

thediscreteimageandareperformedto thegranularityof chronons.



CHAPTER 4

EXTENSIONS TO TQUEL

In this chaptertheTQuelquerylanguage[Snodgrass1987] is extendedwith support

for indeterminacy. TQuel is a strict supersetof Quel, the query languagefor Ingres

[Stonebrakeret al. 1976]. In thenextsectionindeterminateinstants,spans,andintervals

areaddedto TQuel’s datamodel.To makeuseof theincreasedpowerof thedatamodel,

thequerylanguageis thenextendedto supportqueriesonindeterminatevalues.Wefocus

on changesto thesyntaxandsemanticsof the �����*�v������� statement,in particular, on the

additionof controlsfor therangecredibility andorderingplausibility.

4.1 Extending the Data Model with Indeterminacy

In thissection,wediscusshowto representindeterminateinstants,intervals,andspansin

TQuel’sdatamodel.In Section5.1wediscusshowtheserepresentationsareimplemented.

4.1.1 Indeterminate Instants

An instantis a point on the time-line [Jensenet al. 1994]. An instantis determinate if

it is knownwhen(i.e., duringwhich chronon)it is located. Often,however, we do not

knowtheexactchrononduringwhichaninstantis located;instead,weonly knowthatthe

instantis locatedsometimeduringa setor rangeof chronons.We call suchaninstantan

indeterminate instant.Theindeterminacyrefersto thelocationof theinstant,notwhether

theinstantexists.Indeterminateinstantsdonotmodelthesituationwhereit is unknownif

aninstantexists.Forexample,wemayknowthataplaneleft sometimeonJune12,1994.

With minute-sizedchronons,we do not know theexactminuteduringwhich thatplane

departed,but only that it departedsometimeduring an interval representedby 1440

consecutivechronons.

51
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An indeterminateinstant is describedby a lower support, an upper support, and

a probability mass function (p.m.f.) [Dyreson& Snodgrass1993A]. The supportsare

chrononsthat delimit when the instantis located;the instantis no earlier thanduring

thelower supportandno later thanduring theuppersupport.Betweenthesupportslies

a period of indeterminacy. Theperiodof indeterminacyis a contiguoussetof possible

chronons. The instantis locatedduringsomechrononin this set,but which chrononis

unknown.Wedenoteasetof possiblechrononsthatextendsfromthelowersupport,�#Í , to

theuppersupport,� Í , usingthenotation| � Í / � Í |, e.g.,|May 10 / May 29|.

4.1.1.1 The Probability Mass Function

Althoughtheinstantis locatedduringsomepossiblechronon,notall thepossiblechronons

areequallylikely. For example,it couldbethat the instantis mostlikely locatedduring

theearliestchrononin theperiodof indeterminacy. Theprobabilitymassfunctiongives

theprobabilityof eachchronon.Theprobabilitymassfunction, EfÎ , for theindeterminate

instant,� , is

E Î &(;£BÏF Pr ����FI;®" ;  �N 3�)*-4)*�*�*�*)8¦½P
wherePr �Ð�ÑF�;°" is the probability that the instantis locatedduring chronon ; . Since

the instant is not any time outsidethe period of indeterminacy, Pr �Ð;Ò�Ó� Í "�FÔ3 and

Pr �Ð;d�
� Í "fF�3 . All indeterminateinstantsareconsideredto beindependent,thatis

Pr ����F�; �  �FÕ¬�"�F Pr ���CFÖ;°"#× Pr �Ø {F!¬�"s�
Like otherprobabilisticdatabases,wemakenoprovisionsfor joint ordependentprobabili-

ties[Barbaŕaetal. 1990,Barbaŕaetal. 1992,Cavallo& Pittarelli1987,Gelenbe& Hebrail

1986,Kornatzky& Shimony1993A,Kornatzky& Shimony1993B,Zimányi 1992]. We

sometimesdenoteanindeterminateinstant,� , usingthenotation,(| � Í /2� Í |, E�Î ).
4.1.1.2 Mass Function Sources

The probability massfunction for an indeterminateinstantis suppliedby the user. In

Section5.2 we show how userscan provide massfunctionsthat are relevantto their
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Figure4.1: A “probablyearly” distribution

applications.For example,themassfunctiondepictedin Figure4.1 might illustratethe

probabilitythataperformeris “gonged”onThe Gong Show (theperformanceis likely to

endearly).

In manycommoncases,the probability massfunction for an indeterminateinstant

stemsfrom thesourceof theindeterminacy.

M Granularity mismatch — Theuniform or equi-probablemassfunction is a useful

assumption.For example,an instantknownto within onedayandrecordedon a

systemwith timestampsin the granularityof a microsecondhappenedsometime

during thatday, butduringwhich microsecondis unknown.

M Dating techniques — A propertyof radioactivedatingtechniquesis thattheestimate

is describedby a normal,“bell-shapedcurve”distribution.

M Uncertainty in planning — Analysis of pastdata(the pastdatamay be readily

availablein a temporaldatabase)cansometimesprovidea goodindicatorof future

performance(whenusedcarefully). For instance,we maynot know exactlywhen

anairline will depart.However, ananalysisof pastdeparturetimesfor that route,

typeof airline, anddayof theweek(theanalysiscouldbe muchmoreelaborate)

mayshowthatthisflight tendsto leavelaterthanscheduled.Basedonthisanalysis,

a “probablylate” distributioncouldbeusedfor thedeparturetimeof thatflight.

M Unknown or imprecise instants — Typically, if thelocationof aninstantisunknown,
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the distributionis alsounknown. In thesesituations,a usercanspecify that the

distributionis missing (seebelow).

M Clock measurements — Clock-specificdistributionsmodeltheimprecisionof spe-

cific clockmeasurements[Petley1991].

In general,auserjustmaynotknowtheunderlyingmassfunctionbecausethatinformation

is unavailableor the massfunction could exceedthe implementationcapacitiesof the

system(Section5.2describestheimplementationandtheconstraintsit imposeson mass

functions). In suchcases,the distributioncanbe specifiedasmissing. A distribution

that is missingrepresentsa completelack of knowledgeaboutthe distribution. It is a

kind of second-orderincompleteness,thatis, thedistributionthatis missingis incomplete

informationaboutindeterminateinformation.Unlikesomeotherprobabilisticdatamodels

[Barbaŕaet al. 1990,Barbaŕaetal. 1992],wedonotallow partiallyknowndistributions.

While theterminologyintroducedsofar suggestsa differencebetweenindeterminate

anddeterminateinstants,it is instructiveto notethatanindeterminateinstantcanbeused

to modela determinateinstant. A determinateinstantis modeledby an indeterminate

instantwith a singletonsetof possiblechronons.A determinateinstantrecordsthat an

instantis locatedsometimeduring a particularchronon. Without lossof generality, we

assumethat a determinateinstant representsany real-world instantduring a chronon.

Hence,at a very abstractlevel, the exact real-world instantmodeledby a determinate

instantis neverpreciselyknown. At best,only thechrononduringwhich it is locatedis

known.

4.1.2 Indeterminate Intervals

A determinate interval is the time betweentwo instants. In our model of time, it is

representedby asequenceof chronons,denotedby thestartingandterminatingchronons

in thesequence.

An interval boundedby indeterminateinstants(calledthe starting and terminating

instants) is termedanindeterminate interval. An indeterminateintervalcouldstartduring

any memberof the setof possiblechrononsof thestartinginstant. Likewise, the inde-
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terminateinterval could endduring any memberof the setof possiblechrononsof the

terminatinginstant.Sincethelocationof thestartingandterminatinginstantsareknown

only imprecisely, it follows that it is unknownpreciselywhenan indeterminateinterval

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 choosingonepossiblechrononfrom eachboundingindeterminateinstant’s

setof possiblechronons.Everycombinationof chrononsin thestartingandterminating

instants’setof possiblechrononsis a possibleinterval.

Thusfar we haveonly consideredindeterminateintervalsboundedby indeterminate

instants.Sinceindeterminateinstantscanbeusedtomodeldeterminateinstants,nospecial

provisionsareneededto handledeterminateinstantsthatserveasoneor bothbounding

instants.

4.1.3 Indeterminate Spans

A span is anunanchoreddurationof time [Jensenet al. 1994]. It hasa knownlengthbut

nospecificstartingor endingchronons.Forexample,thespan“6 days”is knownto have

a durationof six days,but canreferto anyblock of six consecutivedays.A spancanbe

eitherpositive,denotingforwardmotionin time,or negative,denotingbackwardsmotion

in time.

A determinatespanis a preciselyknowndurationof time andis is representedasa

countof chronons.An indeterminate span, on theotherhand,is an impreciseduration

that describesa setof possibledurations. An indeterminatespanis representedby an

imprecisenumberof chronons,e.g.,“from twoto threechronons.”Like therepresentation

of anindeterminateinstant,therepresentationof anindeterminatespanhasanassociated

probabilitymassfunctionwhich givesthelikelihoodof eachpossibleduration.

4.1.4 Indeterminate Tuples

The datamodel that we proposeis an extensionof the TQuel datamodel [Snodgrass

1987]. TheTQueldatamodelsupportsbitemporal relations.A bitemporalrelationmay
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bethoughtof asa trajectoryof transaction-timestates,eachof whichis acompletevalid-

time relation. The transaction time-slice operationon a bitemporalrelation selectsa

particulartransaction-timestate,on which a valid-timequerymaybeperformed[Jensen

et al. 1994]. For our purposes,we canassumethat a bitemporalrelationis embedded

in a snapshotrelationby addingtwo implicit attributes. The valueof the first attribute

specifiesa valid time while thevalueof thesecondattributespecifiesa transactiontime.

Thus,tuplesin relationsin thedatabasearetimestampedwith bothtransactionandvalid

times.Thevalid-timeattributemaybeaninstantor anintervalwhile thetransaction-time

attributeis alwaysaninterval.

Thegranularityof a transaction-timetimestampis thesmallestinter-transactiontime.

Transactiontimesaresystem-suppliedandarealwaysdeterminatesincethetime during

which a transactiontakesplaceis known. We will largely ignoretransactiontime in this

paper. Theexampledatabase(Figure1.1)showsseveralvalid-timerelationswith implicit

valid-timeattributesonly.

TheTQueldatamodelis anungroupeddatamodel[Clif ford etal. 1994A]with tuple

timestamping.Tuplesin TQuelrelationsare“row-independent,”thatis,noinformationis

sharedbetweentuples.SincetheindeterminatedatamodelisbasedonTQuel,it makesno

overtprovisionsfor sharingindeterminateinformationbetweentuples. Suchprovisions

would significantlyincreasethe complexityof queryprocessing.Instead,eachtuple is

independentof theothertuplesin therelation,andno inter-tupletemporalrequirements,

suchastheprobabilitiesof thesetsof possiblechrononsassociatedwith a key mustsum

to one,areimposed.For example,assumethatwe haveinformationthata planeengine

is shippedfrom theTrumpwarehouseto thefactorysometimebetweenJune1 andJune

30. Assumethat this information is recordedin two different relations: Shipped and

Received. TheShipped relationstoreswhenpartsaresentby a warehouseto thefactory

while theReceived relationkeepstrackof whenshipmentsarereceivedat thefactory. An

inter-tupleconstraintcouldbeusedto stipulatethatpartsareshippedprior to whenthey

arereceived,however, suchconstraintscanbeexpensiveto enforce.In thiscase,aquery

couldimposetheconstraintthatpartsbeshippedbeforetheyarereceived.
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Valid time

Warehouse Lot Num Part (at)

��Ù Trump 40 unknown May 31

�*Ú Griffin 70 some electrical part May 31

��Û Trump 41
N
yoke,throttleP May 31

Figure4.2: Examplesof valueincompleteness

4.1.5 Other Kinds of Indeterminacy

In TQuelwith indeterminacy, valid-timeindeterminacyis orthogonalto othersourcesof

incompleteness(asdiscussedin Chapter2). In particular, it canpeacefullycoexistwith

value incompleteness, wherethe value of a nontemporalattribute is not fully known,

and tuple incompleteness, where the membershipof a tuple in a relation is not fully

determined.For example,in theReceived relation,a partmayexistwhich we haveyet

to identify ( � Ù in Figure4.2),hasbeenpartially identified( � Ú restrictsthekind of part to

belongto thespecifiedclassof parts),or hasbeennarroweddownto asetof possibilities

( � Û ). Weadvocateseparatingthevariouskindsof indeterminacy, sothatuserscanchoose

thecombinationthatis mostappropriatefor theirapplication.Weturnnowfrom thedata

modelto thequerysemantics.

4.2 Review of TQuel

In thisdissertationwefocusonextendingTQuel’s �����*�v������� statementto supportindeter-

minacy. Belowwequickly reviewthesyntaxandsemanticsof TQuel’sretrievestatement.

The interestedreaderwill find manyexamplesaswell asa completedescriptionof the

languageelsewhere[Snodgrass1987,Snodgrass1993].

An examplequery that determineswhich wing strut shipmentsarrived during

productionof aCenturion airplaneis shownin Figure4.3. As discussedin Chapter1,

this querymight be issuedby a Centurion owner looking for the sourceof a faulty

part. Theretrievehasseveralcomponents:the target list, specifyinghow theattributes

of therelationbeingderivedarecomputedfrom theattributesof theunderlyingrelations;
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��Ü�Ý�Þ5��ß*à r ��á Received
��Ü�Ý�Þ5��ß*à p ��á In Production

�����*�v�����â� (WH=r.Warehouse, L Num=r.Lot Num, S Num=p.Serial Num)

��Ü4ã��[ä�Ü�� r ß[�â�,��ã4ÜWå pæ,ç �,��� p.Model="Centurion" Ü*Ý�ä r.Part="wing strut"æ,ç �èÝ r ß[�â�,��ã4ÜWå p

Figure4.3: An example��������������� statement

a valid clause, specifyingthevalid time of tuplesin the target relation;a where clause,

specifyingarelationshipthatmustbesatisfiedamongtheexplicit attributes(thosevisible

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) thatperformsa transactiontime-sliceon thebitemporaldatabase.

In thevalid clause,a temporalexpressionconsistingsolelyof temporal constructors

specifiesthevalid timeof tuplesin thetargetrelation.A temporalconstructorchoosesan

instantor interval thatsatisfiessomeconstructor-specificconstraints.For example,the

First temporalconstructorchoosestheearliestinstantfromapairof instants.Thetemporal

expressionassociatedwith thewhenclauseiscomposedof temporalconstructors,boolean

connectives,andtemporal predicates. A temporalpredicatedetermineswhetherapairof

instantsor intervalssatisfiessomespecificconstraint.Forexample,theprecede predicate

determineswhetheroneinstant(or interval) is earlierthananother. If so, the predicate

evaluatesto “true;” if not, it evaluatesto “false.”

In the examplequeryshownin Figure4.3, pairsof wing strut shipmenttuples

andCenturion airplanetuplesthatoverlaparecandidatesfor thetarget relation. The

valid clauseconstructsthevalid time for thetuplesin thetargetrelation. In thiscase,the

valid time of eachtargettupleis thevalid time of thereceivedwing strut shipment.

Theotherattributesin thetargetrelationarespecifiedby thetargetlist: theWarehouse,
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theLot Num, andtheSerial Num. (An asof clauseis usedonly whenthe queryis

evaluatedonbitemporalor transaction-timerelations.)

Thesemanticsfor TQuelassociatesatuplecalculusstatementwith eachTQuelretrieve

statement,ensuringthateachconstructhasaclearandunambiguousmeaning[Snodgrass

1987]. Tuplerelationalcalculusstatementsareof theform
N�é j +�ê�& é BDP , wherethevariable

t denotesatupleof arity i and ê�& é B is afirst-orderpredicatecalculusexpressioncontaining

only onefree tuple variable,t. The ë�ì¯í attributeof tuple t is denoted
é �µaïî . The tuple

calculusstatementfor theskeletalTQuelretrievestatement

��Ü�Ý�Þ<��ß*à t
c ��á R

c
n*n*n
��Ü�Ý�Þ<��ß*à t î ��á R î
�����*���â���â� ( é(ð � �¶arñ � , �*�*� , é¨ð8ò �¶a�ñ ò )

��Ü[ãâ�[ä�Üâ��ó
æ,ç �8���½ô
æ,ç �WÝ!õ

is

1) ö:p�w�÷5�*p4& N ÷�ø¨ù c +�&£¢ é c B¥n*n�n«&¨¢ é î,B�&£ö c & é c B � n�n*n � öúî[& é îmB
2) � ÷��¶-,"?F é ð � ��û c " � n�n*n � ÷���@*"?F é ð8ò ��û ø "
3) � ÷��Ð@Æ²�-,"fFGü�ý
4) � ê �
5) ��þyÿ B�P�B

Line 1 comesfrom therangestatements.Line 2 is constructedfrom thetarget list. The

symbol ü�ý , appearingin line 3, is a function over the valid-time attributesof a subset

of the tuple variables. The function constructsa valid-time intervalusingthe temporal

constructorsgivenin thevalid clause.Line 4 is constructedfrom thewhereclause. þyÿ ,
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appearingin line 5, is a predicateover the valid-time attributesof a subsetof the tuple

variables;it usesthetemporalpredicatesandconstructorsgivenin thewhenclause.The

Reduce functionensuresthattupleswith identicalvaluesfor all explicit attributes,called

value-equivalent tuples[Jensenet al. 1994],thatoverlapin valid time or arecontiguous

arecoalesced into a singleresultingtuple.

4.3 Syntactic Extensions to Support Valid-time Indeterminacy

This sectiondescribesthesyntaxfor retrievinginformationfrom a databasewith valid-

time indeterminacy;thenextsectionprovidesa formal semanticsfor theseconstructs.A

primarydesigngoalin extendingTQuelto supportvalid-timeindeterminacyis to makea

minimal extension.It will beshownin Section4.4.5that thenewsyntaxandsemantics

preservesthemeaningof all extantTQuelretrievestatements.

Wemakefour syntacticextensionsto TQuel: oneto indicatethata relationis indeter-

minate,oneto specifytherangecredibility, oneto specifytheorderingplausibility, and

oneto specifydefaults.

Our first syntacticextensioninvolves the schemaspecificationstatements.To the

createstatementwe addtheoptionof specifyingthat thevalid-timetimestampsmaybe

indeterminate.Beforethe keywords �����WÝ�� and �8Ý��â�,����Ü[ã a usermay addthe modifier

�,Ý�ä������,���y�8Ý�Ü��â� or �8Ý�ä������8���y�8Ý�Üâ���ÒÞ<�èÝ��,��Ü[ã . Theseoptionstogglebetweenalternative

storagestrategiesfor indeterminatetimestamps,discussedat lengthin Section5.1 (the

“general”versionis amoreexpressive,lesscompacttimestamp).Wealsoaddanoptional

“with” phraseto theendof thecreatestatementthatallowstheuserto specifystandard

or nonstandard massfunctions.Thesetwo categoriesof massfunctionsarediscussedin

Section5.1. Thedefaultis æ �[� ç á���Ü*Ý�ä�Ü��vä�ä[��á������ ��� �4�[ß,Ý .
To the modify statementwe provide clausesthat allow instantsor intervalsto be

specifiedasdeterminateor indeterminate,andto specifyakind of distributionthatapplies
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to all the tuples in the relation. Below are someexamplesof the createand modify

statements.

� ���mÜâ�����8Ý�ä������8���y�8Ý�Üâ���������WÝ�� Received(Warehouse: string;

Lot Num: integer;

Part: string)� ���mÜâ�����8Ý�ä������8���y�8Ý�Üâ���{�,Ý��â�,�v��Ü[ã In Production(Model: string;

Serial Num: string)�yß4ä[��à�� Received �4ß�Ý�ß,Ý�áâ��Ü�Ý�ä�Üm��ä�ä[��á��*�v� ��� �[�4ß,Ý
With thecreateormodifystatement,it isalsopossibletospecifythedurationorprobability

massfunctionof an indeterminateinstantintensionally. In thatcase,the uppersupport

or massfunctionneednot bestored;theuppersupportcanbecomputedfrom thelower

supportand this duration while the massfunction is the samefor all the valid-time

instantsin the relation. The semanticsof theseextensionsare straightforward. The

intensionalinformationconcerningtheindeterminacyof thetimestampsis recordedin the

systemcatalogue.Theintensionalspecificationof distributionsis particularlyhelpful in

optimizingboththerepresentationandqueryprocessing,andis alsoof intuitive valueto

theuser.

Rangecredibilityappearsin therangestatement.Therangecredibility isthecredibility

in eachvalid time in thespecifiedintervalrelation.Thecredibility appliesindependently

to thestartingandterminatinginstantsin aninterval. It canbeanyintegervaluebetween

0 and100(inclusive).Thecredibility phraseis optionalandhasaninitial defaultvalueof

-*343 . Thisdefaultvaluecanbechangedusinga setstatementasfollows.

áv����ä��8à�Ü � ã�� ��Ü*Ý�Þ<� � ����ä[� � ��ãâ�[�	�`�[ß 50
The setstatementis very usefulwhena groupof queriesis to be madeat a particular

credibility level,orwhenthecredibility is tobespecifiedfor anovice.Rangecredibility is

notapplicableto eventrelations(anevent relationis timestampedwith instants [Jensenet

al. 1994])becauseremovingindeterminacyfrom anindeterminateinstantmight require

partitioningtheinstant’s periodof indeterminacy.
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��Ü�Ý�Þ5��ß*à r ��á Received
��Ü�Ý�Þ5��ß*à p ��á In Production æ �[� ç
� ����ä[� � ��ãâ�[��� 0
�����*�v�����â� (WH=r.Warehouse, L Num=r.Lot Num, S Num=p.Serial Num)

��Ü4ã��[ä�Ü�� r ß[�â�,��ã4ÜWå p æ �4� ç åyã[Ü � á�� � ��ã��[��� 60æ,ç �,��� p.Model="Centurion" Ü*Ý�ä r.Part="wing strut"æ,ç �èÝ r ß[�â�,��ã4ÜWå p æ �4� ç åyã[Ü � á�� � ��ã��[��� 60

Figure4.4: An examplequery

Orderingplausibility is the plausibility in the temporalorderingof the instantsthat

participatein theretrieval.Theorderingplausibilitymaybespecifiedeitherfor theentire

whenclauseorvalid clause(orboth). Theorderingplausibilityis specifiedwith aninteger

between1and100(inclusive).Theplausibilityphraseisoptionalandhasaninitial default

valueof -�3[3 , whichcanbechangedusinga setstatement.

An examplequerywith optionalcredibility andplausibility phrasesis shownin Fig-

ure4.4. Intuitively, thequerywill determine,within thespecifiedplausibility andcred-

ibility levels,which wing strut shipmentswerereceivedduringproductionof each

Centurion. A credibility of 0 is specifiedin thequery(this is alsothedefaultcredi-

bility). Theselectedcredibility keepsall the indeterminacyin theunderlyingdata. The

retrievestatementin thefigurehasaplausibilityvalueof 60for theoverlaptemporalpred-

icatein thewhenclause.Whenthisqueryis appliedto thedatabaseshownin Figure1.1,

the relationshownin Figure4.5 is computed.Thewhereclauseselectsthe tuplesfrom

Received thatareshipmentsof wing struts andthetuplesfrom In Production thatare

Centurions. Thewhenclauseselectspairsof Centurion andwing strut tuples

thatoverlapwith a plausibilityof 60. Finally, thevalid clausedetermineswhentheship-

mentof possiblydefectivepartswasreceived.We will discussin detail in Section4.4.4

howthisqueryis evaluatedto obtaintheindicatedresult.



63

Defective Shipment Candidates(WH, L Num, S Num)

Valid time

WH L Num S Num (at)

Trump 23 AB33 May 10 / May 29

Griffin 30 AB33 May 30 / June18

Griffin 31 AB34 June13 / July2

Figure4.5: Resultof theexamplequery

4.4 Semantic Extensions to TQuel

Thesemanticextensionsto supportvalid-timeindeterminacyinvolve theredefinitionof

severalexistingfunctionsandrelationsandtheintroductionof newfunctions.Specifically,

we redefinethetemporalorderingrelationto supportorderingplausibility, we introduce

two “shrink” functionsto effectrangecredibility, andweredefinethecoalescingoperator,

Reduce. In subsequentsectionsweconsidereachof thesemodificationsin somedetail. It

is important,however, to notethateachfunctionor relationthatweredefineor addincor-

poratesthedeterminatesemantics.Supportfor valid-timeindeterminacyis anextension

of thedeterminatesemanticsratherthana replacement.Hence,thesemanticsof existing

queriesis left unchanged(thispoint is reiteratedin Section4.4.5).

4.4.1 Supporting Ordering Plausibility

TosupportorderingplausibilityweredefinetheorderingrelationBefore. Thesemanticsof

retrievewithoutindeterminacyisbasedonawell-definedorderingof thevalidtimeinstants

in the underlyingrelations[Snodgrass1987]. Every temporalpredicateand temporal

constructorrefersto the orderinggiven by Before to determinethe truth value of the

predicateor theinstantor intervalreturnedbytheconstructor. A setof determinate instants

hasa single temporalordering. Given a temporalexpressionconsistingof temporal
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predicatesandtemporalconstructors,this orderingeithersatisfiestheexpressionor fails

to satisfyit.

A setof indeterminateinstants,however, typically hasmanypossibletemporalorder-

ings. Someof thesetemporalorderingsareplausiblewhile othersareimplausible.The

userspecifieswhichorderingsareplausibleby settinganappropriateorderingplausibility

value.Westipulatethatatemporalexpressionis satisfiedif thereexistsaplausibleorder-

ing thatsatisfiesit. This semanticsreducesto thatof thedeterminatecasewherethereis

only oneordering.

In thedeterminatesemantics,Before is the“ � ” relationon instants.In theindetermi-

natesemantics,thetemporalorderingis basedontheprobabilitythatoneinstantis before

another. Foranytwo indeterminateinstants,� and  , theprobabilitythat � is before is

Pr �Ð���  �"?F � j�
�� Pr ���{FI;°"�× Pr �  {F!¬�" ;t)(¬  �N 3v)*�*�*�*)8¦½Pv�
Figure4.6showsthevalueof Pr �Ð���  �" (to two decimalplaces)for eachpairof instants

in the relationReceived. Thoseinstantsareplacedon a time-line in Figure 4.7. For

instance,Pr �gp � �·p � "fF2�6K4H .
To handleindeterminateinstants,we modify Before to includean additionalinitial

parameter, theorderingplausibility, $ . Thevalueof $ canbeanyintegerbetween1 and

100(inclusive).In general,higher(closerto100)orderingplausibilitiesstipulatethatonly

highly probableorderingsbeconsideredplausible. The indeterminateBefore is defined

asfollows.

Before &°$�)d��)# �B���� ��&(��;(�  �B � &D& Pr �Ð���  �"#×�-*343�B��
$fB
An instantis neverBefore itself, regardlessof the valueof $ . Two instantsaresaidto

berepresentationally-equivalent if theyhavethesamesupportandthesameprobability

massfunctions. Two representationally-equivalentinstantsmay or may not be Before

oneanother, dependingon $ . To distinguishrepresentationally-equivalentinstants,each

instantappearingasanargumenttoBefore is taggedwith thetuplefromwhichit originates.

Thetagsarecomparedby theBefore function. If thetagsdo not match,thebinaryinfix

operatorPr �Ð� �
 �" determinesthediscreteprobabilityof oneinstantoccurring“before”

another.
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Pr ������� � p c p � p � p�!
p c 1.00 1.00 1.00

p � 0 .83 .94

p � 0 .13 .70

p ! 0 .03 .26

Figure4.6: Tableof Pr �����  �" for theindeterminateinstantsin Received

p c p � p � p�!
Figure4.7: A pictorial representationof theinstantsin Received

This formulationof Before treatsorderingprobabilitiesthatarebetween3 and �63v- as

3 . That is, it treatstwo instantsthathavea smallchanceof occurringbeforeeachother

aswell-orderedin time. To distinguishthe well-orderedcasefrom this othercase,we

definetheorderingprobabilityto be �63�- wheneverits valueis between3 and �.3�- . Hence,

to evaluateeverypossibleordering,howeverimprobable,an orderingplausibility of 1

suffices.

A massfunction that is missing is treatedspecially. If one(or more)of the instants

beingorderedhasamassfunctionthatismissing,thenthemassisassumedtobedistributed

in sucha way thatthereis a small,butnon-zero,probabilityof orderingthetwo instants.

For instance,if we introducethe instant p�Ù with a massfunction that is missing,then

Pr �6p � � p�Ù£"ÒF " andPr �gp�ÙO�Öp � "?F#" . Consequently, in thesemantics,aninstantwith a

massfunctionthatis missingbehavesexactlylike anull value,in thattheparticipationof

suchaninstantin a Before operationmakestheBefore false(for all plausibilitiesgreater

than1). However, sincethereis a smallprobability thatan instantwith a missingmass

is beforeanotherinstant(whentheir periodsof indeterminacyoverlap),Before will be

satisfiedfor anorderingplausibilityof 1.
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$ F 3�-

p�!
p c

p � p �Á Á%$ÂÂ&
' () ÁÁ* Á Á%$ ÂÂ& Â Â%+

$ F 14Y

p�!
p c

p � p �Á Á%$ÂÂ&
' (Á Á%$ ÂÂ& Â Â%+

$ F Y43

p�!
p c

p � p �Á Á%$ÂÂ&
' (Á Á%$ ÂÂ&

$ F ´mY

p�!
p c

p � p �Á Á%$ÂÂ&
' (Á Á%$

$ F -�3[3

p�!
p c

p � p �Á Á%$ÂÂ&
'

Figure4.8: Orderingtheeventsin Received dependson $
Before assumesthat thereareno dependenciesbetweenthe probabilitiesassociated

with indeterminateinstants. Hence,it cannotbe usedto accuratelycomputethe prob-

ability of orderingssuchas Pr �¶&(���Ó ��-,�B(" . In the expression“( � precede  )

and (  precede , )” the two precedes areseparatelyevaluated,returningboolean

valuesthataresubsequentlyanded.While this evaluationstrategyis consistentwith the

determinatesemantics,it is notequivalentto computinganorderingof &s���  ��.,�B .
The orderingrelation amongthe instantsin the relation Received dependson the

orderingplausibility, $ . The orderingsgiven by differing valuesof $ are graphically

depictedin Figure 4.8. Eachdirectededgein a graph indicatesthat the originating

instantis Before the terminatinginstant. Somepairsof instantsare“indistinguishable,”

that is eachoccursBefore the other. If no edgeconnectstwo instants,the instantsare

“incomparable,”neitheroccursBefore the other. From the definition, it canbe shown

that Before, for $0/FË-�3[3 , is not a typical orderingrelation in that it is not transitive

nor anti-symmetric,althoughit is alwaysirreflexive (Before for $·F -*3[3 is transitive,

anti-symmetric,andirreflexive). The following exampledemonstratesthat theordering

relationis not transitive.Considerthe indeterminateinstant � F¡&,+6-r/ ´�+6) uniformB and

the determinateinstants GFÓ+ 15+ and 1LFÓ+ ]<+ . Thereis a nonzeroprobability that 1 is

before � , so Before &t-4)21ú)W�dB . Thereis alsoa nonzeroprobability that � is before  , so

Before &t-[)o��)t �B . However, 1 is notbefore .

A generalizationof Before isSet Before. Set Before isusedbelowin theredefinitionof

varioustemporalconstructorsandpredicates.Set Before is similarto Before, butoperates



67

onsetsof instants.

Set Before &°$�)���)# �B���� �43   � � û    Before &°$�) 3 )dû�B
Set Before stipulatesthat the setof instants,� , is beforethe setof instants, , if every

instantin � is beforeeveryinstantin  , to thespecifiedorderingplausibility.

Theneworderingrelationsareusedto redefinethe temporalconstructorsandpred-

icates. Below, we considerthe First constructorin somedetail sinceFirst is usedin

otherconstructors.RecallthatFirst choosestheearliestinstantamonga pair of instants.

With indeterminateinstants,choosingtheearliestinstantamonga pair of instantsis not

alwaysstraightforward. In particular, for a given orderingplausibility, it could be that

neitherinstantin a pair or instantsis earlier, or it could be that both areearlier. In the

indeterminatesemantics,

First &°$�)h��)d �BÓF

5666666666667 666666666668

� if Set Before &®$�)d��)d �B
 if Set Before &®$�)# �)d�dB, � ' otherwise,where,ÒFI�:9� and

'�F N 3 + 3   , � ��¢�û   ,Ò& Before &°$�)hû5) 3 BDBtP
To simplify discussionof First, considerthe casewhere � and  eachcontaina sin-

gle indeterminateinstant. Determiningwhich instantoccursfirst hasseveralpossible

outcomes:

M only � is first,

M only  is first,

M both � and  arefirst (eachis beforetheother;the instantsareindistinguishable),

or

M neither� nor  is first (neitheris beforetheother;theinstantsareincomparable).
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Thefirst two outcomesarestraightforward.Thethird outcome,thatfor indistinguishable

instants,is handledby the fact that First is nondeterministic;eachinstantis generated

separatelyand may result in a separateoutput tuple. Alternatively, a set of possible

outcomescanbemaintained,generatingwith eachelementin thesetgeneratingaseparate

outputtuple.Only plausibilitiesbelow50cangenerateindistinguishableinstants.Forthe

final possibleoutcome,sinceneitherinstantis beforethe other, First constructstheset

containingboth instants.Othertemporalconstructorsandtemporalpredicateswill treat

thesetasa setof instantswith noBefore relationshipsbetweenthemembers.In general,

all membersin suchsetsarepairwiseincomparable.Below we showseveraltemporal

expressionscomposedof theFirst constructorandtheresultof eachexpressionusingthe

instantsfrom therelationReceived.

First &sY[3�) N p � Pv) N p � P�BdF N p � P &s� is firstB
First &D-*3[3v) N p � Pv) N p c P�B�F N p c P &® is firstB
First &D-[) N p � Pv) N p � P�B�F N p � P then

N p � P & both � and  arefirst )
& theoperationgeneratesbothinstantsB

First &D-*3[3v) N p � Pv) N p � P�B�F N p � )�p � P &s� and  areincomparableB
TheFirst constructorcandeducethefirst instantamonga groupof instants,evenwhen

someof thoseinstantsareincomparable( p � , p � , and p�! areincomparablefor aplausibility

of 100asshownin Figure4.8),for example:

First &t-�3[3�) N p c Pv) First &t-�3[3�) N p � Pv) N p � P�BtBdF N p c P
First &t-�3[3�) N p � Pv) First &t-�3[3�) N p � Pv) N p c P�BtBdF N p c Pv�
First &t-�3[3�) First &D-*3[3v) N p � Pv) N p c P�Bo) First &D-[) N p � Pv) N p ! P�BDBdF N p c P

TheFirst constructoralsoworkswhensomeof theinstantsareindistinguishable( p � , p � ,
and p�! areindistinguishablefor aplausibilityof 1), for example:

First &t-4) N p c Pv) First &t-[) N p � Pv) N p � P�BtB�F N p c P
First &t-4) N p � Pv) First &t-[) N p � Pv) N p c P�BtB�F N p c P
First &t-4) First &t-4) N p � Pv) N p c P�BW) First &D-[) N p � Pv) N p	!8P�BtB�F N p c Pv�

The redefinitionof the Last temporalconstructoris similar to that of First and is

omittedto savespace.Thedefinitionsof theothertemporalconstructorschangelittle; a
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'�FI3v- 1 20

'�FI14Y 5 20

'�FIY43 10 20

'�FG´mY 15 20

'�F%-�3[3 20

Figure4.9: Shrink s &('�)*&8+6-«/21[3y+6),7 9<;(=?>�@�ACBDB for severalvaluesof '
parameterfor theplausibility is addedto each,e.g.,

overlap &°$�)*�s��)D �
o)*�;,y)W'�
DB F � Last &®$�)W��)<,�Bo) First &°$�)t �)W'�Bt
W�
Contrastthis with thedeterminatesemanticsfor theoverlapconstructor:

overlap &t�s��)D �
o)*�;,y)W'�
DB F � Last &s��)<,�Bo) First &° �)W'�Bt
W�
We arenowin a positionto redefinethetemporalpredicates.Thesedefinitionsdiffer

only slightly from thedeterminatesemantics.A plausibility parameteris addedto each

predicateandSet Before replacesBefore sincethe temporalconstructorsnow build sets

of instantsratherthaninstants.For example,in thedeterminatesemantics,

precede &t�s��)D �
o)*�;,y)W'�
DBdF Before & Last &(��)t �BW) First &=,5)o'�BtBo)
while in theindeterminatesemanticsit is

precede &°$�)*�(��)t �
W)*�=,5)o'�
tBhF Set Before &°$�) Last &°$�)W��)t �BW) First &°$�)>,y)W'�BDBW�
4.4.2 Supporting Range Credibility

Rangecredibility changesthe 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). Theshrink functionscomputea “shortened”versionof an indeter-

minateinstantby shrinkingitsperiodof indeterminacyandmodifyingits probabilitymass

function.

Shrink s computesa“later” periodof indeterminacybyremovingsomeof the“earlier”

chrononsfromthesetof possiblechronons.Howmanychrononstoremoveisgovernedby

thefirst argument,? , therangecredibility. Thevalueof ? is between0and100(inclusive).

Everypossiblechrononthathasacumulativeprobabilitylessthanthelevelof credibility

is removed. Higher values(closerto 100) of ? will removemore chrononsfrom the

set. Shrink s @BADC�C%E>FHG will removeeverychrononexceptthelatestpossiblechrononin F .

Shrink s @=CIE>FJG will leaveF unchanged.Figure4.9showstheresultof Shrink s for several

credibility valueson theindeterminateinstant FLKM@ |1 N 20| E	OQPSR;TVU�W�XYG . Shrink s is

definedasfollows.

Shrink s @=?�E�@ | F4Z[N\F Z | E^]`_ GBGJKa@ | bcN\F Z | E^]ed_ G
whereb is constrainedby

@=FfZeghb�g\F ZJiYj _I@;bSG�k\?lGinm @2opR2G>@=bcqrRJghF ZJiYj _%@;R2GsK j _%@;bSGinm @2out G>@;F Z qntvq.b i�j _ @;bSGsw j _ @�t Gsk\?lG
and ]xd_ is thenewmassfunction, ]ed_ @=R2GyK z�{�|~}������� {�|~��� . j _I@=b`G is thecumulative distribution

function for theprobabilitymassfunction.
�

Intuitively, theconditionsonShrink s stipulate

that thedesiredchrononis in a groupof chrononswith thesamecumulativeprobability

(thecumulativeprobabilityis thechancethatthechrononis beforeor duringthechronon

in question).Thisgroupis thelatestgroupsuchthatthecumulativeprobabilityof all the

chrononsearlier thanthe groupfalls below ? while the cumulativeprobability of each

chrononwithin thegroupmatchesor exceeds? . Thedesiredchrononis thelatestchronon

within this group. It is thelatestratherthananarbitrarychrononsothatrepeatedshrinks

will makeprogress.

Thefunctionmustalsocomputea newprobabilitymassfunctionsincetheold mass

functionmighthaveassignednonzeroprobabilityto timesthatarenolongerin theperiod�
Thecumulativedistributionfunctionis � ��������� Pr � �����������v�	�u��� �I����� .
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of indeterminacy. To constructthe new massfunction, the probability of eachof the

remainingtimes is scaledby the cumulativeprobability of the choppedtimes. The

new massfunction is a conditional probability function. That is, the probabilitiesare

conditionedby thefact thattheperiodof indeterminacyis shrunk.

Shrink t is similar to Shrink s, but it removesthe “late” instantsfrom an instant’s

periodof indeterminacy. Thedefinitionof this functionis similar to thatof Shrink s.

With thesetwo functions,it is possibleto definethetemporalconstructorconsisting

entirelyof a tuplevariableassociatedwith anintervalrelation.

interval @��4E>?�Ef >G¡K
¢£££££££¤ £££££££¥

¦2§
Shrink s @=?�E4 B¨>©�ª�«�GB¬%E § Shrink t @;?�EJ 2­�ªBGB¬�®

if Before @¯�4E Shrink s @;?�EB °¨>©�ª�«±G<E
Shrink t @=?�E° 2­�ªBGBG

no interval otherwise

Thisfunctionextractsthefrom timestampfrom thetuple,shrinksit by ? to createa“later”

setof possiblechronons,extractsthe to timestampfrom the tuple, andshrinksit by ?
to createan “earlier” set of possiblechronons,therebyeffecting the rangecredibility.

If ?²K ADC�C , then all valid-time indeterminacywill be eliminated. The function then

constructsan interval consistingof the pair of the startinginstantand the terminating

instant,eachperhapsindeterminate,butonlyif thestartinginstantprecedestheterminating

instantat thechosenplausibility.

The semanticsof the temporalconstructorconsistingsolely of a tuple variableas-

sociatedwith an instantrelationchangeslittle. We representthe instant F (determinate

or indeterminate)as the pair
¦�§ FH¬%E § FH¬�® , to simplify the semanticsof the temporal

constructorsandpredicates.

4.4.3 Coalescing

Tuplesin TQuelrelationsareassumedtobecoalesced,in thatvalue-equivalenttuples(i.e.,

tupleswith identicalvaluesfor theexplicit attributes)neitheroverlapnor areadjacentin

determinatevalid time. However, the tuplescould overlapin indeterminatevalid time.

Thevalid timesassociatedwith thevalueequivalenttuplesarecoalescedinto a temporal
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element bytheReduce function.Essentially, atemporalelementisasetof non-overlapping

intervals[Jensenet al. 1994]. A new function, Reduce d , computesthe minimal setof

value-equivalentindeterminatetuples,i.e.,thesetfor which thereareno suchtuples.

Thebehaviorof Reduced canbemadeclearby examiningtheprocessof addinganew

intervalto atemporalelement.Weaddanindeterminateinterval, R , to atemporalelement, �d as follows. Sequentiallyconsidereachinterval, t , in  �d . If the determinateportions

of R and t overlapthenmakeoneintervalby gluing R and t together;this will eliminate

onedelimiting indeterminateinstantfrom eachinterval. TheresultingintervalbecomesR . Continueuntil all theintervalsin thetemporalelementhavebeenconsidered.

4.4.4 Semantics of the Example Query

As a review, the following is the tuplecalculussemanticsof thequeryin Figure4.4 on

page62,usinga rangecredibility of 0 andanorderingplausibilityof 60.

1) Reduce d @ §u³ ´°µ ¶¸· @2opW�G�@2ou¹ºG�@�»½¼D¾�¼DR;¿ ¼DÀl@=W�G iÂÁ P ]½W�U�À ³ ¾Ã °R;U�PJ@�¹ºG
2) i ³fÄ A	ÅSK
W Ä A	Å i ³4ÄÇÆ ÅSK\W ÄÇÆ Å i ³fÄÇÈ ÅÉKÊ¹ Ä�Æ Å
3) i ³fÄÌË ÅSK Last @=Í�CIEsW ÄÌË Å;E Shrink s @;CIEV¹ ÄÇÈ Å�G°Gi ³4Ä�Î ÅSK First @=Í�CIEsW ÄÌË Å;E Shrink t @;CIEV¹ ÄÌË Å�G°G
4) i W ÄÇÆ ÅÉK “wing strut" i ¹ Ä A	ÅSK “Centurion"

5) i Set Before @;Í�C%E Last @=Í�C%EsW ÄÌË Å=E Shrink s @;C%ES¹ ÄÇÈ Å¯GBG>E
First @;ÍuCIEsW ÄÏË Å;E Shrink t @;C%EÉ¹ ÄÏË Å�G°GBG

6) i Before @=Í�CIE Shrink s @;CIEÉ¹ Ä�È Å�G>E Shrink t @;CIEV¹ ÄÌË Å�G°GB¬�G
We havechosenthis examplebecauseit illustratesboth a temporalconstructorand a

temporalpredicate.The ÐuÑ�Ò�ÓlÔ�Õ<Ö appearingin the whereclause(a predicate)generates

theFirst andLast constructorsandtheSet Before online five. Line six isgeneratedby the

intervalconstructorconstraint.Thevalid clausegeneratesline three. Thedefaultrange

credibility generatestheShrink functioninvocations.
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At this point, the semanticsof the retrievestatementhavebeenspecified. As an

example,we tracethe computationof the query given in Figure 4.4 on the database

given in Figure1.1. The querywill result in threetuples,shownin Figure4.5. First,

theextentof theintervalsin In Production is unchangedby theshrinkfunctionsbecause

the queryusesa rangecredibility of 0. The whereclauseeliminatesevery tuple from

In Production excepttheCenturions.Likewise, the whereclausealsoeliminatesevery

tuplefrom Received exceptthewing struttuples.

The shipmentof lot number23 was definitely receivedduring productionof the

CenturionserialnumberAB33; it satisfiestheoverlapwith everyplausibility. Theother

shipmentsmighthavebeenreceived.Lot number30satisfiestheoverlapfor plausibilities

lower than60 because|May 30 N June 18| is before|June 1 N June 30| for

everyorderingplausibility below 65. The othershipment,however, arrivedtoo late in

Juneto beconsideredplausible.It is plausiblethatlot number31arrivedbeforetheendof

productiononly for orderingplausibilitiesof 28 or less.For productionof theCenturion

serialnumberAB34, all theshipmentsarrivedtoo early, exceptfor lot number31 from

theGriffin warehouse.

4.4.5 Query Reducibility

An importantfeatureof theextendedsyntaxandsemanticsis thatevaluationof a retrieve

statementusingthedefaultplausibilityandcredibility (both100)onavalid-timedatabase

with indeterminateor determinateinterval relationsand determinateeventrelationsis

equivalentto evaluationof the retrievestatementwith the previoussemantics(which

hasno supportfor valid-time indeterminacy)on the corresponding“interval reduced”

databasewithout valid-timeindeterminacy. We will call this propertyquery reducibility.

By aninterval reduced database,wemeanadatabasein whichtheintervalindeterminacy

hasbeenremovedby replacingeachindeterminateintervalwith its determinateportion

via shrinkingby arangecredibility of 100. Queryreducibilityshowsthatthemeaningof

all extantTQuelqueriesandrelationsis preservedunderthenewsemantics.It alsoshows

thatevenif thereis someindeterminacyin the database(i.e., if thereareindeterminate

intervalrelations),theusercanchooseto ignoreit (this is thedefaultchoice).
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Q querywithout indeterminacyphrases××× Ø Ù Ù ÙÌÚ
CÛ

(previoussemantics) Ü
dÛ
(extendedsemantics)

A

(evaluatedon interval
reducedrelations) Ý dK? (evaluatedon indeterminate

intervalrelations)

Figure4.10: DemonstratingQueryReducibility

More specifically, underthe extendedsemantics,a retrievestatementwithout cred-

ibility or plausibility phrases,Q, will be translatedto a tuple calculusstatement,C, of

theform describedearlierin thispaper, assumingthecredibility andplausibilitydefaults.

Undertheprevioussemantics,Q will be translatedto a tuplecalculusstatement,

Ü
d , of

the form discussedpreviously. We claim that if everyeventrelationparticipatingin Q

is determinate(but everyintervalrelationneednot be), thenC is queryreducibleto

Ü
d ,

that is, evaluationof C is equivalentto evaluationof

Ü
d . The claim is diagramedin

Figure4.10.

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

minate, semantics.

PROOF. Theoutlineof whatto proveis illustratedin Figure4.10.Theonly differences

betweenC and

Ü
d arethe new andredefinedfunctionsBefore, Shrink s, Shrink t, and

Reduced . Wewill showthatwhenworkingwith determinatetuplestheredefinedfunctions

in the extendedsemanticsreduceto their definitionsin the previoussemantics,andthe

newfunctionshavenoeffect.

We observethat a determinatetuple is timestampswith a determinateinstant (or

interval).A determinateinstanthasaperiodof indeterminacythatisasinglechronon.All

determinateinstantshavethesameprobabilitydistribution;theprobabilityof thatsingle

chrononis A . Finally, thedefaultcredibility andplausibilityareboth100.

The shrink functionshaveno effect on determinateinstants. Sincea chrononis

the smallestgranuleof time, a determinateinstantcannotbe shrunkany further. Thus,
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evaluationof any of the shrink functionson a determinateinstantwill returnthe same

instantregardlessof therangecredibility.

The defaultorderingplausibility of 100 will selectthe determinateorderingof the

instantsin the underlyingrelationsto evaluatetemporalexpressions.For any pair of

determinateinstants,either one instant is before the other with probability 1 or the

instantsarerepresentedby thesamechronon,andneitheris beforetheother. An ordering

plausibilityof 100servesto establishthewell-orderingof instantsrepresentedbydifferent

chronons.HencethedeterminateBefore operationondeterminateinstantsreducesto that

of theindeterminateBefore operationon determinateinstantsata plausibilityof 100

Finally, thenewdefinitionof Reduce d coalescesvalue-equivalenttuplesthatareadja-

centor overlapin determinatetimeexactlyastheold definition.



CHAPTER 5

IMPLEMENTATION OF INDETERMINACY

Changesto thesemanticsto supportvalid-timeindeterminacytriggerchangesin the

implementation.Thesechangesareisolatedto the representationof instants,spans,and

intervals,andto the new or modifiedtemporaloperators:Reduce d , Before, Set Before,

Shrink s and Shrink t. In the next two sectionswe describethe datastructuresand

algorithmsto implementthesenewor modifiedoperators.Ourgoalis to providesupport

for valid-timeindeterminacywithout adverselyimpactingstoragerequirementsor query

evaluationefficiency.

At first glance,supportfor valid-time indeterminacyappearsto be expensive. For

example,Shrink s mustcomputethenewprobabilityfor eachchrononin theshrunkenset

of possiblechrononsin a terminatingindeterminateinstant. Unfortunately, therecould

be quite a large numberof possiblechronons: a typical indeterminateinstantwith a

one-dayperiodof indeterminacystoredto thegranularityof a microsecondhasover86

million possiblemicroseconds.In addition,someof themodifiedoperators,e.g.,Before,

areexecutedin the“inner loop” of queryprocessing,potentiallyperformedmanytimes

for eachcombinationof tuplesin the queriedrelations. Significantslowdownof these

operatorswouldhavea dramaticeffecton theoverallspeedof queryevaluation.

Although Shrink s and the other operatorsappearcostly, we show below how the

new operatorscan be implementedefficiently. We begin with the representationof

indeterminateinformation. In particular, we describetimestampformatsthatcompactly

storevalid-timeindeterminateinstants,intervals,andspans.We thenshowhow thenew

operatorscanbe implementedefficiently, focusingon theprobabilisticorderingusedin

Before.

76
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5.1 Indeterminate Timestamp Formats

Valid-time indeterminateinstants,intervals, and spansmodel new kinds of temporal

information. To representindeterminatetemporalvalues,new temporaldatatypes,or

timestamps [Jensenetal. 1994],areneeded.In thissectionwedescribetheindeterminate

timestampsin detail. First, we presentthe indeterminateinstanttimestamps.Next, we

showthatthespanandintervaltimestampsarenaturalextensionsof theinstanttimestamps.

Finally, wemotivatethedecisionswe madein designingthetimestamps.

5.1.1 Instant Timestamp Formats

Theinstantformatsdescribedherebuild uponthedeterminateinstantformat. We briefly

review this format here; a full descriptionis given elsewhere[Dyreson& Snodgrass

1993B,Dyreson& Snodgrass1994B].

5.1.1.1 Determinate Instants

An instanttimestampmustmeetseveralrequirements.First, thetimestampmustsupport

amultitudeof ranges. Rangeis ameasureof howmuchof atime-linecanberepresented.

A timestampshouldbecapableof storingtimesthatrangeoverjustafew secondsto those

thatrangeovertheageof theuniverse.Second,it mustsupporta varietyof granularities

[Jensenet al. 1994], from thoseaslarge asa yearto thoseassmall asa femtosecond.

In this paper, we haveconsideredonly a singlegranularity, thatof chronons;in general,

multiple granularitiesshouldbe supported[Dyreson& Snodgrass1994C].Third, the

timestampmustbecapableof storingtimesbothbeforeandafteragranularityanchor(an

anchor is a point on thetime-line). Finally, sinceit is difficult to anticipatethedemands

of futurelanguagedesigners,theformatmustallow for growth,primarily theadditionof

newtimestamptypes.

The determinateinstanttimestampis shownin Figure5.1. The dashedlines mark

wordboundaries.Thenumberaboveasubfieldis thesizeof thatsubfield,in bits. Thesize

of thetimestamp,in particular, thesizeof thedata field variesdependingontherangeand

granularityof thetimestamp;thedatafield is either28,60,or 92bits in size.We assume



78

sign

data
Þ 3

data
ß

 type = 000

data
ß28

à
 92 60

 Determinate (32/64/96 bits)

Figure5.1: Thestandardinstantformat

that the rangeandgranularityarespecifiedfor the instantaspart of a createor modify

statementandstoredwith theschema.Largerrangesandfinergranularitiesrequiremore

bits to represent.Theone,two, andthreeword formatsaredepictedin thefigure. Two

wordsshouldbe sufficient for mostapplications.The two word timestampscanstorea

rangeof historicaltimesto thegranularityof a microsecond,or timeswithin a rangeof

36 billion years(all of time, backto thebig bang)to thegranularityof a second.Three

words,whichcanrepresenttimesoverarangeof 36billion yearsto ananosecond,should

takecareof thefew remainingapplications.

An instantis locatedon thetime-lineat somedistancefrom theanchor. The instant

formatstoresthedistancefrom theanchorasa signednumber. Thenumberis storedin

thedatafield andis acountof unitsof agivengranularity, thatis, a countof chronons.It

is importantto notethat therangeandgranularityof aninstanttimestamparenot stored

in thetimestamp.Hence,theinterpretationof thedatafield requiresinformationfrom the

schema,providedby thequeryprocessor. Thesignbit field indicateswhethertheinstant

is beforeor aftertheanchor.

To differentiateamongstthetimestampformats,eachformathasatypefield. Thetype

field is storedin thehighorderportionratherthanthelow orderportionbecausenotevery

formatis thesamesize.Thetypefield distinguishesspecialinstants,suchas“beginning”

and“forever,” from otherinstants.Beginningis theyoungestpossibletimewhile forever

is theoldest.
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Starting Terminating Probability

FORMAT Time Time Distribution

Determinate explicit implicit implicit

Chunked,Standard explicit implicit implicit

Chunked,Nonstandard explicit implicit explicit

General,Standard explicit explicit implicit

General,Nonstandard explicit explicit explicit

Table5.1: Encodingsin theindeterminateformats

5.1.1.2 Indeterminate Instants

Supportfor indeterminateinstantsgreatlycompoundsthecomplexityof therepresentation

becauseaninstantis no longerjust a singletime, ratherit is two timesanda probability

massfunction. In theworstcase,themassfunctioninformationaloneaddsanextraword

to therepresentation.

Torepresentindeterminateinstants,weaddfournewformats,shownin Figure5.2.The

typefieldof everyformatis thesame,indicatingthatthistimestampis for anindeterminate

ratherthana determinateor otherkind of instant.Theformatthat is usedis specifiedby

theuseraspartof creatinga relation.Thefirst formatfrom thetopdepictedin Figure5.2

is the default format. The secondformat is usedif the userwishesa “nonstandard”

distribution;thestandarddistributionsaretheuniform massfunctionsandthat themass

function is missing. Nonstandarddistributionsaddan extraword of informationto the

format. If theuserwantsa “general” indeterminateinstant,to bedescribedshortly, one

of thelasttwo formatsis used.

The formatsappearto be very different,but theyareall fundamentallyalike. Each

timestampformat hasthe threebasicpartsneededto describean indeterminateinstant,

asdescribedin Section4.1.1: a lower support, anupper support, anda probability mass

function. Thesethreepartsareencodedin the timestampeitherimplicitly or explicitly.

Table5.1 indicatesfor eachformatwhethertherepresentationis explicit or implicit. For

example,thedeterminateformat(shownin Figure5.1)hasanexplicit lowersupport,butan
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data
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data

60/92

sign

data
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data

28 60/92
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7

left offset
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data
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4
á

73

 type = 100
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data

sign
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3

chunksize
chunks

4
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distribution

7

left offset
right offset

data

92

 type = 100

sign

data

 2

wasted
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11

16

data

48
â

28

data

60

data

28 60/92

sign

data

 type = 100

 3

data

28 60/92

data

60/92

 wasted

 Indeterminate, General,  Standard Distribution (64/128/192 bits)

 Indeterminate, General,  Nonstandard Distribution (96/160/224 bits)

Indeterminate, Chunked, Nonstandard Distribution (64/96/128 bits)
ã

Indeterminate, Chunked, Standard Distribution (32/64/96/128 bits)
ã

distribution: uniform = 1, missing = 0

 distribution: uniform = 1, missing = 0

Figure5.2: Theindeterminateformats
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implicit uppersupport(identicalto thelowersupport).Theloweranduppersupportsare

representedto therangeandgranularityof thetimestamp.As with determinateinstants,

therangeandgranularityof indeterminateinstantsarestoredwith theschemaratherthan

with eachtimestamp,and the sizeof the datafield variesdependingon the rangeand

granularity. If the determinateformat hasa granularityof microsecondsthenthe lower

supportis the representedmicrosecondandtheuppersupportis thesamemicrosecond.

The period of indeterminacy, one microsecond,is implicit, as is the probability mass

function,which is assumedto be the uniform distribution. It is in this sensethatevery

timestampstoredin thedatabaseis indeterminate.

Sometimesthe uppersupportis alsoencodedimplicitly. If it is encodedimplicitly

then it it composedof a chunk size and a numberof chunks. Intuitively, chunksare

usedto supportcoarse-grainunitsefficiently. A chunkis a span,the lengthof which is

specifiedby thechunksizefield. Theuppersupportis computedby addingthenumberof

chunks,eachof sizechunk size, to thelowersupport.For example,to representa period

of indeterminacyof sevenhoursusingchunks,thetimestampwould recordthatthereare

sevenhour-sizedchunks. The chunksizesthat canbe useddependon the granularity

of the timestamp. Chunk sizessmallerthan the granularitycannotbe usedsincethe

timestampcannotstorethesetimes. Oneof thedutiesof thedatabaseimplementoris to

specifychunksizetables,onefor eachgranularity.

By makingthe numberof units in a chunkexponentialin the chunk size (e.g., by

havingthechunksizejumpby a factorof between10and100),it is generallypossibleto

covera largeportionof therangewith 16 chunksizes.

Chunksandchunksizesareeitherrecordedexplicitly or implicitly in thetimestamp

format. Everytimestampthatdoesnotexplicitly encodeaparticularuppersupportusesa

chunkingschemeto computetheuppersupport.Forexample,thedeterminateformathas

animplicit uppersupport.Furthermoreit hasanimplicit chunkingscheme.It is assumed

to haveasinglechunkwith achunksizeof oneunit in thegranularityof thetimestamp.

In general,the (timestamp)representationof a probability massfunction hasthree

parts,thenameof a massfunction,a left offset, anda right offset, occupyingsomewhat

lessthan32 bits in toto. The nameof the massfunction is storedwith the timestamp
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but theactualmassfunction is storedseparatelyasdescribedfurther in Section5.2.1.2.

Indeterminateinstantsthathavethesameprobabilitymassfunctionandperiodof inde-

terminacymay still differ sincesomeof the massmay havebeenremovedthroughthe

machinationsof theShrink operatorsasdescribedfurther in Section5.2.2. The left and

right offsetsare the percentagethat hasbeenremovedfrom the “early” andthe “late”

portionof theperiodof indeterminacy. Instantswith auniformdistributionor distribution

that is missing,termedthe standard distributions,do not needto keeptrack of the left

andright offsetsincethesedistributionsareindependentof theoffset. Consequently, we

optimizedrepresentationof the standarddistributions,which areoneword shorterthan

the nonstandarddistributions. The userspecifiesthe kind of distribution, standardor

nonstandard,whencreatingor modifyingavalid-timerelationasdescribedin Section4.3.

Whentherelationis created,thestandarddistributionsareassumed.

Thechunkingschemeandtheuseof standarddistributionsyield acompacttimestamp.

SQL-92’s limitedTIMESTAMP formatwithout fractionalsecondsandwithout indetermi-

nacy (assumingthat thepositions in theSQL-92timestamparenibbles)is 56 bits. Our

indeterminatechunkedtimestampwith the samerangeand granularityas the SQL-92

datetimeformatrequiresonly 64bits.

5.1.2 Indeterminate Intervals and Spans

Like determinateintervals,indeterminateintervalsarerepresentedusingtwoinstanttimes-

tamps;onefor thestartinginstantandonefor theterminatinginstant.Sinceindeterminate

instanttimestampsaresometimesbiggerthandeterminateinstanttimestamps,someof

the indeterminateinterval formatsarelarger thantheir determinatebrethren;the largest

indeterminateintervaltimestampis fourteenwords.However, weanticipatethatthefour

word indeterminateintervalformatswill bethemostcommon.

Manycommonspansareof indeterminateduration.Forexamplethetypical response

as to when the garbagewill be carriedout is “in aboutfive minutes,”which actually

representsaspanof betweenfive minutesandseveraldays.Justasdeterminatespansuse

the sameformatsasdeterminateinstants[Dyreson& Snodgrass1994B], indeterminate
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spansusethe samerepresentationalformatsas indeterminateinstants. The format is

interpretedasa spanratherthananinstant.

5.1.3 Design Decisions

Thedesignof theindeterminatetimestampformatsoptimizesrepresentationof thecom-

monmassfunctions(thestandardmassfunctionscostonly a singlebit). Thedesignalso

optimizesencodingof the uppersupportvia chunking. To storethe upperand lower

support(two separatetimes)in asingletimestamp,it wouldappearthatwewouldrequire

atleasttwo datafieldsfor anindeterminateinstant.But weexpectthatarbitraryperiodsof

indeterminacywill berare. Whatwill becommonareperiodssuchas ä hours,ä days,

or ä years.We alsoexpectthatpreciseknowledgeof startingandterminatingtimesfor

largeperiodsof indeterminacywill be rare. For example,it would be very uncommon

for a userto know that an instantoccurredsometimebetween6:23:43.003A.M. July

23, 1985and3:00:57.23409August15, 1990. It is more likely that the userknowsit

occurredsometimebetweenJuly 1985andAugust1990. Theuserspecifieswhetherthe

indeterminateinstantsin a relationarechunkedor unchunkedwhena relationis created.

Thechunkedformatsarethedefault. Theunchunkedformatsresultfrom a useradding

the modifier “general” whencreatingan indeterminateinstantrelation as describedin

Section4.3.

The chunkingschemewas developedto meetthe expectationthat regularperiods

of indeterminacywill the norm. Chunking is a very efficient methodof encodinga

terminatingtime; theencodingonly occupieselevenbits. But thespaceefficiencycomes

attheexpenseof somerun-timecomputationsincetheterminatingtimemustbecomputed

on the fly. Thecomputationcostsoneadditionto addthe chunksto the lower support.

Another cost is that many periodsof indeterminacycannotbe representedusing the

chunkingscheme.For example,we cannotrepresenta 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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databasesystemto determinethechunksizeandnumberof chunksthatbestfits theuser’s

timestampconstant.We anticipatethananexactmatchcanbefoundin mostcasessince

thedatabaseimplementorwill selectchunksizesthatarenaturalperiodsof indeterminacy

(e.g.,anhour, a week,a year, etc.). A goodsystemwill alsogive feedbackto theuserin

thosecaseswherethestoreddataonly approximates,becauseof chunking,thespecified

temporalconstant.

5.2 Implementation of Operators

In this sectionwe discussthe implementationof Before, Set Before, Shrink s, Shrink t,

andReduce d , beginningwith themostcommonnewoperation:thetemporalcomparison

predicateBefore.

5.2.1 The Before Operation

We observedin Section4.4 that the semanticsof temporalconstructorsandpredicates

suchas ÐuÑ�Ò�ÓlÔ�Õ<Ö and å%æ�Ó�ç�è areultimatelybasedonBefore. If theinstantsbeingcompared

by Before aredeterminate,that is, if we know preciselywhenor duringwhich chronon

theyarelocated,thenBefore is the“ q ” relationon theintegersandits implementationis

asingleintegercomparison.

Indeterminateinstantscomplicatetheimplementationof Before. In theindeterminate

semantics,deducingthatoneinstantis beforeanothermayrequirecomputingtheprob-

ability thatoneinstantis beforetheother. This is a potentiallycostlycomputation.We

showbelowhowthiscomputationcanbemadeefficient.

5.2.1.1 The Common Interface

Theinterfaceto theBefore routineis givenin Figure5.3. Theinterfacedeterminesif the

relativelycostlycomputationof theorderingprobabilitycanbeavoided.If F and é are

thesameinstant,thenBefore is trivially falsesinceaninstantcannotbeearlierthanitself.

Before is alsotrivial if F ’s and é ’s periodsof indeterminacyaredisjoint. Disjointness

impliesthatoneinstantis beforetheotherin all possiblecases.Weanticipatethatdisjoint
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function Before(in F , é : instant;in � : integer): boolean;

begin

if F is é then return FALSE

else if F Z qêé Z then return TRUE

else if é Z grFfZ then return FALSE

else if �vK 100then return FALSE

else if �vK 1 then return TRUE

else return PROB F BEFORE é ( F , é , � )

end;
§

Before ¬
Figure5.3: Interfaceto Before

periodsof indeterminacywill becommon.Evenif theperiodsof indeterminacyoverlap,

someorderingplausibilitiescanbetrivially satisfied.An orderingplausibilityof 100can

only bemetif theperiodsof indeterminacyaredisjoint while anorderingplausibility of

1 is attainedif theperiodsoverlapatall. Again,weanticipatethatthesewill becommon

cases,representingthe definiteandpossibleorderings,respectively. If no specialcase

applies,thentheorderingprobability, Pr
Ä FnqLé4Å , mustbecalculated.

5.2.1.2 Probability Mass Function Representation

Thealgorithmfor Pr
Ä Fnq.éfÅ presentedbelowusestheprobabilitymassfunction. In this

sectionwe describea datastructureto storethat function. We presentthedatastructure

first sinceit impactsthealgorithmdesign.

In general,a functioncaneitherbecomputedonthefly or precomputedandits values

cached,say, in anarray. Thelatterstrategyis bestfor aprobabilitymassfunction. Before

is executedin the“inner loop” of queryprocessing,performedmanytimesduringaquery.

We anticipatethat many useful probability massfunctionsare not easily computable

functions,making computingvalueson the fly expensivein termsof executiontime,

whereastable-lookupis quitecheap,althoughpotentiallyexpensivein termsof space.
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Storinga probability massfunction in an array, however, is not straightforward. If

thefunctionis precomputedandcached,thedomainof thefunctiongivesthenumberof

elementsin thearraywhile the rangestipulatesthesizeof eachelement.A probability

massfunction cannotbe storeddirectly in an arraysinceits domainis the integers(or

reals)andits rangeis therealnumberinterval[0,1].

Tomakestoragecostsreasonable,thedistributiongivenbyaprobabilitymassfunction

mustbe approximated. We approximatea massfunctionasfollows. First, the massis

quantized; thatis, it isparceledinto indivisible,discretechunksof probability. Thequanta

canbethoughtof asrods of equalmassbut (possibly)differing lengths.If a probability

massfunctionhasP rodsin total, thenthemassof eachrod is
�z . Thenumberof rods

is calledthe precision of the approximation.Next, the domainof the massfunction is

sampledatC evenly-spacedpoints. C is calledthecoarseness of theapproximation.The

samplepointsare
§ �¶2ë E ´¶�ë E�ì�ì�ìDE ¶�ë � �¶�ë ¬ (assumingthatthedomainof themassfunctionhas

beennormalizedto [0,1]). Typically, the coarsenessis muchlarger thanthe precision.

For instance,in our experiments,we usea coarsenessof
Æ �¯í

but a precisionof
Æ�î

. The

approximationof theuniformmassfunctionwith acoarsenessof ï andaprecisionof
È

is

shownin Figure5.4.

A usefulmentalmodel is to think of the rodsascoveringthe samplepoints. One

conditionthatwe imposeon theapproximationis thateachpoint is coveredby at most

onerod, althougha singlerod canspanseveralpoints. A pigeon-holeargumentshows

thata probabilitymassfunction’s precisioncanneverexceedits coarseness.That is, if

thereare256 points,thentherecould be at most256 rods(otherwisesomepoint must

coveredby morethanonerod).

Therod andpoint methodof approximatinga distributionhassomelimitations. The

coarsenessand precisionrestrict the variety of probability massfunctionsthat can be

approximatelyrepresented;somemassfunctionscannotbe representedat all. If the

coarsenessequalstheprecision,thenonly theuniform probabilitymassfunction (every

point is equally likely) can be represented(a different rod on every point). As the

coarsenessandprecisiondiverge,moremassfunctionscanbe represented.In general,

with a precisionof P and a coarsenessof C, at most ðòñó�ô differentprobability mass
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Figure5.4: Theapproximateduniformmassfunctionwith ]#K È
and

Ü
K
ï

functionsarepossible. Also, massfunctionsthat havea massof more than
�z spread

over lessthan
�ë of their domaincannotbeapproximated.To modelsuch“spiky” mass

functions, two or more rods might have to spanthe samepoint. It is the database

implementor’s task to choosethe appropriateC andP values,supportingthe kinds of

massfunctionsthatareof interestto theusersof thesystem.

Using the rod andpoint method,a probability massfunction is approximatedwith

an absoluteerror of lessthan
�z . That is, the probability of a possibleinstant in the

approximateddistributionis within
�z of theactualprobability. If thedifferencebetween

theprobabilitiesis morethan
�z thentheapproximationhasbeendoneincorrectly, asa

newrodshouldhavebeenintroduced.

Theapproximatedmassfunctionis storedin a binarytreeratherthananarray. There

is one leaf for eachsamplepoint. For example,the first leaf in a preordertraversal

correspondsto the samplepoint
�ë . At eachleaf in the tree,the numberof rodsto the

left andright of the samplepoint arestored. For example,in the approximationof the

uniformmassfunctionshownin Figure5.4therearenorodsto theleft andtwo rodsto the

right of thefirst point. Theexampleshowsthatit is not alwaysthecasethatthenumber

of rodsleft andright of a samplepointwill sumto P; often,thenumberof rodswill sum

to ]÷ö#A sincethe rod coveringthe nodeis uncounted.The treefor the approximated

uniformmassfunctionis shownin Figure5.5.

In thetreeshownin Figure5.5,C andP aresmallvalues,consequentlytheentiretree

canbeeasilystoredin just a few bytes. But whenC andP arelarge, it is infeasibleto

storethe full tree,nor do we needto storethe full tree. We areprimarily interestedin
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20 20 2 20 02111120 0

Figure5.5: The treestoringthe approximateduniform massfunctionwith ]ÂK È
andÜ

K\ï
thenumberof rodsto theleft andright of samplepoints.Observethatfor manysubtrees

thesenumbersare the samefor every nodein the subtree. All suchsubtreescan be

pruned,keepingonly therootof thesubtree,which is speciallymarked.Whentraversing

aprunedsubtree,thetreetraversalalgorithmtreatsaspeciallymarkednodeastherootof

a “virtual” subtreeandtraversesthe subtreeasthoughit werestored. The treepruning

techniquesavesquite a bit of space. The prunedtreehasat most
Æ ] leaves(one leaf

mightbeneededperrodend)andcouldhaveasfew asP leaves.In contrast,theunpruned

treehasC leaves(in general

Ü
wøwh] ). Thenumberof interiornodesalsovaries,with as

few as ]\öLA interiornodesandasmanyas
Æ ].ö.A interior nodesin a tree(abinarytree

with ä leaveshas äùöhA interior nodes).Eachinterior nodeis two log ¶ @
Ü
G -bit pointers

while eachleaf nodeis two log ¶ @2]øG -bit fieldsto storethenumberof rods. For

Ü
K Æ �¯í

and ]aK Æ�î
, thestoragecostof a prunedsearchtreeis between1.5K and3K bytes.The

prunedtreefor the exampledistributionis shownin Figure5.6. The speciallymarked
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Figure5.6: Theprunedtreestoringtheapproximateduniformmassfunctionwith ]#K È
and

Ü
K\ï

nodeshavedashedline borders.

Thedistributiontreeefficiently storestheapproximatedprobabilitymassfunction,but

theapproximationimpactsthecomputationof Pr
Ä FnqLé4Å , changingtheproblemto a rod

countingproblem.

5.2.1.3 An Overview of Computing Pr
Ä FúqLé4Å

Calculatingtheprobabilitythatoneinstantis beforeanotherusingtheapproximatedmass

functioncanbereformulatedasa rodcountingproblem.Assumethattherearetwo rows

of P rods.Therodscouldbeof varyinglengths,or theycouldall bethesamelength.The

two rowsof rods,which we shallcall the F -row andthe é -row, areparallelto eachother

asshownin Figure5.7. Therod countingproblemis to countthepairsof rods,onerod

from eachrow, suchthattherod from the F -row is beforetherod from the é -row. Each

suchpair representsacontributionof
�z�û to Pr

Ä FnqLé4Å .
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Therod countingproblemis complicatedby thefact thattherodsin eachrow might

befurthergroupedinto chronons.Forthepurposeof computingPr
Ä F�qLé4Å , eachchronon

hasan indivisible mass,that is, all the rodsentirelywithin thesamechrononshouldbe

treatedasa singlerod with a massequivalentto the total massof the constituentrods.

For example,consideran indeterminateinstantwith a uniform massfunctionanda set

of possiblechrononsconsistingof only two chronons.Thereare ü z ¶�ý rodswithin each

chronon,consequentlyeachchrononin this indeterminateinstanthasanindivisiblemass

of C%ì Î .
Therodcountingproblemdiffersfrom theoriginalproblemof computingtheproba-

bility thatoneinstantis beforeanotherinstantin asubtle,butsignificantway: thesumof

themassin pairsof rodswhereF ’srodisbeforeé ’srodisnotquitethesameasPr
Ä FnqêéfÅ .

Considerapairof rods,neitherof whichis beforetheother(therodsareat thesameplace

in the overall orderingof rods). Eachrod representsthe probability that the instantis

locatedduring a certainrangeof chronons(the rangecould be just a singlechronon);

but how theprobabilityis distributedamongthechrononswithin thatrangeis unknown.

Althoughneitherrod is beforetheother, it is probablythecasethatsomechrononwithin

therangerepresentedby therod is beforeachrononin therangerepresentedby theother

rod. Therod countingproblemdoesnot countthe(small, g �z û ) probabilityof this case

and thusundercountsPr
Ä FþqÿéfÅ . In Section5.2.1.6we quantify the error on the rod

countingtechnique.

Thealgorithmfor countingpairsof rodsis basedon a divide-and-conquertechnique.

Eachstepin thealgorithmis illustratedin Figure5.7. Thefirst stepis to chosea pivot.

A pivot is a rod in F ’s row or rods. Thepivot splits therodsin F -row into threegroups:

thosebeforethepivot, F����¯¨�ª�©�� , thoseafterthepivot, F��B¨>­�� © , andthepivot itself.

Thesecondstepis to identify wheretheright-endof thepivot belongsin theordering

of é ’s rods. The right-endof the pivot divides é ’s row of rods into threeparts: those

beforetheright-endof thepivot, é����¯¨�ª�©�� , thoseaftertheright-end,é	�°¨Ã­
� © , and,perhaps,a

rod thatoverlapstheright-end,é ª��
� ©������ .
The third stepis the conquerstep. Observethat all the rods in F�����¨�ª�©�� � ¹pR;¿%U�  are

beforeall therodsin é	�°¨Ã­
� © . Eachpairof rods,onechosenfrom eachof thesetwo groups,
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adds
�z û to a runningsumof Pr

Ä F qùéfÅ . If the runningsum(scaledby 100) exceeds

theplausibility, � , thenthealgorithmterminatessincetheplausibility hasbeenmetand

Before is true. This is calledan“early exit” condition.

Similarly, all therodsin é����¯¨�ª�©�� arebeforetherodsin F��°¨Ã­
� © . Eachpair of rods,one

chosenfrom eachof thesetwo groups,adds
�z û to a runningsumof Pr

Ä é\g�FÉÅ . If the

runningsum(scaledby 100)exceedsA�CuCxö�� , thenthealgorithmterminatessinceBefore

is false.This is theonly other“early exit” condition.

If an early exit is not taken, then two subproblemsremainto be solved. The al-

gorithm hasyet to determinethe relationshipsbetweenthe rods in F����¯¨	ª¯©�� � ¹pR;¿IU�  and

thosein é	����¨�ª�©�� , aswell asthe relationshipsbetweenthe the rodsin F��B¨>­
� © andthoseiné	�B¨>­
� © � éSª���� ©������ . Eachof thesesubproblemsis solvedrecursivelyin thenext“round” of

thealgorithm.

5.2.1.4 Choosing the Pivot

The choiceof pivot is an importantfactor in controlling the algorithm. The algorithm

choosesasthepivot therod correspondingto half of theremainingrodsin F (thoserods

thathaveyet to becounted).This choiceenablesthealgorithmto reachan“early” exit

conditionquickly. Overall,thetotal work performedby thealgorithmis to countall ] ¶
pairsof rods. But thecountingcanstopwhenenoughpairsarecountedto determineif

eitherPr
Ä Fhq é4Å or Pr

Ä é#g�FÉÅ is satisfied(the earlyexit conditions). It is betterif, in

thefirst few pivot choices,analgorithmmaximizesthepairsof rodsit countssinceit will

thenhit anexit conditionin fewerpivots.

Theorem 2 The � th pivot will count ] ¶�� Æ�� log û |��°��� µ � pairs.

Proof. By choosingthe rod correspondingto half of the remainingrods,thealgorithm

countshalf the pairson thefirst pivot, that is, it counts ] ¶ � Æ pairs. On thesecondand

thirdpivots,it countshalfof halfof theremainingpairs,or ] ¶�� ï pairsperpivot,assuming

“breadth-first” recursion. On the fourth throughseventhpivots, it countshalf of half

of half of the remainingpairs,or ] ¶�� È�Æ pairs. So in general,the � th pivot will count] ¶ � Æ � log û |��°��� µ � pairs.In theworstcase,
Æ ] pivotsarerequired.
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d) Two subproblemsgenerated

Figure5.7: A rodcountingoperation

Observethat,for a precisionof
Æ î

, afterthefourteenthpivot, thealgorithmwill have

counted93%of the total numberof pairs. In otherwords,to approximatetheordering

probabilityto within 10%,atmostfourteenpivotsmustbeperformed.

5.2.1.5 Implementation Details for Computing Pr
Ä Fnq éfÅ

Thecodefor the“pivoting” algorithmis shownin Figure5.8. Thecountingstopswhen

thecountof pairsexceedstheneedednumberof truepairsor falsepairs(it simultaneously

solvesfor bothPr
Ä FnqLéfÅ andPr

Ä éng.FÉÅ ), or whenall thepossiblepivotshavebeentried

(anundercounthasoccurredandweassumethatPr
Ä FnqLé4Å is false).Themostimportant
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featureof this codeis that the majority of instructionsare “cheap” integeroperations:

shifts,assignments,andadditions.Thereareonly two multiplications,no divisions,and

no floatingpoint operations.Although, for pedagogicalreasons,we havepresentedthe

pivoting codeasa recursiveprocedure,theprocedureis implementedusinga queueand

iteration,thusavoidingtheexpenseof recursiveprocedurecallsandsupportingbreadth-

first recursion.Onefinal observation,calculatingthenumberof trueandfalsepairshas

beenreducedto a table-lookupsincethe orderingplausibility, � , cantakeon only 100

differentvalues.

5.2.1.6 Error in Rod Counting

As wepointedoutearlier, theapproximationby rodsandpointsleadsto anundercounting

of Pr
Ä FnqLé4Å . In thissectionwe quantifythemagnitudeof theundercounting.

Theorem 3 The undercount is less than
¶z .

Proof. First considerthe error oncea pivot hasbeenchosen.The error is the rods in

theotherrow of rodsthat remainuncounted.Theuncountedrodsarethosethatoverlap

thepivot. Theserodsareuncountedbecauseit is unknownhow theprobabilitymassis

distributedwithin eachrod,consequentlyit is impossibleto determinewhetherthemass

is beforeor afterthemassin thepivot. Figure5.9showstherodsthatareuncountedfor

anexamplepivot; the rodsthatareeitherpartially or wholly within thedottedlinesare

notcounted.But howmanypairsof rodspossiblyoverlap?We claimthattherecanbeat

most
Æ ]\ö.A pairsthatoverlap.

Wedemonstratethisclaimbymodelingtheoverlappingrodswith anundirectedgraph.

Let eachrod bea nodein a graph.Add anedgebetweeneachpairof rodsthatoverlaps.

Observethattheedgescannot“cross”eachother, thatis, thegraphis planar. Now count

thetotal numberof edgesin thegraph.Choosethefirst, or “leftmost” edgein thegraph.

Sinceedgescannotcross,atleastonenodeonthisedgeisasink,unconnectedto anyother

nodesby a differentedge. Eliminateboth the nodeandthe edge. Repeatthis process,

alwayschoosingthe “leftmost” remainingedge,until thereareno moreedges.Initially

thereare
Æ ] nodes.Onenodeis eliminatedat everystepalongwith oneedge.At least
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onenoderemainsafter thefinal edgeis removed.Consequently, initially, therewereat

most
Æ ]\ö.A edges.

Eachedgerepresentsa pair of rodsthatoverlap,correspondingto a massof
�z û that

remainsuncounted.Sincethereareat most
Æ ]\ö\A edges,thetotal missingmassis less

than
¶z . Fora precisionof

Æ�î
, thetotalerroris lessthan1%.

Therod countingalgorithmallowsBefore to beefficiently implemented(Section5.2

will examineits efficiency in detail). We now turn to the implementationof the other

operationsthat changewith supportfor indeterminacy:Shrink s, Shrink t, Set Before,

andReduce d .
5.2.2 The Shrink functions

A Shrink function changesan indeterminateinstantin two ways. First, it shortensthe

instant’s periodof indeterminacy, andsecond,it modifiestheinstant’s massfunction. In

this section,we describetheimplementationof thesetwo changes.Surprisingly, thefirst

changeis morechallengingthanthesecondto implement.

A periodof indeterminacyis shortenedby computinga newupperor lower support.

In a Shrink s operation,thenewsupportis thechrononwherethecumulativeprobability

exceedstheuser-specifiedcredibility. Theimplementationof theShrink s operationtreats

thecredibility asa percentageof rodsthatareto beremovedfrom therow of rods. The

leftmostchrononin the earliestremainingrod becomesthenew lower support,thereby

removingthe“early” portionof theperiodof indeterminacy. For example,in a Shrink s

operationwith a credibility of 50, the chrononcorrespondingto half of the remaining

probabilitybecomesthenewlowersupport.Thelocationof thatchronondependson the

massfunction. Forauniformmassfunction,thechrononis in themiddleof theperiodof

indeterminacy, whereasfor a probablyearlymassfunctionit is towardstheearlyportion

of theperiodof indeterminacy. Whereverit is in a periodof indeterminacy, thechronon

correspondingto half of the remainingprobability is in the “middle” rod in the row of

rods.We usea binarysearchtechniqueto find theleftmostchrononin thatrod.

To computea new massfunction, we recordin the left or right offset of the inde-

terminatetimestamphow muchof the massfunction hasbeenremovedby the Shrink



95

function PROB  BEFORE ! (in  , ! : event;in " : integer): boolean;
const

P : integer= 256;C : integer= 65536; �#�$&%�% , !'#�$�%�% : probability massfunction tree(C,P);
plausibility map : array[1..100]of 1.. (�)+*�,.-0/1/32 ;

var
false pairs, true pairs, pivot,  �4 ��5 : integer;
leaf : treenodepointer;

procedure ROD COUNTING(in  �6
$�7�4 ,  �#
7 , !86
$�7�4 , !'#�7 : integer);
begin9

Checktheexit conditions:
if (true pairs ; 0) < (false pairs = 0) then return;
if ((  �#
7?>@ �6�$&7�4 ) A 0) < (( !8#
7�>B!86
$�7�4 ) A 0) then return;9

Calculatepivot :
pivot CD 6
$�7�4FE ((  #
7 >B 6�$&7G4 ) div 2);9

Figureout  ’s contribution : IH�%G6J7G$&%KC pivot >L �6�$&7�4 ; 	M 6�#
%G$ CD #
7 > pivot;9
Figureout thechrononin which thepivot endsusingbinarysearch: I4 ��5 C binary search( �#�$&%�% , pivot);9
Find therodin ! justafterthepivot’schrononusingbinarysearch:

leaf C binary search(! #N$&%�% ,  4 ��5 );9
Figureout ! ’s contribution :!'H�%�6O7�$�%PC leaf .left rods >Q!'6�$&7G4 ;!RM 6�#
%�$ CS! #
7 > leaf .right rods;9
How muchis thetotalcontribution? :

true pairs C true pairs > ((  �H�%�6O7�$�% E 1) TU! M 6
#
%G$ );
false pairs C false pairs > (  M 6�#
%�$VTU!8H�%�6O7�$&% );9

Continuecounting :
ROD COUNTING(  I6�$&7G4 ,  I6�$&7G4 E  �H�%�6O7�$&% , !'6�$&7G4 , !'6�$&7�4 E !8H�%�6O7�$�% );
ROD COUNTING(  I#�7W>F M 6
#
%G$ ,  �#
7 , !'#�7�>B! M 6
#
%G$ , !8#
7 );

end;
9

ROD COUNTING :
begin

true pairs C plausibility map[ " ];
false pairs CD) * > true pairs;
ROD COUNTING(1, P, 1, P);
return true pairs ; 0

end;
9

PROB  BEFORE !X:
Figure5.8: Thepivotingalgorithm
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pivot

Figure5.9: Therodswithin thedottedlinesaretheundercountfor thepivot

functions. Specifically, the left andright offsetskeeptrackof which rodsremainin the

approximatedmassfunctionaftera shrinkoperation.For example,assumethat theuser

executesaShrink s with arangecredibilityof 50onaninstantwith P rods.Thisoperation

will removehalf of therods,or z ¶ rodsfrom theleft sideof theprobabilitymassfunction

associatedwith theinstant.We marktheserodsasremovedby updatingtheleft offsettoz ¶ .

Whena rod is removed,theremainingrodsbecomemoremassiveto compensatefor

the lost mass. If ten rodsareremoved,the massrepresentedby eachremainingrod is

effectively
�z � ��Y ratherthan

�z . Hence,all thatis neededto computeanewmassfunction

is to keeptrackof howmanyrodshavebeenremoved.

Buthowdoestheshrunkenmassfunctionaffectthepivotingalgorithmusedin Before?

RecallthatBefore countspairsof rodsthatprecedeeachotherin tworowsof rods,until the

countsatisfiesacertainorderingplausibility. Assumethatthemassof eachrodin onerow

is
�� (initially therewereP rods,but ]êö�b rodshavebeenremovedasrecordedin theleft

andright offsets)andin theotherrow
�Z . Furtherassumethatby countingP pairsof rods,

theorderingplausibility, � , is reached.Mathematically, we canexpressthis as [��Y\Y g ]� Z .
Sinceall thevariablesin the equationarenon-negative,we canrewrite the relationship

as [ � Z��Y\Y gaP . Therewrittenrelationshipshowsthatcountingwith rodsof increasedmass

is equivalentto first scaling � by anappropriatefactor, by � Z��Y\Y , andthensimply counting

the rods. Hencewe do not haveto changethe pivoting algorithmor datastructures.It

is straightforwardto addthecodeto scale� to theheadercodefor Before. Thecodefor
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function Shrink s(in  : event;in " : integer): event;
const

P : integer= 256;C : integer= 65536; �#�$&%�% : probability massfunction tree(C, P);
var

j : integer;
begin9

Thefunctionreturns!U:!^CD ;9
Determinethenewleft offset :!�_�`�a0b8c debfbfg0ahc�CS �_�`�a0b8c dibfbRg�aOcEkj�j�j  �_�limonqpqc debfbfg0ahcr>S �_�`�a0b8c dibfbRg�aOc�s?Tt"Is div -�/3/3s ;9
Find thechrononof therod for thenewleft offset :!fu�C binary search( I#�$�%�% , j  �_�`�a0b8c debfbfg0ahc?Tr)Vs div 100);

return !
end;

9
Shrink s :

Figure5.10: TheShrink s algorithm

Before mustalsobesensitiveto which rodshavebeenremovedfrom a probabilitymass

function. Only the initial call to ROD COUNTING in thebodyof PROB F BEFORE é
needsto be changed;insteadof assertingthat both massfunctionsstart at rod 1 and

continueto rod P, the initial call to ROD COUNTING mustpassthe correctbeginning

andendingrods(computedfrom theleft andright offestsfor bothinstants).

It is importantto notethatsincetheshrinkfunctionschangethemassthatis approxi-

matedby arod,theerroron theapproximationandtheerrorin theBefore algorithmboth

increasedueto cumulativeshrinking.

Thestraightforwardpseudo-codefor Shrink s is given in Figure5.10. Similar code

for Shrink t is omittedfor brevity.

5.2.3 Set Before

Set Before also appearscostly since it must computeover setsof instants. But we

stipulatethat therecanbeat most32 instantsin a set(themaximumnumberof instants

in anexpression,correspondingto betweeneightandsixteentuplevariables,a veryhigh
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maximumin practice);hence,asinglewordof storagesufficesto representaset,eachbit

indicatingmembershipof aninstantin theset.Set Before efficiently determinesif all the

instantsin onesetareBefore thosein anotherby performinglogical ands betweenrows

in thebooleantableof previouslycomputedBefore results.

5.2.4 Reduced
The implementationof Reduce d is little changedfrom that of the original Reduce. The

indeterminateinstantswith theearliestandlatestextentmustbecomputed,but this adds

only two timestampcomparisonsto eachstep. Of greaterconsequenceis that Reduced
mustdealwith moretuplesthanReduce becauseof thenondeterminismin First andLast.

Thevalid clausespecifiesthevalid timesof tuplesthatareinput to Reduced . Thevalid

clauseis anexpressionconsistingsolelyof temporalconstructorssuchasFirst andLast.

For plausibility valuesbelow50, First andLast arenondeterministicandmight produce

bothargumentinstants(if theinstantsareindistinguishable),eachof which couldbethe

valid-time timestampof a tuple. For plausibility valuesabove50, at mostoneinstant

can be produced(as is the casefor the determinatesemantics). Consequently, in the

indeterminatesemantics(for plausibilitiesbelow 50) more tuplesmay result thanwith

thedeterminatesemantics.For anexpressioninvolving theFirst andLast constructors,

at most
Æ8vFirst v µ�vLast v different instantscould be produced,but no more than the total

numberof instantsin theexpression(a maximumof 32). In thetuplecalculussemantics

shownin Section4.4.4for thequeryin Figure4.4,only onetuplewill beinput to Reduced
sincetheplausibility on thevalid clauseis above50. If theplausibility wereloweredto

25,thenatmostfour tuplescouldbeinput to Reduce d sincethereis oneFirst andoneLast

constructorin thevalid clause.

5.2.5 Impact of Indeterminacy on the Determinate Implementation

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

TQuelqueriesondeterminaterelationswill incurnoadditionalexecutionoverheadunder
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thenewsemantics,andexecutingsuchquerieson indeterminaterelationswill only add

Shrink s @°A�C�C%E�E	G andShrink t @°A�C�C%E�E	G invocations,which effectively discardthe indeter-

minateinformation.

5.3 Empirical Analysis of the Implementation

We implementedtheindeterminateoperationsin theC programminglanguageusingthe

GNU C compiler, version2.0, with compiler optimizationfully enabled. We useda

precisionof
Æ�î

anda coarsenessof
Æ �¯í

in thecodefor the indeterminateBefore. These

valueslimit the maximumerror in the pivoting algorithm to less than 1%. We also

implementedBefore with a maximumpossibleerror of 10%. This versionof Before

performs(at most)14 pivotsasdiscussedin Section5.2.1.6.Eachoperationwascoded

asaseparateC function.

We then testedthe performanceof eachoperation. All testswereperformedin a

controlledenvironmenton adedicatedSPARC station A1w (a 12-MIPmachine).A single

testconsistedof ten separateruns,whereeachrun executedthe operationbetweenone

thousandandonemillion timesto avoid any internalclock samplingerrors. Table5.2

showstheresultsfor eachoperation.Theexecutiontimesshownin thefigurearetheaver-

ageoverall runsandincludethecostof thefunctioncall. ‘NA’ denotes“not applicable.”

Thecostof Reduced is givenin termsof thecostof Before. For mostof theoperations,

thebestandworstcasesdiffer very slightly, but the behaviorof Before is complexand

dependson theinstantsbeingcompared.

To further examineBefore’s behavior, we devisedseveraladditional testsfor the

indeterminateBefore. Thesetestsweredesignedto captureboththeworstcaseandthe

expectedcaseperformanceof thepivotingalgorithm.Theworstcasefor Before happens

whenthe two indeterminateinstantsspanthe samechrononsandhavenearlyuniform

distributions.We testedthis worstcaseperformanceof Before on a pair of events,each

of which hasa periodof indeterminacyof onemillion chronons.The resultsaregiven

in Figure5.11. Thegraphplots the executiontime (in microseconds)of Before for the

plausibilityvalues1to100.Astheorderingplausibilityapproaches50,theexecutiontimes

increasebecausemorepivotsareneededtodeterminetheoutcomeof Before. Theaverage
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DeterminateCost Indeterminate Indeterminate

BestCaseCost WorstCaseCost

Operation (in microseconds) (in microseconds) (in microseconds)

DeterminateBefore 0.4 NA NA

Indeter. Before - 1%error NA 0.6 5000

Indeter. Before - 10%error NA 0.6 320

Shrink s NA 0.4 2

Shrink t NA 0.4 2

Set Before NA 0.4 0.4

Reduced (perpairof tuples) 1-2 Before’s 1 Before 2 Before’s

Table5.2: Timingson indeterminateoperations

worstcaseBefore operationwith 1% error, acrossall plausibilities,is approximately157

microseconds,with a high of 5000microsecondsat a plausibility of 50, anda low of

0.6 microseconds.With a maximumerrorof 10%, theaverageworstcasefor Before is

somewhatless,72microseconds,with ahighof 320microsecondsata plausibilityof 50.

Theworstcaseperformancedoesnotalwaysoccurataplausibilityof 50,butdepends

on the relative positionsand massfunctionsof a pair of indeterminateinstants. Two

instantswith nearlyuniformdistributionswhichhavepartially(butnotfully) overlapping

periodsof indeterminacywill exhibit worstcaseperformanceat plausibilitiesotherthan

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

betweentheir periodsof indeterminacy, from no overlapto completeoverlap. We fixed

thepositionof oneinstantin chrononspaceandslid theotherinstantrelativeto thefixed

instant. Figure 5.12 showsthe results. The z-axis is the cost (in microseconds)of a

singlecall to Before (we usedthe10%errorversion).Thex-axis is theplausibility. The

y-axis is the relativepositionof the two instants,“far apart” indicatesno overlapin the

periodsof indeterminacywhereas“even” meanscompleteoverlap. The figure shows

that if the instantsdo not overlap(a commoncase),Before is very cheap.If the instants

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

in Figure5.11is asliceof thegraphin Figure5.12at the“even” pointalongthe“relative

position”axis.

While examiningworst-casebehavioris sometimesilluminating, we anticipatethat

it will beuncommonfor two instantsto haveoverlappingperiodsof indeterminacy, and

that worst-casebehaviorwill be rarerstill. For example,consideran eventrelationof

employeehirestimestampedwith thedayof hiring. Thedayanemployeewashiredis an

indeterminateinstant,assuminga commontimestampgranularityof a second.Suppose

we querythis relationto determinewhich employeeswerehired beforethe third fiscal

quarterbegan.Thequarterbeganat 8 AM on October A st. It is unlikely thatmostof the

hiring instantsoverlap8 AM onOctoberA st. Hence,theprecedescomparisonfor mostof

theinstantsin therelationwill beveryefficient,andtheimpactof theothercomparisons

on thetotalwork donein thequerywill beslight.

To explorethis aspectfurther, we deviseda further test. We randomlyplacedten

instants,eachof which hada one-dayperiodof indeterminacy(86,400chronons)anda



102

0 10 20 30 40 50 60 70 80 90 100
far apart

overlap
even

overlap

far apart

0

50

100

150

200

250

300

350

400

450

500

Plausibility Relative Position

Microseconds

Figure5.12: Slidingoneinstantrelativeto anotherperformanceof Before

nearlyuniform distribution,in a chrononspacethatvariedbetween1 and50 days(be-

tween86,400and4,320,000chronons)in size.Foreveryplausibilitybetween1 and100,

we testedBefore on everypossiblecombinationof instants( A�C ¶ possiblecombinations)

at plausibilitiesrangingfrom 1 to 100. Instantswerenot comparedto themselves.We

performedonehundredsuchtestsfor eachplausibility andpoint in chrononspace.We

rerandomizedthe locationof the instantsbetweeneachtest(i.e., peronehundredcom-

parisons).Theresultsaredepictedin Figure5.13. Thegraphin Figure5.11is a sliceof

this graphat a valueof oneunit of randomspace.Thegraphshowsthatin a normalmix

of instants,rareworst-casesituationshavelittle impacton overallperformance.Only in

whenthesizeof therandomspaceis smallis thecostof Before significant.

To this point we havenot determinedhow much more expensivewe expectthe

indeterminateBefore to be thanthedeterminateBefore. To measurethe relativecostof

theindeterminateBefore wereranthe“randomplacementof instants”testdescribedabove

on both the indeterminateanddeterminateBefore. But this time we let the sizeof the

randomchrononspacevarybetween1 and1800daysratherthan1 and50. Foreachday,
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Figure5.13: Thecostof comparingten instantsrandomlyplacedin a chrononspaceof

varyingsize

we averagedthecostof theBefore operationacrossall theplausibilities,1 to 100. The

resultsareplottedin Figure5.14.Whenall teninstantsarerandomlyplacedin achronon

spacethreemonthsin size(i.e., thereareten employeehiresin threemonthsandonly

thesehiresareusedin the query), the indeterminateBefore is approximatelysix times

moreexpensivethanthedeterminateBefore. By oneyearit is only twice asexpensive,

andthereafter, it is approximatelyhalf againasexpensiveasthedeterminateoperation.

Theasymptotictime for the indeterminateBefore is y{z microseconds(1% meets10%in

thelimit) and y}|�~ for thedeterminateBefore.

Although the run-timecostof eachoperationconsideredin isolationis informative,

it doesnot addressthe “actual” cost of a querywith indeterminateinformation,since

thefrequencyof operationsandthe interactionsbetweenoperationsareabsentfrom the

analysis. In addition,theseoperationsareonly oneportion of queryevaluation;many

otheroperationsare included. To measureBefore andthe otheroperationsin context,

we designeda testof a completequery. We hand-compiledthe exampleTQuel query

givenin Figure4.4on page62, into a seriesof callson a prototypesystemfor temporal
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supportcalledMULTICAL [Soo et al. 1992]. We choseMULTICAL primarily becauseit

is theonly suchsystemin thepublic domain(of which we areaware).Thesequenceof

MULTICAL callsareshownin Figure5.16.Thedeterminateandindeterminatesequences

of callsdiffer only slightly; thedifferencesarehighlightedin italics in theindeterminate

sequence.For both sequenceswe suppressedall input, output, anddisk I/O as these

expensiveoperationstendto dominatethe cost of other operations.We also usedthe

chunkedindeterminatetimestampformats,whicharemoreexpensiveto unpack,buthave

thesamespacecostasthedeterminatetimestampsusedin theexperiment(consequently

disk I/O costsshouldbethesame).

To testthequeryweonceagainusedavariationof “therandomplacementof instants.”

Weusedthetuplesshownin Figure1.1,but randomlyplacedtheindeterminate(determi-

nate)instantsin anchrononspaceof increasingsize.Weusedaperiodof indeterminacyof

twenty-fourhoursfor theinstantsin bothrelations.Theresultsareshownin Figure5.15.

Exceptfor theraresituationswheremostof theinstantsarepackedinto a relativelytight
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randomspace,indeterminacyroughlydoublesthecostof thequery, from anasymptotic

timeof 17microsecondsto thatof 31microsecondswith indeterminacy.
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�
Thedeterminatesequence�

for everycombinationof r andp

unpackinstant(r);

unpackinterval(p);

c1 � Before(r, p.to);

c2 � Before(p.from,r);

if (c1 andc2) then

e1 � First(r, p.to);

e2 � Last(p.from,r);

temp � Before(e1,e2);

addtempto result

end

end

�
Theindeterminatesequence�

for everycombinationof r andp

Shrink t(0, p.to);

Shrink s(0, p.from);

unpackinstant(r);

unpackinterval(p);

c1 � Before(60, r, p.to);

c2 � Before(60, p.from, r);

if (c1andc2) then

e1 � First(60, r, p.to);

e2 � Last(60, p.from, r);

temp � Before(60, e1, e2);

addtempto result

end

end

Figure5.16: MULTICAL callsfor examplequery



CHAPTER 6

INDETERMINACY IN TSQL2

Thischapteris aproposalfor addingtemporalindeterminacyto theTSQL2language,

datamodel, and algebra. We outline syntacticand semanticextensionsto TSQL2 to

supportretrievalof temporallyindeterminateinformation.Theseextensionswereadopted

by theTSQL2committeeandarenowpartof theproposedTSQL2language[Snodgrass

etal. 1994]. Temporalindeterminacyis orthogonalto SQL-92’ssupportfor null values.

TheTSQL2languagehasslightly differentterminologyfor thetemporalconceptsof

instant,span,andinterval; in TSQL2,theyareknownasdatetime,interval,andperiod,

respectively. In orderto presenta coherentthesiswe will continueto useinstant,span,

andinterval in this chapterto refer to thesefamiliar temporalentities.However, we will

useTSQL2syntaxin thelanguageexamplesandin theappendices(AppendixA givesthe

BNF for thelanguageextensionsto supportindeterminacy).Also, in theappendices,we

will useTSQL2terminologyfor temporalconcepts.

6.1 Syntactic Extensions to Support Temporal Indeterminacy

Thissectiondescribesthesyntaxfor retrievinginformationfrom databaseswith temporal

indeterminacy;thenextsectionoutlinesaninformal semanticsfor theseconstructs.The

proposedsyntaxandsemanticsareextensionsof thesyntaxandsemanticsof theTSQL2

selectandcreatetablestatements.A primarydesigngoalin extendingTSQL2to support

indeterminacywasto makeaminimalextension.Thenewsyntaxandsemanticspreserves

the meaningof all extantnon-indeterminateTSQL2 selectstatements,just asit did for

extantTQuelstatements.

We makefour syntacticextensionsto TSQL2,oneto indicatethata tableis indeter-

minate,oneto specifytherangecredibility, oneto specifytheorderingplausibility, and

oneto specifydefaults.

107
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Our first syntacticextensioninvolves the schemaspecificationstatements.To the

createtablestatementwe add the option of specifyingthat a timestampmay be inde-

terminate. Beforethe reservedwordsDATE (specifyingan instant),TIME (specifying

an instant),DATETIME (specifyingan instant),TIMESTAMP (specifyingan instant),

INTERVAL (specifyinga span),or PERIOD (specifyingan interval) a usermay add

eitherthemodifierINDETERMINATE or GENERAL INDETERMINATE. For example,

CREATE TABLE Emp( Bdate GENERAL INDETERMINATE DATE );

Theseoptionstogglebetweenalternativestoragestrategiesfor indeterminatetimestamps,

discussedat lengthin Chapter5. The“general”versionis a lesscompacttimestamp.We

alsoaddanoptionalreservedwordthatallowstheuserto specifyeitherthestandard (the

uniformor distributionthatis missing)or nonstandard massfunctions;for example

CREATE TABLE Emp( Bdate NONSTANDARD GENERAL

INDETERMINATE DATE );

Thedefaultis standard;theoptionalreservedwordNONSTANDARD choosestheslightly

larger, nonstandarddistributionformats.

We also extendthe CREATE statementto allow dynamiccreationor modification

of distributions. A userspecifiescreationof a distributionratherthana tableby using

the reservedwordDISTRIBUTION. For example,to createa local distributionnamed

probably early, a usermightcodethefollowing.

CREATE LOCAL DISTRIBUTION probably early

USING probably early table;

The new distributionis describedby a two-columntablenamedin theUSING clause.

The first columnof this table is of type integerand is the domainof the distribution.

The secondcolumn is of type float and is the probability associatedwith eachpoint
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in the domain. The probabilitiesin the secondcolumnmustsumto one. If elements

of the domainare missing,they are assumedto haveprobability 0. The distribution

table is processedby an implementation-dependenttool that generatesthe distribution

datastructures.Somedistributionscannotbesupportedin the implementation;the tool

will detectunsupportabledistributionsand report errors. Distributionscreatedin this

way canbesubsequentlyaltered(usingALTER DISTRIBUTION) anddropped(using

DROP DISTRIBUTION).

Rangecredibilityappearsin thefromclauseof aselectstatement.Therangecredibility

is the credibility in eachinterval column. The credibility appliesindependentlyto the

startingandterminatinginstantsin theinterval. It is anintegervaluebetween0 and100

(inclusive).Thecredibility phraseis optionalandhasaninitial defaultvalueof �i��� . This

defaultvaluecanbechangedusingasetstatementasfollows.

SET CREDIBILITY 50

The setstatementis very usefulwhena groupof queriesis to be madeat a particular

credibility level,or whenthecredibility is to bespecifiedfor a novice.Rangecredibility

is notapplicableto instanttablesbecauseremovingindeterminacyfrom anindeterminate

instantmight requirepartitioningtheinstant.

Orderingplausibility is the plausibility in the temporalorderingof the instantsthat

participatein the select. The ordering plausibility is an integer between1 and 100

(inclusive)andmay be specifiedfor the entirewhereor valid clause. The plausibility

phrasesareoptionalandhaveaninitial defaultvalueof 100,whichcanbechangedusing

asetstatement.

An examplequerywith optionalcredibility andplausibility phrasesis shownin Fig-

ure6.1. Intuitively, thequerywill determine,within thespecifiedplausibility andcred-

ibility levels,which wing strut shipmentswerereceivedduringproductionof each

Centurion. The selectstatementin the figure hasa plausibility valueof 60 for the

whereclause.
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SELECT Warehouse, Lot#, Part#

VALID R

FROM Received R, In Production IP WITH CREDIBILITY 0

WHERE Model = ’Centurion’ AND

Part = ’wing strut’ AND

R OVERLAPS IP WITH PLAUSIBILITY 65

Figure6.1: An examplequery

6.2 Semantic Extensions to TSQL2

Thesemanticextensionsto supportTSQL2areessentiallythe sameasthosefor TQuel

givenin Chapter4. Thesemanticextensionsto supporttemporalindeterminacyinvolve

the redefinitionof severalexistingfunctionsandrelationsand the introductionof new

functions. Specifically, we redefinethe temporalorderingrelation to supportordering

plausibility, we introducetwo “shrink” functionsto effect rangecredibility, we redefine

thecoalescingoperator, Reduce, andwedefinethesemanticsof arithmeticandaggregate

operationson indeterminatevalues. Only the semanticsof arithmeticon indeterminate

valuesis new in TSQL2; we discusstheir semanticsbelow. Supportfor temporalinde-

terminacyis anextensionof thedeterminatesemanticsratherthanareplacement.Hence,

thesemanticsof existingqueriesis left unchanged.

6.2.1 Semantics of Arithmetic Operations

Arithmetic using indeterminatetemporalvaluesis similar to the arithmeticof interval

mathematics[Kulisch & Miranker 1981], introducedto analyzethe error boundson

floating-pointoperations(amongotheruses). Below, we reproducethe intervalmathe-

maticsformulæfor theadditionof two intervalsandthemultiplicationof anintervaland

ascalar.
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Operand Operand Massfunctionof Result

determinate determinate notapplicable

determinate indeterminate massfunctionof indeterminateoperand

determinate scalar notapplicable

scalar indeterminate massfunctionof indeterminateoperand

scalar scalar notapplicable

indeterminate indeterminate missing

Table6.1: Themassfunctionthatresultsfrom anarithmeticoperation

�����J�h�'�����3�O�������������3�O�������
assuming

�U�k���@�+���
�����J�h���@���������@�3�O���@�O�

assuming
�U���

In the arithmeticof indeterminatevalues,the period of indeterminacyis treatedas an

interval,andthe intervalof the resultcorrespondsto theperiodof indeterminacyof the

result.For instance,

DATE’June 1 � June 2’
�
INTERVAL’2 days � 3 days’�

DATE’June 3 � June 5’

INTERVAL’2 days � 3 days’
�

2
�
INTERVAL’4 days � 6 days’

If the resultof an arithmeticoperationis an indeterminatevalue,botha new period

of indeterminacyanda new probabilitymassfunctionmustbecomputed.Which mass

function is computeddependson the kind of arithmeticoperation. In the additionof

two indeterminatevalues,themassfunctionof the resultis theconvolutionof themass

functionsbelongingto theoperands.Typically, theconvolutionis not amongthepretab-

ulatedmassfunctions;consequently, the resultof the operationis a distributionthat is

missing. Table6.1 lists thepossibleoperandsin arithmeticoperationsandthe resulting

massfunction(assumingthattheresultis nota scalar, asis thecasewith somespan/span

operations).The tableshowsthat arithmeticbetweentwo indeterminatevaluesalways

resultsin adistributionis missing.
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6.2.2 Semantics of Aggregate Operations

For aggregates,temporalindeterminacyimpactsboth the groupingof tuplesand the

semanticsof individualaggregateoperations[Kline etal. 1994].

6.2.2.1 Aggregation via Selection

Selectionbasedaggregatesover instants,intervals,spans,or temporalelementsareall

ultimately basedon the Before operation. To supporttemporalindeterminacy, the se-

manticsof aggregateson temporallyindeterminatevaluesremainsessentiallyintact,only

thedeterminateBefore is replacedwith theindeterminateBefore. For example,consider

the aggregateMIN(T) whereT is a columnof indeterminateinstants. This aggregate

computesthetuplethathastheearliesttimefor thatcolumn.In thedeterminatesemantics,

Before is usedto determinewhich instantin a columnof instantsis the earliest. For a

columnof indeterminateinstants,the indeterminateBefore is usedwith the plausibility

givenby theuserfor thatquery.

6.2.2.2 Aggregation via Computation

Computationbasedaggregatesover instants,intervals,spans,or temporalelementsare

all ultimately basedon arithmeticoperations. To supporttemporalindeterminacy, the

semanticsof computationbasedaggregateson temporallyindeterminatevaluesremains

essentiallyintact,only thedeterminatearithmeticoperationsarereplacedwith the inde-

terminateoperations.Forexample,considertheaggregateSUM(S) whereS is acolumn

of indeterminatespans..SUM computesthe cumulativesumof a columnof spans.For

a columnof indeterminatespans,theindeterminateadditionoperationis used.Notethat

theplausibilitygivenby aplausibilityphrasefor theaggregateis inert in aggregationvia

computation,asit is for all arithmeticoperations.

6.2.2.3 Weighted Aggregates

Weightedselectionor computationbasedaggregates(e.g.,computingtheaveragesalary

overtime,wheretheaveragesalaryat aninstantis computedfrom timestampsthatspan
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severalmonths)overtemporallyindeterminatevaluesarenotsupportedandwill resultin a

compile-timeerror. Forweightedaggregates,valuesareweightedby their lengthin time.

If that length is indeterminate,the resultingweightedvaluewill alsobe indeterminate

(e.g.,computingthe averagesalaryover time would result in an indeterminatesalary).

Sinceindeterminate(nontemporal)valuesarecurrentlyunsupported,weightedaggregates

canbedefinedonly overtemporallydeterminatevalues.

6.2.3 Input and Output of Indeterminate Temporal Constants

Wesuggestasimpleform for indeterminatetemporalconstantsthatminimizestheimpact

of indeterminacyoninputandoutput.Sincecalendarscanalreadyparsedeterminatecon-

stants,thesuggestedform of anindeterminateconstantconsistsof two determinatecon-

stantsseparatedbythecharacter�¡  . Indeterminatespanshaveasimilarstandardform,that

is, two determinatespansseparatedby a � , e.g.,INTERVAL’2 days � 3 days’.

A probability massfunction can be namedinside a constantby using an optional

phrase“with distribution X”, whereX is the nameof someknown distribution, e.g.,

INTERVAL’2 days � 3 days with distribution uniform’.

6.3 Summary

This chapterdescribesanextensionof TSQL2 to supporttemporalindeterminacy. This

supportmimicsTQuel’ssupportinsofarasit providestheuserwith two controlsonquery-

ing adatabase,rangecredibility andorderingplausibility. We haveaugmentedthecreate

statementto specifywhich tablesincorporateindeterminacy, extendedthe from clause

with anoptionalwith clauseto specifyrangecredibility, extendedtheselectstatementto

specifyorderingplausibilities,andaddedvariantsto thesetstatementto specifydefault

plausibilitiesandcredibilities.We alsoconsideredtheimpactof indeterminacyon arith-

meticandaggregateoperations.Thefull list of modificationsto thesyntaxappearsin the

appendix.

¢
The particular character(s)are specifiedby the indeterminate datetime format and the indetermi-

nate interval format.



CHAPTER 7

INDETERMINACY AND GRANULARITY

Thereis onefeaturecommonto all temporaldata:granularity. Granularityis theunit

of measurefor a temporaldatum. For instance,birthdatesaretypically measuredin or

knownto thegranularityof days,businessappointmentsto thegranularityof hours,and

train schedulesto thatof minutes.Themixing of temporaldataat differentgranularities

in a singledatabaseis common,butcreatesvariousproblems.

£ Whatarethesemanticsof operationswith operandsat differinggranularities?For

example,what is the meaningof comparinga time knownto the granularityof a

daywith a time knownto the granularityof an hour? Canthe two timeseverbe

ordered?

£ Cantimesbeconvertedfrom onegranularityto another, for instance,from daysto

years?How aboutfrom yearsto days?

£ How expensiveis maintainingandqueryingtimesat differentgranularities?Can

timesatdifferinggranularitiesbestoredasefficientlyastimesatasinglegranularity?

How muchmoreexpensivearetemporaloperationsat mixedgranularities?

It is surprisingthat theissueof mixedgranularities,of basicimportanceto modeling

“real-world” temporaldata,has,to date,lackedacomprehensivesolution.In thischapter,

we addresseachof the problemsjust posed. The practicalsolutionthat we outline is

basedon a realisticmodelof time, canbe easilyintegratedwith SQL-92syntax,hasa

clearsemanticsfor temporaloperationson operandsat differing granularities,andmost

importantly, hasanefficient implementation.

Thischapterisorganizedasfollows. Wefirstgivearealisticexamplethatillustratesthe

needto supportmixedgranularities.Wethendefineagranularityasacalendardependent

114
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partitioningof thetime-line. Granularitiesnaturallyform ahierarchy, or moreprecisely, a

latticein thatsomegranularitiesarefinerorcoarserwith respecttoothers.Next,weextend

the syntaxandsemanticsof SQL-92to permit the definition of timestampsat various

granularities.TheBNF for theextendedsyntaxis givenin AppendixA. We alsoextend

thesemanticsof temporaloperationsto handleoperandsat differing granularities.This

querylanguagesupportrestson two operations,scale andcast, thatconverttimesfrom

onegranularityto another. Indeterminacyis critical to correctlyimplementingthelattice

andoperationsthatmovetimeswithin the lattice. We alsodescribetheimplementation,

focusingon maximizingtheefficiencyof thescaleoperation.Finally, we summarizeour

work andrelatedwork (pertainingto granularityissues).

7.1 Motivation

Considerthe airline flight databasedepictedin Figure 7.1. The databaseconsistsof

two relations: Flight Departures andVacations. The Flight Departures relationstores

informationaboutairplaneflight departures.The flight departuretime is recordedin

the granularityof minutes. The Vacations relationstoresinformationaboutvacations,

specifically, the daysthat makeup a vacation. The temporalinformationin Vacations

is ostensiblystoredto thegranularityof days,with eachtuplerecordingan“interval” of

daysratherthanjust a singleday. Thevacationslisted in Vacations includetraditional

holidayssuchasLaborDay, Christmas,andThanksgiving.TheThanksgivingvacationis

a four dayweekendbeginningon thefourthThursdayin November.

A user, interestedin flying homefor Thanksgiving,queriesthisdatabaseto determine

which flights leaveduring the Thanksgivingvacation. In SQL-92,this querymight be

formulatedasfollows [Melton & Simon1993].

SELECT *

FROM Vacations, Flight_Departures

WHERE Vacation = ‘Thanksgiving’ AND

Flight_Departures.Time OVERLAPS Vacations.Time

In thisquery, theuserspecifiestheOVERLAPS operationto determinewhichflights leave
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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

Vacation Time

LaborDay Sep.1 — Sep.3 1994

Thanksgiving Nov. 24— Nov. 281994

Christmas Dec. 24— Dec. 26 1994

Figure7.1: A flight database

duringtheThanksgivingvacation.OVERLAPS is a temporalintersectionoperator. How-

ever, thetimesparticipatingin theOVERLAPS areatdifferentgranularities.To determine

theflights that leaveduringThanksgiving,thequeryprocessorneedsinformationabout

therelationshipbetweenminutesanddays.In particular, it needstoknowthateachminute

belongsto a uniqueday. Consequently, a flight thatdepartson a givenminuteduringa

dayalsodepartson thatday. With this extrainformationthequeryprocessorcan“scale”

or convertthe granularityof flight departuretimes from minutesto daysallowing the

OVERLAPS to determinewhichflights leaveduringtheThanksgivingvacation.

Severalaspectsof this queryremainunexplained.Primarily, how doesthedatabase

know the relationshipbetweendaysandminutes,why is theOVERLAPS performedat

thegranularityof daysratherthanminutes,andhow aretheminutesof flight departures

“scaled”to days?In theremainderof this chapterweoutlineanswersto thesequestions.

7.2 A Discrete Image of Time

The time-line segmentcan be partitionedinto a finite set of smallersegmentsknown

asgranules [Wiederholdet al. 1991]. The partitioningschemeis a granularity andis

informally describedby two piecesof information:

1. a length, or unanchoredsegmentof the time-line, which gives the size of each

granule,and

2. ananchorpoint,whichestablisheswherethepartitioningbegins.
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Both the anchorpoint andpartitioninglengtharegiven in time-lineclock chronons.A

partitioningschemepartitionsthetime-lineinto granules,eachthesizeof thepartitioning

length,beginningfrom the anchorpoint, and extendingboth forwardsand backwards

alongthetime-line. Theresultinggranulesareconsecutivelylabeledwith their distance

from theanchorpoint. A granularitycreatesa discreteimage,in termsof granules,of a

(possiblycontinuous)time-line. By choosinganappropriategranularity, a usercanview

thetime-lineasa discretesetof seconds,or days,or years.Thegranularityof chronons,

usedin previouschapters,is merelythesmallestsupportedgranularity. Figure7.2shows

aportionof thetime-linepartitionedinto daysizegranules.

Granularitiesarecalendar-dependententities.Calendars relatetimeson thetime-line

clock to morefamiliar temporaldescriptions[Snodgrasset al. 1994]. For example,the

Gregoriancalendarassociatesthetemporaldescription“December9,1921”with aspecific

setof time-lineclock chronons(a segmentof the time-line). Calendarsincorporatethe

cultural, legal, andevenbusinessorientationof the userto definethe time valuesthat

are of interest. For example,an employeetime card can be regardedas a calendar

which measurestime in eighthour incrementsandis only definedfor five daysof each

week. Although the calendarmostfamiliar to the typical databaseuseris probablythe

Gregoriancalendar, manydifferentcalendarsexistandnocalendaris inherently“better”

thananother;thevalueof a particularcalendaris wholly determinedby the population

thatusesit.

A granularityanchorpoint is typically a calendar origin. For example,the anchor

point for mostGregoriancalendargranularitiesis midnight,January1, A.D. 1. Dif ferent

calendarshavedifferentanchorpointsandsometimestherearemultiple anchorpoints

within the samecalendar. For example,assumethat we havea length the size of a

Gregoriancalendar“day.” If weusetheanchor-pointcorrespondingto midnight, January

1, A.D. 1, thenwewouldpartitionthetime-lineinto days.But if wechoosetheanchorto

benoon, January1, A.D. 1, thenwe obtaina differentgranularity, sometimescalledthe

civil day.

In reality, partitioningbyusingasingle,fixedlengthis impracticalsincemostcommon

granularitiescarvethe time-lineinto partitionsof differing lengths.For instance,a year
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variesin lengthsinceit couldhave365 or 366 days. A monthvariesin lengthsinceit

mighthave28,29,30,or 31days.But evenadayis of varyinglengthsinceleapseconds

canbeinsertedor deleted[Fraser1987].

While we will continueto usetheinformal descriptionof a granularityasananchor

point anda length,formally, a granularityis a partitioningfunction which mapstime-

line clock chrononsinto granules.Not everypartitioningfunction is a granularity. We

assumethatcalendarsknow which partitioningfunctionsaregranularities.For instance,

aGregoriancalendarmightsupportgranularitiesof seconds,minutes,hours,days,weeks,

fortnights,months,years,anddecades.A granularityis, in fact, only a partial function

sincecalendarsmaybeundefinedovercertainportionsof thetime-line,e.g.,theGregorian

calendaris undefined10 billion yearsagosinceit is basedon the the revolutionof the

Eartharoundthe Sun,andthe Earthdid not exist at that time. Anotherexampleis the

MayanLong Countcalendar. It beginsin 3114B.C. andendsin A.D. 2012(it is limited

by thesyntaxof dates).

Thesmallest,possiblegranularityis thatof time-lineclock chronons.The largestis

“all of time,” thatis, theentiretime-lineconsideredasasinglegranule.Calendarsdonot

defineeitherthelargestor smallestgranularities;thosegranularitiesarebuilt-in.

Within a given granularity, the setof granulesis well-ordered. Two specialvalues,

beginning and forever, are the leastand greatestvalues,respectively, in the ordering.

Beginningandforeverarenot granules;rather, they areinstantsjust outsidethe closed

intervalof timeandhavespecialoperationalsemantics(operationally, theyaretreatedas

¤�¥ and ¥ , respectively)[Dyresonet al. 1993].

Within a calendar, granularitiesarerelatedin the sensethat onegranularitymay be

a further partitioningof another. For example,daysarea further partitioning,a finer

partitioning,of monthsor weeks.Notethatmonthsarenotafurtherpartitioningof weeks,

or vice-versa.With respectto furtherpartitionings,thesetof granularitiesformsa lattice

[Wanget al. 1993]. The lattice for a Gregoriancalendaris depictedin Figure7.3. The

top element,¦ , in the lattice is thegranularityof “all of time.” Thebottomelement,§ ,

in thelatticeis thegranularityof time-lineclockchronons.
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Figure7.3: A Gregoriancalendargranularitylattice

The lattice in Figure 7.3 showssomegranularitiesin a Gregoriancalendar. In a

multi-calendarsystemgranularitiesin differentcalendarsarewoventogetherinto asingle

lattice. A granularityis just a partitioningof thetime-line,andoften,differentcalendars

havethesamegranularity. Forinstance,daysin theJulianandGregoriancalendarsarethe

samegranularity, althoughtheanchorpointsdiffer. Granularityequivalencesarechecked

whenthesystem-widelatticeis built, asdescribedfurtherin Section7.3.1.
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7.2.1 Modeling Instants at Various Granularities

Recallthataninstantisapointonthetime-line.To modelinstantsatvariousgranularities,

we usean instanttimestamp. An instanttimestamprecordsthat an instant is located

sometimeduring a particulargranule(e.g.,aday, ayear, a month).Thetimestampstores

thegranulenumber(aninteger)(theactualformatis givenin Section7.4.1).Withoutloss

of generality, weassumethataninstanttimestamprepresentsanyinstantduringagranule.

Hence,at a very abstractlevel, the exact instantmodeledby an instanttimestampis

neverpreciselyknown. Intervalandspantimestampsarenaturalextensionsof theinstant

timestamp. In this chapter, we will follow the syntaxdevelopedin previouschapters

(notTSQL2syntax,exceptwherenoted)anddelimit instantconstants with verticalbars,

for example,|June 1, 1994|, interval constantswith brackets([June 1994 -

July 1994]) andspanconstantswith percentsigns(%6 days%).

7.2.2 Indeterminacy and Granularity

An instant timestamprecordsthat an instant is locatedsometimeduring a particular

granule. Often,however, we do not know the exactgranuleduring which an instantis

located;instead,we know that the instantis locatedsometimeduring a setor rangeof

granules.We call suchan instantan indeterminate instant. For example,we mayknow

thataplaneleft sometimeonJune12,1994,but,at thegranularityof aminute,wedonot

knowtheexactminuteduringwhich thatplanedeparted.

Granularityand indeterminacyare two sidesof the samecoin. A generalmaxim

is that a determinateinstantis indeterminatewith respectto all finer granularities.For

instance,supposethat at the granularity of dayswe record that a plane took off on

June12,1994. At thegranularityof hours,thedeparturetime is indeterminatesincewe

did not recordtheexacthourthattheplanedeparted;we only know thatit left sometime

duringa24hourperiod.Conversely, anindeterminateinstantis determinatewith respect

to some coarsergranularity. For example,supposewerecord,at thegranularityof hours,

that a flight departssometimebetween2 P.M. and 4 P.M. on June12, 1994. At the
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granularityof days,months,andyears,theflight departswholly within a singlegranule:

|June 12, 1994|, |June 1994|, and|1994|, respectively.

7.3 A Proposal for Accommodating Mixed Granularities

In this section,we proposea syntaxandsemanticsfor supportingmixed granularities.

Implementationdetailsarediscussedin Section7.4. The proposedsupportfor mixed

granularitiesis basedon theSQL-92languagestandard[Melton & Simon1993],andhas

beenacceptedinto theconsensustemporalquerylanguageTSQL2[Dyreson& Snodgrass

1994D].

Wefirst describehowthegranularitylatticeis constructedduringdatabaseimplemen-

tation. We thenproposea syntaxfor specifyingthegranularityof timestamps.Thefact

thattherearetimestampsatdifferentgranularitiesimpactsthesemanticsof temporalop-

erations.As thedefaultsemantics,weadoptcoarse granularity semantics whichconverts

operandsto thecoarsestgranularityprior to theoperation.Weproposetwo operationsthat

makegranularityconversionsandshowhow theseoperationscanbeusedto implement

thedesiredsemantics.

7.3.1 Building the Lattice

Thereare many methodsthat could be usedto build the granularitylattice. Perhaps

the easiestis to assumethat the lattice is built-in. We feel that suchan assumptionis

unrealistic. Instead,we outline a methodfor building the lattice usinga specification

providedby the databaseadministrator(DBA). We note in passingthat the MULTICAL

system[Sooet al. 1992]is a concreterealizationof this approachto supportingmultiple

calendarsin aconventionalDBMS.

In thisapproach,eachcalendarhasaspecification file whichcontainscalendarspecific

information,suchasthecalendarorigin. Thecalendarspecificationfilesareparsedwhen

the DBMS is configuredby the DBA. We proposeto add granularitydescriptionsto

eachspecificationfile. In the specificationfile, a granularityis describedas a further

partitioning of someother granularityusing either an “irregular” mapping(i.e., a C

function) or a “regular” mappinginto groupsof size ® . An anchorpoint mustalsobe
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givenfor eachgranularity. Below is anexamplefrom a Gregoriancalendarspecification

file thatusesbothkindsof descriptions.

GRANULARITY seconds PARTITIONS chronons IRREGULAR

WITH ANCHOR gregorian_origin;

GRANULARITY minutes PARTITIONS seconds IRREGULAR

WITH ANCHOR gregorian_origin;

GRANULARITY hours PARTITIONS minutes REGULAR USING 60

WITH ANCHOR gregorian_origin;

GRANULARITY days PARTITIONS hours REGULAR USING 24

WITH ANCHOR gregorian_origin;

¯F¯F¯
GRANULARITY decades PARTITIONS years REGULAR USING 12

WITH ANCHOR gregorian_year_boundary_2000;

Thelatticebuilt by this specificationfile 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 mappingfunctionbetweenthosegranularities.

Thegranularitiesof chronons ( § ) andall_of_time ( ¦ ) arebuilt-in.

The examplespecificationfile describesthe granularityof hoursasa regularparti-

tioning of minutes. Further, it assertsthat thereare sixty minutesin an hour. In the

granularitylattice,this informationis representedby asolidedgeconnectingminutesand

hours,labeledwith a60. Whatmaybesurprisingto somereadersis thatthespecification

doesnot assumethat therearesixty secondsin a minute. This is becausetheremaybe

sixty-onesecondsin aminutedueto leapsecondinsertions.Instead,thespecificationfile

statesthatanirregularmappingexistsbetweenminutesandseconds.Irregularmappings

areC functionsthatthecalendarprovides.For everyirregularmapping,a calendarmust

havebothan“upward”mappingfunction(e.g.,seconds_to_minutes) anda“down-

ward” mappingfunction (e.g.,minutes_to_seconds). The nameof the irregular
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Figure7.4: TheGregoriancalendargranularitylatticewith mappingsbetweengranulari-

ties

mappingfunction,e.g.,seconds_to_minutes, is inferredfrom thesourceandtarget

granularities.Alternatively, thecalendarspecificationfile couldexplicitly list thename

of themappingfunctionwith a separateMAPPING clauseasfollows.

MAPPING days TO months USING leap_month_mapping;

Althoughtheseconds_to_minutes functionis simple(we describeelsewherehow

to processGregoriancalendardateswith leapseconds[Dyreson& Snodgrass1994E]),

someirregularmappingsmaybequitecomplex.Thedays_to_monthsmappingmust

accommodatemonthsthathavedifferentnumbersof days,aswell asleapyears.

In theexampleGregoriancalendarspecification,notethat thegranularityof decades

hasa differentanchorpoint thantheothergranularities.  If theanchorpoint for decades

were the Gregorianorigin, midnight January1, A.D. 1, then the ten yearsbetween

(inclusive)1971and1980wouldbeadecaderatherthanthetenyearsbetween(inclusive)¢
We assume that the definitions of the anchor points, gregorian_origin and

gregorian_year_boundary_2000 in terms of time-line clock chrononsare given elsewherein
thecalendarspecificationfile (presumablybeforethegranularitiesaredescribed).
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1970and1979. The latter period,but not the former, fits the commondefinition of a

decade.Consequently, the anchorpoint for decadescannotbe the Gregoriancalendar

origin,butmustbeadecade(andyear)boundary(suchasthestartof theyearA.D. 2000).

Whentheanchorpointsdiffer betweentwo granularities,semanticcheckingis performed

to determineif the anchorpoint of the coarsergranularity is on a granuleboundary

of the finer granularity. In general,the granularitydescriptionsarecheckedwhen the

specificationfile is parsedduringdatabaseconstruction.The irregularfunctionscannot

becheckedfor errorsandareassumedto bevalid.

During constructionof the lattice,pairsof granularitiesarecheckedfor congruence.

Two granularities,perhapsfrom differentcalendars,arecongruentif they partition the

time-line into identical sets,eventhoughthey may havedifferent anchorpoints. For

example,supposethatGregorianandJuliandayspartitionthetime-linesimilarly, but that

thesetwo granularitieshavedifferentanchorpoints. Thenthe ´�| rd Gregoriandayis not

thesamedayasthe ´�| rd Julianday; insteadit is the �e������´�| th Julianday(assumingthat

the Gregorianday anchorpoint is 100000dayslater thanthe Julianday anchorpoint).

Congruentgranularitiesareveryusefulfor savingspacein timestamps(seeSection7.4.1).

In thegranularitylattice,theyareconnectedby regularmappingedgeslabeledwith a 1.

Conceptually, granularitiesmaybetestedfor congruenceby enumeratingthesetof time-

line clock chronons,convertingeachchrononto the given granularity(usingthe scale

operationdescribedbelow), and seeingwhetherit belongsto the sameor a different

partition (modulopartition labels). Varioussimpleoptimizationscanbe appliedto this

brute-forceapproach.

7.3.2 Temporal constants

Instant,interval,andspanconstantsaresyntacticallydelimitedbyspecialcharacters,“||”,

“[]”, and “%%”, respectively(or their SQL-92 equivalents,e.g., “TIMESTAMP’’”,

“PERIOD’[]’”, and “INTERVAL’’”, respectively). A calendartranslateswhatever

comesbetweenthedelimitersinto aninstant,interval,orspantimestamp.Weassumethat

thecalendaralsodecidesthegranularityof that timestamp.For example,it is naturalto

interpretthattheinstantconstant|June 12, 1994| isgivento thegranularityof days.
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We believethatcalendarsshouldprovidethis interpretation,however, we do not require

themto do so. Consequently, thecalendarmaydecidethattheconstanthasa granularity

of years(losing someinformation), or seconds(creatingsomeinformation). For the

constantspresentedin this dissertation,we alwaysassumethe“natural” interpretation.

7.3.3 Column Definitions

In SQL-92,thecreatetablestatementaddsrelationschemasto thesystemcatalog. In a

temporalextensiontoSQL-92,columns(attributes)of instant,interval,orspantimestamps

canbedefinedaspartof thecreatetablestatementasfollows.

CREATE TABLE Vacations (Name CHAR[30], Time PERIOD);

CREATE TABLE Flight_Departures (FlightNum INTEGER,

Time DATE);

Detailsarepresentedelsewhere[Snodgrasset al. 1994].

Lacking from thesecolumndefinitions,however, is a way to specifythe timestamp

granularity. We proposeto allow the userto specifya range andgranularityat column

definition. Conceptually, rangeis how muchtime is represented.For example,to define

an instanttimestampthat canstoretimesknown to the granularityof a secondthat are

within 18,000yearsof thegranularityanchorpoint,we proposeto use

TIMESTAMP(%18000 years%,seconds)

The spanconstantin the column definition is parsedby a specificcalendar(calendar

scopingrulesaredescribedelsewhere[Snodgrassetal. 1994]).Thespecifiedgranularity,

however, is a system-widename. In an SQL-92 implementation,the nameis a user-

defined,nullary functionsymbolthatis madeknownto thedatabasewhenthegranularity

latticeisbuilt. Thedefaultgranularityisseconds. Thedefaultrangeis%120 years%.

Therationalebehindthesedefaultsis given in Section7.4.1. Thefollowing declaration
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specifiesan instanttimestampthat canstoretimeswithin thirty-six billion yearsof the

granularityanchorto thegranularityof a microsecond.

TIMESTAMP(%36 billion years%,microseconds)

Thesyntaxfor columndefinition is similar to SQL-92’s datetimedefinitionandpro-

videsagreatdealof flexibility, ascanbeimagined[Melton& Simon1993]. Like SQL-92,

weassumethatacolumndefinitionestablishesadata-typethatis thesamefor everyvalue

in that column, e.g., in a column of integertype, every value is an integer(or a null

value). All timestampsin a columnarestoredto thesamegranularity. In our example

database,all flight timesarestoredto thegranularityof aminute,ratherthansomebeing

storedto finer granularities,suchasa secondor millisecond. Timesknown to coarser

granularities(e.g.,a day) canbe storedby makingthe indeterminacyexplicit (e.g.,the

flight leavesbetweenthefirst andlastminutesduringthatday). Also, thegranularityof

a timestampcanbestoredwith theschemaratherthanin thetimestamp.This resultsin

smallertimestampformats,asdescribedfurtherin Section7.4.1.

It is importantto notethat thesyntacticextensionsfor granularitycoexistwith those

for indeterminacydiscussedin Chapter6.

Creatinganinterval-timestampedcolumnissimilartocreatinganinstant-timestamped

column. Theintervaldata-typedefinitionhasbotha rangeanda granularity, asdoesthe

instantdeclaration.The instantsthatstartandendtheintervalsharethesamerangeand

granularity. Forexample,

PERIOD(%18000 years%,microseconds)

establishesanintervalthathasboundinginstantswith a granularityof microsecondsand

arangeof 18,000years.

Specificationof spancolumnsis similar to that of instantcolumns. The spandata

typedeclarationusesbotha rangeanda granularity, asdoestheinstantdeclaration.For

example,

INTERVAL(%40 years%,years)
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wouldestablishaspanwith agranularityof years andarangeof forty years.Therange

is interpretedslightly differently for a span. Therangelimits themaximumdurationof

the span,ratherthanthe maximumdistancefrom the calendarorigin. In this example,

spansstoredin this columncanbeno longerthanforty years.

7.3.4 Granularity in Operations

The granularityof time valuesimpactsthe semanticsof expressionsinvolving those

values.For instance,whathappenswhenwe comparea timestampat thegranularityof a

microsecondto oneat thegranularityof a second?In this sectionwe discusssupportfor

granularityin temporaloperations.

Considera binary temporaloperation,suchas OVERLAPS or addition, involving

operandsatdifferinggranularities.Thereareseveralpossiblesemanticsfor theoperation.

£ Giveamismatchedgranularityerror. We feel thatthisoptionis too inflexiblesince

operationsoverdifferinggranularitieswill becommon.

£ Performthe operationat the granularityof the first operand,asproposedby the

SQL-92languagestandard[Melton & Simon1993]. The advantageof this strat-

egy is that the granularityof the operationcan be controlledby swappingthe

operands.The disadvantageis that symmetricoperationsareno longersymmet-

ric, e.g.,A OVERLAPS B is not the samething asB OVERLAPS A, sincethe

operationis performedto andtheresultgivenin thegranularityof thefirst operand.

£ Performthe operationto the finer granularity. In order to performthe operation

at the finer granularity, both operandsmustbe renderedin that granularity. For

example,to comparean instantat the granularityof an hour to an instantat the

granularityof aday, thedayinstantmustbeconvertedto hoursprior to performing

theoperation.Theproblemis thattheconversioncreatesanindeterminateinstant.

Thatis, if weknowthataninstantis locatedsometimeduringaparticularday, then

wecannotassertthatit is locatedsometimeduringaparticularhour, ratherweonly

knowthatit is locatedsometimeduringa24-hourperiod.



128

£ Performtheoperationto thecoarsergranularity.

Wewill describeuser-leveloperationsthatcaneasilysupportthesevarioussemantics

(plus others). As the defaultsemanticswe adoptthe secondsemanticsfrom aboveto

remainconsistentwith SQL-92. But a usercanutilize the operationsthat we describe

belowto implementanydesiredsemantics.

All the semanticsreston operationsthat movetimeswithin the granularitylattice.

Convertingfrom afiner to acoarsergranularitymovesa time“up” thegranularitylattice.

Theconversionis calleda scale operationandis describedin thenextsection.

As anexample,consideranoperationthatteststheoverlapof aninstantknownto the

granularityof aminuteandanintervalknownto thegranularityof aday. To implementthe

coarsegranularitysemantics,theinstantknownto thegranularityof aminuteis “scaled”

to thedaythatcontainsthatminute.Theoverlaptestis thenperformedat thegranularity

of anday. Informally, theentireoperationis akinto asking,“is this instantlocatedduring

thesamedayassomeportionof the interval?” Note that thesemanticsof an operation

fundamentallydependson thegranularityof theoperands.At thegranularityof a year,

theoverlapwouldtest“is this instantlocatedduringthesameyearassomeportionof the

interval?” At thegranularityof a minute,theoverlapwould test“is this instantlocated

during the sameminuteas someportion of the interval?” In a databasethat supports

indeterminacy, a usermayalsouseplausibility andcredibility phrasesto posequestion

suchas“is it possible thatthis instantis locatedduringthesameminuteassomeportion

of theinterval?”

7.3.5 Scale

We proposeto addan operation,calledscale, that movesa time “up” (or “down”) the

granularitylattice. Theinformalsyntaxof scaleis

scale( µ operand ¶ , µ granularity ¶ )

Thefirstargumenttoscaleisanoperand.Theoriginalgranularityof thisoperandis locally

overriddenby thescaleoperation.A temporaloperandcaneitherbeaconstant,acolumn

variable,or the resultof an expression.If the operandis a constant,the granularityof
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thatconstantis givenby thecalendarthatparsestheconstant.If theoperandis acolumn

variable,the granularityof that variableis given by the columndefinition (specifiedin

the schema).Finally, if the operandis an expression,the granularityof the operandis

thegranularityof theresultof thatexpression.Thesecondargumentto scaleis thetarget

granularity. Forexample,

scale(Flight_Departures.Time,days)

scalestheinstantsin theTime columnof theFlight_Departures tablefromminutes

to days.

Scaleisaverysimpleoperation.However, theinternalmechanicsof scalearecomplex.

Beforeconsideringthesemanticsof scale,we give someexamplesthat illustratescale’s

simplebehavior.

scale(|June 1, 1994|, centuries) = |20th|

scale(|June 1, 1994|, years) = |1994|

scale(|June 1, 1994|, months) = |June 1994|

scale(|June 1, 1994|, days) = |June 1, 1994|

scale(|June 1, 1994|, hours)

= |0 hours June 1, 1994 � 23 hours June 1, 1994|

scale(|June 1, 1994|, minutes)

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

scale(|June 1, 1994|, seconds)

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

Notice how the result of the scaleswitchesfrom determinateto indeterminateas the

targetgranularitymovesfrom coarserto finergranularities.This is akey featureof scale.

Scalinga determinateinstantfrom a finer to acoarsergranularityresultsin a determinate

instant. But scalinga determinateinstantfrom a coarserto a finer granularityresultsin

anindeterminateinstant.

Scaleusestheregularandirregularmappingsbetweengranularitiesto converta time

from one granularityto another. the mappingsare recordedin the granularitylattice.
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Themechanicsof scaledependson whetherscalemovesa time from a finer to a coarser

granularityor from acoarserto afinergranularity. Wediscussthefiner to coarserscaling

first, focusingonscalingdeterminateinstants.

Supposethatwewishtoscaleaninstant,·
¸�¹Bº0» , fromafinergranularity, ¼ , toacoarser

granularity,
�
, resultingin the instant, ·
¸�¹BºJ½ . Let

� ¸�¼�¼ »O¾ ½ be thedifferencebetweenthe

granularityanchorpointsof ¼ and
�
, expressedin thefiner granularity, ¼ , and ¹ �1¿ » À
Á ½

betheregularor irregularmappingfrom thefiner to thecoarsergranularity. Initially we

assumethat thereareno “intervening” granularitiesbetween¼ and
�
; insteadthey are

directly relatedby ¹ �1¿ » À�Á ½ . Then

scale Â�·
¸�¹Bº0» �O�ÄÃW� ¹ �3¿ » À
Á ½ Â�·
¸�¹Bº0» ¤ � ¸�¼	¼ »h¾ ½ ÃW� ·
¸�¹Bº0½�y
If ¹ �3¿ » À
Á ½ is a regularmapping,then the mappingfunction is a simple integer

division. For example,supposewe want to scalea time from minutesto hours. Since

minutesandhourshavethesameanchorpoints,

scale Â�·�¸&¹LºJ» � hours ÃW� ·
¸�¹BºJ» div z�� � ·
¸�¹BºJ½hy
Thisoperationscalesanyminutein

� � � yiyiy � ~�Åq� to hour � , anyminutein
� z�� � yeyiy � ���iÅq� to

hour � , etc.

Now supposethatgranularity¼�Æ lies between¼ and
�

in thegranularitylattice. Then

scale Â�·
¸�¹BºO» �O�iÃW� ¹ �3¿ »0Ç À
Á ½ Â&¹ �3¿ » À
Á »0Ç Â�·
¸�¹BºO» ¤ � ¸�¼�¼ »h¾ »0Ç Ã ¤ � ¸&¼�¼ »0Ç}¾ ½ ÃW� ·
¸�¹BºO½Oy
Soto scalefrom minutesto days,thescalefunctionwouldbe

scale Â�·
¸�¹BºO» � days Ã�
scale Â scale Â�·
¸�¹Bº » � hours ÃO� days Ã� Â�·
¸�¹Bº » div z�� Ã div ´3È� ·
¸�¹Bº0½ .

In general,by composingscaleoperations,a time maybemovedseveralgranularitiesin

thelattice. Scaleoperationscanbecomposedsincetheyarefunctions.
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Timesmayalsobe moveddownthegranularitylattice. Themechanicsof scalinga

determinateinstantfrom a coarserto a finergranularityaregivenbelow.

scale Â�·
¸�¹Bº0½ � ¼ Ã�� Â�¹ �1¿ ½ À�Á » Â�·
¸�¹Bº0½ ¤ � ¸�¼�¼ ½�¾ » Ã
Ã �ÉÂ&¹ �1¿ ½ À
Á » Â
Â�·
¸�¹BºJ½ � � Ã ¤ � ¸&¼�¼ ½�¾ » Ã ¤ � Ã

If ¹ �1¿ ½ À�Á » is a regularmapping,thenthemappingfunctionis asimpleintegermultipli-

cation.Forexample,supposewewantto scalea timefrom hoursto minutes.Sincehours

andminuteshaveidenticalanchorpoints,

scale Â�·
¸�¹BºO½ � minutes Ã� ·
¸�¹Bº0½ � z��¡��Â�Â�·�¸&¹LºJ½ � � ÃV� z�� Ã ¤ �� ·
¸�¹Bº ½ � z��¡��Â�·
¸�¹Bº ½ � z�� ÃP� ~�Å8y
Thisoperationscaleshour � to �¡��~�Å minutes,hour � to z��Ê�Ë���iÅ minutes,etc.

To scaleanindeterminateinstant,theupperandlowersupportsarescaledseparately.

Whenscalingfromacoarserto afinergranularity, eachsupportis scaledto apairof times.

In suchcases,theperiodof indeterminacyis maximizedby choosingtheminimumtime

for thelowersupportandthemaximumtime for theuppersupport.

scale(|June 1994 � July 1994|, days)

= |June 1, 1994 � July 31, 1994|

Sinceall timesarerelatedat ¦ and § in the lattice,aninstantat anygranularitycan

be convertedto an instantat any othergranularityby moving up anddown the lattice.

Thegeneralrule to scalefrom onegranularityto anotheris to movethetime downto the

greatestlowerboundof thetwogranularities,andthenuptothetargetgranularity[Wanget

al. 1993]. An upmoveresultsin anoverall“loss” of information.Forexample,in scaling

from microsecondsto seconds,thenumberof microsecondswithin thatsecond(6 digits

of information)is removedfrom thetimestamp.A downmovewill convertdeterminate

to indeterminateinformation,refining the informationcontentof the timestamp.Scale

never“creates”information. No compositionof scaleoperationswill ever relocatean

instantelsewhereon thetime-linenor will it everresultin a timestampthathasa period

of indeterminacyshorterthanthatof theoriginal timestamp.
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7.3.6 Scaling Intervals and Spans

To scalean interval, the instantsthat start and end the interval are scaledseparately.

Scalingspans,however, is slightly morecomplex.

A spanis an unanchoredduration. A spanof %1 day% representsa durationthat

whenaddedto aninstantat thegranularityof days,will displacethatinstantby oneday.

So,

|December 30, 1994|
�

%1 day%
�

|December 31, 1994|

and

|December 31, 1994|
�

%1 day%
�

|January 1, 1995|.

But a spanof %1 day% alsorepresentsa durationthatwhenaddedto an instantat the

granularityof months,coulddisplacethatinstantby 0 or 1 months.In theaboveexample,

the instantcouldbemovedfrom themonthof Decemberto themonthof January. Note

thatthespanof %1 day% couldalsodisplaceaninstantinto thenextyear.

The problem is that a granularity is an anchoredpartitioning, whereasa spanis

unanchored.Imaginetaking a spanand placing it anywherealonga time-line that is

partitionedinto granules.Dependinguponwherewe placethespan,it will crossmore

or fewergranulesasshownin Figure7.5. Eventhesmallestspanwill crossat leastone

granuleboundary.

Theconsequenceof theunanchorednatureof spansis thatwheneveraspanis scaled,

anindeterminatespanwill result,evenwhenadeterminatespanis scaledfrom afiner to a

coarsergranularity. Below, we give someexamplesto illustratetheunexpectedbehavior

of scalinga span.

scale(%1 day%, centuries) = %0 centuries � 1 century%

scale(%1 day%, years) = %0 years � 1 year%

scale(%1 day%, months) = %0 months � 1 month%

scale(%1 day%, days) = %1 day%

scale(%1 day%, hours) = %1 hour � 47 hours%
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A A

Figure7.5: SpanA canbeplacedwithin a singlegranuleor spanningtwo granules

scale(%1 day%, minutes) = %1 minute � 2879 minutes%

Theactualmechanicsof scalinga spanis a variationof thatfor scalinganinstant.

7.3.7 Scaling Mass Functions

Theprobabilitymassfunctiongivestheprobabilitythattheinstantis locatedwithin agiven

granule.Sincea scaleoperationmodifiesthesizeandnumberof granulesin a periodof

indeterminacy, it alsochangesthemassfunction. Eachmassfunctionis described,in the

implementation,asa functionat thelevel of chronons(actually, theimplementationonly

approximates this granularity, but theapproximationis discussedelsewhere).In scaling

from afiner to acoarsergranularity, themassof eachfinegranuleis addedto themassof

all theotherfinegranulesthatbelongto agivencoarsegranule.Forexample,assumethat

anindeterminateinstantwith asevendayperiodof indeterminacy(from Sundaythrough

Saturday)and a uniform massfunction is scaledto the granularityof weeks. In the

resultinginstant,theprobabilitythattheinstantis locatedduringeachday, aprobabilityof

 Ì , is accumulatedto givetheprobabilitythattheinstantis locatedduringthegivenweek,

aprobabilityof � . In scalingfrom acoarserto afinergranularity, themassof eachcoarse

granuleis, in effect,“dispersed.”Themassfunctionsaredefinedat thelevelof chronons.

Any granularityabovethat level aggregatesthemassat eachchrononinto themassat a

granule. In scalingfrom a coarserto a finer granularity, themassis reaggregatedat the

finergranularity.
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7.3.8 Cast

A scaleoperationthatconvertsan instantfrom a coarserto a finer granularityproduces

anindeterminateinstant.But, for variousreasons,a usermaynot wantanindeterminate

result. Instead,a user might want an operation,like scale, that always producesa

determinatetimestamp,eventhoughthat resultmight not bestrictly consistentwith the

recordeddata. To meettheseuserneeds,we proposea newoperation,calledcast, that

allowsoneto “create”information.

Thecastoperationis similar to scalebut alwaysproducesa determinatetimestamp.

In thosesituationswherescalewould return an indeterminatetimestamp,castsimply

choosesa singlepossibility, alwaysthe first possibility, from the indeterminateresult.

For example,to casta determinateinstantfrom a coarserto a finer granularity, castfirst

scalestheinstant,resultingin anindeterminateinstant.Fromthatindeterminateinstant,it

selectsthefirst instantin theperiodof indeterminacy. It returnsthissingleinstant,which

is modeledby adeterminatetimestamp,astheresult.In effect,for anyinstanttimestamp,

castassumesthat the timestampalwaysmodelsthefirst instantat all finer granularities.

To drawananalogywith fixed-precisionnumbers,castis a “pad with zeros”operation.

Thenumber3.45castedto five decimalplaceswouldbe3.45000.

We coulddefineanoperationsimilar to castthatchoosesthe last instantin a period

of indeterminacy, but this operationis not neededto implementtheSQL-92semantics;

althoughit couldeasilybeadded.

Thesyntaxof castis similar to thatof scale.

cast( µ operand ¶ , µ granularity ¶ )

Thesemanticsof castis alsosimilar to thatof scale,with oneexception:whencasting

from acoarserto afinergranularityonly thefirst timeis produced.Examplesof castwill

makethis distinctionclear.

cast(|June 1, 1994|, centuries) = |20th|

cast(|June 1, 1994|, years) = |1994|

cast(|June 1, 1994|, months) = |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|, minutes)

= |00:00 June 1, 1994|

cast(|June 1, 1994|, seconds)

= |00:00:00 June 1, 1994|

Comparetheseresultswith the examplesof scalegiven in the previoussection. No

indeterminateinstantsareproduced.An caston anindeterminateinstantmay, however,

still produceanindeterminateinstant,for example

cast(|June 1994 � July 1994|, days)

= |June 1, 1994 � July 1, 1994|

Unlike thescale,thecastdoesnotmaximizetheperiodof indeterminacy.

7.3.9 Enforcing SQL-92 Semantics

The SQL-92semanticsfor temporaloperationsis enforcedby implicitly insertingcast

operations,asneeded,toconvertthesecondoperandto thegranularityof thefirstoperand.

Castis usedratherthanscalesinceSQL-92doesnot haveindeterminacy. The query

processorinsertsthecastoperationsduringthequery-rewritephase.

Althoughwe adoptSQL-92semanticsin this chapter, anyof thepossiblesemantics

(savegeneratingthemismatchedgranularityerror)canbeimplementedby insertingscale

andcastoperations.Forexample,to implementthecoarsegranularitysemantics,thefiner

operandisconvertedtothegranularityof thecoarseroperandby insertingascaleoperation

on thefineroperand.Anotheroptionwould beto introducea compileor run-time“flag”

to toggleamongthevarioussemantics.

It is importanttonotethatanindividualuserwhodesiresadifferenttemporalsemantics

can explicitly insert scaleor cast operations. User-specifiedgranularity conversions

overridequery-rewriteinsertions.
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7.3.10 Defaults

Thedefaultscale(cast)on anoperandmaybeglobally overriddenby a SETstatement.

Weproposethattheusercansettheglobalscalein a setstatement,e.g.,

SET SCALE microseconds # Set global scale to microseconds

SET CAST microseconds # Set global cast to microseconds

Settinga global scale(cast)addsa scale() (cast()) operationto every operand,

exceptingthosemakeexplicit calls to scale() or cast(). This hasthe effect of

performingall operationsat a given granularity. Sinceboth kinds of set statements

modify all the operandsin a query, the most recentlyexecutedset scaleor casttakes

precedence.

Initially thereis no globalscale(cast),the scale(cast)of operandsaregiven by the

operands.Onceset,theglobalscaleandcastcanberemovedasfollows:

SET SCALE AS DEFAULT

7.3.11 Processing of Example Query

Weusethetechniquesdevelopedin previoussectionsto processtheexamplequerygiven

in Section7.1. First,thequeryis parsedundercoarsergranularitysemanticsandrewritten

to thefollowing query.

SELECT *

FROM Vacations, Flight_Departures

WHERE Vacation = ‘Thanksgiving’ AND

(scale(Flight_Departures.Time,days)

OVERLAPS Vacations.Time)

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 timesscaledto days

hoursto days.Bothmappingareregularandtheanchordifferencesarezero,so

scale(Flight Departures.Time,days)�
scale(scale(Flight Departures.Time,hours),days)�
(Flight Departures.Time div 60) div 24.

Theeffect of thescaleon eachtime is depictedin Figure7.6. Thescaledtime of flight#

200andof flight# 653overlapsNovember24 - November28, soonly thesetwo tuples

appearin theanswer.

7.4 Implementation

In thischapterwehaveintroducedtimestampsthatmodeltemporalinformationatvarious

granularitiesand two operationsthat converttimes betweengranularities. The added

modelingcapabilitiescarryanassociatedspaceandtimecost.In thissectionwequantify

the costof supportingmixed granularities. In a previouschapter, we describedsimple

and compacttimestampformats that store times. Theseformats remain unchanged,

however, rangeandgranularitydictatethesizeof theformatto use.We alsooutlinethe

implementationof scaleandcast. Althoughtheseoperationsmayappearexpensive,we

presentseveraloptimizationstrategiesthatmitigatetheexpense.
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7.4.1 Impact of Granularity on Timestamp Formats

The only changeto the timestampformatsdiscussedin Chapter5 is that the datafield

storesthe granulenumberrather than the chrononnumber. The granulenumberis a

count,in granules,of thedistancefrom thegranularityanchorpoint to theinstant.Since

all timestampsin a columnhavethesamegranularity, thegranularityis storedwith the

schemaratherthanstoredwith thetimestamp,thuseliminatinga field to storethename

of thegranularity.

In a timestampdefinition, the rangecontrolsthe maximumpermissiblecount. For

example,

INSTANT(%18000 years%,seconds)

definesatimestampthatcanhaveacountof atmost36,000years( Ít�iÎ � ����� years)worth

of seconds,or approximately1.2 trillion seconds.In general,thenumberof bits needed

to storethemaximumcountvaries,dependingon therangeandgranularity. For a large

rangeandsmallgranularity, themaximumallowablecountisquitelarge,while for asmall

rangeandlargegranularity, themaximumcountis small. Consequently, thesizeof the

field to storethecount,andin turn,thesizeof aninstanttimestamp,varies.Thefollowing

is a roughguidelinefor determiningthesize(in bits)of thefield to storethecount,

Ï
log ÐiÂ max Â scale Â&Ñ � ®ÓÒIº � ÒRÑ � ®�ÔIÕ � Ñ3¸�·
Ö Ã
Ã�Ã�×Ø� ��y

Themaxfunctionchoosesthelongestpossiblespanfrom theindeterminatespanreturned

by scale[Dyreson& Snodgrass1994C].Sincethe countcould be positiveor negative,

onebit is addedto the size to accountfor the sign bit. The size of the countfield is

further adjustedto keepthe format on a 32-bit word boundary. Table7.1 showssome

examplesof instantspecificationsthatmightarisein practice(thespan%all_of_time%

is approximately36 billion yearsin our modelof time). As a comparison,theSQL-92

TIMESTAMP formatstoringthemaximumallowablerange(9999years)to thegranularity

of secondsrequires19positions, whichmaybeconvenientlystoredasBCD digits in two

anda half words[Melton & Simon1993]. Notethatthedefaultson aninstanttimestamp
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definition,a granularityof seconds anda rangeof %120 years%, buildsa one-word

format(thedefaultis essentiallytheUNIX format).

Congruentgranularitiescanbeusedto limit thesizeof timestamps.A userthatwants

to storetimesin the currentdecadeto the granularityof a secondcanusea oneword

formatby usingagranularity, congruentto seconds,butwith ananchorpointatthecurrent

decadeboundary. By relocatingtheanchorpointvia congruentgranularities,theusercan

useoneword timestampsfor mostapplications.

7.4.2 Scale and Cast

Sincecastis basedon scale,we describeonly theimplementationof scale.

Scaleis performedin the “inner-loop” of queryprocessing,potentiallydonemany

timesduringaquery. Eachscalecosts(possibly)onesubtraction(for theanchordifference)

and one “expensive”suboperation. For a regularmappingfrom a finer to a coarser

granularitythe expensivesuboperationis a division. On somemachines(e.g.,Sun-4s)

divisionis micro-codedasrepeatedsubtraction,oftencostingmuchmorethanadditionor

multiplication. For a regularmappingfrom a coarserto a finer granularitytheexpensive

suboperationis a multiplication(notethatthesecondmultiplicationcanbedonewith an

addition).For anirregularmapping,it is a C functioninvocation,which probablyusesa

division or a multiplication. In this section,we presentfour optimizationstrategiesthat

aredesignedto minimizethecostof the“expensivesuboperation.”

Thefirst optimizationis analgebraicsimplificationof composedscales.For certain

compositions(e.g.,of regularmappingswith equivalentanchorpoints,suchasscaling

from minutesto days)an expensivesuboperation(a division or multiplication) canbe

eliminated. For example,to scalefrom minutesto days,we canalgebraicallysimplify

Â�·
¸�¹BºJ» div z�� Ã div ´1È to ·
¸�¹BºJ» div �0È�È.� .
Thesecondoptimizationexploitsthefact thatmultiplicationis muchcheaperthandi-

vision(onmanymachines).Thisoptimizationappliesonly to temporalcomparisons,but

weanticipatethatcomparisonswill bethemostcommonkind of temporaloperation.All

comparisons,includingOVERLAPS, areexpressedasformulasinvolving theBefore oper-

ation(a Ù ordering)andlogicalconnectives[Snodgrass1987]. ConsideraBefore between
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TimestampDefinition CountSize Ú FormatSize

INSTANT (%18000 years%,days) 20 bits Ú oneword

INSTANT (%10000 years%,seconds) 39 bits Ú two words

INSTANT (%18000 years%,microseconds) 60 bits Ú two words

INSTANT (%all_of_time%,seconds) 60 bits Ú two words

INSTANT (%all_of_time%,nanoseconds) 90 bits Ú threewords

Table7.1: Sizesof somecommoninstanttimestamps

two determinateinstants,Û and Ü . If thegranularityof Û , ÝßÞ , is finerthanthegranularity

of Ü , Ý+à , then Û is before Ü at thecoarsergranularity(i.e.,scale Â�Û � Ý+à Ãâá ºe¼	ã1Ñ�º+Ü ),

if andonly if Û is before Ü at thefiner granularity(i.e., Û á ºi¼	ã3Ñäº cast Â�Ü � Ý Þ Ã�Ã . Soa

temporalcomparisonwith a scaleon oneoperandcanbetransformedinto a comparison

with an caston the otheroperand. This programtransformationtradesa scalefrom a

finer to a coarsergranularity(a division) for ancastfrom a coarserto a finer granularity

(a multiplication). The queryprocessorcanchoosethe cheaperoperation(in this case

thecast),but mustfactorinto thedecisionhow manytimesthecastor scaleis executed.

If Û and Ü arecolumnvariablesandtherearefar fewer timestampsin Û ’s column,then

the transformationwill not improve performancesincemany more castsof Ü will be

performedthanscalesof Û .

A third optimizationis to introducea direct link into the granularitylattice for a

highly optimizedmappingfunction. For example,if the databaseimplementorknows

that castingyearsto secondswill be a commonoperation,a direct link with the name

of theoptimizedmappingfunctioncanbeinsertinginto thegranularitylatticeduringits

construction.In castingyearsto days,therun-timeenginewill usethis direct link rather

thanthecompositionof yearsto months,monthsto days,daysto hours,hoursto minutes,

andminutesto seconds,which coststhreeregularandtwo irregularmappingsin total.

Elsewhereweshowthatcastingyearsto daysrequiresonlyeightmicrosecondsonaSun-4

IPC[Dyreson& Snodgrass1994E].
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Thefinaloptimizationistousealazy caching strategytoavoidrecomputingpreviously

scaledtimes. The cachingstrategyis basedon the observationthat timesin a column

of timestampsareoftenclusteredratherthandistributeduniformly over theentiretime-

line (randomsamplingcould be usedto detectthe clustering). Consequently, thereare

probablymanycaseswhereseveralinstantsatthefinergranularityscaletothesameinstant

at thecoarsergranularity. For example,instantsin a columnof employeebirthdateswill

beclusteredbetween1934and1974(mostemployeesarebetweentwentyandsixty years

old). Assumethat thesebirthdates,storedto thegranularityof days,arecomparedto a

columnat thegranularityof years(e.g.,in computinga bargraphof employeeages).In

a largecorporation,it is probablythecasethatseveralemployeeswerebornin thesame

year. To avoidrecomputingthecastof yearstodays(introducedbyapreviouslydiscussed

optimization),wecancachepreviouslycomputedcastsusingasmallarray(thereareonly

forty yearsbetween1934and1974). Theviability of thecachingstrategyis a trade-off

betweenthecostof buildingandmaintainingthecacheandthecostof cachemisses.

7.4.3 Empirical Results

To quantifytheactualcostof supportingqueriesonmixedgranularities,weprogrammed

the examplequery, undera varietyof optimizationstrategies,asa seriesof calls in the

MULTICAL system.Thecall sequencesareshownin Figure7.7. Thevariablesf andv are

thecolumnvariablesfor theFlight_Departures.Time andVacations.Time,

respectively. Theunpack operationsparsethetimestampflagsto distinguishdetermi-

natefrom indeterminateandspecialinstants.We ignoredthe “Thanksgiving”selection

andcodedthe OVERLAPS as a conjunctionof Before operationswith no short circuit

evaluation. The first sequence(from left to right) is an overlapwith no supportfor

mixedgranularities.Testingthis sequencewill give usa basecostagainstwhich we can

comparethecostof modelingandusinginformationat mixedgranularities.Thesecond

sequencescalesminutesto days,usingthealgebraicoptimization. We will alsotestthe

unoptimizedsequence;thatcodeisnotshown.Thethirdsequencecombinesthealgebraic

simplificationwith theprogramtransformationthattradesa scalefor ancast.
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We compiledall four testsusingthe GNU C compiler, version2.4.5,with compiler

optimizationsfully enabled.We thenran the testsseveralmillion timeson a dedicated

Sun-4IPC(atwelve“mips” machine).Theresultsweobtainedareasfollows. For theno

granularitytest,eachpredicateevaluationtook approximately�i� microseconds,for the

unoptimizedtestwith onescale,ÈäÎ microseconds,for thealgebraicoptimizationtest, ´qå
microseconds,andfor theprogramtransformationtest, ��È microseconds.

Theseresultsshowthat modelingtimesat differentgranularitiesdoescarry a cost;

for theexamplequeryit addsanoverheadof betweenÈ.� ¤ |�Î��qæ . Note,however, that

thereare many other componentsto query evaluation,suchas disk readsand writes,

andtheadditionalcostof granularityconversionsovertheentirequeryexecutionwill be

relativelyslight. Also notethata userwho doesnot want theextramodelingcapability

of mixedgranularitiescansimply specifythatall columnshaveanidenticalgranularity,

incurringnoaddedcost.Theresultsalsoshowthattheoptimizationssignificantlyimprove

performance.

7.5 Related Work on Granularity

Our work canbeviewedasanextensionof Anderson’s pioneeringresearchon a model

of time [Anderson1982]. Andersonpointedout the needto model times at multiple

granularities. Clif ford andRao further developedAnderson’s frameworkby addinga

“granularity chain” (a completeorderingof granularities)and“downward” granularity

conversionsbetweentimes[Clif ford& Rao1987]. Wiederhold,Jajodia,andLitwin made

Clif ford andRao’s theoreticalwork moreconcreteby proposinga specificsemanticsfor

temporalcomparisonsat mixedgranularities[Wiederholdet al. 1991]. Their proposed

semanticsissimilarto thefinergranularitysemanticsmentionedin thischapter. Recently,

Wang, Jajodia,and Subrahmaniangeneralizedthe “granularity chain” to a lattice and

proposedsemanticsfor moving times“up” and“down” the lattice [Wanget al. 1993].

Their downwardconversion“creates”information. For example,if we recordthatJohn

earneda salaryof $50,000in 1991,thenat thegranularityof days,Johnearned$ç�è ¾ è�è�èé�ê ç .

However, this inferenceis notsupportedby thestoreddatasinceJohnmayhavechanged

pay scalesseveraltimesduring the year; the inferenceinvokesan extrauniformity as-
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ë
Thenogranularitysequenceì

unpack_event(f);
unpack_interval(v);
c1 := Before(f,v.to);
c2 := Before(v.from,f);
if (c1 andc2) then

addf,v to result

ë
Thealgebraicoptimization ì

unpack_event(f);
f := f div 1440;
unpack_interval(v);
c1 := Before(f,v.to);
c2 := Before(v.from,f);
if (c1 andc2) then

addf,v to result

ë
Thefully optimizedsequenceì

unpack_event(f);
unpack_interval(v);
v.from := v.from í 1440;
v.to := ((v.to î 1) í 1440) ï 1;
c1 := Before(f,v.to);
c2 := Before(v.from,f);
if (c1 andc2) then

addf,v to result

Figure7.7: MULTICAL callsfor examplequeries
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sumptionto createa daily accountof John’s salary. Theyalsopresentedsemanticsfor

temporalcomparisonsatmixedgranularities.

Noneof thesepapersaddresstheissueof costor theintegrationof granularitiesfrom

multiple calendars;the latter threealsolack indeterminacy. Eachis basedon thenotion

thataninstantatagivengranularityis a“segment”of thetime-line. In theseframeworks,

supposethatweconverttwo instantslocatedin thesamehourandstoredatthegranularity

of an hour to the granularityof a minute. We thenquery whetherthey overlap. We

will alwaysobtainanaffirmativeanswerbecausethetwo instantsareidenticaltime-line

segments.

In contrast,wetreatall instantsasindeterminate.Whentwoinstantslocatedin thesame

hourarescaledto a finer granularity, two similar indeterminateinstantsresult. But each

indeterminateinstantretainsthesemanticsof theoriginal instantin thatit recordsthatthe

instantis locatedsometimeduringthehour(with theupperandlowersupportsexpressed

in the finer granularity). The usercan then query whethertheseinstants“definitely”

overlap(never)or “possibly” overlap(always). It is our positionthat indeterminacyis

necessaryto support“downward”granularitymappingsandto correctlymodelinstants.

7.6 Chapter Summary

This chaptershowedthatgranularityandindeterminacyarerelatedfeaturesof temporal

data. Granularity is the unit of measurefor a temporaldatum while indeterminacy

representspartialinformationaboutfinerunitsof measure.Forexample,aninstantknown

to thegranularityof anhourhasanhour-long periodof indeterminacy. For this instant,

weonly knowthehourduringwhich it is located,wecannotascertain,with certainty, the

minuteduringwhich it is located.Suchis thenatureof “real-world” temporaldata.

In this chapter, we describeda granularityas a partitioning of the time-line. We

thenshowedthatgranularitiesnaturallyform a hierarchy, or moreprecisely, a lattice, in

thatsomegranularitiesarefineror coarserwith respectto others.Althoughgranularities

comefrom manydifferentcalendars,all granularitiesarerelatedin asingle,system-wide

lattice. Next,wedescribedhowthegranularitylatticeis built. Duringconstruction,“up”

and“down” mappingfunctionsareinsertedbetweensomepairsof granularities.These
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mappingfunctionsareusedby scale andcast to movetimesfrom onegranularityto the

next in the lattice. Judicioususeof scaleandcastcanimplementa varietyof semantics

for temporaloperations.We adoptedcoarsegranularitysemanticsandshowthat it can

be enforcedby implicitly insertingscaleoperationsduring queryanalysis. The scale

operationdoesnot createinformation;ratherit exploitsthe relationshipbetweengranu-

larity andindeterminacyto refinetheinformationcontentof a timestamp.A determinate

instance,storedto a particulargranularity, becomesindeterminatewhenscaledto a finer

granularity. Supportfor indeterminacypermitsconversionsbetweengranularitieswhich

heretoforemighthavebeenconsideredincomparable,suchasweeksandmonths.Finally,

weexploredthecostof ourframework.Wepresentedfouroptimizationsthatcanbeeasily

appliedduringqueryanalysisandshowedthatfor theexamplequerytheseoptimizations

reducedthepredicateevaluationoverheadto a reasonablelevel. Our conclusionis that

a simplisticapproachto implementingmultiple granularitiesis quiteexpensive,but that

via thecombinationof thestraightforwardoptimizationsthatwepresentedtheoverhead

of theadditionalexpressivepowerof mixedgranularitiesis quitesmall.
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NOW AND INDETERMINACY

Now is an Englishnounmeaning“at the presenttime” [Sykes1964]. Now is also

a distinguishedtimestampvalue in many temporaldatamodelproposals. The precise

semanticsof this valueis investigatedelsewhere[Clif ford et al. 1994B].In this chapter,

we examinethe role of indeterminacyin providing a richer modeling capability for

now. Now is acommontimestampvalue.Mostreal-worldactivitiesmodeledby temporal

databasesmustautomaticallymaintainandupdatethecurrentdatabasestate.Forexample,

banksneedto keepcustomeraccountscurrent,storesneedto keeptrackof which goods

arein stock,andcompaniesneedto maintaindataonwho is currentlyemployed.Now is

importantto accuratelymodelingall threeenterprises.

8.1 Now in Valid-time

In thevalid-timedimension,acommonuseof now is to indicatethatafactisvaliduntil the

currenttime [Ariav et al. 1984,Bassiouni& Llewellyn 1992,Elmasriet al. 1990,Gadia

& Yeung1988,Navathe& Ahmed1989,Sarda1990,Tansel1990,Yau & Chat1991].

In conventionaldatabases,suchfactsaretheonly onesthataredirectlysupportedby the

datamodel. For example,supposethatJanebeganworking asa welderfor the factory

on June1. Figure8.1 showsthe relevanttuple from the factory’s employmenthistory

(theEMPLOYEE relation). Janestartedworkingasa welderon June1, asindicatedby

the“from” attribute(for theexamplesin this chapterwe assumea timestampgranularity

of one day). The value now, appearingas the “to” time in Jane’s employmenttuple,

representsa currentlyunknownfuturetime whenJanewill stopworking for thefactory.

Theresultof aquerythatrequestscurrentweldersincludesJane.

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

otherwise. As the currenttime inexorablyadvances,the valueof now alsochangesto
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Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 now

Figure8.1: Jane’s employmenttuple

reflectthenewcurrenttime. Someauthorshavecalledthisconceptuntil changed instead

of now [Wiederholdet al. 1993,Wiederholdet al. 1991],but themeaningis thesame.

Supposethatinsteadof usingthevariablenow asthe“to” time in thattuple,we usea

groundtime, i.e., a particulardate.We startby recordinga “to” time of June1. Thenas

time advancesandJaneremainsa welder, the“to” time on Jane’s tuplemustbeupdated

eachdayto recordwhensheworked. Hence,the“to” time would beupdatedto June2,

thento June3, etc. While this representationis faithful to our knowledgeat anypoint in

time, it is unrealisticto assumethat the “to” time will be continuouslyupdatedastime

advances.It is alsounclearwhoshoulddotheupdating,asthedatabasehasno indication

of which timestampvaluesarestableandwhich arecontinuouslychanging. For these

reasons,it is usefulto usethevariablenow.

Oneproblemwith thisuseof now is thedatabaseappearsto explicitly recordthatJane

will not beemployedtomorrow. Assume,for thepurposeof this discussion,that today

is July 9. A querythataskswho will beemployedtomorrow(i.e.,July 10)will not have

Janein theanswer, sincethe“to” time of Jane’s tuple is now, or in this case,July 9. Yet

if nothingchanges,in thedatabaseor in reality, andwe executetheidenticalquery(i.e.,

whowasemployedonJuly10)onJuly11,we will geta differentanswer, sinceJanewill

beincluded.We call this problemthepessimistic assumption.

Sometemporaldatamodelsavoidthisproblemby limiting valid time to thepast,that

is, to timesbeforenow [Gadia& Yeung1988,Tansel1990]. For manyapplicationsthis

limitation is muchtoo restrictive. Otherdatamodels(e.g., [Ben-Zvi 1982,Snodgrass

1987, Snodgrass1993, Thirumalai & Krishna 1988]) addressthis problem by using

forever or ¥ asthe“to” time,asshownin Figure8.2. Forever is thelargestrepresentable

timestampvalue, that is, the one furthestin the future. This value admitsthat we do
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Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 forever

Figure8.2: Jane’s employmenttuplewith a largeright boundary

not know whenJanewill departtheuniversity, andsoassumesthatshewill beworking

forever. Onelimitation of this fix is that it is overly optimistic: foreveris a long time!

In SQL andin IBM’ s DB2, foreveris about8,000yearsfrom thepresent[Date& White

1990,Melton& Simon1993];in ourmoreliberalproposal,it is approximately18billion

yearsfrom thepresenttime[Dyreson& Snodgrass1993B].Hence,to assertthatJanewill

beemployedforeveris mostassuredlyincorrect(othershavealsonotedthata “to” time

of ¥ , or forever haserroneousimplicationsfor thefuture[Navathe& Ahmed1989]). A

relatedlimitation is thatwhenJanedepartstheuniversity, forever mustberevisedwith the

dateof herdeparture;but thereviseddatewill beanentirelyseparatetime,unrelatedto,

andinconsistentwith, forever. Theactof changingatimeto anunrelatedtimeis typically

a correctiveactappliedto a previouslyincorrecttime, ratherthansimplya refinementof

previousinformationasnewinformationis gathered.

An alternativewayto view thisproblemis thatthereisadifferencebetweentheactual

andexpected timesof a fact. Onaday-to-daybasis,we expectJaneto remainemployed.

A databasethatusesforever asthe“to” timeof heremploymenttuple(veryoptimistically)

recordsherexpectedemployment,while a databasethatusesnow (very conservatively)

recordsonlyheractualemployment,thetimeshehasworkedtothecurrenttime. However,

with indeterminacy, wecanrepresenttheactualandexpectedtimesusingasinglekind of

timevalue.

Another problem sharedby both of theseapproaches(a “to” time of either now

or forever) is that they implicitly containa very strongassumption,that we term the

punctuality assumption, abouttheintegrityof avalid-timedatabase.Thetuplesshownin

Figures8.1 and8.2 representthe fact thatJaneis employeduntil thedatabaseindicates

otherwise.That is, thesetuplesassumethatthefactory’sdatabaseis a true,exact,up-to-
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Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 July 6

Jane possibly employedasa welder July 6 now

Figure8.3: Meaningof Jane’s tuple,if todayis July 9 andtheboundis 3 days

datemodelof the world. To remainconsistentwith the world, the instantJaneis fired,

her unemploymentmustbe manifestedin the database.Otherwise,querieswill return

an incorrectresult. If Janewas fired yesterday(i.e., July 8), but the databasehasyet

to beupdated,a queryrequestingthecurrentemployeesexecutedon eitherrelationwill

erroneouslyincludeJane.

In manyrelations,thevalid time is alwaysearlierthanthetimeof thetransactionthat

storedtheinformation,butwithin awell-specified,finite bound(wewill shortlyconsider

caseswherevalid timeis laterthantransactiontime)[Jensen& Snodgrass1994,Jensen&

Snodgrass1992]. Typically, whenanemployeeishiredorfired,it isnotuntil severalhours

or daysaftertheincidentthatthedatabaserecordof thatemployeeis updatedto indicate

thenewemploymentstatus.For instance,perhapsJanewasfired on July 8, but it is not

until July11thathertupleis actuallyupdatedto reflecthercorrectstatus.If theboundon

therelationshipbetweentransactionexecutiontimeandvalid timeis knownto beatmost

threedays(all updatesaremadewithin threedays),thena querythat asksif Janewas

employedfour or moredaysagocanalwaysdetermineJane’s correctemploymentstatus.

Givensuchanassumption,onecould interpretthemeaningof Jane’s tuplein Figure8.1

as of today (July 9), as shownin Figure 8.3. This effectively replacesthe unrealistic

punctualityassumptionwith a weakeryet morereasonablebounded assumption. This

interpretationmay solvethe problemposedby the punctualityassumption,but hasthe

limitation of introducinga possiblyemployedstatus(how shouldthatbehandled?),and

doesnotaddressthefirst problem,thatof Janestill beingemployedtomorrow.
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Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 July 31 � August31

Figure8.4: Janehasafixed-termappointment,representedwith valid-timeindeterminacy

Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 July 31 � forever

Figure8.5: Jane’s employmentwill befor at leasttwo months

8.2 Now Remodeled

By usingindeterminateinstants,we canmoreaccuratelyrecordourknowledgeof Jane’s

employmentwith the factory. Insteadof using now as the “to” time in Jane’s tuple,

we canuseanindeterminateinstant.Which indeterminateinstantto usedependson our

knowledgeof thesituation.If Janewashiredasalimited-termemployee,toworkbetween

two andthreemonths,wecouldrecordthis informationasshownin Figure8.4. Heretwo

time bounds,July 31 andAugust31, delimit the “to” indeterminateinstant. If we knew

only thatthetermwouldbeat least two months,we wouldusetherepresentationshown

in Figure8.5. If the factory hasa mandatoryretirementpolicy, we could decreasethe

indeterminacyconsiderably, asshownin Figure8.6. If we removedthe guaranteethat

Janewill work at leasttwo months,wearriveat therepresentationshownin Figure8.7.

Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 July31 � Jan.1, 2028

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

Valid time

Name Position (from) (to)

Jane welder June1 June1 � Jan.1, 2028

Figure8.7: No guaranteedminimumterm

Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 July 6 � Jan.1, 2028

Figure8.8: Thesituationasof July9

Indeterminateinstantsaddressthe first problem,the pessimisticupdateassumption,

providing evidencethat Janemight still be employedin the future. They alsoremove

theproblemof incompletenessin thenon-timestampattributes(e.g.,possibly employed,

as shown in Figure 8.3), and ensurethat new knowledgeacquiredlater, such as the

informationthatJaneleft theuniversityon August10, is not inconsistentwith currently

storedinformation,but ratheris a refinementof thatinformation.

Althoughindeterminateinstantsremovethepessimisticassumption,theyrequirein-

stantaneousupdates.To illustrate the latter problem,assumethat today is July 9, and

thatJanedepartedtoday. Assumealsothatherdeparturehasnotyetbeenrecordedin the

database.Thestateof theJane’s tuple in thedatabaseshouldnot be thatof Figure8.7,

but ratherthatshownin Figure8.8(again,assumingat mosta threedaylag in recording

a fact in thedatabase).ThestateonJuly10 is shownin Figure8.9(notehowtheindeter-

minacyin the“to” instanthasdecreasedeversoslightly). OnJuly 11, theindeterminacy

disappearsaswe learnof Jane’s departure.Eachsuccessivestateis consistentwith that

precedingit, andeachaccuratelyrecordsourcurrentknowledgeof Jane’sstatus.But how

canwe automaticallysupportthis successiverefinementof states?

To accuratelyrepresentour continuouslychangingknowledgeaboutJane’s employ-

ment,weneedto combinethebestfeaturesof now andindeterminateinstants,into anew
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Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 July 7 � Jan.1, 2028

Figure8.9: Thesituationasof July 10

kind of instant,whichwecall anow-relative indeterminate instant. An exampleis shown

in Figure8.10.Here,thelowerboundof the“to” timestampisanexpressioninvolving the

constructnow andaspan,in thiscase,threedays,indicatingthepunctualityof updates.

A now-relativeindeterminateinstantcapturesboth the actualand expectedtimes

associatedwith a fact. For instance,in the tuple given in Figure 8.10, Jane’s actual

employmenthistoryis delimitedby thelowerboundon the“to” timewhile herexpected

employmentis delimitedby theupperbound. The lower boundexpresses,on a day-to-

daybasis,our changingknowledgeof whenJanewasemployedwhile theupperbound

expressesour expectationof how long shewill remainemployed. For example,if the

referencetime is July 9, the now-relativeindeterminateinstantshownin Figure 8.10

would be interpretedasthe non-relativeindeterminateinstant“July 6 � Jan.1, 2028.”

Usinganow-relativeindeterminateinstantensuresthatcontinualupdatesarenotrequired

(in asense,theupdatesarelazyandnon-persistent),while capturingall of ourknowledge

of exactlywhenJanewasemployedby thefactory.

Sowhathappensto theprobabilitymassfunctionasnow approachestheupperbound?

Theprobabilitymassfunctionis “shrunk”byusingShrink s astheperiodof indeterminacy

getsshorter. For example,assumethat we store the tuple shown in Figure 8.10 on

June1, and that we associatewith that tuple the “normal” distribution. If 10% of the

time betweenJune1 and Jan.1, 2028 haselapsed,then the valid time of the tuple is

Shrink s Â
�i� ��ð June1 � Jan.1, 2028
ð}�

normal
Ã
. Note that to shrink correctly, we must

storetheinitial lowerboundwith thetimestamp.

Thereis onewrinkle to this scheme,if the now-relativeindeterminateinstantis the

“to” timeof anindeterminateinterval,thenthelowerboundontheinstantmustbebetween

theupperboundonthe“from” eventandtheupperboundonthe“to” event.For instance,
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Employee(Name, Position)

Valid time

Name Position (from) (to)

Jane welder June1 (now ¤ | days) � Jan.1, 2028

Figure8.10: Usinga now-relativeindeterminateinstant

the“to” lower boundof Jane’s employmenttupleis constrainedto besometimebetween

June1 andJan.1, 2028. If todayis May 9, thenthelower boundis June1 andthetuple

indicatesthat we expect Janeto be employedfrom June1 to Jan.1, 2028. If today is

Jan. 1, 2050,thentheupperboundis Jan.1, 2028andthetuple indicatesthatJanewas

actually employedFrom June1 to Jan.1, 2028. In short, now-relativeindeterminate

instantscapturethesemanticsof predictiveupdates.

Now-relativeindeterminateinstantsareableto modelthe evolutionarycharacterof

temporaldatabases.A real-life predictionsituationis eitherconfirmedor provenfalse

as time progresses.Similarly, as the referencetime increases,valuesin the possible

extensionalizationof atupleevolveinto definite valuesor areremovedfrom thedatabase.

Considerthe tuple of Figure 8.10. If the referencetime is May 9, then Janewill be

possibly employedevery day betweenJune1, 1994 and Jan.1, 2028. However, for

referencetimeApril 1, 2028,thedatabaserecordsthatJanehasdefinitely beenemployed

everydaybetweenJune1, 1994andJan.1, 2028. In summary, not only do now-relative

indeterminateinstantsrelaxthestrictpunctualityassumptionasnow-relativedeterminate

instantsdo, but theyalsosupportfuturequeriesandcapturethesemanticsof predictive

updates.

In the next section,we demonstratethat now-relativeindeterminateinstantscanbe

storedin thesamerepresentationasdeterminateinstantsandnon-relativeindeterminate

instants,with theresultthattheyimposelittle spaceoverhead.

8.3 Timestamp Representation

This chapterhasproposeda new timestampthat mustbe represented:a now-relative

indeterminateinstant.In thissectionweextendtheexistingtimestampformatstorepresent
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sign

data

chunksize
chunks

43

 uniform = 1, missing = 0

80

data

 type = 101

6

span added or subtracted

data

48
ñ

16 112

Now−relative Indeterminate, Chunked, Standard Distribtution (32/64/96/128 bits)

Figure8.11: Thenow-relativeindeterminateinstantformat

thenewtimestampvalue,andshowthatnow-relativeindeterminateformatshaveaminor

impacton storagecosts.We extendonly theinstantformats;intervalsarerepresentedas

apairof boundinginstants.

A now-relativeindeterminateinstantis quitecomplex.It is of theform “now Í span

� upper bound.” A now-relativeindeterminateinstantformathasanupperbound,aspan,

andthevariablenow. To properlyscalenonuniformdistributions,theinitial lowerbound

mustalsobestored,i.e., thetimeat which thetuplewasfirst stored.Surprisinglywe can

typically fit all of this informationin thesamespacethata determinateinstantrequires,

eightbytesin thecommoncase.Thekey to thestorageis thatthespan,representingthe

punctualityof updates,is thesamefor everytuplein a relation,henceit canbestoredin

theschema(in thoserarecaseswheretuplesaremixedwith differentupdatebehaviors,

the relationcanbe horizontally fragmented,the tuplesin eachfragmenthavethe same

updatepunctuality).

We employ a variation of a chunkedindeterminateformat that hasessentiallythe

sameformat,but a differentinterpretation.Thenewformat is shownin Figure8.11. A

now-relativeindeterminateinstanthasa differenttypefield thananindeterminateinstant

sincethereis no otherway to distinguishbetweenthe two formats. Theupperboundis

explicitly encodedin thedatafield,whilethespanisstoredin theschema.Theinitial lower

bounddoesnot haveto bestoredfor thestandarddistributions,sincethesedistributions

arenot changedby shrinking. Thesignbit positionstheupperboundbeforeor afterthe

granularityanchorpoint, just asdoesthesignbit for determinateinstants.
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If the chunkingyields an inadequateprecision,or the user wishesto associatea

distribution other than the missingor uniform distribution then more storagewill be

required. In this case,we usevariantsof other indeterminateinstantformats. These

variantsareessentiallythesameasthe indeterminateformats,but havea differenttype

value.For brevity, weomit thesevariants.

As apointof comparison,theSQL-92TIMESTAMP format,whichhasarangeof only

10,000yearsanda granularityof only onesecond,andwhichdoesnot incorporateeither

indeterminacyor now-relativity, requirestwentypositions(eightybits). For mostusers,

oureightbyteformatshouldsuffice.

8.4 Summary

Usingindeterminateandnow-relativeindeterminateinstantscanprovidea far richerse-

manticsfor now. Now-relativeindeterminate(anddeterminate)instantsrelax the strict

punctualityassumption,replacingit with a morereasonableboundedassumptionwhile

indeterminateinstantsnaturallysupporttheuncertaintyin futurequeriesandallowfor pre-

dictiveupdates.Bothof thesepositiveaspectsarecombinedin now-relativeindeterminate

instants.

We showedthat thenewkindsof instantsneededto combatthesemanticdifficulties

associatedwith now haveacompactrepresentation,justtwo or threewordsin mostcases,

with virtually nospaceoverheadcomparedwith othertimestamprepresentations.



CHAPTER 9

CONCLUSIONS

In this document,we extendeda valid-time relational databaseto supportvalid-

time indeterminacy, or “don’t know when” information. Indeterminacyis a common

kind of incompletetemporalinformation and hasseveralsources,the most prevalent

beinggranularitymismatchesor conversions.We describeda new temporalvalue,an

indeterminateinstant,thatis capableof modelingimpreciseeventoccurrencetimes,such

asthataneventoccurredsometimebetweenJune3, 1994andJune10,1994.An instant

is determinateif it is knownwhen(i.e., during which chronon)it is located. But if we

only know that the instantis locatedsometimeduring a set or rangeof chronons,we

call it an indeterminateinstant. The indeterminacyrefersto the locationof the instant,

not whetherthe instantexists. Indeterminateinstantsdo not modelthesituationwhere

it is unknownif an instantexists. An indeterminateinstantis representedby a period

of indeterminacy, describingthe set of possibletimes for when the instant is located,

and a probability massfunction, giving the likelihood of eachtime in the period of

indeterminacy. Whenausercreatesanindeterminateinstant,shemayhavenoinformation

abouttheunderlyingprobabilitydistribution. To handlethis situationwe introducedthe

capabilityof representingadistributionthatis“missing,”whichrepresentsacompletelack

of knowledgeabouttheprobabilitymassfunction. We alsodescribedan indeterminate

intervaltimestamp(tomodelintervalssuchas“sometimeduringthe70sthroughsometime

duringthe80s”)andanindeterminatespantimestamp(to modeldurationssuchas“three

tofivedays”).Thethreenewdata-typeswereaddedto theTQuelandTSQL2datamodels.

Oneimportantassumptionwe makethroughoutis that tuplesarerow-independent,

with no information sharedbetweenindeterminatetuples. All the other databaseap-

proachesthatweareawareof thatutilize probabilitiesto modelvariousflavorsof incom-

pletenessmakethisassumptionaswell becausecomputingdependentprobabilitiesin the

156
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innerloopof queryprocessingis justtooexpensive.Wealsoassumethattheindeterminate

instantscanbemodeledby contiguoussetsof possiblechronons.Wedonotsupportnon-

contiguoussetswhich couldmodelindeterminateeventssuchas“it happenedyesterday

morningor this morning,” althoughanappropriateprobabilitymassfunction(assigning

zeroprobability to timesotherthanthis morningor yesterdaymorning,if this is within

implementationbounds)couldbeusedto modelthisparticularsituation.Weexploitboth

of theseassumptionsto achieveefficiencyin representationandin queryprocessing.The

contiguoussetassumptionallowsusto representa periodof indeterminacywith a lower

andan upperboundratherthanhavingto representeachchrononin the setseparately,

while theindependenceassumptionis necessaryto rapidcomputationof theprobabilistic

ordering.

Querylevel supportfor indeterminacyrestson two controlson theretrievalprocess,

rangecredibility and orderingplausibility. Rangecredibility changesthe information

availableto queryprocessing.It eliminatessomepossiblebut unlikely intervalsfrom

an indeterminateinterval until the desiredquality of information is reached.Ordering

plausibility controlstheconstructionof ananswerto a queryusingthe pool of credible

information. We addedbothcontrolsto thesyntaxandsemanticsof TQuelandTSQL2.

As with the introductionof anynewdatatype,permissibleoperationson indeterminate

instants,intervals,andspansmustbeclearlyspecified.Operationsontimestampsfall into

four broadcategories:comparison,arithmetic,input, andoutput[Dyreson& Snodgrass

1993B].Theclassof operationsimpactedmostby indeterminacyarecomparisons,and,

in particular, thetemporalorderingoperator, Before.

Thesemanticsof Before without indeterminacyis basedonawell-definedorderingof

thevalid-time instantsin theunderlyingrelations[Snodgrass1987]. In thedeterminate

semantics,Before is the“
�

” relationoneventtimes.Everytemporalexpressionconsisting

of Before operationsandlogical connectivesrefersto this orderingto determineif the

expressionissatisfied.A setof determinateinstantshasasingletemporalordering.Given

a temporalexpression,thisorderingeithersatisfiestheexpressionor fails to satisfyit.

A setof indeterminateinstants,however, couldhavemanypossibletemporalorderings.

For example,one temporalorderingof the instantsin the Received relation given on
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page18 is º  
� º Ð � º é � º0ò . But the ordering º  

� º é � º Ð � º0ò is alsopossible. Therearestill

otherpossibleorderings.Someof thesetemporalorderingsareplausible while othersare

implausible. We proposeto permit theuserto specifywhich orderingsareplausibleby

settinganappropriateordering plausibility value.Westipulatethatatemporalexpression

is satisfiedif thereexistsa plausibleorderingthatsatisfiesit.

The probability distributioninformationis relatedto the orderingplausibility value

in the following fashion. Considera set of instants,
� Û  

� Û Ð � yiyiy � ÛKó.� , in a temporal

expression.Foranypairof instants,ÛPô andÛ�õ , comparedbytheexpression,theprobability

that ÛKô isBefore Û�õ in all possibleextensionsof thedatabasecannotbelessthantheordering

plausibility. Essentially, we proposeto treateachBefore asan isolatedtest(in termsof

probabilitycalculations).Theorderingplausibilityvalueexpressestheuser’s confidence

in eachtest.

Operationson indeterminatevalueswith a distributionthat is missingarerestricted.

A tuple with a distribution that is missingonly participatesin querieswhich ask for

the definiteor possibleanswer(as theseanswersmakeno useof the underlyingmass

function).

We also augmentedthe createand modify statementsin both TQuel and TSQL2

to specifywhich relationsincorporatevalid-time indeterminacyand to identify which

timestampformat to use. Theupdatestatements(append,delete,andreplace)canalso

be extendedin an analogousmanner. The TSQL2 syntaxgiven here, including aug-

mentedschemaspecification,retrieval,update,andsetstatements,hasbeenadoptedin

theconsensustemporalquerylanguageTSQL2[Dyreson& Snodgrass1994F].

Oneof ourgoalsin addingsupportfor valid-timeindeterminacyto TQuelandTSQL2

was to leaveunchangedboth the meaningand performanceof all statementswithout

indeterminacy. We call this propertyquery reducibility. Supportfor indeterminacyis an

extensionof thedeterminatesemanticsandtheimplementationratherthanareplacement.

While it is easyto positanabstractmodelwith a largesetof weightedpossibletimes,

the actualtime andspacecostof sucha modelmustbe carefully considered.We note

thatother“probabilistic” databaseproposals[Barbaŕa et al. 1989,Barbaŕa et al. 1992,
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Cavallo& Pittarelli 1987, Gelenbe& Hebrail 1986] do not addressthe issueof cost;

perhapsbecausetheresearchersanticipatedfew weightedalternatives.

We showedhow indeterminateinstantswith a uniform or unknownprobability dis-

tribution canberepresentedin only 64 bits in mostcases;for user-defineddistributions

the commonrepresentationis only 96 bits. The probability massfunction is muchtoo

largeto storewith eachtimestamp,insteadonly apointerto amassfunctionis stored.We

optimizedstorageof thecommonmassfunctionpointers.

Weimplementedtheoperationsrequiredby theextendedsemantics,anddemonstrated

thattheimplementationis efficient. Themostdifficult operationto implementefficiently

wasBefore. Before is typicallyexecutedin the“inner loop” of queryevaluation,performed

possiblymanytimesfor eachparticipatingtuple. In this tight inner loop, Before must

computetheprobabilisticorderingbetweentwo instants,apotentiallycostlycomputation.

But we successfullyusedapproximationtechniquesto mitigatethe costof Before. We

usea tree-likedatastructureto storeanapproximationto a user-givenprobabilitymass

function. A “pivoting” algorithmthencomputestheprobabilitythatoneinstantis before

another. Although theapproximationof a massfunction introducessomeerror into the

“pivoting” computation,weshowedthatthiserroris boundedandthatthesizeof theerror

isunderthecontrolof thedatabaseimplementor(theimplementorchoosesthe“precision”

and“coarseness”of the approximation,andalsosetsthe numberof pivots to perform).

Thereis a tradeoff betweenthesizeof theerrorandthespeedof thepivoting algorithm.

The speedof the pivoting algorithm can be improvedby relaxing the error, however,

theoverallspeedupon real-worlddatais slight. We experimentedwith errorboundsof

1% and10%. Exceptfor raresituations,the run-timecostwasessentiallyequivalent.

We also comparedthe determinateBefore with the indeterminateBefore. Supportfor

indeterminacyappearsto essentiallydoublethe “in memory” costof queryevaluation

(thisanalysisignoresthepotentiallyfargreatercostof diskI/O in queryevaluation,which

remainsunchanged).

Supportfor indeterminacyalsoenablesa richermodelingof granularityandof now.

Granularityandindeterminacyaretwosidesof thesamecoin. A timeatagivengranularity

is indeterminatewith respectto all finer granularities. The practical impact of this
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observationis that when a userchoosesto convert an instant timestampat a coarse

granularityto one at a fine granularitywith no loss of information, an indeterminate

instantresults. Indeterminacyis essentialto implementingoperationsthat movetimes

aroundthegranularitylattice.

Now is atimestampvaluerepresentingthecurrenttime. A now-relativeindeterminate

instant is a span,representingthe the punctualityof updates,the specialvalue now,

indicatingthat the temporalinformation is currentandchangesas time advances,and

an upperbound,limiting when the information is current. For example,supposethat

anemployeeis currentlyemployed,but will not work beyondtheyear1995. We could

representthis informationusingthenow-relativeindeterminateinstant| now � 1995|

asthe“to” timeof theemploymentinterval.Thelowerboundof the“to” time(i.e.,now)

captures,on a day-to-daybasis,our changingknowledgeof the employeeis employed

while theupperbound(i.e., 1995)expressesour expectationof how long theemployee

will remainemployed.

In sum,theapproachthatweespouseherehasanintuitive semantics,is orthogonalto

thoseproposedby othersto handlevalueincompletenessandgeneralizedevents,refines

previouslyproposedtechniquesto handlemultiple granularitiesof time, increasesthe

modelingcapabilitiesof a temporaldatabase,andhasa practicalimplementation.The

resultisanexpressiveextensiontoTQuelandTSQL2.Theextensionisalso“transparent”

to theuserwhodoesnotusetheaddedquerylanguageanddatamodelsupportfor indeter-

minacy. Theextendedsemanticsandimplementationreduceto thepreviousdeterminate

semanticsandimplementationunderthedefaultcredibility andplausibility.

Thisdissertationcanbeextendedin variousdirections.Timeandspaceareanalogous,

yet different,problemdomains[Snodgrass1992]. Perhapsthereis a spatialanalogto

valid-time indeterminacyandthe techniquesdevelopedherecanbe appliedto “spatial

indeterminacy.” Cantherepresentationanduseof indeterminateinstantscanbenaturally

extendedto indeterminate“points?”

“Best fit” queriesareanotheravenueof exploration. A bestfit queryrelaxesstrict

query constraintsto accepttuplesthat comecloseto satisfyingthe query constraints,

without actuallysatisfyingqueryconstraints. Often the answerset is rankedby some
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“closenessmeasure.”Forexample,supposeweareinterestedin findingoutwhichairline

flights arescheduledto departaround9 AM. We could issuea bestfit queryfor flights

that arescheduledto departat 9 AM. Perhapsno flights leaveexactlyat 9 AM; a best

fit querywould find flights thatcomeclosestto 9 AM first, followed by thosethat leave

muchearlieror muchlater. Indeterminacycanbe usedto supportbestfit queries. In

theairline flight example,9 AM couldbeautomaticallyinterpretedastheindeterminate

instant| 6 AM � 12 AM | with a normaldistribution. A bestfit querywould then

askfor flights thatoverlapthis indeterminateinstant,rankingthe resultsby the highest

orderingplausibility thatsatisfiestheoverlap.

Valid-time indeterminacyalso engenderssomenovel queryoptimizationproblems

sinceit is a new kind of information. For example,the Before operationcostsslightly

morefor indeterminateinstantsthanfor determinateinstants. If the databasehasonly

determinateinstants,limiting the numberof Before operationsmay havelittle impact

on the evaluationof a temporalexpression,but with indeterminateinstants,a possible

optimizationis to limit thenumberof Before operations.As a simpleexample,consider

thetemporalexpression,“ ö overlap(first(÷ � Ü Ã
ÃB� Û precede Ü .” Evaluating

the secondconjunctrequiresa singlecall of Before while the first conjunctrequiresat

leastthreeBefore operations.Evaluatingthesecondconjunctandthenthefirst (if needed)

is a betterevaluationstrategy.

Anotherimportantissueisvalidation.Thisdissertationadvocatesamethodfor storing

andqueryingtemporallyincompleteinformationin thehopethatuserswill findthismethod

practicalandbeneficialto their applications.A comprehensivestudyof theutility of the

methodsadvocatedhereisaddressingusers’desireswill validateor refutethishope.Such

astudyis beyondthescopeof thisdissertation.



APPENDIX A

TSQL2 BNF FOR INDETERMINACY

A.1 New or Modified Syntax for Indeterminacy Constructs

The organizationof this sectionfollows that of the SQL-92 document. The syntax

is listed undercorrespondingsectionnumbersin the SQL-92 document. All new or

modifiedsyntaxrulesaremarkedwith a bullet (“ £ ”) on theleft sideof theproduction.

Whereappropriate,we providedisambiguatingrulesto describeadditionalsyntactic

andsemanticrestrictions.Weassumethatthereaderis familiarwith theSQL-92proposal,

andthata copyof theproposalis availablefor reference.

A.1.1 Section 5.2 Ù token ø
Six reservedwordswereadded.

µ reserved word ¶ ::=
£ |INDETERMINATE
£ |CREDIBILITY
£ |PLAUSIBILITY
£ |GENERAL
£ |NONSTANDARD
£ |DISTRIBUTION

A.1.2 Section 5.3 Ù literal ø
No newsyntaxis introduced,but the allowabledatetime,interval,andperiodliterals is

expandedto supportindeterminatevalues.

AdditionalGeneralRules:
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£ Let ù and
á

be valid Ù datetimevalueø s, representingthe datetimesú and û .

Let ü be a string consistentwith the distribution format property, which can

include referencesto the field distribution name. If the value of the indetermi-

nate datetime property, with thedeterminate datetime1 field replacedwith ý , the

determinate datetime2 fieldreplacedwith þ , andthedistribution fieldreplacedwith

ü , is identicalto the ÿ datetimevalue� , thenthevaluerepresentedby the ÿ datetime

value� is the indeterminatedatetimewith lower support � , uppersupport � , and

distributionasnamesin ü .

� Let ý and þ bevalid ÿ intervalvalue� s,representingtheintervals� and � . Let ü
beastringconsistentwith thedistribution format property, whichcanincluderefer-

encesto thefielddistribution name. If thevalueof theindeterminate interval prop-

erty, with thedeterminate interval1 field replacedwith ý , thedeterminate interval2

field replacedwith þ , andthedistribution field replacedwith ü , is identicalto the

ÿ intervalvalue� , thenthevaluerepresentedby the ÿ intervalvalue� is theindeter-

minatedatetimewith lowersupport� , uppersupport� , anddistributionasnames

in ü .

A.1.3 Section 6.1 ÿ data type �
Theproductionsfor thenon-terminals � datetime type � , � interval type � and � period type �
areaugmentedwith thefollowing.

� datetime type � ::=
� [ � indeterminate data type � ] DATE [ � time precision and scale � ]
� [ � indeterminate data type � ] TIME [ � time precision and scale � ]

[ WITH TIME ZONE ]
� [ � indeterminate data type � ] TIMESTAMP [ � time precision and scale � ]

[ WITH TIME ZONE ]
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� interval type � ::=
� [ � indeterminate data type � ] INTERVAL [ � time precision and scale � ]

� period type � ::=
� [ � indeterminate data type � ] PERIOD [ � period precision � ]

[ WITH TIME ZONE ]

Theproduction, � indeterminate data type � is added.

� indeterminate data type � ::=
� [ NONSTANDARD ] [ GENERAL ] INDETERMINATE

Additionalsyntaxrules:

1. Thedefaultdistributionis standard(notNONSTANDARD).

2. Thedefaultindeterminatedatetimeis compact(notGENERAL).

3. Thedefaultdatetimeis determinate(notINDETERMINATE).

4. Thesizeof the timestampformatallocateddependson the kind of timestampse-

lectedandtheuser-specifiedprecision.Enoughspacemustbeallocatedto thedata

fieldsto accommodatetheprecisionof thetimestamp(precisionrulesaredescribed

elsewhere).Thedefaultindeterminatetimestampformatis thechunkedwith stan-

darddistributionsformat. By specifyingGENERAL theuserchoosesto useoneof

thegeneral,indeterminatetimestampformats. By specifyingNONSTANDARD the

userchoosesto useoneof thenonstandardtimestampformats.
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A.1.4 Section 6.3 ÿ table reference �
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 � ::=
� � correlation � [ WITH CREDIBILITY � integer � ]

Additionalgeneralrules:

1. Thecredibility is avaluebetween0 and100(inclusive).

2. If thecredibility phraseis missing,thedefaultcredibility is 100or asspecifiedby

theuserwith asetstatement.

A.1.5 Section 7.6 ÿ where clause �
To theproductionfor � where clause � is addedtheplausibilityphrase.

� where clause � ::=
� WHERE � search condition � [ WITH PLAUSIBILITY � integer � ]

Additionalgeneralrules:

1. Theplausibility is a valuebetween1 and100(inclusive). A valueof 1 impliesa

non-zeroplausibility lessthan1.

2. If theplausibilityphraseis missing,thedefaultplausibility is 100or asspecifiedby

theuserwith asetstatement.
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A.1.6 Section 11 ÿ schema definition �
We addto theproductionfor � schema element � to allow dynamicdefinitionof distribu-

tions.

� schema element � ::=
� | � create distribution statement �

� create distribution statement � ::=
� CREATE [ � GLOBAL | LOCAL 	 TEMPORARY ] DISTRIBUTION

� distribution name � USING � table name �

� alter distribution statement � ::=
� ALTER DISTRIBUTION � distribution name � USING � table name �

� drop distribution statement � ::=
� DROP DISTRIBUTION � distribution name �

Additionalgeneralrules:

1. Thedistributionmustconformtoimplementation-dependentdistributionconstraints,

otherwiseanexceptionis raised.

2. The � create distribution statement � establishesa newdistributionname.

3. Altering a distributioneffectivelydestroystheold distributionandreplacesit with

anewdistributionhavingtheindicatedtabledescriptor.

A.1.7 Section 12.5 ÿ SQL procedure statement �
To this classof statementsareaddedthedefaultplausibilityandcredibility statements.

� SQL session statement � ::=
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� | � set credibility statement �
� | � set plausibility statement �
� | � create distribution statement �
� | � alter distribution statement �
� | � drop distribution statement �

� set credibility statement � ::=
� SET CREDIBILITY ��� integer � | AS DEFAULT 	

� set plausibility statement � ::=
� SET PLAUSIBILITY ��� integer � | AS DEFAULT 	

Additionalsyntaxrules:

1. Themostrecentinvocationof a � set credibility statement � or a � set plausibility

statement � takesprecedence.

2. If both the � set credibility statement � and the � set plausibility statement � are

omitted,thenthedefaults,100and100,respectively, areassumed.

A.2 New or Modified Syntax for Granularity

The organizationof this sectionfollows that of the SQL92 document. The syntax is

listedundercorrespondingsectionnumbersin theSQL92document.All newor modified

syntaxrulesaremarkedwith abullet (“ � ”) on theleft sideof theproduction.

Whereappropriate,we providedisambiguatingrulesto describeadditionalsyntactic

andsemanticrestrictions.Weassumethatthereaderis familiarwith theSQL92proposal,

andthata copyof theproposalis availablefor reference.
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A.2.1 Section 5.3 ÿ literal �
A literal is added.

� time granularity � ::=
� � identifier �

Additionalsyntaxrules:

1. Theavailable � time granularity � s areimplementationdependent,butmustinclude

YEAR, MONTH, DAY, HOUR, MINUTE, 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 �

Additionalgeneralrules:

1. Local invocationof a scalefunctionoverridestheglobaldefault.

A.2.3 Section 6.10 � cast specification �
Castingto differentgranularitiesis allowed,by addingto theoptionsof the � cast target � .



169

� cast target � ::=

� domain name �
| � data type �

� | � time granularity �
Additionalsyntaxrules:

1. Thetableshowingallowabledataconversionsis augmentedto addthetimegranu-

larity (G) casttarget.

� data type �
of SD � data type � of TD

EN AN VC FC VB FB D T TS YM DT P TE IS G

EN Y Y Y Y N N N N N M M N N N N

AN Y Y Y Y N N N N N N N N N N N

C Y Y M M Y Y Y Y Y Y Y Y Y Y N

B N N Y Y Y Y N N N N N N N N N

D N N Y Y N N Y N Y N N Y Y Y Y

T N N Y Y N N N Y Y N N Y Y Y Y

TS N N Y Y N N Y Y Y N N Y Y Y Y

YM M Y Y Y N N N N N Y N N N N Y

DT M Y Y Y N N N N N N Y N N N Y

P N N Y Y N N N N N M M Y Y N Y

TE N N N N N N N N N N N N Y Y Y

IS N N N N N N N N N N N N Y Y Y

2. If SD is D, T, TS,YM, DT, P, TE, or IS andTD is G thentheconversionresultsin

avalueof thedatatypeSD at theunderlyinggranularityTD.

A.2.4 Section 6.14 ÿ datetime value expression �
To the generalrules for the non-terminal � datetime value expression � are addedthe

following.

Additionalgeneralrules:
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1. Thefollowing is addedto Rule3.

The semanticsof ÿ datetimevalue expression� s involving ÿ period term� s is

calendar-dependent. If the underlyinggranularitiesof both are suppliedby the

tt SQL92calendar, thenthesemanticsareasfollows. (Original Rule3 goeshere.)

2. Operandsarecoercedto theglobalscaleor castspecifiedin thelastSET SCALE or

SET CAST commandprior to theoperation.If nosuchcommandwasissuedor the

defaultsarespecified,thenoperandsarescaledasneededto enforceledt-operand

semantics.

3. Therangeof intermediateresultsis themaximumallowedby theimplementation.

A.2.5 Section 6.15 ÿ interval value expression �
Thefollowing productionis addedto the � interval value expression � non-terminal.

� interval value expression � ::=
� |SCALE � left paren ��� interval value expression � AS

� time granularity ��� right paren �

Thegeneralrulesfor thenon-terminal � interval value expression � areaugmented.

Additionalgeneralrules:

1. Local invocationof a scalefunctionoverridestheglobaldefault.

2. Thefollowing is addedto Rule6.

If ÿ datetimevalueexpression� is specified,thesemanticsis calendar-dependent.

If the underlyinggranularitiesof both the ÿ datetimevalueexpression� and the

ÿ datatimeterm� , aswell as the ÿ periodqualifier� aresuppliedby theSQL92

calendar, thenthesemanticsareasfollows. (OriginalRule6 goeshere.)

3. Thegranularityof theresultingtypeof theSCALE operationis � time granularity � .
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A.2.6 Section 10.1 ÿ interval qualifier �
Thisissignificantlygeneralizedtoallowimplementation-definedgranularities.The � non-

second datetime field � non-terminalis removed, � timestamp qualifier � and � period

qualifier � areadded,andthefollowing non-terminalsaremodified.

� start field � ::=
� � time granularity � [ � left paren �

� interval leading field precision �
� right paren � ]
� | � left paren ��� interval string ��� interval qualifier ��� right paren �

� end field � ::=
� � 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 � ::=
� [ � start field � TO ] � end field �
� | � single datetime field �

� period qualifier � ::=
� [ � start field � TO ] � end field �
� | � single datetime field �

Thegeneralrulesaresignificantlygeneralizedto removemanyfairly arbitraryrestric-

tions.
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A.2.7 Section 11.10 ÿ alter table statement �
The � alter table statement � is augmentedwith thefollowing alternatives.

� alter table statement � ::=
� | � scale valid definition �
� | � cast valid definition �

Thefollowing productionsareadded.

� scale valid definition � ::=
� SCALE VALID AS � time precision and scale �

� cast valid definition � ::=
� CAST VALID AS � time precision and scale �

Additionalsyntaxrules:

1. Let T bethetableidentifiedin thecontaining � alter table statement � .
2. T shallbeavalid-timetable.

Additionalgeneralrules:

1. Thetemporalelementof eachtupleof T isconvertedto thenewprecisionandscale,

usinga castor scaleoperation.

A.2.8 Section 12.5 ÿ SQL procedure statement �
The productionfor the non-terminal ÿ SQL sessionstatement� is changedto include

defaultsession-levelscaleandcastspecificationcommands.
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� SQL session statement � ::=
� | ÿ setscalestatement�
� | ÿ setcaststatement�

� set scale statement � ::=
� SET SCALE ��� time granularity � | AS DEFAULT 	

� set cast statement � ::=
� SET CAST ��� time granularity � | AS DEFAULT 	

TheSETPROPERTIESstatementis extendedto optionallyassociatepropertieswith

aparticulargranularity.

� set properties statement � ::=

SET PROPERTIES

[ FOR CHARACTER SET [ DEFAULT | NATIONAL | ÿ characterset� ] ]
� [ FOR ��� granularity name � | � calendar name ��	 ]

WITH ÿ propertyspec�

Additionalsyntaxrules:

1. The most recentinvocationof a � set scale statement � or a � set cast statement �
takesprecedence.

2. If both the � set scale statement � and the � set cast statement � are omitted (or

specifiedas default, thencoarser-granularitysemanticsis assumed.

3. Case:

� If neither � granularity name � nor � calendar name � is specified,then the

propertiesfor all granularitiesarealtered.
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� If � granularity name � is specified,thenonly thepropertiesfor thatgranularity

arealtered.

� If � calendar name � is specified,thenonly thepropertiesfor thegranularities

definedby thatcalendararealtered.


