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ABSTRACT OF THE DISSERATION

Aggregation Computatiorover Complex Objects

by

DonghuizZhang

Doctorof PhilosophyGraduatéProgramin ComputerScience
University of California, Riverside August,2002

Dr. VassilisJ. TsotrasChairperson

Theaggreationqueryis animportantbut costlyoperatiorin databasenanagemergystemsWhile
the aggreationin relationaldatabasefasbeenwell studied,recentlytherehasbeena growing
interestin improving the performancef computingaggregatesover comple objects.Eachof such
objectsmay have atime intenal, a spatiallocation/rgion, or both,asappearsn temporal,spatial,
and spatio-temporatiatabasesAn aggrgation query over theseobjectstypically involves some
selectionconditionon their time and/orspatialattributes, e.g. to aggregateover temporalrecords
whosetime intervals intersecta giventime intenal. A straightforvard approactis to, with the aid
of someindex structures]ocatethe objectsthat satisfythe selectionconditionandaggreatetheir
valuesonthefly. Suchindicesaregeneal in the sensehatthey canbeutilized notonly to compute
aggr@ates,but alsoto performselectionqueries. However, the aggregationquery performanceas

proportionalto the numberof objectssatisfyingthe selectioncondition. In theworstcase to com-



puteanaggr@ate all objectsn adatabaseeedto beexamined.Neverthelessin mary applications
(on-lineanalysisgtc.),we needto computetheaggreatesvery fast,andto scanthroughall the ex-

isting objectsmight betoo time-consumingln this thesis we focuson devising specializedndices
for aggrgationover comple objects.Our researctshavs thatour newly designedstructureshave
muchbetterqueryperformancdhanthe existing general-inde-basedsolutions,sometimesver a

hundredtimesfaster In thisthesiswe reportour findings.

Keywords: tempoal, spatial, spatio-tempaal, objectwith extent, aggregation, query

processingspecializedndex, optimization.
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Chapter 1

Intr oduction & Problem Statement

Aggregationis a very importantstatisticalconcept.lt is usedto represent setof items
by a singlevalue, or to classifyitemsinto groupswhile determininga valuefor eachgroup. It is
especiallyusefulin databasesincea databasgypically maintainsalarge volumeof data. Themost
widely usedaggr@ationsare: sum, count,average,minimum, maximum. They areimplemented
in most commercialdatabasesystems. In particular aggregation hasbeenaddedto SQL, thus

extendingthe expressie power of plain relationalalgebraandrelationalcalculus.

While the aggrgationin the ervironmentof traditional databaseystemshasbeenwell
studied,recentlythereis an emeging researchnterestin aggrgation over comple objects,e.g.
temporal spatial,or spatio-temporabbjects.Someexamplesare:

e temporal aggregation: “find thetotal phonecalls madelastmonth”;

e spatial aggregation: “how mary restaurantsrewithin 3 milesfrom me”;



e spatio-temporalaggregation: “find thetotal volumeof rainfall in the OrangeCountyduring

the pastfive years”.

Somecommonfeaturesof theseaggreation problemsare: eachrecordhasa valueand
somespatialand/ortemporalattributes;a queryspecifiesconditionson theseattributesandasksfor
anaggreatevalue over all recordsthat satisfytheseconditions. In the previous rainfall example,
eachrainfall recordhasa time intenal and a spatialregion which describewhenand wherethe
rainfall took place. The recordalsocontainsa valuewhich is the volume of rainfall. The example
gueryspecifieatimeintenal (pastfive years)anda spatialregion (OrangeCounty). Amongall the
rainfall recordsmaintainedn thedatabasea subsebf recordssatisfyboththe specifiedquerytime

andregion. Thequeryasksfor thetotal valueof recordsin the subset.

If noindex is availableon the correspondinglataset,to computesuchan aggrgateone
hasto go throughthe whole set,andthusthe queryperformancaes linearto the numberof records
in the set. If someindex structureis available which clustersrecordson their spatial/temporal
attributes,the queryperformancecanbeimproved sincethe queryevaluationcanutilize the index
to concentrat®ntherecordghatsatisfythe queryconditions.Sothequeryperformances linearto
thenumberof recordssatisfyingthe queryconditions.Neverthelessin theworstcase(nearlyevery
recordsatisfiesthe query condition) the query performancecanbe proportionalto the size of the

wholedataset.

For theaggrgationapplicationswve have in mind, e.g.real-timeinteractve querymenus,
theaggregationresultsaretypically neededast. In thisthesiswe exploretechniquesvhichimprove

the aggregation query performance.The key ideais thatinsteadof maintaininganindex for the



originalrecordswe maintainanindex specializedor eachaggreationproblem.Theindex haspre-
aggr@atedinformation,which canbe utilized to improve the queryperformance As we will shav
laterin thethesisjn somecircumstancewe getpoly-logarithmic(versudinear)queryperformance,
which s a big improvement.Experimentresultsshav thatour specializedndicescanbe over 100

timesfasterthanexisting indices.

Therestof thethesisis organizedasfollows. Chapter2 addressethetemporalaggrea-
tion problem. Chapter3 discusseghe aggrgation over multi-dimensionalpoint objects,while
chapter4 utilizes the point-aggrgation solutionsto solve the spatial aggreation problem, i.e.
aggr@ating over objectswith spatialregions. While the above aggreation problemsfocus on
SUM/COUNT/AVY G aggreates,chapterb presentsolutionsto MIN/MAX aggreationproblems
over spatialobjects. Chapter6 addresseshe temporaland spatio-temporahggregation problem

with multiple time granularities Finally, chapter7 containsour conclusionsandfuturework.



Chapter 2

Temporal Aggregation

2.1 Problem Definition

Thefirst aggrgationproblemwe addressn this thesisis temporalaggreation. With the
rapidincreaseof historicaldatain datawarehousegemporalaggregateshave becomepredominant
operatordor dataanalysis.Computingtemporalggregateds asignificantlymoreintricateproblem
than traditional aggregation without the time dimension. This is becauseeachdatabasduple is
accompaniethy atime interval duringwhichits attribute valuesarevalid. Consequentlythevalue
of atuple attribute affectsthe aggrgatecomputationfor all thoseinstantsincludedin the tuple’s

timeintenal.

Many approachesave beenrecentlyproposedo addressemporalaggreationqueries
[Tum92,KS95, YK97, GHR+ 99, MLIOO, YWO01]. Earlier work focusedon the instantaneous
temporalaggrgationproblem,i.e. computethe aggrgyatevalue over objectswhosetime intervals

containsa querytime instant. The mostefficient oneis the SB-treeproposedby [YWO01]. The



samepaperalsoshaved how to combinetwo SB-treego solve amoregeneraktumulativetemporal
aggr@ationproblemwhich canrestricttemporalaggreationto a giventime interval. However, all

of themhave consideredhe so-calledscalar temporalaggreates wherethe temporalaggreates
arecomputedbver thewholekey rangeof the databaseelation. Herewe addresgshe moregeneral
range-tempoal aggregation problem(RTA). In this problem,the temporalaggrejateis restricted

by atime interval AND akey range. More formally,

e range-temporal aggregation (RTA): Givena setof temporalrecords,eachhaving a key, a
time intenal anda value,computethetotal valueof recordswhosekeys arein a givenrange

andwhoseintenalsintersecta giventime intenal.

An exampleof an RTA queryis: “find the avelage salary over the pasttenyears of all
peoplewhoselast namesstart with ‘B’ " . Sincehistoricalwarehouse$iave large sizes,the RTA
gueryis a very useful and practical operationasit enableshe warehousananagerto focusthe
aggr@ationto ary time-intenal and/orkey-rangein the warehouse.The RTA problemis more
generalthanthe scalartemporalaggrgationssincethe scalarproblemis a specialcasewhenthe
guerykey rangeis thewholekey space OurapproacHZMT+01] wasthefirst which addressethis

problem.

Thischapterconcentratesnthe SUM, COUNT andAV G aggregates We first reducethe
RTA queryinto two subproblemsnamelytheless-key, single-timequeryandtheless-ley, less-time
query We thenproposea new index structurecalledthe Multiversion SB-Tee (MVSBT)to solve
thesequeries.The proposedstructureincorporategeaturesrom boththe SB-Tee[YWO01] andthe

Multiversion B-Tree (MVBT) [BGO+96]. By usingtwo MVSBTs we can maintainand compute



RTA queriesvery efficiently. In particular computingan RTA takesO(log, ) 1/0Os, whereb is the
capacityof a disk pageandn is the numberof tuplesin the warehouse Updatingthe MVSBT is
doneincrementallyastuplesareupdatedan updatetakes O(log, K) I/Os, whereK is thenumber

of differentkeys insertednto thewarehouse)The spaces boundeddy O(% log;, K).

We comparethe performanceof our approachagainstusinga singleindex thatfirst re-
trievesthe tuplesof the warehousevhich satisfythe RTA key-rangeandtime-intenal predicates,
andthencomputeghe aggrgateon the retrieved tuples. Possiblechoicesfor this index is atra-
ditional multidimensionaindex (like an R*-tree [BKS+90]) or a temporalindex (like the MVBT
[BGO+96] or the TSB-treg[LS89]). We usethe MVBT sinceit optimally solvesa range-snapshot
query(“find all tupleswith keys in ranger thatwerealive attime ¢”) [ST99]. Our initial experi-
mentalresultsshav thatour approactprovidessuperiorperformancen computingRTA queriesat
the expenseof a smallspaceoverhead It shouldbe notedthatsincethetemporalaggregationquery
caninvolve arbitrarykey rangesnoneof the previously proposedscalarmethodss applicable.For
example,the obvious approachof having a separate&SB-Treefor eachpossiblekey rangewill not

be efficient becaus@f thelarge spaceequirements.

The restof the chapteris organizedasfollows. Section2.2 discussedackgroundand
previouswork. The problemreductionis addresseith section2.3. The MVSBT index is introduced
and analyzedin section2.4. Section2.5 discussesesultsfrom our experimentalcomparisons.

Finally, section2.6 presentgonclusions.



2.2 Background

Wefirstdescribepreviousresearclontemporalggreationqueriesncludingthe SB-tree.
We thendiscussthe temporaldatamodelassumedn our work and provide a shortdescriptionof

the MVBT.

2.2.1 Previouswork ontemporal aggregates

We considerfour criteria for measuringthe efficiency of a methodthat supportstem-
poral aggrgates. (1) The methodshouldmaintainthe aggrejatesincrementallyastuplesarein-
serted/updated?2) The costof insertinga new tuple shouldbe independentrom thetuplekey and
from the lengthof the tuple’s intenal. (3) The methodshouldbe disk-basedand, (4) the method
shouldsupportnotonly instantaneoubut cumulativeemporalaggreatesaswell [YWO01, MLI0O].
Theresultof aninstantaneoutemporalaggregateat a giventime instantis computedrom the tu-
plesvalid atthatinstant. Thevalueof acumulatve temporalaggr@ateatinstantt is computedrom

thetupleswhoseintenalsintersecintenal [t — w, t], for arny givenwindowoffsetw.

[Tum92] presented non-incrementatwo-stepapproachwhereeachsteprequiresa full
databasescan. First the intenals of the aggreyateresulttuplesarefound andtheneachdatabase
tuple updatesthe valuesof all resulttuplesthat it affects. This approachcomputesa temporal
aggr@atein O(mn) time, wherem is the numberof resulttuples (at worst, m is O(n); but in
practiceit is usuallymuchlessthann). Note thatthis two-stepapproactcanbe usedto compute
range-temporahggrgates,however the full databasescansmalesit inefficient. [KS95] usedthe
aggrgation-treeamain-memonytree(basedn thesegmenttree[PS85])to incrementallycompute

temporalaggrgates.However thestructurecanbecomaunbalancedvhichimpliesO(n) worst-case



time for computinga scalartemporalaggreate.[KS95] alsopresented variantof theaggregation
tree,thek-orderedree,whichis basednthek-ordernessf thebaseable;theworstcasebehaior
thoughremainsO(n). [GHR+99, YK97] introducedparallelextensiongo the approactpresented
in [KS95]. [MLIOO] presentecdnimprovementby consideringa balancedree(basedon red-black
trees). However, this methodis still main-memoryresident.[GAEOQ] proposedhe dynamicdata
cubewhich addressetheproblemof answeringnultidimensionatlatacubeange-sungueries.The
dynamicdatacubecanalso handlehalf-openinterval updates.However, their index hasa static
structurébasednthesizesof thedatacube&limensionsA seminalork onincrementaldisk-based,
scalartemporalaggrgatecomputatiorappearsn [YWO01], wherethe SB-treeindex is introduced.
Sinceour work draws from the SB-treewe will discussits propertiesbelow; for more detailswe

referto [YWO1].

2.2.2 The SB-tree

The SB-treeincorporategpropertiesfrom both the sgmenttree [PS85]andthe B-tree.
The segmenttreefeaturesensurethat the index canbe updatedefficiently whentupleswith long
intenals areinsertedor deleted.The B-treepropertiesnake the structurebalancedanddisk-based.
Conceptuallythe SB-treeindexesthe time domainof the aggrgatedtuples.Eachinterior treenode
containsbetweerb/2 andb recordsgachrecordrepresentingnecontiguoudimeintenal. Foreach
intenal, aspecialvalueis alsokeptin therecordthatwill beusedto computeheaggrgateoverthis
intenal. Intenalsarekeptin bothinterior andleaf nodes.Moreover, the overall interval associated

with anodecontainsall internvalsin thenodes subtrees.



An adwantageof [YWO01] is that an instantaneousemporalaggr@ateis computedby
recursvely searchingthe SB-tree(startingfrom the root) and accumulatingthe aggrgate value
alongthe tree nodesvisited. This resultsin fastaggreatecomputationtime, namely O(log, n).
Note thata special‘compaction”algorithmis alsopresentedhat meigesleaf intervals with equal
aggr@atevalues. This canreducethe heightof the tree and henceits aggrgate computationto

O(log, m).

The secondadwantageof the SB-treeis its fastupdatetime, which is alsologarithmic.
Theinsertionof a new tuplewith intenal i andattribute valuew is first directedinto theroot node.
Eachrootrecordwhosetimeinterval is fully containedn ¢ is updatedy valuev (thekind of update
dependon the aggrgate maintainedby the SB-tree). Wheneer intenal i is partially contained
by arootrecord,it is recursvely insertedin the subtreeunderthis root record. The SB-treeallows
physicallydeletingtuplesfrom the warehouse Sucha deletionis represente@gsan insertionof a

new tuplewith a negatie attribute valuew.

To supportcumulatve SUM, COUNT andAV G aggrgateswith arbitrarywindow offset
w, two SB-treesareused,onemaintainingthe aggregjatesof recordsvalid at ary giventime, while
the othermaintainingthe aggregyatesof recordsvalid strict beforeary giventime. To computethe
aggr@ationquery theapproactfirst computedhe aggr@atevalueat theendof intenal w. It then
addstheaggreatevalueof all recordswith intervalsstrictly beforetheendof w andfinally subtracts
theaggregatevalueof all recordswith intervals strictly beforethe beginning of w. Finally, we note
thata specialextensionof the SB-tree(themin/maxSB-tree)canbe usedto supportMIN andMAX

aggreatestoo.



2.2.3 Temporal Data Model

For simplicity, we assumethat eachtuple in the warehouseas storedas a recordthat
containsa key, atimeinterval andanattribute whosevalueis to be aggreated.We follow the Fir st
Tempoal NormalForm (1 TNF)[SS88]which specifieghatthereareno two tupleswith equalkeys
andintersectingntenals. Withoutlossof generalitywe assumeahatbothkeys andtime instantsare
positive integers. Let the key spacebe [1, mazkey) andthetime spacebe [1, maztime). A time
intenal (or interval in short)hasthe form: [start,end) wherel < start < end < maztime.
An intenal reducedo atime instantwhenend = start + 1. Similarly, a key range(or range in
short) hasthe form [low, high) wherel < low < high < mazxkey. A rangereducedo a key
whenhigh = low + 1. For two ranges, ro which do notintersectwe sayr; is lower thanry if
r1.high < ro.low. A recordrecis aliveattimet if ¢ € rec.interval. A rectangleR in thekey-time
spaceconsistf ankey rangeR.range andatime intenal R.interval. A recordz is in rectangle

Rif z.key € R.range andz.interval intersectwith R.interval.

When consideringtemporaldata, it is importantto distinguishthe time modelusedby
the temporalapplication. In the temporaldatabasditeraturetwo time dimensionshave beenpro-
posednamelythevalid-timeandthetransaction-tim¢J+9§. Thekind of updatesupportednthe
temporaldatadependon whethervalid-time or transaction-timgor both) is supportedKTF98].
In avalid-time ervironmentwhenatupleis insertedin the databaseits associatedhtenal is fully
knowvn. Moreover, tuplescanbe addedanddeletedfrom the databasen ary order After atuple
is deletedits recordis physicallyremoved from the databaséandthuscannotbe further queried).
The SB-treehasbeendesignedor thevalid-time ernvironment.In contrastatransaction-timenvi-

ronmentassumeshattuple updatesarrive in the databaserderedby time. Hence whenatupleis

10



insertedattime ¢;, its records intenval is initiated as[t;, now) wherenow is avariablerepresenting
theeverincreasingcurrenttime (in practice variablenow is storedasmaxtime). However, atuple
deletionis not physicalbut logical. For example,if theabove tupleis deletedattime ¢; its records
intenal end is updatedrom now to ¢;. Thatis, therecordis still maintainedn the databasend
canbequeried.Sincedeletionsarelogical, in atransaction-timenvironmentwe cannotchangehe
past. Equivalently the transaction-timenodel maintainsthe history of a time-e/olving database.
The ability to changethe pastis usefulin casesvhereerrorsarediscoveredin the recordednfor-

mation.

In this chapterwe assumehat the warehousdollows the transaction-timanodel. We
feel thatthis is a practicalscenariosincein mary applicationschangesarrive in their time order
Furthermorein our view, the numberof erroneouguplesin a datawarehousés muchsmallerthan
the correctonesand,if neededary correctionscanbe kept separately Moreover, few errorsare
usuallynotimportantwhenconsideringaggregatevaluesover a large numberof tuples. Assuming
the transaction-timenodel hasa major influenceon the index usedto supportaggrgatequeries.

Sinceupdatesrrive in order theindex doesnot have to orderthem.

2.2.4 Partially PersistentB-trees

A datastructureis calledpersistent if anupdatecreatesa new versionof thedatastruc-
turewhile the previousversionis still retainedandcanbe accessedf theold versionis discarded,
the structureis calledephemeral. Partial persistencampliesthatupdatesareappliedonly atthe
latestversionof the datastructure creatinga linear versionorder Clearly partial persistencdits

nicelywith thenotionof transaction-timeyersionnumbersanbereplacedy theorderedsequence
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of timeinstants.As we will shav, theMVSBT is a SB-treemadepatrtially persistentOur approach
hasbeeninfluencedby the MVBT [BGO+96] which is a structurethat makes a B+-tree partially

persistent.

Conceptuallythe MVBT is agraphthatmaintaingheevolution of a B+-treeovertime. It
hasmary roots,eachresponsibldor accessinghe B+-treeasit wasduringa specifictime interval.
The MVBT partitionsthe key-time spaceinto rectanglesvhereeachrectangleis associatedvith
exactly onedatapage. A tuple’s recordis storedin all the datapageswhosekey-time rectangle
containsthetuple’s key andintersectdts interval. The pagerectanglesarecreatedrecursiely. As
recordsareinsertedinto a certainpageof a MVBT, this pagemay overflow. Then,the pages alive
recordsare copiedto anotherpage. The kind of copying is basedon the numberof alive records
in the overflowed page. A time split simply copiesall alive recordsinto a nev page. If mary
alive recordsexist, thetime split is followed by a key split thatdistributestheminto two new pages

accordingo the medianof their key attribute.

Datarecordsareinsertedin the MVBT in increasingime order An importantfeatureof
the MVBT is thatit guaranteea minimumkey densityfor every page.In particular for ary time
t in the pages rectanglethe pagecontainsat leastd recordsthatarealive att, whered is linearto
the pagecapacity If afteradeletion thekey densityof the pagedropsbelown thethresholdd (weak
underflow, the alive recordsin the pageanda sibling pageare copiedinto a new page. To avoid
frequentmege/splits,the numberof recordsin a nev pagemustbe betweena lower boundanda

higherbound(strong conditior).
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The MVBT optimally solves(in linear spacehe range-snapshatuery: “find all tuples
with keysin ranger thatwerealive attime¢”. If thequeryanswerhassizes, theMVBT findsthis

answetin O([log, n + s/b]) 1/Os.

2.3 Problem Reduction

key key key
+V -V +V
k ——— k — k —
tl t2 time t1 t2 time t1 t2 time
(a)insertion:LKST (b) deletion:LKST (c) deletion:LKLT

Figure 2.1: Transforming the insertion and (logical) deletion operations.

SinceAVG = SUM/ COUNT, we focuson SUM andCOUNT. Below we reducean RTA

queryfor SUM(COUNT)to two sub-queries.

Definition 1 Givena temposl relationT', key k andtimet, a less-lgy, single-time(LKST)query
findstheaggregatevalueof all tuplesfromT whosekeysare lessthank andwhosentervalscontain

t.

Definition 2 Givenatempoal relationT, key k andtimet, aless-lky, less-timgLKLT) queryfinds
the aggregate value of all tuplesfromT" whosekeys are lessthan £ and whoseendtimesare less

thanor equalto ¢.

Intuitively, atuplewith end < t hasbeenalive strictly beforetime¢.
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Theorem1 Solvingthe RTA queryfor SUM and COUNT s reducedo solvingthe LKSTandthe

LKLT queries.

Proof: We useSUM in the proof sincethe samediscussiorholdsfor COUNT. Let the query
rectanglebe[ky, ko) X [t1,12). Letts = to — 1 andletr = [kq, k2). If we only considertupleswith
keysin r, the SUM of thevaluesof tupleswhoseintenalsintersec{t, t3] is equalto thethe SUM
of thevaluesof thosetuplesalive att; plusthatof thosetuplesalive strictly beforets minusthatof

thosetuplesalive strictly beforet;. This canbe describedy thefollowing equation:
SUM(r,[t1,t3]) = SUM(r,t3) + SUM(r,end < t3)
— SUM(r,end < ty)

We now considerall thetuplesalive atts. SUM (r,t3) canbe computedasthe SUM of thevalues
of the tupleswhosekeys arelessthank, minusthe SUM of the tuplesof the recordswhosekeys

arelessthank;. Or,

SUM(T’, t3) = SUM(key < kg,t3) - SUM(key < kl,t3)

LKST (ks t3) — LKST (k1 t3)

Similarly, we have:

SUM(r,end <t3) = LKLT(ks,t3) — LKLT (ki,t3)
SUM(r,end <t,) = LKLT(ks,t1)— LKLT (ky,t1)
Hence we get:
RT A([k1,k2),[t1,t3]) = LKST(ks,t3)+ LKLT (ks,ts3)
+ LKLT(ki,t:1) — LKST (k1,t3)
— LKLT(ky,t3) — LKLT (ko, t1) (2.1)
ThusaRTA queryis reducedo two LKST queriesandfour LKL T queries. [ |
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In orderto supportthe RTA querieswe will presentanaccessnethodthatcombinegwo
index structuresoneindex supportinghe LKST queriesandtheothersupportinghe LKL T queries.
Accordingto equation2.1 above, an RTA aggregationqueryis transformedo six point queriesfor
the LKST andLKLT indices. It remainsto shav how insertingand updatinga temporaltuple is
representethy eachof the LKST andLKLT indices. Insertinga new tuple affectsonly the LKST
index. In particular to inserta tuplewith key & andvaluewv attime ¢;, the LKST index shouldadd
v to all thepointsin [k + 1, mazkey) X [t1, maztime) (figure 2.1a). We denotesuchan operation
in the LKST index asaninsertionof (k + 1,%1) : v. Logically deletingatuple affectsbothindices.
To logically deletethe above tuple at alatertime ¢, the LKST index shouldsubtractvaluev from,
or equialently addvalue —v to, all the pointsin [k + 1, mazkey) X [t2, maztime) (figure2.1b).
This is denotedasaninsertionof (k + 1,¢2) : —v. This logical deletionis alsotransformednto
aninsertionin the LKLT index: addvaluew to all the pointsin therectanglelk + 1, mazkey) X

[t2, maztime) (figure2.1c),whichis denotedas(k + 1,t2) : v.

Henceboththe LKST andLKLT indicescanbeimplementedy the samestructure.This
structureshouldsupport: (1) Efficient insertionoperationsof the form: “givenkey k, time ¢ and
value v, add v to the valuesassociatedvith all the pointsin the rectangle[k, maxkey) X [t,
maxtime)”; (2) Efficient point queriesasin: “givenkey k andtime ¢, find the value associated

with this pointin the key-time space”.

Now we focuson designingsucha structure. First, let's assumehe time dimensionis
fixedto sometime instantt andfocuson the key dimension.The structureshouldlogically storea
valueat every key in thekey space.Thisis expensve, sincetherearemary keys. If adjacenkeys

storethe samevalue,the keys canbe combinedinto a key range. Sowhatreally shouldbe stored
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is a setof non-intersectindey rangeswhoseunion s the key spacewherea valueis associated
with eachrange.Now, theinsertionoperatiomeeddo updateall the storedrangeghatintersectk,
mazkey). Obviously, thesmallerk is, themorerangeseedto be updated.Our goalis to have an
structurewhoseinsertiontime is independento wherek is. This scenarioremindsof the SB-tree
which supportsefficientinsertionsof atime intenal independentlyo whereandhow long thetime
intenal is. So, by usingan SB-treefor the key dimension the requiremenbf efficient insertionis
satisfied. Therequiremenbf efficient point queryis alsosatisfied sincethe SB-treeis efficientin

finding the valueassociateavith ary givenpoint.

Sofarwe have foundthe solutionfor afixedtime instant.To find a solutionfor thewhole
time space a naturalextensionis to make an SB-treepartially persistent.Logically, the partially-
persistentSB-tree(also called Multiversion SB-tree)is equivalentto a seriesof SB-trees,one at
eachtime instant. An insertionoperationand a point query involving time ¢ are directedto the
SB-treecorrespondingdo t. Physically of course,it is too expensve to storea separatéSB-tree
at every time instant. The featuresfrom the MVBT can be appliedto reducethe space. While
logically equialentto a setof B+-trees,oneat eachtime instant,the MVBT nicely embedghe set
of B+-treesin suchaway thatthe overall spacds linear[BGO+96]. Hencea MultiversionSB-tree

satisfiegherequirementsve hadsetfor the structuredesign.

2.4 The Multi version SB-tree

The MVSBT is a new index that supportsefficiently the insertionoperation:“givenkey
k, timet andvaluewv, addv to thevaluesassociateavith all thepointsin therectangldk, mazkey)

X [t, maxtime)”; andthepointquery:“givenkey k andtime ¢, find the valueassociatedvith it".

16



2.4.1 Basicldea

The MVSBT is a directedagyclic graphof disk-residenthodesthat resultsfrom incre-
mentalinsertionsto aninitially emptySB-tree.It hasa numberof SB-treeroot nodesthatpartition
thetime spacdn suchaway thateachSB-treeroot standsfor a disjointtime interval andthe union
of theseintenvals caversthewholetime space A pointqueryfor a certaintime instantt is directed
to the root nodewhosetime intenal containst. Referencego the root nodesare maintainedn a

structurecalledroot* which canbeimplementedhsa B+-tree.

Therearetwo typesof pagesn aMVSBT: theindex pagesandtheleaf pages all having
the samesize. An index pagecontainsrouterspointing to child pageswhile a leaf pagedoesnot.
For simplicity, we assumehatbothaleaf pageandanindex pagehave the samemaximuncapacity
of brecords A leafrecod (onestoredin aleaf page)hastheform (range, interval, value) where
range, interval givesarectanglen the key-time spaceandvalue is anaggrgatevaluewhichis
associatedvith every point in the rectangle. An index recod (one storedin anindex page)has
theform (range, interval, value, child). Comparedvith aleafrecord,it hasarouterpointingto
somechild page.Eachpagep alsohasarectanglewherep.range is the unionof therangeof all
therecordsin the pageandp.interwval is thetime intenal betweernthetime the pageis createdand
thetime the pageis copied. A pageis saidto bealive if it hasnot beencopiedyet. The following

propertyshavs therelationshipsamongtherecordsin apage:

Property 1 All therecodsin aMVSBTpage havenon-intesectingrectanglesvhoseunionis equal

to this page’s rectangle
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Sincewe assumehatinsertionscomein non-decreasintime order aninsertiononly goes
into analive pageandit only affectsthe alive recordsin the page.Consideranalive pagep andall
thealive recordsin p. Dueto propertyl, the key rangesof theserecordsdo not intersectandtheir
unionis equalto p.range. For easeof discussionye definesometermsregardingthealive records
in p. Givenakey k € p.range, a partly-corered recod is onewhosekey rangeintersectswith,
but is notcontainedn, [k, mazkey); afully-covered recod is onewhosekey rangeis containedn
[k, mazkey); afirstfully-covered recod is a fully-coveredrecordwhosekey rangeis lower than
that of ary otherfully-coveredrecord. Obviously, for ary key k € p.range, therecanbe at most
onepartly-coreredrecordandat mostonefirst fully-coveredrecord.If p is anindex page we also

call thechild pagewhichis pointedto by the partly-coreredrecordasthe partly-covered child page.

Sincearecordin the MVSBT hasarectanglgandnotjustakey rangeasit wouldbeif we
hadkeptanSB-treefor eachtime instant) theinsertionalgorithmneedgo be modifiedaccordingly
Assumetheinsertionof key k, time ¢ andvaluev (representeds(k, t) : v) goesinto pagep. All
the fully-coveredrecordsin p shouldbe split vertically at ¢ (and by addingwv to the value of the
newly copiedrecord).If thereis a partly-coveredrecord theinsertionalgorithmshouldrecursvely
insertinto the partly-coveredchild page;attheleaflevel, thepartly-coreredrecordis splitinto three

(vertically at¢t andthenhorizontallyat k£, addingwv to thetop-rightcopy).

If aninsertioncausesa pageto have morethanb records,an over flow occurs. All the
alive recordsin the pageis copiedto a new page,andthe start timesof all the copiedrecordsare
changedo the currentinsertiontime. We call suchan copy operationa time split. After atime
split, the newly generategpagemay be almostfull. In sucha case,afew subsequennsertionsin

the pagetriggeratime split again,resultinga spacecostof ©(1) block perinsertion.To avoid this
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phenomenonye requirethat after a time split, the new block shouldhave at most f - b records,
whereconstantf € (0,1) is calledthe strongfactor. We call this requirementhe strong condition
If anewly generategpagedueto atime split strong overflows(having morethan f - b records),it
is key split, thatis, it is split into two (or more,if f is small) by key andthe recordsaredistributed

evenly amongthesepages.

2.4.2 Optimizations

In this sectionwe discusghreeoptimizationtechniquesvhich applyto the MVSBT.

Aggregationin a Page

It is expensve to split all the fully-coveredrecordsin a page(eachinsertionintroduces
©(b) records).We proposean optimizationtechniquewhich ensureghatif thereis no overflow, at
mostone (“representatie”) recordis split in a page.Theideais thatwe only split the recordwith
thesmalleskey range(thepartly-coveredrecordfor adatapage or thefirst fully-coveredrecordfor
anindex page). This split physicallyaddsa valuewv to only onerecord. We referto this operation
aslogical splitting In orderto deliver the correctresponseo a query we have to modify the point
queryalgorithmin thefollowing way. A point queryof (k, t) still aggrgatesthe valuesof all the
recordscontainingthe point alonga pathfrom root to leaf; but the valuefor eachsuchrecordrec
in pagep is computedasthe sumof all therecordsn p whoseintenvals containt andwhoseranges

containk or arelower thank.

This optimizationalsoaffectsthe key-split procedure Beforethe key split of pagep, the

actualvalueof analive recordis computedasthe sumof the valuesof all the alive recordsbelow’
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it (i.e., recordshaving a smallerkey range).If we key-split p into two pagesthe sumof valuesof
all the recordsin the pagewith the lower rangeshouldbe addedto the lowestrecordin the page

with the higherrange.

Record Merging

Recordmeming, if applicableallows to compactmorerecordsin a pageandthusleads
to lessoverall space. Two leaf recordsirecy, lreco in the samepagecan be meiged either hori-
zontally (time meige) or vertically (key meige). A time meige cantake placeif (a) lrec;.range =
lreca.range; (D) Irecy.end = lrecy.start; and(c) lreci.value = lrecs.value (figure 2.2a). A key
meige cantake placeif (a) Irec;.interval = lrecs.interval; (D) lreci.high = lrecs.low; and(c)

Irecy. value= 0 (figure2.2b).

Ir?cl Ir(‘ec2 Ir(‘ec Irec2—= o

Y Y ¥ Irec—=1 v
J—

Y \Y v Irec1—

(a) time merge (b) key merge

Figure 2.2: Time merge and key merge of two records.

Theindex recordscanbe megedsimilarly. Thedifferenceof memging index recordsrom

meiging leaf recordsis thattwo index recordscanbe mergedonly if they point to the samechild

page.

PageDisposal

Sincewe allow mary insertionsatthe sametime instantwe shouldupdatetheindex about

the“net” effect of theseinsertions.However, our algorithmsprocessoneupdateat atime. Hence
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R1

R1 R1
maxkeyl| maxkeyl| maxkeyl|
1 1
0
20| 0 20| 0
0 10 0
1 1 1
1 maxtime 1 2 maxtime 1 2 3 maxtime

(a) the initial MVSBT  (b) after inserting <20, 2>:1c) after inserting <10, 3>:1

maxkey| 1 20 maxkey
80 1 1 1
O l
20 10 80
10| |q 2 0 141=2
1 0 1 20
maxtime 4 maxtime

1 2 3 4 maxtime 4
(d) inserting <80, 4>:1 (e) strong overflow leads to a key split
leads to an overflow

R2
maxke
0,B
20
1 0,A
4 maxtime
R1 A B
maxkey| 20 maxkey
1 1 1
20| 0 10 80
10| |t 0 2
1 0 1 20
1 2 3 4 4 maxtime 4 maxtime

(f) after inserting <80, 4>:1, there are two roots

R2
maxke
0,B| -1,B
20
1 0,A
4 5 maxtime
R1 A B
maxkey| 20 maxkey
1 1 0 1
20| 0 10 80
10| |t 0 2
1 0 1 20
1 2 3 4 4 5 maxtime 4 maxtime

(g) after inserting <10, 5>:-1

Figure 2.3: An example of insertions in an MVSBT.
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we introducethe page-disposabptimization,which spareghe index from “intermediate”results.
If apagewhichis createdattime ¢ takessomesubsequeninsertionsalsoat t andoverflows, after
the pageis time split andkey split, the pageitself aswell astheindex recordpointingto it canbe

physicallyremovedfrom theindex. This optimizationsavesspacetoo.

2.4.3 An Example

In this section,we assumé = 6 andf = 0.5. Initially, the MVSBT hasoneroot page,
R, whichis alsoaleaf. Thereis onerecordin it having value = 0 (figure 2.3a). After we insert
(20,2) : 1, therecordis split (figure 2.3b). To insert(10, ) : 1, only the partly-coseredrecordis

split (figure 2.3c).

Theinsertionof ( 0, ) : 1 causesanoverflow (figure 2.3d). A time split copiesall the
alive recordsinto anew page.If the new pagesatisfiedthe strongcondition,it would be registered
asthe new root andthe insertionwould be complete.However, it strongoverflovs. Soa key split
takes placewhich distributesthe recordsevenly into two pagegfigure 2.3e). Note how the value
of thefirst recordin the pagewith higherrangeis modified. The treeafterthe insertionis shavn
in figure 2.3f. We now considerthe insertionof (10, 5) : —1. In the alive root R,, thefirst fully-
coveredrecordis split, andthe insertionrecursvely goesto the partly-coreredchild page . Since
thereis no partly-covreredrecordin , thefirst fully-coveredrecordis split. Theresultis shavn in
figure 2.3g. Yet anotherinsertionof (5,5) : 1 would leadto atime melgein R, andatime meige

in
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2.4.4 Detailed Algorithms

This chapterformally describesheinsertionandpoint queryalgorithmsfor the MVSBT.

To beclear in theinsertionalgorithmwe omit the detailsof the optimizationggivenin section2.4.2.

Algorithm PointQuenyKey &, Timet)

1. Findtherootpage whichis aliveatt;
2. ReturnPagePointQuery(, k,t ).

Algorithm PagePRointQueryPage , Key k, Timet)

1. =0;

2. for everyrecordre in do

3. if re isaliveatt andre < kthen

4, = +re €,

5. endif

6. endfor

7. if isaleafpagethen

8. return ;

9. else

10. Findtherecordre whoserectanglecontains &,t¢ ;
11. return + PagePointQueryfe d, k,t);
12. endif

Algorithm Inser{ Key k, Timet, Value )

1. // Find the pathof nodescontainingpartly covered

/l records
2. ee =0;
3. et e=ReadRge(thdatestroot);
4. while et eisanindexpageand et e containsapartly-coseredrecord re , do
5. tleel= et e
6. e e + +,
7. et e=ReadRge(re d);
8. endwhile
9. // Handlelowestpage
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10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.

24,

25.
26.
27.
28.
29.

30.
31.
32.
33.
34.
35.
36.
37.

38.

39.

40.

41.
42,

if e t eisaleafpagethen
if e t ehasenoughspacehen
if thereis apartly-coveredrecordthen
Splititin =~ et e
else
Splitin e t ethefirstfully-coveredrecord;
endif
else
Copy aliveleafrecordsfrom e t e to buffer;
if thereis apartly-coveredrecordthen
Splitit in buffer;
else
Add tothefirst fully-coveredrecordin buffer;

endif
Createnaw leaf pagegfrom recordsin buffer) and
storetheirreferences toparent;
endif

else// et eisanindex page
I/ similarto the leaf pagecaseomit.
endif

// Handlethe pageswhich containpartly-covered
Il recordsbottom-up

for = e e — downtoOdo

if ¢t [ ]hasenoughspacehen

if t rentis notemptythen

Insertrecordsfromt  rentto ¢ [ |;

endif

Split thefirst fully-coveredrecordin ¢ [ ], if ary;
else

Coyy aliverecordsfrom ¢ [ ] to buffer;
Add v to thefirst fully-coveredrecordin buffer, if
ary;

Copyt  rentto bufferif it is notempty;

Createnaw index pagedqfrom recordsin buffer) and
storetheirreferences toparent;
endif

endfor
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43. |/ Decidewhetherto createa new root page

44.if t  rent is notemptythen

45, Createanew rootpagefromrecordsint  rent;
46. endif

2.4.5 Complexity Analysis

For easeof discussionywe assuméherecordmeging andthe pagedisposabptimizations
arenot applied. Thoughthesetechniquesmprove performancethe worst-caseboundspresented
in thefollowing alsohold without applyingthe techniquesLet us discusgheimpactof the strong
factor f. Dueto the strongcondition,thereareat most f - b alive recordsin a pagethat hasbeen

createdln orderto guarantea fan-outof atleast2, f hasto begreaterthan%.

If apageoverflows,themaxnumberof new pagedo begenerateds givenin lemmal.

Lemma 1 If a page overflows thetime split and possiblekey split will geneate at most[1— + %1

new pages.

Proof: If aleaf pageoverflons,themaxnumberof alive recordsto be copiedis b + 1. Sothe

1.

Supposehelemmais truefor all thechild pagesf anindex pagep. If p overflows, themaxnumber

maxnumberof nevly generategpagess [2-}]. Sincef -b»  ,[24] <[+ 3] <[+

b

Wi
Wi

1

of alive recordsto be copiedis b + [1- + 1] — 1. Sothemaxnumberof newly generateghagess

w|

-1

givenby [ < [L+ 1. (- + ] <[ +1]. _

W=
Wl
wl—=

After apagep is createdandbeforeit is copied,the effect of aninsertionin p maybethe
additionof somenew recordsandthelogical deletionof someothers.Theamountof additionsand

logical deletionsareboundedasshawn in lemmaz2.
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Lemma 2 Aninsertionin an alive page p which doesnot overflowintroducesat most[i— + =]

additionsandat most2 logical deletions.

Proof. Thereasorwhy thereareatmost2 logical deletionds straightforvard: For aleafpage,
thereis only onerecordto belogically deleted.This s the partly-coreredrecord(if thereis one)or
thefirst fully-coveredrecord(otherwise) For anindex page therecanbe0, 1 or 2 logical deletions:
If the partly-coveredchild pageis time split, the partly-coveredrecordis logically deleted;f there

is ary fully-coveredrecord thefirst fully-coveredoneis alsologically deleted.

We now focuson additions. For aleaf page,therecanbe 1 or 2 additions(1 for a fully-
coveredrecordand? for apartly-coveredone). Since2 < [1- + 3 |, thelemmais correctfor aleaf
page.For anindex pagethe possibleadditionsarefrom splitting thefirst fully-coveredrecordand
from thetime split (andthenkey split) of the partly-caveredchild page. The maximumnumberof
additionsfrom splitting thefirst fully-coveredrecordis 1. The maximumnumberof additionsfrom
splitting the partly-coveredchild pageis [+ + 1] (lemmal). Thetotal additionsis thusat most
[+ 3. n

Forary timet duringthelifespanof apagep, it is guaranteethatthereis atleasta certain

numberof recordsin p which arealive att, asshavn in lemma3.

Lemma 3 Giventimet, any page p which is alive at t (exceptthe root) containsat least [T”W

recodsaliveatt.

Proof: Letpi,po,---,p bethelongestsuccessopathtop,i.e. i € [1,z —1,p; 1isa

successoof p; andp = p. Sincep is notaroot page,somavherein the paththeremustbe a key
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split. Let p; betheresultof thelastkey split which occurin the path. Supposaevhenp; wasabout

to begeneratedtherewerez - f - b — y recordswherex 2 and0 < y < f - b. Rightafterp; was

generatedthenumberof recordsin it isatleast —— = f-b—-  f-b— 51 ="
Sincein a page thenumberof additionsis no smallerthanthe numberof deletionsfor ary time ¢1
beforep;.end, thereareatleast[%’} recordsaliveattl. Forall € [i+ 1,z , whenp; is createdit
hasat Ieast[%’} recordsalive at¢1 sincetherewereat leastthis mary to be copiedfrom p; ; and
thereis no strongoverflow. For ary latertime beforep;.end, the numberof alive recordsdoesnot

decrease. [ |

Suppose& is thenumberof differentkeys everinsertednto theMVSBT. Lemma4 gives

theupperboundof the heightof aMVSBT in regardsto K.

Lemma4 Theupperboundof theheightof anysub-teein aMVSBTis [log (K +1)].

Proof. Givenatreein anMVSBT. Considerachtimeinstantt € thelifespanof thetreeroot.
Sincethereareatmost K differentkeys ever insertedin thetree,thereareatmost K + 1 different
leafrecordswhich arealive at¢. Sinceeachleaf pagealive att containsat Ieast[%’} recordsalive
att, thereareat mostj1 leaf pagesalive at t. This alsomeanghatthereareat mostthis mary

index recordswhich arealive att andwhich point to thesepages.So at onelevel up, thereareat

most—L index pagesalive att. This agumentis truefor all levels until the root, wherethereis

only onepagealive att. Sothereareatmost[log (K +1)] + 1 levels. [ |

Supposdherearen insertionsin a MVSBT. Theorem<2 statesthe worst-casdnsertion

cost,point querycostandthe spacecompleity, respectiely.
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Theorem2 For a MVSBT the numberof disk page accessess O(log, K) for an insertion and

O(logy, n) for a pointquery Thespacecompleity is O(7 - log;, K).

Proof. First, we examinethe worst caseinsertioncost. An insertionoperationfirst traverses
thetreefrom the latestroot pageto a leaf page thentraversesback, requiringconstantnumberof
I/Os pernodealongthe path. Sincethetreeheightis [log (K +1)] = (log, K), aninsertion

need(log, K) I/Os.

Secondwe examinethe costof a pointquery If theroot pagewhich s alive atthequery
time instantis found, it takesO(log;, K) I/Osto answera pointqueryin theworstcase.If theroot
is keptasa B+-tree,extral/Os areneededo locatetheroot. Sinceafteraroot pageis generatedit
takesat leastO(b) insertionsfor it to overflov (lemma2), thereareO(n/b) root pages.Soit takes
O(log, n) to locatetherootin theworstcase.To sumup, a pointqueryneedsO(log, n) I/Osin the

worstcase.

Last, we examinethe worst casespacecompleity. We considerthe total numberof
occupiedslotsin all the SB-treesembeddedn the MVSBT (if arecordis copied,the two copies
areconsideredo occupy differentslots). We will shav thateachinsertioncreatesO(log, K) new
occupiedslots. We partitionthe occupiedslotsinto two sets:in thefirst set,the occupiedslotsare
createdrom copying existing occupiedslots;therestarein the secondset. Eachinsertioncreates

O(log, K) slotsin thesecondset(lemmaz2).

For thefirst set: We know thataftera pageis createdjt takesatleastO(b) insertionsfor
it to overflow (lemmaZ2). Sowhena pageoverflons, therewereat leastO(b) insertionsthatwent

throughthis pageafter it was created. On the otherhand, the overflow introducesat most O(b)
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occupiedslotsin thefirst set. Sowe canamortizethe O(b) occupiedslotsto the O(b) insertions.
Thus eachinsertioncreatesO(1) amortizedcopiedslot for eachpageit goesthrough. Sincean
insertiongoesthroughat mostO(log, K) pagesaninsertioncreateO(log, K) slotsin thefirst set

aswell.

To sumup, eachinsertioncreate€(log, K) occupiedslots. Sofor n insertionsthe total
numberof occupiedslotsis O(n - log, K). Now we considerthe minimum occupang of a page.
Eachnon-rootpagehasat Ieast[T”l = (b) occupiedslots (lemma3). Clearly exceptfor the
lastroot, all theroot nodeshave a minimumoccupang of  (b), too. Sothetotal numberof pages

occupiedoy the SB-treesn anMVSBT is O(} - log, K).

Now we considerthe spaceoccupiedby theroot , if it is keptin a B+-tree. Sincethere
canbe atmostO(n /b) roots,the spaceoccupiedby the B+-treeis O(n/b%). To addup, the overall

spaceof the MVSBT is O( - log, K). |

A corollaryof theoremdl and2 summarizeshe performancef maintainingandcomput-

ing therange-temporahggregatesasfollows.

Corollary 1 Usingtwo MVSBTsa SUM,AVG, COUNTRTA queryis answeedin O(log, n) 1/Os.

Theupdatecostis O(log, K) while the spacecompleity is O(3 - logy, K).

TheO(log, n) in the RTA querytime is dueto thetime neededdentifying theroot of the
appropriateéSB-treein the MVSBT graph.In practice this searchcanbe evenfasterif all different
SB-treeroots createdin the evolution arekeptin a main-memoryarray in which casethe query

timeis reducedo traversingthe appropriateéSB-tree,.e., O(log, K).
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2.5 PerformanceResults

We presentresultscomparingthe performanceof our approachwith a naive approach

wherethetemporalrecordsarekeptin atraditionaltemporalindex, theMVBT [BGO+96].

The algorithmsareimplementedn C++ usingGNU compilers. The programsrun on a
SunEnterprise250 Sener machinewith two 300MHzUItraSFARC-I11 processorsisingSolaris2.8.
The mainmemorysizeis 512 MB. To comparethe performanceof the variousalgorithmswe use
theestimatedunningtime. This estimatds commonlyobtainedoy multiplying thenumberof I/O’s
by the averagedisk pagereadaccesdime, andthenaddingthe measured€CPUtime. Following the
practicein [APR+00], we measurehe CPU costby addingthe amountsof time spentin user and
system modeasreturnedby the getrusage systemcall. We assumeall disk I/0s arerandom. A
randomdisk accessakes10mson average We usea 4KB pagesize.For bothMVSBT andMVBT
we usedLRU buffering andthe default buffer sizeis 64 pages.The MVSBT usesa strongfactor
f=0..

All thedatasetsve usewereinitially createdusingthe Time-IT software[KS98] andthen
transformedo addrecordkeys. We studiedthe effect of both uniformly distributed andnormally
distributedkeys. Eachdatasehasl million records.Thekey, start, end, value attributesof each
recordareall 4 byteslong. The key spaceis [1, 10 ) andthe time spaceis [1, 10 ). A dataset
contains10,000uniquekeys whereon averagethereare 100 differentrecordswith the samekey.

We testeddatasetsvith mainly long-livedintervals andwith mainly short-lvedintenals.

Figure 2.4 shavs the spacerequirementgor the MVBT andthetwo-MVSBT approach,

for adatasetvith uniformly distributedkeys andwith mainlylong-livedintenals. Thetwo-MVSBT
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approachusedabout2.5timesmorespacehanthe singleMVBT. This is to be expected sincethe
worst casespaceof eachMVSBT hasa O(log, K) overhead.We obsered a similar behaior for

theupdatetime perinsertion/deletioraswell.

763

200

151
150

100

# times faster

50
19

3
) _
0.1% 1% 10% 50%
Varying QRS; R/l ratio = 1

Figure 2.5: Query performance varying QRS.

For the query performancenve measuredhe executiontime of 100 randomlygenerated

qgueryrectangleswith fixed rectangleshapeandsize. The shapeof a queryrectangleis described
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by theR/I ratio, where is thelengthof the querykey rangedivided by thelengthof thekey space
and is thelengthof the querytime intenal divided by the length of the time space.The query
rectanglesize(QRS)is describedyy the percentag®ef the areaof the queryrectanglen thewhole

key-time space.
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Figure 2.6: Query performance varying buffer size.

Figure 2.5 shavs how muchfasterthe two-MVSBT approactis overthe MVBT for the
RTA query Clearly the larger the QRSis, the more advantageoushe two-MVSBT approachs
overthe MVBT. Whenthe queryrectanglds 50% of thewholekey-time spacethetwo-MVSBT is
over 700timesfasterthanthe naive approach!This is to be expected sincethe queryperformance
of thetwo-MVSBT is independento the QRS,while the nave approachn theworstcasescanghe
wholedatasetFigure2.6 compareshe queryperformancef QRS=1%0of the key-time spaceover

varioushuffer sizes.Again, thetwo-MVSBT approachs clearly superior
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2.6 Conclusions

Temporalaggrgateshave becomepredominantoperatorsin analyzinghistorical data.
This chapterexaminedtemporalaggrgationqueriesin the presencef key-rangepredicategRTA
gueries).Suchqueriesallow thewarehousenanageto focusontuplesgroupedby somekey range
overagiventimeintenal. We proposednew index structurethe MultiversionSB-Tree(MVSBT),
for incrementallymaintainingandefficiently computingRTAs. The aggr@ateswe consideredare
SUM, COUNT and AVG. The MVSBT hasvery fast (logarithmic) query time and updatetime,
at the expenseof a small spaceoverhead. Initial performanceaesultsshaved the benefitsof our

solution.
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Chapter 3

Point Aggregation

3.1 Problem Definition

Thetemporalaggrgationproblemwe addresseth section2 dealswith temporalintenal
records.In this chapter we discussthe aggreation over a setof multi-dimensionalpoint objects.
We areinterestedn efficiently computingthe total value or the numberof pointswhich fall into a
givenregion. In particular we focuson rectangulaiqueryregionswhile we point out thata more
compl« region canbe decomposegpossiblywith someapproximationjnto somesmallerrectan-
gularregions. As an example,considera databasef house/apartmentEachhouseor apartment
canbe representedby a spatialpoint representingts location. It alsohasa value asthe number

of residentdiving in it. Givenanarbitraryregion, the aggregationquerycomputeghe numberof

peopleliving in thatarea.

More formally, the pointaggreationproblemwe focusonis definedasfollows:
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range-sum: givena collection of point objectsanda queryrectangle , computeSUM

and is containedn

A rectangles alsocalleda box In the following of the thesis,we usethesetwo terms

interchangeably

Figure 3.1: Range-sum and its reduction to dominance-sum.

An illustration of range-sungueryis shavn in figure 3.1a,wherethe queryresultis the
total value of the two point objectsenclosedn the querybox. Similarly, we candefinetherange-
count,range-geragefange-maxtange-miraggreationsfor straightforvardmeaningsNoticethat

therange-counproblemis a specialcaseof range-sumwhenthevalueof every objectis 1.

In the previous house/apartmer@xample,eachobjectcorrespondso a two-dimensional
pointasthelocationof it. In generaltherange-sunproblemcanaddres$igherdimensionakases
aswell. E.g. athree-dimensiongboint objectcanbe a starin sky, or a two-dimensionabbject

which wasrecordedat sometime instant,wherethetime dimensionis consideredasan additional

dimension.
Giventwo -dimensionalpoints and , we saythat
dominates if for every , . Intuitively, dominates if is locatedto the

upperright of . We herebydefineanothempoint-aggrgationproblem:
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dominance-sum:givenacollection of point objectsanda querypoint , computeSUM

and is dominatedoy

Thedominance-suns aspeciakaseof range-sumAs shavn in figure3.1b,thedominance-
sumcomputeghetotal valueof point objectslocatedto thelower-left of aquerypoint. It is equiva-
lentto arange-sumwherethequerybox’s lower-left andupperright cornersaretheorigin of space

andthedominance-sumuerypoint, respectiely.

As illustratedin figure 3.1, a range-sunquery can be reducedto four dominance-sum
gueriesin the two-dimensionakpace.In moredetail, to computethe total value of pointsinside
querybox (figure 3.1a),we computethe dominance-sunnegardingthe upperright cornerof
(figure 3.1b), subtractthe total valuesof thosepointsto the left of (figure 3.1c) and below
(figure 3.1d), and finally addsthe total value of points dominatedby the lower-left cornerof
(figure 3.1e)sincethesepointsaresubtractedwice. In the restof this chapter we focuson index

structureswhich facilitatethe computatiorof dominance-sums.

3.2 Disk-BasedExtensionsto the ECDF-tree

The ECDF-tree which wasproposeddy [Ben8(, is ainternal-memorystaticdatastruc-
turewhich canbeusedto computedominance-sumsaie first review thestructure. Thenwe propose
two extensiondo it to thedisk-basedrvironmentwhich canhandledynamicupdates The motiva-
tion for the extensionis thatin databasesye handlemillions or billions of datarecordswherewe

simply cannotassumehe datafits in memory
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3.2.1 Review of The ECDF-tree

ECDF is a statisticalconceptstandingfor empirical cumulativedistribution function In
statisticsthis functionregardingaset of pointobjectsis evaluatedatary givenpoint asthe
numberof objectsin  dominatecby dividedby . [Ben8( proposechdatastructurecalledthe
ECDF-treewhich canbe usedto answerthe dominance-counquery With slight modification,it
canbe usedto solve the dominance-sungueryaswell. The 1-dimensionaECDF-treeis simply
a sortedarray To find out how mary pointsare dominatedby a given point, a binary searchon
this arrayis performed. To answerthe dominance-sunguery a binary tree shouldbe maintained
instead.The leaf nodescorrespondo the 1-dimensionapoints. Along with eachinternalnode,the

sumof all pointsin theleft sub-treds stored.

Y

Figure 3.2: The ECDF-tree partitions the points into two groups.

For the 2-dimensionakase,the ideaof the ECDF-treeis shavn in figure 3.2. All the
pointsaresortedanddividedevenly into two groups basednthe -dimension.Foreachgroup,an
ECDF-treeis built recursvely. The pointersto the two sub-treesare storedat the root node. Also,
theroot nodemaintainsa 1-dimensionaECDF-treefor the -valuesof all pointsin theleft group.
In orderto answera dominance-sungqueryregardingquerypoint (e.g.thelargedotin
figure3.2), is checledagainstthedividing positionfirst. Since fallsin theright group,the

gueryresultis thesumof two parts.Thefirst partis the sumof right-grouppointsthataredominated
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by . It canbe computedby recursvely queryingtheright sub-tree.The secondpartis the sumof
valuesof theleft-grouppointswhose valuesaredominatedby . Thisis computedoy querying
the 1-dimensionaECDF-treestoredattheroot. If hadfalleninto theleft group,arecursve call
to theleft sub-treewould be sufiicient. Generalizatiorio the -dimensionatases straightforvard.
The -dimensionalECDF-treewith pointsoccupies spaceneeds

preprocessintjme andanswersa dominance-sungueryin time.

3.2.2 The One-DimensionalECDF-B-tree

Onemajordifferencebetweera internal-memonydatastructureandan external-memory
index structures thateachnodein anexternal-memorystructurecommonlyhasafixedsize,which
is usuallymuchlargerthanthe nodesizeof aninternal-memondatastructure A classicakexample
is thebinary-searchreeversughe B+-tree.Both structuresnaintaina setof recordssortedby some
searchkey andcanefficiently find a recordgivenakey. In the former case,eachnodein thetree
structurecontainsonerecordandthusthe nodesizeis small. In the latter case howvever, eachnode
hasa muchlargerbut fixedsize(e.g. 16KB), andthuseachnodecanhold morerecords(e.g. 200).
In the disk-basecdenvironment,we carehow mary disk I/Os areused,sinceto a disk accesss over
athousandimesslowver thana memoryaccessWhile for eachdisk accessa block of data(16KB
or so)is read. Thatis why the B+-treesuitsexternal-memoryneedsvhy the binary searchreeis a

internal-memorystructure.

Now wediscussow to extendtheECDF-treeto handledynamicupdatesnddisk storage.
We call the extendedstructurethe ECDF-B-tree For clarity, we presenthe one-dimensionatase

first. In thel-dimensionatase anECDF-B-treds a B+-treewhereeachindex recordis augmented
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with two values(to be explainedlater). As in a B+-tree,therearetwo typesof pages:leaf
andindex pages.All pagesexceptthe root containbetween and records(herewe assume
bothtypesof pageshasa maximumcapacityof records).A leafrecordcorrespondso anobject,
which hasa 1-dimensionapoint anda value. An index recordcontainsarange( ) and
a pointer We augmentan index recordwith two values and . They canbe

implementedn two differentways,eachresultingto a differentECDF-B-tree.

Sincein the 1-dimensionakase,eachborderis a single value and thus needsno extra
I/O to update/querythereis no differencebetweenthe two approachesvith regardsto perfor
mance. Neverthelessye usethe 1-dimensionakaseto illustrate the differencedetweenthe two

approaches.

Thefirstimplementatiorfocuseson optimizing the updatetime andthuswe call the ex-
tendedstructurethe - - . In this approachgivenindex record , thevalue
is the sumof valuesof pointsever insertedin subtee(r) (the sub-treerootedby ), while thevalue

is the sumof valuesof theinsertedpointswith positionequalto

Toinsertapoint with value , we startwith therootpage . If it is anindex page ,we

find therecord whose contains ; wethenadd to andrecursvely insert
into . Toinsert into a leaf page,it is simply recordednto the page.If the
pageoverflows, it is split into two pages.For example,considerfigure 3.3. Assume , the

sequencef pointsto beinsertedis (11, 14, 4, 10, 17, 9, 3, 8) andthe valuefor every pointis 1.
Initially therootpageis empty After thefirst five updatestheroot pageoverflows (figure 3.3a)and

is splitinto two, creatinga new root (figure 3.3b). Notethatthe point (11, 1) doesnot appeain ary
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of the two leaf pages.Thereasonis that 11 is chosenasthe splitting position,andthusthe value
of it is recordedas of thefirst index recordin the new root page.Here( , )
of anindex recordis shavn in therectangleto the upperright of the index record. The next three
updatescausean overflow in the left leaf page(figure 3.3c). The pageis split similarly to figure

3.3bandtheresulttreeis shavn in figure 3.3d.

2,1 2,0 51 2,0 2,1 2.1 2,0
0,11 | 11, max 0,11 |11, max 0,8 |8 11 1%Bmax

4,1 / \ 31 / \
10,1 41
11,1 41 14,1 g 1 14,1 31 9,1 14,1
1 10,1 17,1 o1 17,1 4,1 10,1 17,1
1 10,1 .

(a) After five insertions, (b) The root is split. (c) After three more insertions, (d) The result tree.

the root overflows. the left leaf page overflows. A query at 15 affects all borders before.

Figure 3.3: The update of ECDF-B -tree with insertions (11, 14, 4, 10, 17, 9, 3, 8).

An interestingobserationis thatbetweerthetwo bordervalues(5, 1) of theindex record

whichis split, 5is discardedut 1 is addedo of oneof thenew index records.Thisscenario
shavsthereasorwhy we keep separatérom . If aninsertionpointfallsonaborder
of someindex pageonly of thecorrespondingecordis modifiedandnorecursve insertion

is neededE.qg. if weinsert(11,5) in figure 3.3d,the only changeis thatthe bordersat position11
arechangedrom (2, 1) to (2, 6). Sincewe keepthe aggreationsof the pointsandnot the original
pointsthemseles,deletinga pointin the basetableis treatedasaninsertionwith a negative value.
However, this doesnot necessarilymeanthatthe treekeepsgrowing. As anexample,considerthe
insertionof (4, -1) in figure 3.3d. Theinsertiongoesto the leftmostleaf pageandchanges record
in it from (4, 1) to (4, 0) andthenremovesit. Sincethe pageunderflavs, it is combinedwith a

sibling page.
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Now let's considerhow the dominance-sungueryis processedavith the ECDF-B -tree.
In anindex page,all bordersdominatedby the querypoint contritute to the queryresult,andthe
gueryis recursvely processedh onebranchof the subtrees.In aleaf page to answerthe queryis
trivial. As anexample,we shav how to find the sumof all pointsdominatedby 15 in figure 3.3d.
In theroot, thesumof bordersdominatecby 15is . Inthecorrespondingub-tree,
thereis onepoint (14, 1) dominatedby 15. Sothetotal resultis . Notethatif thequery
pointfalls on someborder the sub-treequerytraversalis not neededE.g. if thequerypointis 11,

thequeryresulté canbe computedsolely by examiningtheborders.

2,1| |50 51| |80 2.1] [s.1 8,0
0,11 | 11, max 0,11 | 11, max 0,8 8,11 1%3max
VAR T\
4, 1 3, 1 / \
10,1 a1
111 4,1 14,1 8' L 14,1 3.1 9 1 14,1
14,1 10,1 1.1 o 1 17,1 4,1 10,1 17,1
17,1 10,1
(a) After five insertions, (b) The root is split. (c) After three more insertions, (d) The result tree.
the root overflows. the left leaf page overflows. A query at 15 affects only one border.

Figure 3.4: The update of ECDF-B -tree with insertions (11, 14, 4, 10, 17, 9, 3, 8).

The secondmplementatiorfocuseson optimizing the querytime; we call this extended
structurehe - - . Inthisstructuregivenindex record in page ,thevalue
hasthe samemeaningasbefore.But thevalue hasa new meaning:it correspondso the
sumof valuesof pointseverinsertedn wherethepointpositionis lessthan . Theinsertion
algorithmis quitesimilarto thatof the ECDF-B -tree.Thedifferenceis thatto insert intoan
index page , all bordersin  whosepositionis after shouldbe updated.Usingthe sameupdate
sequencasin figure 3.3, the evolution of the secondapproachs shawvn in figure 3.4. Note that

whentheroot splitsin figure 3.4b,the bordervaluesfor the secondecordare(5, 0) comparedvith

41



(2,0) in thepreviousexample.Also notehow in figure 3.4c,theinsertionin theleft sub-treeaffects
the bordervaluesof the right index record. To performa queryat 15 in figure 3.4d, besideghe

sub-treecontainingl5, only oneborderis examined.Theresultis , Whichis thesame

S L

(a) update OECDF-B'-tree (b) query ofECDF-B'-tree

asin thefirst approach.

(c) update oECDF—Bq—tree(d) query ofECDF-B'-tree

Figure 3.5: Differences between the two ECDF-B-trees.

Discussion: Thedifferencedetweertheseapproacheareillustratedin figure3.5. In the
ECDF-B -tree,insertinginto anindex pageaffectsonly oneborder(figure 3.5a)besidegshe sub-
tree,but aqueryneedgo examineall borderdo theleft of thequerypoint (figure3.5b).In contrast,
theinsertioninto anindex pageof the ECDF-B -treeaffectsmultiple borders(figure 3.5¢c)while a
gueryexaminesonly oneborder(figure3.5d). For theonedimensionatasethedifferencedbetween
the two approacheslo not affect /O performancesincea borderis a single value. For higher
dimensionshowever, a borderis itself a tree,andthusthe differencesaffect the I/O performance.
Thetradeof betweerthesetwo approachess thatthe first onehasbetterupdatewhile the second

onehasbetterqueryperformance.

3.2.3 The -DimensionalECDF-B-tree

Now we considetthe ECDF-B-treein higherdimensionsFor simplicity we startwith the

2-dimensionatase.Eachpoint contains . As pointsareinserted,we focuson their
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valuesandbuild a tree structuresimilar to the one discussedn the previous section. Eachindex
recordstill maintainstwo borders and . However, eachborderis nota singlevalue
ary more. Rather it pointsto a 1-dimensionaECDF-B-tree,consistingof the  valuesof the
pointsinserted.Again, therearetwo approachespnewith betterupdateandthe otherwith better

gueryperformance.

Consideithe ECDF-B -tree(thediscussiorof the ECDF-B -treeis similar). Supposeve

wantto inserta 2-dimensionapoint andavalue intoanindex page . Wefirstfind
therecord in suchthat and . As shawn in figure 3.5a,if ,
werecursvely insertinto subtree( ) andweinsertthe1-dimensionapoint andvalue into
the 1-dimensionabkub-treerootedby f , i.e. the point falls on the border
we simply insertpoint  andvalue into subtree( ). To performa query asshavn in

figure 3.5b, the 1-dimensionatreescorrespondingdo all the bordersto the left of the querypoint

arequeried.At mostone2-dimensionakub-treds queriedaswell.

The extensionto the -dimensionalkaseis straightforvard. In generala -dimensional
ECDF-B-treeis a B+-tree which indexes the first dimensionof the insertedpoints. Besidesthe
usualchild pointerandrange , anindex recordhastwo borders,eachpointingto a

( -1)-dimensionaECDF-B-tree.

The ECDF-B-treesanbe bulk-loaded.The pointsaresortedandbulk-loadedinto a B+-
treebasednonedimension.Sincetheproces®f bulk-loadingaB+-treechange®nly therightmost
path,aseachnodenotontherightmostpathis generatedthe borderinformationof thenodecanbe

calculated by bulk-loadingalowerrank ECDF-B-tree gtc.).
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An implementationissueis that a bordermay containonly a few pointsandthusit is
wastefulto keepa separatdreefor this border(which costsonel/O to retrieve). To avoid this, we

canuseasingledisk pageto keepmultiple borders preferablythebordersin the sameindex page.

Theorem 3 Thespace bulk-loading queryandupdatecostof thetwo ECDF-B-treesare givenin
table3.1.Here isthenumberofindexedpoints, isthepage capacityin numberof recods,and

is thenumberof dimensions.

ECDF-B -tree ECDF-B -tree

Space —

Bulk-loading -

Query

Update
(amortized)

Table 3.1: ECDF-B-tree Complexity.

Proof: Weuse , and to representhe space bulk-loading, query and update
compl«ity of theECDF-B -tree,respectrely. Similarly, weuse , , and torepresenthe

compl«ity of the ECDF-B -tree.

Spaceand bulk-loading complexity: The mainbranchof ary of the ECDF-B-treesoc-
cupies space.Thespaceof thebordersdominatesheoverall space TheECDF-B -treeat
level 1 (theroot level) has borders.eachof whichrootsa( -1)-dimensionatreecontaining

points. In general,at level , thereare borders,eachof whichis a ( -1)-dimensional
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treecontaining points. Thuswe have:

The proof usesinduction. For , the spacecompleity holds,sinceit is basicallya
B+-tree.Supposdhe compleity is correctfor ( -1)-dimensionatrees.Thenfor the -dimensional

case,

Similarly, we have:

andby induction,we canprove that —

As for the ECDF-B -tree, at level 1, thereis 1 nodewhich has borders. The
borderisa( -1)-dimensionatreewith points.In generalatlevel , thereare nodes,
eachof which has borders. For eachnode,the  borderis a ( -1)-dimensionatreewith

points. Sothe spaceandbulk-loadingcostsof the ECDF-B -treeare:

By inductionwe canprove that and
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Query complexity: For bothECDF-B-treesthequeryexaminesasinglepathin themain

branchof the tree,which takes I/Os. The major concernis the compleity of querying

theborders.For theECDF-B -tree,ateverylevel , thereare bordergo query eachof which

isa( -1)-dimensionatreewith points.Sowe have:

For the ECDF-B -tree,at every level , thereis only oneborderthat needsto query At

level theborderisa( -1)-dimensionatreewith points.Thus,

Update complexity: At everylevel of aECDF-B -tree,if thenodedoesnot split, only
1 borderneedgo beupdated.Theborderis a ( -1)-dimensionatreewith

points. Sothe
updatecompleity is

Notethatthe abore compleity is acquiredby assuminghatnodesdo not split. If alevel

nodesplits, bordersneedto be generatedyhich is expensve. To bulk-loadtheseborders,
it takes I/0Os,where . However, in theB+-tree,if anewly generatedhode
rootsasub-treeof  leafrecords,on average

insertionsneedto go through beforeit splits
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again. Sothe costof bulk-loadingthe bordersdueto a split canbe amortizedto the  insertions.

Theoverallamortizedupdatecomplity remainsthe same.

Similarly, assumingno splits,anupdateoperationin the ECDF-B -treeaffects borders
ateverylevel . Outofthe bordersthe isa( -1)-dimensionatreewhichindexes

points.Sothe costof anupdateis

Thesplitscanalsobeamortizedsimilar to the previous case. [ |

Clearly the ECDF-B -tree optimizesthe querytime at the expenseof more spaceand
updatetime. The BA-tree presentechext attemptdo combinethe queryperformancef the ECDF-

B -treewith theupdate/spaceompleity of the ECDF-B -tree.

3.3 The BA-tree

In this sectionwe proposea betterindex structurecalledBox-Agyregation Tree(BA-tree)
for computingdominance-sumsWhile the ECDF-B-treeis basedon the B+-tree,the BA-tree is
basednthek-d-B-tree[Rob8]]. Wefirst give anreview of thek-d-B-tree,andthenwe presenthe

BA-tree.

3.3.1 Review of the k-d-B-tr ee

Thek-d-B-treeproposedy [Rob81] is a pointaccessnethod.It maintainsa setof point

objectsandcanefficiently find the pointsinsideagivenregion. Thekey ideais thatpointsadjacent
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to eachotherare clusteredtogetherinto disk pages. Thesedisk pagesare calledleaf pagessince
they residesattheleaflevel of thetreestructure Eachleaf pagecorrespondso aregionis spaceand
it is guaranteethattheregion of aleaf pagecontainsall pointsstoredin the page.At ahigherlevel,
referenceso adjacenieaf pagesareclusterednto index pages.Eachindex pagealsocorresponds
to aregionwhich containgheregion of all leaf pagest referenceslf therearemultipleindex pages,
we have yetanothedevel of index pagesandsoon. At thehighestlevel, thek-d-B-treehasasingle

root.

A A/ B A/ \c..

(a) (b) (c)

Figure 3.6: lllustration of the k-d-B-tree.

Figure 3.6 shawvs an running example. Again, eachdisk page(index or leaf) hasfixed
storage For simplicity, assumeaachpageholdsup to threerecords Whentheindex maintainsonly
threepoints(the solid dotsin figure 3.6a),a singleleaf page is enoughto hold them. However,
if a new point (the blank dot) is inserted,the pageoverflovs andis splitintotwo ( and in
figure 3.6b). A new root page s introducedwhich point to the two leaf pages. Similarly, if
later on two morepointsareinsertedin , it is split anda new leaf page is introducedwhile a

referencéo isstoredin  (figure3.6c¢).

Note thatto inserta new point objectinto the structure,a single pathfrom root to leaf

is examined. This is becauset eachlevel, the point falls into the region of exactly onedisk page.
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To deletean point is similar in the sensethatit alsofollows a single pathfrom root to leaf. Fol-
lowing the conventionof B+-tree,we requirethatary pageexceptfor rootis atleasthalf full. So
while aninsertionmay causeanoverflow, andeletionmay causeanunderflav. Yetstill, bothinser
tion/deletionexaminesa singlepathfrom root to leaf. For example asillustratedin figure 3.6¢,if a
leaf pageoverflons, a new entryis insertedto the parentpage.If the parentpageoverflows, a new
entryis insertedo the parentof theparentpage andsoon. If theroot pageoverflows, it is splitinto
two anda new root pageis allocated.A dynamicallybuilt k-d-B-treemay not be balanced.In the
exampleof figure 3.6¢,if page overflowvs againandis split into two, theroot page will need
to be split accordingly A new root shouldbe generatedThe left sub-treeof the new root hasone
level, sinceit containsonly page . Theright sub-treewill containthreeleaf pagesandanindex
page. Sotheresultingtreeis not balanced.Neverthelessin practicewe expectthe k-d-B-treeto
be moreor lessbalancecandthusthe averageupdateandqueryperformancas logarithmicto the

numberof objects.

3.3.2 From k-d-B-tr eeto BA-tr ee

Figure3.7 shavs anindex nodeof a BA-treein the 2-dimensionaspace As in thek-d-B-
tree,eachindex recordis associateavith a anda pointer Theboxesof recordsn anode
donotinterseciandtheir unioncreategshebox of thenode.Sincea isimplementedhsa ,

we usethesetermsinterchangeablyEachrecord pointsto a sub-treecontainingpointswhich are

containedn

As in the ECDF-B-tree,we augmenteachindex recordwith some information.

The goal is that a dominance-sunguery can be answerecdy following a single sub-tree(in the

49



mainbranch).Supposeén figure 3.7a,thereis a querypoint containedn thebox of record . The
points that may affect the dominance-sunguery of a query point in arethosedominated
by the uppefright point of . Suchpointsbelongin four groups: (1) the pointscontainedn

; (2) the pointsdominatedby the low pointof  (in the shadavedregion of figure 3.7a);(3)
the pointsbelow thelower edgeof (figure 3.7b);and(4) the pointsto theleft of theleft edge

of (figure 3.7¢).

To computethe dominance-sunfor pointsin the first group, a recursve traversal of
subtree( ) is performed.For pointsin the secondgroup,we keepin record asinglevaluecalled
, Whichis thetotal valueof all thesepoints.For computingthedominance-surnn thethird
group,we cankeepanx-bomerin  which containsthe positionsandvaluesof all thesepoints.
This dominance-suns thenreducedo a 1-dimensionadominance-sumueryfor the border It is
thensufiicient to maintainthese positionsin a 1-dimensionaBA-tree. Similarly, for the points
in thefourth group,we keepay-borer whichis a 1-dimensionaBA-treefor the positionsof the

groups points.

B B B
A F| G A F| G A F| G
c @ c c
D E H D E H D E H

(a) points affecting the subtotal of F (b) points affecting the x—border of F (c) points affecting the y—border of F

Figure 3.7: The BA-tree is a k-d-B-tree with augmented border information.

To summarizethe 2-dimensionaBA-treeis a k-d-B-treewhereeachindex recordis aug-
mentedwith asinglevalue andtwo 1-dimensionaBA-treescalledx-bomder andy-boder,

respectrely. Thecomputatiorfor adominance-sumueryatpoint startsattherootpage .If is

50



anindex node,it locatesherecord in whosebox contains . A 1-dimensionablominance-sum
qgueryis performedonthe -borderof regarding . A 1-dimensionabominance-sungueryis
performedonthe -borderof regarding . A 2-dimensionadominance-sumueryis performed

recursvely on page( ). The final queryresultis the sum of thesethree queryresultsplus

The insertionof a point with value startsat the root . For eachrecord where
dominates, is addedto . Foreach where is belov the -borderof |,

position  andvalue areaddedtothe -border For eachrecord where is to theleft of the
-borderof , position andvalue areaddedothe -border Finally, for therecord whosebox
contains , and areinsertedn thesubtree( ). Whentheinsertionreaches leafpage , a
leaf recordthatcontainspoint andvalue is storedin . Sincethe BA-treeaimsat storingonly
the aggr@ateinformation, not the objectsthemseles, therearechancesvherethe pointsinserted
arenotactuallystoredin theindex, thussaving storagespace For instancejf apointto beinserted
falls on someborderof anindex record,thereis no needto insertthe pointinto the sub-treeat all.
Instead we simply keepit in the borderthatit falls on. If the pointto beinsertedfalls on the low
point of aninternalnode,thereis even no needto insertedit in the border;we simply updatethe

valueof therecord.

We next discusshow theinsertionalgorithmhandlesoverflons. We differentiatebetween
two caseswhetherthe overflow occursin aleaf or anindex page. Figure 3.8ashaws a leaf page
pointedby record thatoverflows. Thepagess splitintotwo pages and (figure3.8b).Since
thissplitisa -split, the -borderof record is splitin two, onestoredat andthe otherat

The -borderof the bottomrecord remainsthe sameasthat of the previousrecord . The -

51



A

(a) a leaf page

[ ]
overflows . (b) it is split in two;
the x—border of Ft

includes points in FI

R
A Fl o A Rl ©
c c /H

(c) aindex page
overflows

(d) it is split in two;
the x—borders of Ft
and Fb are the sam

Figure 3.8: Split in the BA-tree.

borderof thetoprecord , however, is composedfthe -borderof plusthepointsin page( ).
Figure3.8cconsiderghe casewhenanindex pageoverflovs. Thesplitting resultis shavn in figure
3.8d. Again, the -borderof is split into two, onefor eachof the nen records. Differentfrom
the leaf-splitcase however, the -bordersof both and arethesameasthatof . To verify
the correctnes®sf the split, considera dominance-sunguerywherethe querypoint is contained
in . Obviously, the pointsin subtree( ) shouldcontritute to the queryresult. However, the

-borderof  wascopiedfrom andthusdoesnotincludeary pointin the region beforethe
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split. Thisis nota problemsincethe querywill recursvely examinetheindex pagepointedto by

, wherethe borderinformationcontainsthe pointsin the  region.

Therearevariousdifferencesetweenthe BA-tree andthe ECDF-B-trees.Sincethe k-
d-B-treeis unbalancedihe BA-tree is unbalanced{oo. Thusthe worst caseupdateand query
performancefor the BA-treeis linear However, the averagecaseperformanceof the BA-treeis
muchbetter If the datapointsare uniformly distributed, the BA-tree will be ratherbalanced.To
answera dominance-sunguery a singlepathin the BA-tree is examinedandfor eachnodealong
the path,a constantnumberof bordersare queried. Thusits averagequery performancebecomes
poly-logarithmic(like the ECDF-B -tree). As for the updateand spacecompleities, we notethat
the BA-tree partitionsthe index pageby alternatingdirections. Thusary line intersectingthe box
of someindex pagein a 2-dimensionaBA-tree‘cuts’ about  index records.The updateof the
ECDF-B -treeis expensve sinceeachupdateaffects borders. The BA-tree is fastersince

only ~ bordersareaffected.

The BA-tree extendsto higherdimensionsn a straightforvard manner:a -dimensional
BA-treeis a k-d-B-treewhereeachindex recordis augmentedvith one valueand bor

ders,eachof whichis a( -1)-dimensionaBA-tree.

3.4 Conclusions

In this sectionwe have solvedtherange-sunpointaggreationproblem.Sincetherange-
sumcanbereducedo thedominance-sumroblem wefocusedonindex structuresvhichfacilitates
the computatiorof dominance-sumsrl hereexistsaninternal-memorystaticstructure(the ECDF-

tree)to solve the problem.However, sincedatavolumemaybelarge, it is idealto have adisk-based,
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dynamicallyupdatablestructure We have presentedwo approacheto extendthe ECDF-treeto the
disk-basedrvironment,oneoptimizingupdatecostwhile the otheroptimizingquerycost. Finally,
we presentec new structurecalledBA-treewhich combineghebenefitfrom bothextendede CDF-

trees.
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Chapter 4

Box-SumAggregation

4.1 Problem Definition

While chapter3 proposedechniqueso computepointaggregatesefficiently, in thischap-
ter we addresghe problemto computeaggrgatesover objectswith extents. As a motivation,
figure4.1shavstherainfall precipitationof the United Stateson March 16,2002,which wasmain-
tainedby the Nationallnterageng Fire Centerat Boise,ID. A large partof the mid-westbasically
did not rain on that day (with rain precipitationlessthan0.05in), while at the placebelov Lake
Erie (including somepart of Ohio, Kentucly, etc.) it rainedheaily (with precipitationlargerthan
1.00in). Suchprecipitationrecordshave extent, andthusto computeaggreatesfor them(e.g. to
find the total volume of rainfall in an arbitrary userselectedregion), the point aggreation tech-

niqueswe discussedbeforehandloesnot applydirectly.

As time adwancesa databasenay storea lot of suchprecipitationrecordsandan inter-

estingqueryis: givenan arbitraryregion, whatis the total volume of rainfall in this region? Note
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Figure 4.1: An example of objects with extent is the rainfall record.

thatthe queryregion may not be known beforemaintainingthe databaseFor example,anapplica-
tion softwaremay shav the mapof the unitedstateson the screenandasthe userdravs a random
rectangularegion on the map usingthe mouse the total volume of rainfall in that region should
be computed.Furthermorethis scenaricalsoillustratesthe needfor very fastaggrgation. Even
if therearemillions or even billions of records,regardlessof whereandhow large the queryre-
gionis, the aggrgatesshouldbe computedvery fast, e.g. in oneor two secondsat most. As we
will see,straightforvard solutionshave linear performancesincethey rely on finding the actual
objectswhosevaluesneedto be aggrgated. We insteadproposespecializedndiceswhich have

poly-logarithmicperformance.
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In mostapplicationghereare2-3 extensionabdimensionsvhichareusuallythespatialand
temporaldimension®f the objects.While our solutionscanbe easilygeneralizedo the casewvhere
all dimensionsareextensionalwe concentratéhediscussioron spatialandspatio-temporadiata.
For example considermadatabasé anagriculturalageng thatkeepsrackof pesticideusage Each
recordrepresentshe treatmentof anareaover a certaintime periodand containsa 3-dimensional
rectanglgthatis, a 2-dimensionablreadescribingthefield whichis sprayedandthe corresponding
time intenal) anda value (the volume of the pesticide).An exampleof a box-sumqueryis: “find

thetotal volumeof pesticidesprayedin Orange Countyfor March 1999”.

For simplicity in this chaptemve focusonrectangulaobjectsandqueries.More comple
regionscanbedecomposetb smallerrectangularegions. A rectanglds alsocalleda andthus
we call the problembox-sumaggregation. We examinetwo variationsof the box-sumaggreation
problem. In its simplerform, an objects value contritutesto the aggregationresultaslong asthe
objectintersectshequerybox. Thatis, anobjects valuecontritutesto thequeryresultasawholeor
notatall. Objectsthatslightly intersecthequerybox participaten theresultwith equalimportance

asobjectsthatarefully containedn thebox.

Thereareapplicationswvherethe objectparticipationneedso be proportionalto the size
of the objects intersectiorwith the querybox. Furthermorethe valueassociatedvith eachobject
canbeafunctionratherthana singleconstantwhich providesfor moreexpressie queries.In the
pesticideexample,the value associateavith eachsprayrecordmay denotethe volume per square
yardwhile theaggreationqueryasksfor thetotal volumesprayedver agivenarea.Thisis anovel

problem,namely thefunctionalbox-sumaggreation.
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More formally, thetwo variationsof the box-sumproblemaredefinedasfollows:

simple box-sum: given a collection of box objectsanda querybox , computeSUM

and intersects ;

functional box-sum: givena collection of box objects,eachhaving a valuefunction,and
aquerybox , computethe total value of all objectsin  thatintersect , wherethe value
contribtuted by an object is the integral of the value function of over the intersection

between and .

A straightforvard approacho solve thebox-sumqueriess to index the dataobjectswith
amulti-dimensionalccessnethodlik e the R*-tree[BKS+90] andreducethe problemto a
search.The aggregateis thencomputedoy identifying the objectsthatintersectthe querybox and
accumulatingheir valuesincrementally Unfortunately the performanceof this approachs based
onhow mary objectsarein thequerybox,which canbelarge. Recently[LM01, PKZ+01] proposed
to addaggrgationsummarie®ntheR-treenodegtheaggrgateR-tree,or  -Tree)soasto reduce
the numberof R-treenodesvisited. Evenwith this optimizationthe queryeffort is still affectedby

thesizeof the querybox.

We insteadproposea differentapproachthat usesspecializedaggreate indices. Such
indicesincrementallymaintain aggrgatesand offer drastic query performanceover traditional,
object-indaing scheme$YWO01, ZMT+01]. Wefirst provide anew approacho reducethe simple
box-sumproblemto computingdominance-sumsThis reductionis provably more efficient than
previous approachefE087. Furthermorewe shav thatfor alarge collectionof functions(poly-

nomialsof constantdegree),the functionalbox-sumproblemis alsoreducedto dominance-sums.
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We thusrely onthe dominance-surstructuregpresentedn chapter3 to solve thetwo variationsof

box-sumproblems.

In sectionst.2and4.3,wefirst describehereductiontechniquesrom box-sumproblems
to dominance-sume thenprovide performancetudieso compareour approactwith straightfor

wardapproaches.

4.2 The Simple Box-SumProblem

We first given somenotations. A -dimensionabox canbe describedoy two corner
points: a low point which is dominatedby all other cornerpointsof anda high point which

dominatesll othercornerpointsof . The -dimensionakpacses itself aboxwhoselow pointand

high pointarerepresenteds and , respectiely.
Y
C D
.............. T
box
A B

Figure 4.2: Existing technique reduces a box-sum query into eight dominance-sum

gueries.

[EO82] proposeda techniqueto reducea box-sumqueryinto a setof dominance-sum
gueriesasillustratedin figure4.2. Sinceit is easyto maintainthe sumof all objectsto find thesum
of objectsintersectinga querybox, it is enoughto computethe sumof objectsNOT intersecting

the query box. Theseobjectsmustbe either above, below, to the left of, or to the right of the
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guerybox. To find the sum of objectswhich areto the left of the querybox canbe donevia a
1-dimensionabdominance-sunguery l.e. if we maintainthe higher of all objects,thetaskis to
find thedominance-sumegardingthelower of thequerybox. Similarly, we cancomputethesum
for objectsabove, belav, andto the right of the querybox. If we addup theseresults,we geta
valuelargerthantheanticipatedbox-sum.Thereasornis thatary objectwhichresidesn theregions

, , or iscountedtwice. We notethatthe sumin eachof theseareascanbe answeredy
a 2-dimensionabdlominance-sunguery Hence,a 2-dimensionabox-sumqueryis reducedo four

1-dimensionalndfour 2-dimensionatlominance-sumueries.

Importantin thereductiontechniquds the numberof dominance-sunqueriesa box-sum
gueryis reducedo. [EO8Z only discussedhe 1- and2-dimensionataseswhile noanalysids pre-
sentedor thegeneral -dimensionatase We analyzethereductiontechniqudor the -dimensional

caseandshaw its compleity in theorem4. Thenwe proposea betterreductiontechnique.

Theorem4 The methodof [EO82] reducesa -dimensionalbox-sumquery into

dominance-sums.

Proof Sletch: We cangeneralizeahe schemeof [EO87 to the -dimensionakaseasfollows.
To computea box-sum,we firstinitialize value . Next, for every ( -1)-dimensionaboundary
box (also calledface of , a 1-dimensionaldominance-sungueryis performedandits resultis
addedto . A 2-dimensionatlominance-sunqueryis alsoperformedfor every ( -2)-dimensional
boundaryox;thesequeryresultsarethensubtractedrom . If , a3-dimensionatiominance-
sumgqueryis performedfor every ( -3)- dimensionaboundarybox andthe queryresultsareadded

to . This processcontinuesuntil the -dimensionaldominance-sungueries. l.e. for every 0O-
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dimensionaboundarybox (which corresponds$o a cornerpointof ), a -dimensionabdominance-

sumgqueryis performed.

Asaresult,[EO82]reducesa -dimensionabox-sumqueryto acollectionof dominance-
sumaqueries,wherefor every , the numberof -dimensionaldominance-sungueriesis
equalto thenumberof ( - )-dimensionaboundanpoxesof a -dimensionabox, whichis equalto

, Where

Thusto prove theoremy, it remainsto prove that:

(4.2)
Clearly
4.2)
From Stirling’s appioximationwe have:
- _ — (4.3)
We canderive equatiord.1from 4.2and4.3. [ |

We now presentinew techniquevhichreduces -dimensionabox-sumqueryto exactly
dominance-sungueries.Evenfor small valuesour reductionprovidesa drasticimprovement
over [EO82]. For example with amethodbasedn [EO82] would need26 querieswhile our

techniqueonly 8.

Intuitively, a -dimensionabox has corners.An index is maintainedfor eachgiven

corner(e.g. the upperright corner)of all the objects. A box-sumqueryis thenreducedto
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@) (b) (c) (d) (e)

Figure 4.3: A 2-dimensional box-sum query is reduced to four dominance-sum queries.

dominance-sungueries,onefor eachcornerof the querybox. As anexample,considerfigure 4.3
in the 2-dimensionakpace. Figure 4.3ashovs a query box (with thick border)andtwo objects
intersectingwith it. Thebox-sumquerycomputeghetotal valueof thesetwo objects.In orderfor
abox to intersectthe querybox , the lower left cornerof hasto be dominatedby the upper
right cornerof . Figure4.3bshawvs the candidateboxes. Somecandidatesrefalsehits sincethey
areeithercompletelyto theleft, or completelyunder . Thefalsehitsunder correspondo those
boxes whoseupperleft cornersare dominatedby the lower right cornerof  (figure 4.3c). The
falsehitsto theleft of correspondo thosewhoselower right cornersaredominatedby the upper
left cornerof (figure 4.3d). Note that after thesefalsehits are subtractedrom the queryresult,
the boxeswhoseupperright cornersare dominatedoy the lower left cornerof  (figure 4.3e)are

subtractedwice. Sothetotal valueof themmustbe addedagain.

Theorem5 A -dimensionabox-sumgueryis reducedo dominance-sumueries.

In orderto prove theoremb, we needto introducesomenotations.In therest, denotes
aquerybox, thesetof objectsand corresponds$o an object. We use and
to representhelow pointandthehigh pointof ’srectanglerespectrely. We use
thesamenotationfor . Furthermorefor somedimension, we define . That

is, is the conditionthatthe low point of object is dominatedby the high point of query
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box inthe dimension.Similarly, we define , Whichis theconditionthat
thehigh point of object is dominatedoy thelow pointof querybox inthe dimension.Object
intersectquery if for every dimension , the projectionsof and to dimension intersect.

Sincetheprojectionof aboxto adimensionis anintenal andtwo intenals and intersecif and

only if andnot( ), we candefinethe box-sumqueryas:
(4.4)
Lemma 5
(4.5)
Discussion: Sinceeach in equation4.5 canbe eitherO or 1, the set has

differentchoicesof value assignmentsFor eachchoice,the inner summationof equation4.5
correspondso adominance-sumuery For example,in the 2-dimensionaspacgfigure4.3),when

, theinnersummations

The abore summationcomputesthe total value of objectsthat satisfy two conditions: (@) in di-
mensionl, the high point of the objectis dominatedby the low point of the querybox; and (b)
in dimension2, the low point of the objectis dominatedby the high point of the querybox. This
is equivalentto the total value of objectswhoselower right corneris dominatedby the upperleft

cornerof thequerybox (figure4.3d).

Thus,lemmab5 not only inferstheorem5, but alsoprovidesa way to computea box-sum

by combining dominance-sumslo prove theoremb, it remainsto prove thelemma.
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Proof of Lemmab: For clarity, we omit thevariables , , from all formulaein the proof.

Thuswe canre-write equationgt.4 as:

andwe needto prove that

We introducesomefunctions:

, for :

, for

, for :

, for

Now we identify someproperties:

Property 1. ;

Property 2: ;

Property 3:
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To seethe correctnes®sf propertyl, considethe meaningoof and . If (in the
dimension)the high point of is dominatedby the low point of , thensurelythe low point of
is dominatedby the high pointof . In otherwords,we have andpropertyl holds. We

caninfer property2 from propertyl, since

Regardingproperty3, notethatgivensomecondition meanghe sumof valuesof all
objectssatisfying . Tocompute , i.e. thevaluesumof all objectssatisfying but
not ,wecansubtracfrom thevaluesumof all objectssatisfyingbothconditions and
We notethat is equalto theright formulaof equatiord.5. Soto prove lemmab, we
will proceedby proving that andthat . These
will infer that , Or equatiord.b.
First, we have:
(property2)
(property3)
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Now we prove that . By definition,

Theinnersummatiorof theabove equationis equalto

Thusit is easyto seethat

To summarizewe have shavn that the right formula of

equatiord.5. [ |

4.3 The Functional Box-Sum

In variousapplicationswe areinterestedn a differentkind of box-sumquerywhich we
will referasfunctionalbox-sum Figure4.4ashawvs threebox objects(with values3, 4 and6) anda
guery Theresultof asimplebox-sumqueryin thiscasds 7, sincetherearetwo objectsintersecting

the querybox with values3 and4. Consideranotherscenariovherethe valueassociateavith each
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objectdesignatethepesticidevolumepersquareyardwhile thequeryasks‘whatis thetotal volume
sprayedin thequeryared'. In this casethequeryresultis . Here50and12

aretheareasf theintersectiorbetweerthe querybox andthetwo objects respectiely.

v v 3 gram/yard@ 18 gram/yard
18}-
15| 4 6] 15
o2 [

10} X-
sl 1N 7
3t 3 fo

2 s 15 18 20 26 30 X 5 15 20 X

(a) box-sumversusfunctionalbox-sum (b) objectwith non-constantunction

Figure 4.4: The functional box-sum problem.

In general,the value associatedvith an object may be a function. While figure 4.4a
containsobjectswith constantfunctions,an exampleof objectwith non-constantunctionappears
in figure4.4h Herethe pesticidewasnot sprayedevenly over thewholefield. At theleft borderof
thefield ( ), it wassprayed3 gramspersquareyard. The sprayamountincreasegraduallyas

becomedarger until the right border( ) whereit wassprayedl8 gramsper squareyard.
We can capturethis fact by assigninga valueto this objectthatis a functionof (in particular
). For the queryboxin figure 4.4b,the total volumeof pesticideascontrituted by

this objectis . Figure4.4revealsthatto answera functionalbox-sum
query we need(i) thevaluefunctionof eachobject,(ii) theareaof theobjectsintersectiorwith the
querybox, aswell aswherethis intersections. Assumethatthe queryboxin figure 4.4bis moved
leftwardssuchthatit now intersectswith theleft borderof the objectbut maintainghe samesizeof

intersectiorwith the object. The queryresultwould insteacbe
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Theorem 6 For valuefunctionsthat are polynomialsof constantdegree the -dimensionalffunc-

tional box-surmueryis reducedo  dominance-surgueries.

T e =R
08| || | B e e

@ ® © @ ©

Figure 4.5: A 2-dimensional functional box-sum query is reduced to four OIFBS queries.

Proof Sletch:  An importantspecialcaseof the functionalbox-sumproblemis whenthe low
point of the querybox is fixed at . This is the origin-involvedfunctional box-sum(OIFBS)
An OIFBS queryis specifiedby a single point, the high point of the querybox. A d-dimensional
functionalbox-sumquerycanbereducedo  OIFBS queries. Figure4.5 depictsan examplein
two dimensionsGivenaquerybox , thefunctionalbox-sum(figure4.5a)is equalto the OIFBS at
theupperright cornerof  (figure4.5b)minusthe OIFBS at the upperleft cornerof (figure4.5c)
minusthe OIFBS atthelowerright cornerof (figure4.5d)plusthe OIFBSatthelower left corner

of (figure4.5e).

To solve the OIFBS problem,we needto devise anindex thatlogically storesa valuefor
every positionin thespace.This valueis the OIFBS at this position. Supposesuchanindex exists.
Let's considerthe effect of insertinga new objectinto this index. Figure4.6aillustratesan object
with box andvaluefunction . Theeffect of insertingthis objectin the hypothetical

index containsfour parts:

point( , )in box , add dd ;

point( , )in box , add d d;

68



point( , )in box , add dd ;

point( , )in box , add d d
Y Y
EG pmax

‘ M 18}

1 1 q a

i o] 2 8]
y2| P “---®p5 4

f(x, y) 10} G

G G
1 : 3
Pmin  x1 X2 X 2 s 15 18 20 26 30 X
(a) updatein the hypotheticalOIFBSindex (b) queryprocessing

Figure 4.6: Update and query on the OIFBS index.

Thecombinedeffectis equivalentto:

point( , )in box , add d d;
point( , )in box , add dd
dd;
point( , )in box , add dd
dd;
point( , )in box , add dd
d d d d d d
Let beapolynomialof degreeatmost . l.e. thereexistsaconstant s.t.
, Where , , , and . It easilyfollows that
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each ( ) is apolynomialof degreeat most . Forinstance,

dd
whosedegreeis max . Henceeachvaluefunction canbe representeth
constanispaceasatuplestoringits coeficients. At worstthereare coeficients,where and

areconstantgin practicethisis muchlesssincenotall coeficientsarepresent).

Adding value to eachpointin  is prohibitively expensve. Insteadobsere that
all ’s sharethe samehigh point . Consequentlyan updateregarding affectsall those
OIFBS queriesspecifiedat pointswhich dominate . This implies thateachsuchupdatecanbe
implementechsa pointinsertionof avaluefunction: we actuallyinsertthepoint  together
with the tuple of coeficients of the function . For instance the first updateregarding
correspondso: “insertat point  the representinghe valuefunction ". An OIFBS
gueryspecifiedat point is thencomputedby (1) finding the aggreyatedfunction over all points
dominatedby , and, (2) evaluatingthe functionat . The value functionsare storedas coefi-
cienttuplesandthe valueevaluationis straightforvard. As aresult,an OIFBS queryis reducedo
computingadominance-sumyith thedifferencethatnow we storeandmanipulatevaluefunctions

insteadof singlevalues. [ |

As an example,considerfigure 4.6 To computethe OIFBS at point , we find the
objectcornerpointsdominatedby  (in this caseonly ) andevaluatethe valuefunction at
Here, is oneof the cornerpointsof the objectwith value4. Thetuplethathasbeen

insertecat is: , sinceits valuefunctionis: dd
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Evaluatingthisfunctionat yields: . Similarly, query

point dominatedour cornerpoints: . Thetuplesassociatedt are
, and , respectiely. Theaggregateof all
fourtuplesis andtheresultof anOIFBSat is . Note

thatthe OIFBS of the othertwo cornersof thequeryboxareboth0, sincethey do notdominateary
objectcornerpoint. Thefunctionalbox-sumof thequerybox shavn in figure4.6bis thuscomputed
as , Which is the sameasour obseration in figure 4.4aat the beginning of this

section.

Discussion:In generalwe couldusefunctionsthat (i) areeasilyaggrgatedusing and
operators(ii) canberepresenteth constanspaceand,(iii) canbeeasilyevaluated. While both
thesimplebox-sumandthefunctionalbox-sumarereducedo dominance-sumueriesthereare
variousdifferencedetweerthe two approaches(i) in the functionaldominance-sunproblemwe
maintaintuplesinsteadof singlevaluesj(ii) givenanindex structurghatcomputegslominance-sums
the simplebox-sumproblemneedgo maintain  suchindices,while the functionalbox-sumonly
one; (i) in the simplebox-sumprobleminsertinga new objectcorresponds$o oneupdateon each

ofthe indices,whileit causes updatego thesingleindex of thefunctionalbox-sumproblem.

Thereis aninherentdistinctionbetweerthesimpleandthefunctionalbox-sumproblems.
In the functional problem,the value (function) of an objectcontributesto the query proportional
to the intersectionsize betweenthe objectand the querybox. If a specializedndex is usedto
solve the functionalbox-sumproblem,this index cannotbe usedfor computingsimplebox-sums.
Conceptuallysuchindex maintainsthe answerto every possiblequerybox asa weightedsumof

the objectsthatintersectit. Theweightscorrespondo the objectintersectiorsizeswith the query
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box. However, suchindex doesnot maintainthe actualobjects.As aresulttheseweightscannotbe

de-allocatedo their respectie objectsmakingit impossibleto answersimplebox-sumqueries.

4.4 Performance

To comparethe performancef the variousindiceswe useda datasetvith 6 million ran-
domly generatedpatialobjectsin a2-dimensionaspace Eachsideof anobjectMBR is onaverage
1/10,0000f thetotal dimensionsize. For solving simplebox-sumaggreations,notethatwe need
four dominance-sunndices,we implementedhefollowing: (a) a structureof four ECDF-B -trees
(this approachis denotedas ), (b) four ECDF-B -trees( ), and(c) four BA-trees
( ). We alsoimplementeda plain R*-treeandtheaR-treewhich is the R*-treeaugmentedvith
aggr@atevaluesin index records(denotedasaR). Our initial experimentsshavedthatthe BA-tree
approachhasa querytime over 200 timesfasterthanthe plain R*-tree approach.Sowe omit the
R*-tree performanceand we compareour approachesnly with the optimizedaR-treeapproach.
For all indices,we usedLRU buffering. For the aR-tree besidesusinga LRU buffer, we alsoused
a pathbuffer which buffers the mostrecentlyaccessegathof node. We used8KB pagesizeand

10MB memorybuffer.

Figure4.7acompareghe index sizes. The aR-treeis the smallestindex. Thisis to be
expected sincethe aR-treehaslinear spacewhile the BA-tree andthe ECDF-B -treehave aloga-
rithmic spaceoverhead.The ECDF-B -tree occupieshe mostspace.This is becauseachupdate
changegoo mary borders.The BA-tree andthe ECDF-B -treehave comparablestoragerequire-
ments,which aremuchlessthanthe ECDF-B -tree. Figure4.7bcompareshe queryperformance.

Eachqueryreportsthetotal numberof I/Os spentover 1000randomlygeneratedjueryboxeswith
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Figure 4.7: Simple box-sum performance comparison.

fixedshapeandsize. Thequeryboxsize(QBS)is describedy thepercentagef thequeryarean the
whole space.TheaR-treedoesnot performwell especiallywhenthe QBSis large. This is because
its worst caseperformancas linearto the numberof objectsin the querybox. The ECDF-B -tree
approactperformsthe best,with the BA-treebeingvery close.As expectedthe ECDF-B -treehas
muchlargerquerytime sinceateachindex pagetoo mary bordersneedto bechecled. Clearly, with
the addition of the small spaceoverheadover the aR-tree the BA-tree approactshaved the most
robust performance.Moreover, its performancevasindependenof the querysize characteristics

(which drasticallyaffectsthe aR-tree).

We alsocomparedheabore indexing schemedgor functionalbox-sumqueries.Sincethe
BA-tree was more robust thanthe ECDF-B-treeswe reportthe comparisorbetweenthe BA- and
aR-trees.Figure4.8depictsthetotal executiontime of 1000randomlygeneratedjuerieswith QBS
being 1% of the space.The executiontime is the sumof CPU time (measuredy the
systemcall) andthe I/O time (measuredy the numberof 1/Os multiplied by 10ms). To obsere
the impactof different-dgree value functions,we usedtwo variationsof the original dataset.In

the first variationthe value of eachobjectwastreatedasa constantfunction over the object,i.e.,
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a polynomialof degreezero. In the secondvariation, objectswereassignedgolynomialfunctions
of dggreetwo. The indicesfor the degree-zero(degree-tw) caseuse subscriptdO (respectiely

d2). Clearly asthe degreeincreasesthe query performanceworsenssincethe index becomes
larger Neverthelessthe BA-tree wasstill drasticallyfasterthanthe aR-tree. The relative storage

requirementgnot shavn) for the BA-treeandthe aR-treeweresimilar to figure4.7a.
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Figure 4.8: Functional box-sum performance comparison.

4.5 Conclusions

We consideredhe problemof computingbox-sumqueriesover objectswith extent. Such
objectsappeaiin spatialandspatio-temporahpplications We examinedtwo variationsthe simple
box-sumandthe novel functionalbox-sumproblems.In the latter, objectvaluesare describedoy
functionsandan objects participationin the aggrgationresultis the functionintegral over the ob-
ject’sintersectiorwith thequerybox. To the bestof our knowledgethisis thefirst work addressing
functionalaggregates.Novel reductiontechniquesverepresentedo reducesachof theseproblems
to dominance-sumueries.We proposed tree-structuredlisk-baseddynamically-updatethdex,
the BA-tree, that can efficiently answerdominance-sumsWe also presentedwo dynamic, disk-

basedextensionsof computationageometrysolutions(the ECDF-B-trees).Experimentalresults
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with spatialdatasetshavedthatthe BA-tree hasthe mostrobust performanceWe alsocompared
the BA-treeagainstthe aR-tree an optimizedR-treewhosenodesareaugmenteavith aggrgation
information. At the expenseof somelimited extra spacethe BA-tree canoffer anorderof magni-

tudefasterquerytime. Moreover, the BA-treequeryperformances independenof thequeryshape

or size.
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Chapter 5

Box-Max Aggregation

5.1 Problem Definition

While chapter4 examinedthe SUM/COUNT aggregation over objectswith extents,in
this chapterwe examinethe MIN/MAX aggr@ation. We focuson the MAX aggr@ationandthe
techniqueswve proposecanbe directly appliedto computeMIN aggrejates. More formally, the

problemwe focusonis definedasfollows.

box-max: givenacollection of boxobjectsandaquerybox , computeVIAX

and intersects .

An exampleof box-maxqueryis: “find themaxprecipitationin theLos Angelesdistrict’.
Again, straightforvard approachegind the actual objectsthat intersectwith the query and thus
are not efficient. Our aim is to provide specializedndiceswhich focus on the MAX aggrgate

computation.
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Althoughthe box-maxproblemis similar to the box-sumproblem,the solutionswe pro-
posedfor the box-sumproblemscannot be appliedto the box-maxproblem. The reasoriesin a
inherentdifferencebetweerthe MAX problemandthe SUM problem.The SUM operatohasain-
verseoperatofSUBTRACT, whichmeanghatto computehe SUM of a setof recordqfigure5.1a),
we cancomputethe SUM of alargersetof recordg(figure5.1b)andSUBTRACT from it the SUM

of recordsin the differencebetweernthe superseandthe original set(figure5.1c).

Figure 5.1: SUM aggregate has an inverse operator, but MAX aggregate does not.

In this chapterwe presenta specializedaggrgateindex, the Min/Max R-tree (MR-tree)
for the MIN/MAX aggregation. Basedon the R*-tree, we proposefour optimizations. One of
our optimizations(the k-may attemptsto eliminatemore pathsfrom the index traversalwhenthe
aggr@ateis computed.As such,it canbe usedeitheron the SAM thatindexesthe objects,or, on
aspecializedhggrgateindex. Theotheroptimizationgunion box-eliminationandarea-reduction
eliminateor resizeobjectMBRs whenthey do not affect the MIN/MAX computation.Thusthey

applyonly to specializedMIN/MAX aggr@ateindices.

As a by-product,we discusshow a specializecaggrgateindex, the MSB-tree[YWO0O],
canbe improved by applying the box-eliminationoptimization. The MSB-treeefficiently solves
the MIN/MAX problemfor the specialcaseof one-dimensionahterval objects. The optimization

allows the MSB-treeto avoid frequentreconstructionshatwereneededn its original version.
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5.2 The ProposedOptimizations

To computebox-maxaggreateswe could usean R-treeto index the objectsandreduce
the box-maxcomputatiorto a rangesearchwhich meango locatethe actualobjectsthatintersect
thequerybox while keepingarunningmaxvalueof the objectsseensofar. Basedon the R-tree

index, in this sectionwe proposdour optimizationghatimprove the performance.

We first introducesomenotations. An index/leaf recordis an entry in aninternal/leaf

nodeof thetree. Given anleaf record , let and denotethe MBR andthe value of
the record,respectiely. Givenanindex record , let denoteits MBR, denotethe
maximumvalueof all recordsin subtree() and denotethechild pagepointedby .

5.2.1 The -max optimization

TheaR-tree[PKZ+01] is an R-treewhereeachindex recordstoresthe aggregate(in this
case,maximum)value of all leaf recordsin the sub-tree.If a querybox containsthe MBR of an
index record,the valuestoredat the recordcontritutesto the queryanswerandthe examinationof
thesub-treds omitted. However, theindex recordsat higherlevelsof theaR-treehave large MBRs.
Sothe box-maxqueryis notlikely to stopat higherlevels of theaR-tree.The -maxoptimization
is anextensionsuchthat evenif the querybox doesnot containthe MBR of anindex record,the

examinationof the sub-treemaybe omitted.

The -max optimization Alongwith ead index recod , storethe objects(for a small
constant ) which are in subtiee() and havethe largestvaluesamongthe objectsin the subtee
Whenexaminingrecod during a box-maxquery if the query box intersectswith any of the

max-valueobjectsin , theexaminationof subtiee() is omitted.
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Clearly the -max optimizationallows for more pathsto be omitted during the index
traversal. However, the benefitof -max on the queryperformances not provided for free. The
overall spaceis increasedsince eachnode storesmore information) as well asthe updatetime
(effort is neededo maintainthe objects).Hencein practicethe constant shouldbe keptsmall.

In our experimentswe foundlarge improvementin querytime evenfor asmall

As pointedout, the next threeoptimizationsapplyfor anindex explicitly maintainedfor
theMIN/MAX aggreation(to avoid confusiorwe call suchanexplicit index theMIN/MAX index).
Sincethe MIN/MAX problemis not incrementallymaintainablevhentuplesare deletedfrom the
databas¢YWO01], the following discussiorassumesn append-onlydatabasédi.e., spatialobjects
areinsertedin the databasdut never deleted).Whena spatialobject with MBR andvalue

is insertedin the database, accompaniedy is insertedasa leaf recordin
the MIN/MAX index aswell. However, aswe will describe someof theseinsertionsmay not be
appliedto the MIN/MAX index, or may causeexisting MBRs to be deletedor alteredfrom the
MIN/MAX index. As such,we canuseanR -treeto implementthe MIN/MAX index. Theresult

afterapplyingall four optimizationswill bethe MR-tree.

5.2.2 The box-elimination optimization

Considertwo leaf records and , where contains and
. Thereis no needto maintain  in the MIN/MAX index sinceit will not contritute

toany MAX query Wethussaythat becomes dueto ,or makes obsolete.

The box-elimination optimization If during the insertionof an object , a (leaf or in-

dex) recod is foundsud that contains and , remoe fromthe
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MIN/MAXindex; if isanindex recod, remasesubtee() aswell.

Theabove optimizationwill reducehesizeof theMIN/ MAX index, sincesub-treesnay
beremoredduringaninsertion.Thereis atradeof betweerthetime to updatehe MIN/MAX index
andtheoverall spaceoccupiedby thisindex. A newly insertedobjectmaymake obsoletemorethan
oneexisting recordswhich areon differentpathsfrom therootto leaves. The MIN/MAX index can
bemadevery compacif all theseobsoleteaecordgandtheir sub-treesareremoved. However, this
mayresultin expensve updateprocessinglf theupdatds to bekeptfast,we canchooseo remove
only theobsoletaecordametalongtheinsertionpath(whichis a singlepathsincewe useaR -tree
to implementthe MIN/MAX index). The compleity of theinsertionalgorithmremainsO( )
where isthenumberof MBRsin theMIN/MAX index (whichin practiceis muchsmallerthanthe
totalnumberof spatialobjectsin thecollection). Anotherchoiceis to choose pathsandremovethe
obsoleterecordsmetalongthesepaths,where is a constant.The spaceoccupiedby the obsolete

sub-treecanbere-used.

5.2.3 The union optimization

While the box-eliminationoptimizationfocuseson making obsoleteexisting recordsin
the index, the optimizationfocuseson making obsoleteobjectsbeforethey areinsertedin
theMIN/MAX tree.Firstwe notethattheMBR of anobjectshouldnotbeinsertedn the MIN/MAX
index if thereis anexisting leaf objectin theindex whoseMBR containsit andhasa largervalue.
Suchan insertion can be safely ignoredfor the purposesof MIN/MAX computation. To fully
implementthis test,all the pathsthatmay containthis objecthave to be checled; at worstthis may

checkall leaf objectsin the MIN/MAX tree. A betterheuristicis to usethe max-\valueMBRs. If
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the new objectis containedby ary of the max-value MBRs found alongthe index nodesin the

insertionpath,andhasa smallervalue,thenthereis no needto performtheinsertion.

Moreover, we obsenre thatevenif the MBR of anobjectto be insertedis not fully con-
tainedby ary existing leaf object, we still might safelyignoreit. This is the casewhenthe new
objects MBR is containedn the unionof MBRs of several existing objects.As illustratedin figure
5.2,the shadeved box representshe new objectto be insertedandthe othertwo rectanglesepre-
senttwo objectsalreadyin the MIN/MAX index. Sincethe new objectis containedn the union of

thetwo existing objectswith a smallervalue,its insertioncanbe safelyignored.

8

mwm—

7

Figure 5.2: The new object becomes obsolete by the union of two existing objects.

To implementthis technique gachindex record in the MIN/MAX index stores(1) the

union (denotedoy ) of MBRs of all the leaf objectsin subtree(), and (2) the minimum
value(denotedby ) of all the objectsin the subtree(). The overall optimizationis described
below:

The union optimization If during the insertionof object , an index(leaf) recod is
foundsud that is covered by ( ) and ( ), theinsertionis
ignored. Moreover, theinsertionof is obsoletdf there exists somemax-valueobjectstoredin

that covers andhasa valueno smallerthan
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A remainingguestiorregardingtheabore optimizationis how to storetheunionof all leaf
objectsunderanindex record. At worst, this union may needspaceproportionalto the numberof
leaf objectsthatcreateit. Giventhateachindex recordhaslimited spacewe storean approximate
union. In particular we storea goodapproximatiorthat canbe representeavith boxes(MBRS),
where is a small constant.Clearly, the approximateunion shouldbe completelycoveredby the
actualunion, sothatthe approximationaffectsonly the querytime, but not the correctnes®f the
queryresult. If the approximateunion covers someareanot coveredby the actualunion, it may
erroneouslynake somenew objectobsolete.This approximateunionis calledthe coveredt-union

which we formally defineasfollows.

Definition 3 Givenconstant anda setof boxes whee , the covered
t-union of isdefinedasasetof boxes sudithat: (1) covers ; and(2)
is maximal,i.e. there doesnot exist anothersetof boxes covered by

sud that covers larger spacethan

An exhaustve searchalgorithm for finding the covered -union works as follows: (1)
determinean exhaustve collectionof sets,whereeachsethas boxes,while makingsurethatthe
covered -union belongsto the collection; (2) exclude every setfrom the collectionsuchthatthe
union of the sets boxesare not coveredby the original boxes; and (3) amongall setsin the

collection,choosehe onesuchthattheunionof its boxescoversthelargestarea.

However, it canbe shavn thatthe above algorithmtakes O( ) time, which malkesit
impractical. Below we proposean efficient O( ) algorithmwhich computesa goodapproxi-

mationof thecovered -union.
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Algorithm CoveredUnior(Boxes [1.. ]) Givenasetof boxes , returnanapprox-
imatecovered -unionof .Below , and _aresmallconstants.

Let bethe boxesfrom whoseareasarethelargest;
. Initialize the setof destinatiorboxes to beempty;
. forifrom1to
Pickthebox from which hasthelargestareanot coveredby the unionof boxesin ;
loop _  times
Try to enlage alongeverydimension;
endloop
Add toset ;

. endfor

© © N o o~ wDdE

[E=Y
o

. return ;

TheideabehindalgorithmCoveredUnionis to pick boxesfromtheoriginal boxesand
try to expandeachone of themasmuchaspossible. The  box ( ) is chosenasthe
onehaving the largestareanot coveredby the boxescomputedsofar. To enlage a chosen
box alongsomedimensionsaythe dimension(step6 of thealgorithm),we try to increasehe
higher -valueof alittle bit anddecreaséhe lower -valueof alittle bit, while makingsure
thatthe enlagedbox s still coveredby theoriginal boxes. Clearly ary corner of aboxin the
covered -unionshouldsatisfythefollowing condition:the -valueof isequaltothe -valueof a
cornerof someboxin souce andthe -valueof is equaltothe -valueof acornerof somebox
in souice Thus,to try to increasehehigher -valueof box , we shouldincreasat to the nearest
larger of somecornerof oneof the source boxes. To implementthis, the algorithmshouldhave
a preprocessingtepwhich sortsthe -valuesof cornersin the source boxesandsimilar to the

-values.Thecompl«ity of thealgorithmis

In thefollowing discussiortheterm meanghe approximatecovered -union.
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5.2.4 The area-reduction optimization

The last optimizationwe proposedynamicallyreduceshe box areaof the objectto be

inserted.

The area-reduction optimization If during the insertionof object , an index recod
is foundsud that intersectswith and , wereducethe sizeof
by subtmacting the area covered by fromit befoe insertingit to the lower levels. If the
insertionreadesa leaf objectwhich intersectsthe new objectand hasan equalor larger value
theareaof the new objectis reducedaccodingly. Thebox of the new objectis similarly reducedf
somemax-valueobjectstoredin anindexrecod existswhoseboxintersectswith andwhose

valueis no smallerthan

This optimizationreducesghe MBR of an objectonly if the reducedpartis coveredby
someexistingrecorddn thetreewith largeror equalvalues.Hencethecorrectnessf the MIN/MAX
aggrgatess notaffected.Onebenefitof this optimizationis thatoverlappingamongsiblingrecords
in thetreeis reducedFigure5.3shavsanexample.Thetwo largeboxesrepresentwo index records

and . Assume is equalto the MBR of . The combinationof the light-shadaved
andthe dark-shadwed boxesrepresentsn objectto be insertedwith value8. The objectshould
berecursvely insertedinto subtree( ). Without applyingthe area-reductiomptimization,
would needto be expandedto fully containthe new object. On the otherhand,if we apply the
optimization thelight-shadaved areais subtracte@ndthusweinsertin subtree( ) amuchsmaller
box (the dark-shadeed area)which is fully containedn andthusno expansionfor is

needed.
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Figure 5.3: The area-reduction optimization helps to reduce overlaps.

Anotherbenefitof thearea-reductiolptimizationis thatit canhelpto make new records
obsolete. As an example, considerfigure 5.3 again. It is possiblethat at somelower level in
subtree( ), the dark-shadaed areais found obsolete. Sincethe light-shadaved areais already

madeobsoletdby  dueto theoptimization,theres no needto inserttherecordatall.

Notethattheresultof aboxwhensomeareasaresubtractedrom it maybea setof boxes
ratherthana singlebox. Soanobjectto beinsertedmay be fragmentednto several smallerboxes
by this optimization. Onechoiceto handlethis is to follow the R -tree[SRF87 approachj.e. to
insertevery small box asa separateopy. But this choiceincreaseshe spaceoverhead.Another
choiceis to maintainthe list of smallboxesin the executionof the insertionalgorithm. As we go
down thetree,somesmall boxesmay becomesmalleror obsolete Eventuallyat the leaf level, the
MBR of the smallerboxesis inserted.Notethatthe MBR is at mostaslarge asthe original box to

beinsertedandin mary casesmuchsmaller

5.3 TheMin/Max R -tree

TheMR-treeis adynamic,disk-basedheight-balancetteestructure . Therearetwo types
of pages:leaf pagesandindex pages.All pageshave the samesize. Sincethe MR-treeis based
ontheR -tree,eachpageexcepttheroothasatmost recordsandatleast records.Eachleaf

recordhastheform , where isthevalueof therecord.Eachindex recordhastheform

85



. Here and hastheir usualmeaningsThe
list isthe max-valueleafobjectsin thesub-treeof thisindex record,sorted
by decreasingrderof value.Here standdortheMBR and for thevalueof theleafobjectwith
the largestvalue. The stores boxes(the approximate -unionover all leaf MBRs), and

is theminimumvalueover all leaf objectsin the sub-tree.

Algorithm BoxMaxPage , Box , Value ) Givenatreenode ,aquerybox andarunning

value , thealgorithmreturnsthe box-maxqueryresultfor the sub-treerootedby

1. for everyrecord in  where intersectawith

2 if then

3 if isleafthen

4 ;

5. elseif thereexists in[1, ]suchthat intersectswith

6 Let bethesmallesbnesatisfyingthis condition;

7 if , set ;

8 else

9 BoxMax(Page( ) s )

10. endif

11. endif

12. endfor

13. return ;

is a straightforvard recursve algorithm. To find the box-maxover box , we

shouldcall BoxMax(rootpage, , - ). Themaindifferencebetweerthis algorithmandthe range

gueryalgorithmin an R-treeis in stepsb-7, which correspondso the -maxoptimization. For an
index record , thealgorithmchecksthe max-valueobjectsstoredin . If ary of themintersects

with , thereis no needto examinesubtree().
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Algorithm Inseri{Tree ,Box ,Value ) Giventreeindex ,abox andavalue ,thealgorithm

insertsanobjectwith and into

1. ;

2. rootpageof ;

3. while ( isnotleaf) do

4. for everyrecord in  where intersectawith

5. if is containedn and then

6. Remae subtree();

7. else

8. for every suchthat

9. Modify eachboxin by subtracting fromit;
10. endfor

11. if , modify everyboxin by subtracting fromit;
12, endif

13. endfor

14. if  haszerorecord,gotostepl9;

15. if is empty gotostep20;

16. ChooseChild( , MBR( ));

17. endwhile

18. Optimizationsfor aleaf page;similarto steps4 through13; omit;
19. if isnotemptyinsert MBR( ), into ;

20. while (  isnotroot) do

21. if  overflowsthen

22. Split( );

23. elseif  underflavsthen

24, Remore andreinsertherecordsrom intothetreeat ’slevel;
25. endif

26. Adjusttheentryin Parent( ) pointingto ;

27. set Parent( );

28. endwhile

29. if  overflowsthen

30. Split old rootandcreatea new root;

31. elseif  hasonly onerecordand is notleafthen

32. Remore andset ’'schild asthenew root;

33. endif
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Generally the insertionalgorithm follows a single path from the root down to a leaf.
Reoganizationsnayfollow the pathbackupto theroot. The optimizationsareappliedwhengoing
down the tree. Steps5 and 6 correspondo the box-eliminationoptimizationwhich removes a
sub-treeif the newly insertedobjecthasa larger value and spatially containsthe sub-tree. Steps
8 to 11 correspondo the area-reductiomptimizationwhich tries to reducethe size of the box to
be inserted. Step14 dealswith the rare casewhenall sub-treesn someindex page become
obsoletedue to the insertion of an object. This may occuronly when is a root page,since
otherwisethe index recordpointingto  in the parentpagewould be obsoletebefore  hasa
chanceto be examined. For this case,the algorithmresultsin a tree with a single pageand a
singlerecord. Step15 meansthatthe objectto be insertedis obsoleteand no recursve insertion
into lower levels are needed. Step 16 choosesa child pageto recursvely insertinto. We use
the samealgorithmas in the R*-tree. So the ChooseChildprocedureis not discussedn detail
here. In steps20to 28, the pathof pagess examinedbackwards. The way to split an overfloved
pageandto reinsertentriesin an underflaved pageareidenticalto the approachem the R*-tree,
plus the maintenancef the additionalinformation kept along with eachindex record. Steps29
through 33 handleoverflon/underflav of the root page. As a consequencethe tree height may

increase/decrease.

5.4 Performance

We comparethe performancenf the proposedMR-treeagainsthe plain R -tree,the aR-
treeandtheaR-treewith the -maxoptimization(denotedasaR-tree ). All thealgorithmswere

implementedn C++ using GNU compilers. The programsrun on a Sun Enterprise250 Sener
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machinewith two 300MHz UltraSPARC-II processorsising Solaris2.8. The pagesizeis 4KB.
For spacdimitations we reportthe performanceof the MR-tree only for , Where is
the numberof max-\alue objectskeptin eachindex recordand is the numberof boxes usedto
represenaunion. Similarly, theaR kmaxuses . Eachindex utilizesanLRU buffer anda path
buffer, which buffers the mostrecentlyaccessegath. The total memorybuffer we usedfor each

programhas256 pages.

We presentesultswith two datasetseachcontaining5 million squareobjectsrandomly
selectedn atwo-dimensionakpace.The spacen bothdimensionds [1, 1 million]. Thefirst data
setwasusedto testthe performancen the presencef small objects. The size of eachobjectwas
randomlychoserfrom 10to 1000. The seconddatasetcontainsmediumsizedobjects.The sizeof

eachobjectwasrandomlychoserfrom 10to 10,000.
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Figure 5.4: Comparing the performance for small object dataset.

Figure5.4 compareghe performanceor the small objectdataset.In the figure we use
R* aR,kaR,MRto representhe R*-tree,the aR-treethe aR-tree andthe proposedVR-tree,

respectrely. The MR-treeusesabout25%lessspace(figure 5.4a)thanthe othermethods.Thisis
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becausesomeobsoleterecordswereremoved from theindex. TheaR-tree occupieghe most
space sincecomparedwith the R*-tree andthe aR-treeit storesmore informationin eachindex

record.

To evaluatethe queryperformancethe queryrectangleareavariesfrom 0.0001%to 50%
of thewhole space.For eachqueryrectanglesize,we randomlygenerated 00 squarequeriesand
measuredhe total runningtime. This runningtime was obtainedby multiplying the numberof
I/Os by the averagedisk pagereadaccesdime (10ms),andthenaddingthe measuredCPU time.
The CPU time was measuredy addingthe time spentin and modeasreturnedby
the systemcall. Figure5.4bshavs the averagetime per queryfor variousquerysizes.
While all methodsare comparabldor small queryrectangleqsincefew objectssatisfythe query
aryways),the MR-treeis clearlythe bestasthe queryrectanglesizeincreasesNote thatthe query
time scales logarithmic,sotheactualdifferencein queryspeedss drastic(for example,with query
size of 1% the MR-treeis about20 times fasterthanthe aR-tree). The reasonis that for large
gueryrectanglesthe MIN/MAX queryhasmorechancego stopathigherlevelsin the MR-tree.In
particular theaR-treewill decideto omit examininga sub-treeonly if the queryrectanglecontains
thebox of thewhole sub-tree Ontheotherhand the MR-treesearchmayomit traversinga sub-tree
evenif thequeryrectangleartlyintersectavith it. Theusefulnessfthe -maxoptimizationcanbe
seenwhencomparingheaR-tree with theplainaR-tree. The MR-treeperformsbetterthanthe
aR-tree for two reasons.First, dueto the additionaloptimizations the MR-tree storesfewer
objects. Secondobjectsin the MR-tree have smallerarea(the areareductionoptimization),and

thusachieve betterclustering.
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Figure 5.5: Comparing the performance over medium objects.

For medium-sizeobjects,the performancemprovementof the MR-tree over the other
structuress evenbetter(figure5.5). Thereasons thatlarger objectshave morechancego contain
otherobjectsandthusmake themobsolete;asa result,the MR-treebecomesnorecompact. This

trendcontinuedwith datasetsvith largerobjects(resultsnot shavn for brevity).
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Figure 5.6: Comparing the index creation time.

We alsocomparedheindex generatiortiime. For smallobjects(figure5.6a) the MR-tree
needsmore CPU time to generatgabout2.5 timesmore), but a little lessl/O time. Thisis to be

expected.Althoughthe MR-treeoccupiedessspacethe generatiorof it needamoreCPUtime to
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maintainthe extra information storedin the index records. For mediumobjects(figure 5.6b), the
MR-treetakes aboutthe sameCPU time but lessl/O time ascomparedwith the otherstructures,

sinceit is muchsmaller

5.5 Optimize the MSB-tree

We first review the MSB-treewhich was proposedby [YWO0O0] to answerthe box-max
gueriesfor 1-dimensionalnterval data.We thenshav how oneof our proposedptimizationtech-

nigues(the box-eliminationoptimization)canbe utilized to improve it.
query
—
3

| |

-0 5 1015 20 35 45 +wo

Figure 5.7: Illustration for box-max query in the 1-dimensional case.

In orderto supportox-maxfor thel-dimensionatlata,[YWOO] proposedo pre-compute
theaggrgateshby dividing thetime spacento sggmentsandassociating valuewith eachsegment.
For example,if therearethreeobjectsasshowvn in figure5.7,thetime spacecanbedividedinto six

sgmentsasfollows:
[- ,5]:- ,[5,10]:2,[10,20]:4,[20,35]:- ,[35,45]:3,[45,+ ]:-

Here eachsegmentis representedby [start,end]:elue, wherevalue=- meansthat not

partof the correspondingntenal hasbeencoveredby aninsertedobjectyet.

An examplebox-maxqueryasillustratedby thethick line sgmentin figure5.7 hasresult

4, sincethequeryinterval intersectdwo objectsandthelargervalueof theobjectss 4. Equivalently
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thequerycanbeperformedoby scanninghroughtheabore six segmentsandreturnthelargestvalue

amongtheintenalswhichintersecthe query

Whentherearetoo mary suchsegmentghatthey donotfit in onedisk page aB+-treelike
index (the MSB-tree)is maintained:adjacentsegmentsare clusterednto leaf pagesof the index.
Along with the index recordpointingto a leaf page,anintenal anda value are maintained. The
intenal is theunionof all sggmentsin the page,andthevalueis the maxvalueacrossall sggments
in the page.If therearealot of suchindex recordsthey areclusterednto index pagesecursiely.

At thehighestlevel, the MSB-treehasa singleroot.

To performa queryon the MSB-tree,theroot pageis examinedfirst. We know thatthe
intenals (of records)in the pageareconnectedo eachother Soamongtheintenalsthatintersect
thequery therecanbe at mosttwo whoseintervals partially intersecthe query while all the others
arefully containedn thequery If theroot pageis anindex page for ary recordin the pagewhose
intenal is fully containedn the query thereis no needto examinethe sub-treereferencedy this
record. The reasonis thatthe max value of the segmentsin the sub-treeis alreadystoredalong
with theindex record.For eachof thetwo recordswhoseintenals partially intersecthe query the
gueryalgorithmrecursvely goesto the pagereferencedy therecord.Notethatthistime,eachpage
canhave at mostoneinterval which is partially containedn the query Thusthe queryalgorithm
follows two pathsfrom the root level to the leaf level andthusthe compleity of the algorithmis

O( ), where isthepagecapacityand is the numberof leaf-level elements.

Theindex asdescribedabore may have expensve updatessinceeachupdate(inserting

an objectwith anintenal anda value) needto examineall the leaf elementswhich intersectthe
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insertednterval. To improve performance[YWO00] proposedo maintainanadditionalvaluealong
with eachindex recordasthe min valueof the leaf-level elementsn the sub-tree By doingso,we
achieze O( ) updateperformanceaswell. The reasonis thatfor ary index record whose
intenal is containedn theintenal of theobject to beinsertedthereis no needto updatethe sub-
treereferencedy this index record. Instead we updatethe min valuestoredat to bethelarger

onebetween andtheoriginal min valueof .

An MSB-treeis called if thenumberof leafrecorddn it is minimum. The MSB-
tree updatealgorithm doesnot ensurethe compactnessf the tree. Sinceit is idealto maintaina
small ,[YWO0OQ] proposedo periodicallyreconstructhe MSB-tree.To reconstructthewholetree
is browsedin adepth-firstmanneto reporteveryintenal togethemwith theaggreationvalueduring
thisinterval. Theintenalsthusreportedarecontinuougo oneanother Adjacentintenalswith the
samevalue are melged. All the intervals are theninsertedinto a second,initially empty MSB-
treewhich eventuallyreplaceghe original tree. During the reconstructiorphase the MSB-treeis

off-line, i.e. nonew insertioncanbe made.

Wediscusshow to applythebox-eliminationoptimization(proposedn section5.2)to the
MSB-treeto getarelatively muchsmallertreewhile it remainson-line. Theideais thatwheneer
the min and max valuesof anindex record becomesequalduring aninsertionprocessyemove
thewhole sub-treereferencedy . The min andmaxvalueof will becomeequalwhenannew
objectis insertedwhoseintenal containstheinterval of andwhosevalueis largerthanthevalue
of . Notethatin aMSB-tree,the unionof intervals of all recordsat eachlevel is thewhole space.
However, if asub-trees removed from theindex, this conditiondoesnot hold any more. We need

to adjustthetreesuchthatthe conditionstill holds. Suppose@nindex record pointsto thesub-tree
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whichwasremoved. If istheonly recordin apage meigethe pagewith asibling page;otherwise,

thereexistsasiblingrecord wherethe sub-tregpointedby hasnot beenremoredyet (otherwise
and would have beenmergedinto onerecord). Without lose of generality suppose is aright

siblingof . Merge with by extendingtheintenal of to contain . Also, thefirst recordof

every nodein theleftmostpathstartingfrom needso be extendedaswell.

To analyzethe complity of the modifiedalgorithm, notethatat eachlevel of the tree,
at mosttwo pagesare examined. In eachpage,thereare obsoleterecords. For eachof
theserecords,we needto follow a single pathfrom the pagecontainingthe recordto someleaf.
Thusthe worst caseupdatecompleity is where is the numberof leaf records.
This discussiordoesnot countthe costto free up the spaceoccupiedby the sub-treepointedto by
obsoletaecords.In fact,sincethesesub-treesmrenotneededn ary updateor queryto beperformed
later, thegarbagecollectioncanbeperformedoy abackgroungrocessComparedvith theoriginal
MSB-treeupdatealgorithm, the modified updatealgorithmis a little more expensve in the worst
case. However, this doesnot happenoften, sinceeachtime the modified algorithm spendsmore

timein updatethetreeis shrunk.

The major benefitof the optimizedalgorithmis that it resultsin a much smallertree
without periodicreconstruction.Considerthe insertionof anobject whoseintenal is the whole
spaceandwhosevalueis larger thanthat of every existing record. The original algorithmsimply
updateghe min andmax valuesof all root-level recordsandthusthe numberof leaf recordsdoes
not change.Onthe otherhand,the optimizedalgorithmimmediatelydecideghatthewholetreeis

obsoleteandthusresultsin avery compactree:atreewith only oneleafrecord.
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5.6 Conclusions

We examinedthe problemof computingMIN/MAX aggreationqueriesover spatialob-
jectswith non-zeroextents. We proposedfour optimizationtechniquedor improving the query
performance.We introducedthe MR-tree, a nen index explicitly designedfor the maintenance
of MIN/MAX aggregates. The MR-tree combinesall proposedoptimizations. An experimental
comparisorshaved that our approachprovides drasticimprovementespeciallywhen query sizes
increase.As a by-product,we shaved how one of the optimizationscanbe appliedto improve an

existing aggrgationindex (the MSB-tree).
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Chapter 6

Aggregationover Data Streamswith

Multiple Time Granularities

6.1 Intr oduction

Previous temporalaggr@ationwork, including our work in chapter2, is expressedn a
singletime granularity Usually this granularityis the sameas the granularityusedto storethe
time attributes. Recently therehasbeenmuchresearcton multiple time granularitie BDE+98,
BWJ98 BS99,BJWO0Q Bet0]. In mary datawarehousingjuerylanguagese.g. Microsoft's MDX,
onequerycanreturnresultsat multiple granularities.Considera databasérackingthe phonecalls
recordsandlet the time granularitybe in seconds.Eachphonecall recordis accompaniedy an
intenal [start, end (bothin seconds)ndicatingthe time periodthis call took place. A temporal
aggrgateexampleis: “find thetotal numberof phonecalls madebetweenl2:30:01and 15:30:59

today”. While aggr@atingpersecondnaybe necessaryor querieson therecententerprisehistory
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(saywithin 10 days),for mary applicationst is not crucialwhenqueryingthe remotehistory (for
example,dataolderthanayearago).In thelattercasetheaggrgationat a coarsetime granularity
(e.g., per minute or per day) may be satishctory enough. The ability to aggreate using coarser
granularitiesfor older datais crucial for applicationsthat accumulatdarge amountsof data. As
an example,[JMS9] citesthat a major telecommunicationsomparny collects75GB of detailed
call dataevery day or 27TB a year With this hugeamountof sourcedata, even the specialized

aggrgationindex undera singletime granularitywill soongrow too large.

Saving storagespaceis especiallyusefulfor applicationsunderthe streammodel,which
wasformalizedrecentlyby [HRR98]. A streamis an orderedsequencef pointsthatarereadin
increasingorder The performanceof an algorithmthat operateson streamsis measuredy the
numberof passeshe algorithmmustmale over the streamwhenconstrainedy the size of avail-
ablestoragespace.The modelis very appropriatdor examplewhenanalyzingnetwork traffic data
[GMM+00, DHOO, GKS01,GKS01b]. Theamountof datathatis generatedn suchapplicationss
very large,andcertainlycanexceedary reasonablamountof availablememoryquickly. Therefore
ary analysistechniquehasto assumehatit canmake only one passover the data. Recentlypro-
posedtechniquednclude clusteringalgorithmswhen the objectsarrive as a stream[GMM+00],
computingdecisiontree classifieswhen the classificationexamplesarrive as a stream[DHO00],
aswell ascomputinghistogramsand answeringrangequerieswhenthe valuesarrive in a stream

[GKS01,GKS014.

It is reasonableo considertwo streammodels: the window model, wherewe are only
interestedn datathat arrived recently within awindow  from currenttime, andthe complete

model,whenall dataareequallyinteresting.Both of the modelshave limitations, sincein thefirst
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modelold dataarecompletelylost, andin the secondmodelaccurag cansufer sincethe size of

availablestorageemainsconstantvhile theamountof dataincreasesontinuously

In this chaptewe assumedhatinsertionsanddeletionsof tuplescomeasa stream.Since
both the window modelandthe completemodelhave disadwantageswe proposea hybrid model
calledthe Hierarchical Temporl Aggregation (HTA) model We keepfull informationof all tuples
that arrived during the mostrecenttime, but we aggregateearlierrecordsat coarsergranularities.
We further separatehe HTA modelinto the fixedstorage modelandthe fixedtime windowmaodel
The differenceis basedon the mechanismso controlthe aggregation. The formeroneis basedon

thesizeof the structuresandthelatteroneis basednthe amountof time thatpasses.

Besidesconsideringthe (plain) temporalaggregation, we also considerthe more gen-
eralrange-temporahggregation(chapter2) aswell asthe spatio-temporahggrgationproblem. A
range-temporahggrgationqueryis: “find how mary phonecallsweremadein 1999from phones
in the 626 area(Los Angeles)”. An exampleof a spatio-temporaaggreationqueryis: “givenan

arbitraryspatialregion, computethetotal rain precipitationin this regionin 1999".

Thecontributionsof the chaptercanbe summarizeds:

We provide efficient solutionsusing specializedaggreationindicesfor temporalaggrgate
problemsundermultiple granularities.In particularwe proposesolutionsfor both the fixed

storagemodelandfor thefixedtime windowv model.

Basedon thetemporalaggregationsolutions,we proposea generalframevork of computing

aggrgatesusingmultiple time granularities.
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We shawv how theframavork canbe specializedo solve the range-temporahggreationand

the spatio-temporahggreationproblemsunderthe fixed time window model.

Finally, we presenextensve experimentalesultsthatvalidatethe newly proposedtructures.

Theability to aggreatewith fixed storagas reminiscenbf the on-line aggregation pro-
posedin [HHW97]. There,whenan aggrgationqueryis asked, an approximateansweris given
very quickly. Thisansweiis progressiely refined,while the useris providedwith the confidenceof
the currentanswerandthe percentagef the elapseccomputatiortime out of the total time needed
to getthefinal answer[LMO1] achiereda similar goalby keepingaggregateinformationin thein-
ternalnodesof index structures.The problemexaminedin this chapteiis differentsincewe do not
keepall the informationasthe existing works do, andwe alwaysgive exactanswerdo the aggre-
gationqueriesvery fast,with the exactanswerdor the remotehistory beingaggreatedat coarser

time granularities.

Aggregatingwith differentgranularitiesalsoresemblesheroll-up operationexaminedin
datawarehousingtudies. A datawarehouses usuallybasedon a multi-dimensionaldatamodel.
Along eachdimensiona concepthierarchy may exist, which definesa sequencef mappingsrom
a setof low-level conceptdo high-level, moregeneralconcepts.For example,alongthe
dimension,we may have a concepthierarchy . Theroll-up
operationperformsaggreation by climbing up a concepthierarchyfor a dimension. In a sense
the HTA modelalsoaimsto “roll-up” by climbing up the time hierarchy However, the problem
examinedhereis differentfor two reasons:(1) In a datawarehousethe informationis storedat

the finestgranularity while in the HTA model,informationis storedat differenttime granularity
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accordingto whetherthe informationis old or new; and(2) Theroll-up in datawarehousindakes
placeatquerytime,which allows theuserto gettheaggreationresultsat coarsegranularity;while

in the HTA model,theroll-up takesplaceautomaticallyandsystematicallyasdataaccumulates.

Relateds alsothework in [SJP0], which presentsan effective techniquefor datareduc-
tion thathandleghe gradualchangeof the datafrom new detaileddatato older, summarizedata
in a dimensionaldatawarehouse Although the time dimensioncanbe consideredasan ordinary
dimensionin thedatawarehousegur work differsin thesemantic®f dataover thetime dimension.
Considerthe casewhena tuple is valid acrossall daysin a week. In our ervironment,the tuple
valuewill be countedoncetowardsary querywhich intersectghe valid week. In the dataware-
houseenvironment,however, thetuple valuewill be countedoncefor every day of theweek. Thus
to aggrgateby week, the techniqueof [SJP0] will multiply the tuple valueby 7. Clearly both

semantichave practicalmeaningsHowever, they applyto differentscenarios.

Therestof the chaptelis organizedasfollows. Section6.2 presentshe modelsof aggre-
gationandidentifiesfourimplementationssues.Thesolutionfor thetemporalaggreationproblem
underthe fixed storagemodelis presentedn section6.3, while the solution underthe fixed time
window modelis presentedn section6.4. Basedon thesesolutions,we proposea generalframe-
work for computingtime-relatedaggreatesusing multiple time granularitiesin section6.5. As
specialcasesof the framawork, the solutionsto the range-temporadggregation problemandthe
spatio-temporahggrgationproblemsunderfixedtime windov modelaregivenin sections.6and
6.7,respecirely. Theperformanceesultsappeain section6.8. Section6.9 discusseselatedwork

while conclusionsarepresentedn section6.10.
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Figure 6.1: The HTA model.

6.2 Model

The time dimensionnaturally hasa hierarchy A -level time hierarchyis denotedas

, Where is at the coarsesgranularityand is at the finest

granularity Hereeachgranularityhasa valuerange(normally a finite subsebf the setof integers).

Any timeinstantcorrespond$o afull assignmenof the granularitiesFor example,a3-level time

hierarchymay be: . Hereatthefinestgranularitywe have days,which are
groupedin months,which arefurthergroupedin years.A time instant“‘Oct 1, 2001” corresponds

to thefollowing full assignmenbf thethreegranularities: =2001, =10, =1".

Givena -level time hierarchythe Hierarchical Tempoal Aggregation (HTA) modeldi-
videsthetime space into segmentsandfor eachseggment , theaggre-
gatesare maintainedwith granularity (figure 6.1). Here is a fixedtime specifyingthe
creationtime of thedatabasand correspondo theever-increasingcurrenttime. Thedividing

timesbetweemairsof adjacensegmentsaredenotecas

As progresseandasnew objectsareinsertedtheinitial assignmentsf thedividing
timesmaybecomepbsolete.Thus,ary solutionto thetemporalaggrgationproblemunderthe HTA
modelshouldallow the correspondingegmentsto be dynamicallyadjusted. Dependingon what

triggersthe dynamicadjustmentyve furtherseparatéghe HTA modelinto two sub-models:
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Fixed StorageModel. Theassumptiorfor this modelis thatthe availablestorages limited.
Whenthe total storageof the aggr@ateindex becomesnorethana fixedthreshold , older

informationis aggreatedat a coarsegranularity

Fixed Time Window Model. Herewe assumehatthe lengthsof all sgments(exceptthe
first ) arefixed. For example,in whererecordsareaggrgatedby

(sayby day),we maywantto keepinformationfor oneyear;for whererecords
areaggregatedby (sayby month),we maywantto keepinformationfor five years,

etc.Henceas adwanceswe needto increasahedividing time instants

Thetwo modelsaregearedowardsdifferentrequirementsFor example,in a telephone
traffic applicationwe maywantto alwaysmaintainthe aggrgateoverthe mostrecentday(i.e., the
window sizeof the latestsegment, is setto aday). On the otherhand,thefixed storage
modelguaranteeds storagerequirementsut the length of the aggrgation maybeless,equalor

morethanaday

Toincreasadividingtime  inthefixedtimewindow model,boththeaggreateindices
for and shouldchange.To maintainefficiengy thefollowing is needed(a)
We shouldavoid building the completeindex structuredor thetwo segmentsaround  wheneer
it advances.Rather somekind of shouldbe performed. (b) We shouldavoid frequent
dividing time adwances. If we actually maintain to be a fixed value, the dividing times
shouldadwanceevery time adwances.Instead we allow to beavaluewithin a certain

range andweincrease  wheneer reaches
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Figure 6.2: A record may affect several segments.

To designan aggr@ationindex underary of the two models,thereare four issuesthat

needto beaddressed.

1. Structure: We needto maintainanindex for eachof the seggmentsandwe needto integrate

theseandices(andpossiblysomeadditionalinformation)togetherasaunifiedindex structure.

2. Query: We needan algorithmto evaluatean aggr@ation query by looking up the unified
index structure.Oneimportantissueis thatfor a querywhich touchesseveral segmentswe
shouldavoid countingthe samerecord more thanonce. In figure 6.2, the shadeved box
illustratesthe query which involves segmentl andsegment2. The queryresultis the total
weightof records . However, sincewe maintaintheaggrgatesor eachsegment
individually, record and aremaintainedn bothsegments.Soif thequeryis dividedinto
two, onepersegmentandaggrgatethetwo queryresults, and wouldbecountedwice,
which shouldbe avoided. Anotherissuethatariseuponqueryis the querygranularity As
figure 6.2 shawvs, a query may spanmore than one sggments,where eachsegmenthasa
differentgranularity In this case,we assumehe query granularityto be the coarsesbne

amongall thesesggments.

3. Update: We needto incrementallymaintainthe unified index structureasnew objectsare

inserted/deleted.
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4. Advancing the dividing times: The two sub-modelgliffer in how the advancements trig-
gered. However, for both models,we needto adwvancethe dividing times systematically
Moreover, informationbeforethe new dividing time shouldbe removed from theindex and

aggr@gatedat a coarseigranularity

6.3 Temporal Aggregationwith Fixed Storage

[YWO01] proposedwo approacheso incrementallymaintaintemporalaggr@ates.Both
approachesely on usingtwo SB-teescollectively. In this sectionwe first proposea slightly dif-
ferentapproachandthenwe presenta techniqueto extendthe approachunderthe fixed storage

model.

6.3.1 The 2SB-tree

A single SB-treeasproposedn [YWO01] canbe usedto maintaininstantaneoutemporal
aggr@gates.Onefeatureaboutthe SB-treeis thata deletionin thebasedableis treatedasaninsertion
with a negative value. Thusin therestwe focuson theinsertionoperation.[YWO01] alsoproposed
two approache$o maintainthe cumulatve temporalaggrgate. Thefirst approachs calledDual
SB-tee Two SB-treesarekept. Onemaintainsthe aggregatesof recordsvalid at ary giventime,
while the othermaintainsthe aggreatesof recordsvalid strictly beforeary giventime. Thelatter
SB-treecanbeimplementedria the following techniquewheneer adatabaséuple with intenal
is insertedin the basetable,anintenal is insertedinto the SB-treewith starttime being and
endtime being . To computethe aggreation querywith queryintenal , the approacHirst

computegheaggregatevalueat . It thenaddstheaggrgatevalueof all recordswith intervals

105



strictly before andfinally subtractghe aggrgatevalue of all recordswith intervals strictly

before

Thesecondapproachs calledtheJSB-tee Logically, two SB-treesareagainmaintained.
Onemaintainsthe aggregatesof recordsvalid strictly beforeany giventime, while the othermain-
tainsthe aggr@atesof recordsvalid strictly afterary giventime. Physically thetwo SB-treescan
becombinednto onetree,whereeachrecordkeepstwo aggregatevaluesratherthanone.To com-
puteanaggreatewith queryintenal , thisapproactsubtractgrom thetotal valueof all maintained
intenals (whichis asinglevalueandis easilymaintainedtheaggregateof all recordswith intenals
strictly before andtheaggrgateof all recordswith intenvalsstrictly after . As[YWO01]

pointsout, thetwo approacheblave tradeofs andno oneof themis obviously betterthanthe other

We herebyproposea new approachcalledthe 2SB-tee The ideais againto maintain
two SB-trees.Onemaintainsthe aggregatesof recordswhose timesarelessthanary given
time, while the othermaintainsthe aggrgatesof recordswhose timesarelessthanary given
time. To computeatemporalaggreateregardinginterval , we find thetotal valueof recordswhose

timesarelessthan andthensubtracthetotal valueof recordswvhose  timesareless
than . Note that eachsuch SB-treestakes asinput, besidesa value, a point insteadof an
intenal. Thepointimpliesaninterval from it to . Comparedvith the Dual SB-tree to answer
anaggreationquerywe needo performtwo SB-treetraversaldnsteadof three.Comparedvith the
JSB-treeapproachthereis no needto maintainthetotal weightof all recordsandthetwo SB-trees
have unifiedpointinput. In the JSB-treewe canalsolet thetwo SB-treegake pointinput; however,
the input points have differentmeaningdor the two trees.In onetree,it impliesanintenal from

to the point, while in the othertree, it impliesaninternval from the pointto
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6.3.2 The 2SB-treewith Fixed Storage

Whenwe have fixedstoragespacewe extendboth SB-treesn the2SB-treeapproachwith
multiple time granularitiesunderthe fixed storagemodel. Eachof the extendedSB-treess called
the SB-teewith fixedstorage (SB-tee ) andthe completeindex is calledthe 2SB-teewith fixed

storage (2SB-tee ). It is enoughto discusghefour implementationssueson asingleSB-tree

Snap Snap, Snap_;
| I P e I
ori 1 2 k-1 now
9 tdiv tdiv tdiv

Figure 6.3: Structure of the SB-tree

Structur e: Similarly with asingleSB-treein the2SB-treeapproachtheSB-tree  main-
tainsa setof time pointsandis ableto answetthe 1-dimensionatlominance-surqueryof theform:
“givenatime , find the total value of all pointslessthan ”. The extensionis that the time di-
mensionis divided into  segments. For eachsegment,an SB-tree  is maintained. The total

storagesize canbeenforcedby requiringthateachindex occupiesnomorethan  diskpages,

where canbe setby the warehousananagerdependingon applications.Furthermore,

. For simplicity we assumehat . Foreachdividingtime , a
value is alsokept. This valueis thetotal valueof all pointsinsertedoefore . Figure6.3
illustratesthe structure.

Query: In orderfor theSB-tree  to computeadominance-sumwefirstfind thesegment
which contains andqueryindex . Then,if , is addedto the queryresult. Note
thatby reducinghetemporakggregationqueryinto dominance-surmguerieswe have automatically

avoidedthe problemillustratedin figure 6.2. This is becausen the reducedproblem,eachinput,
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Figure 6.4: Advancing the dividing time.

aswell asquery dealsnot with aninterval, but with a point, which falls into exactly one of the

segments.

Update: Toinsertapointwith time andvalue , wefind thesegment which contains

andinsertthepointinto . Next, isaddedo . Last,if thesizeof becomes
larger thanthe threshold , we adwancethe dividing time . Thisreduceshesizeof by
removing partof theindex while the removed informationis aggreatedat andstoredin
index

Advancing the dividing time: Figure 6.4adepictsan examplewhere is aggrgated
by monthwhile is aggregatedby day Assume becomedoo big andthus needsto be
advanced.Considerthetime intervals of therecordsin theroot pageof index  (figure6.4b). The
lifespanof isbetween and . Themajorticks representhe monthsandthe minor ticks
representhe days. The dividing time shouldoccurata majortick sinceit is alsothe endtime
of thelifespanof index , which is aggregatedby month. The rectanglesn figure 6.4brepresent
theroot-level recordsin SB-tree . Thelifespansof theseroot-level recordsarecontiguouso one
anotherSince isaggregatedby day the connectiortimesof theserecordgall ontheminorticks,

but they may notfall on majorticks.
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To adwvancethe dividing time  , we needto choosea new dividing time and
move the informationbefore from to (aggr@atedata coarsemranularity). For sim-
plicity let's assumeéhathalf of theinformationis movedover. Straightforvardly, onewishesto go
totherootpageof andmovethesub-treepointedto by theleft half of therecords.For example,
in figure6.4b,we shouldmove thesub-treepointedto by thefirst four root-level recordfrom  to

. Wefirstassumehatthelastroot-level recordto bemovedendsata majortick (whichis thecase
in the figure, asillustratedby the thick line segment). The casewhenthe recordendssomavhere
insidea monthis discussedfterwards. To remove informationfrom  is easy:we just performa
treetraversalonthe sub-treenddeallocateall treepagesmet. We thusfocuson how to update

andwe proposdwo algorithms.

Algorithm 1. Notethatthe SB-tree  logically maintainsa setof points,eachof which
correspond amonthandaday Since aggrg@ateshy month,we shouldstandardiz¢hesepoints
suchthatthey correspondo monthsonly. Thealgorithmis to find for every monthbefore ,
thetotal valueof pointsinsertedsometime duringthis month. If thevalueis notzero,weupdate .
For the exampleof figure 6.4b,we find the total value of pointsinsertedduringmonthsl, 2 and3,
respectirely. To find thevaluefor agivenmonth,saymonth2, we performadominance-sumuery

atthefirst day of month3 andthensubtractrom it thedominance-sunatthefirst day of month2.

In theabove algorithm,thenumberof queriesve performon  for anadvanceof dividing
timeis equalto , the numberof monthsbetween  and . Thusthetotal I/O spentfor
thesequeriesis , where isthenumberof leafrecordsn and isthepagesize
in numberof records.Although  is normallysmallerthan , thisis notalwaystrue;e.g. when

theapplicationgeneratesparsalatawhereeachrecordspansseveralmonthsanddifferentrecords
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Figure 6.5: Illustration of algorithm 2.

have little overlap. We herebyproposea algorithm. We canchoosebetweerthe two

algorithmsatruntime whenthevaluesof and areknown.

Algorithm 2. The ideais that we reconstructhe entireaggregyateson the partof  that
needdgo beremoved. As shawvn in [YWO01], this canbeperformedoy adepth-firstraversalto reach
all leafnodes.Theresultis alist of intenals,oneconnectingo anothereachof whichis associated
with avalue(thedominance-suratall time instantsduringthisintenal). An exampleof suchalist
is shavn in figure6.5. We usethis exampleto illustratehow we canidentify the monthsandvalues
to beinsertedinto by traversingthis list only once. Initially, we meetthe first intenval [Jan1,
Janb). Sinceit startsandendsin the samemonth,no changeis needed Whenwe seethe second
intenal [Jan5, Mar 5), we concludethatin January(the monthof the starttime of theintenal), the
sumof all insertedpointsis 4. Thistriggersanupdateof . Thenext interval [Mar 5, Mar 20) can
beignoredagain.Thelastinterval [Mar 20, Jun30) hasvalue9. Thevalueis the sumof all points
insertedin Januaryandin March. To getonly the sumof pointsinsertedin March, we subtract4

from it andwe get . Thistriggerstheotherinsertionin

Now we considerthe casewhenthelastroot-level recordto be moved doesnot endat a
majortick. E.g.in figure6.4b,assumehatthefourthrecordendsnotat , butat . To handlethis

situation,we choose to bethelastmajortick before (whichis in thisexample).There
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is asinglepathin  from root to leaf alongwhich eachrecordcontains . Theserecordsareall
splitat ; theleft copiesare aggrgatedandrecorded(alongwith the sub-treerootedby the first

threeroot-level records)n , while theright copiesareretainedn

After the sub-treesareremovedfrom , index  is updatedandthe dividing time
is advancedto , thereis onemoreissueto resohe. Supposdhe dominance-sunat
ontheprevious is , weneedtoadd to . Furthermorewe needto update suchthat
a dominance-sunguerywithin thenew is not affectedby the partthatwereremoved. This is

achieved by insertinginto  value  attime

Theorem7 Let bethestorage limit in numberof diskpagesand denotethe page capacityin
numberof recods. The2SB-tee  with timegranularitiescomputes tempoarl aggregatewith

I/Oswhile theamortizednsertioncostis

Proof: An SB-tree with time granularitiescontains SB-treespnefor eachgranularity
Thusa 2SB-tree with time granularitiescontains  SB-trees. We canallocate pages
for eachSB-tree. Thusthe max numberof leaf recordsin every SB-treeis . Sincethe
guerycostfor asingleSB-treeis [YWO01], where isthenumberof leafrecordsandto
computeatemporalaggrgatethe 2SB-tree  performsonequeryin eachof thetwo SB-treesthe

qguerycostis

Now we considertheinsertioncost. We know thattheinsertioncostof a singleSB-treeis
. By applyingsimilar reasoningasin the previous paragraphwe arrive atthe conclusion
thattheinsertioncostof the2SB-tree is if noadwancingof thedividing timetakes

place.lf anSB-tree occupiesnorethan pagesiueto aninsertion we needo move half of the
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treeto . Assumethatwe usethe secondalgorithmasdiscusseatarlierin this section.The cost
containsthreeparts: (1) the costto reconstructhe aggr@atesfor the to-be-remweed partof ; (2)
thecosttoremorefrom ; and(3) thecostto insertinto . Thecostof partlis [YwO01].
Thecosttoremorefrom is also . Thecostto insertinto is — , since
thereare intenals in the reconstructedggrgatelist and (in the worst case)for each
oneof theman insertiontakes placein . In the worst case,the operationof moving half of
the treeto anotherSB-tree(which aggregatesat a coarsergranularity)is executedrecursvely for
times. Sowe concludethatthe costof advancingadividing timeis . Now,

sinceafter eachsuchadwancementthe SB-treewherehalf of the tree wasremoved is only half

full, to fill it takesanother insertions. Thusthe costof adwancinga dividing time can
be amortizedamongthe insertions,or perinsertion. To sumup, the
amortizednsertioncostof the2SB-tree is . |

6.4 Temporal Aggregationwith Fixed Time Window

For simplicity, we assumehattherearetwo levelsin thetime hierarchy:
Oursolutionin thissectioncanbeextendedo threeor morelevels. Thetimedimension
is dividedinto two segmentsby thedividing time . As discussedbefore thedifferencebetween
and shouldbe within a certainrange . Without lose of generality we assume
that and , i.e. . Similar to the methodologyof
section6.3,we extendeachof the SB-treesn the 2SB-treeunderthefixedtime window model(SB-
tree ), andwe call the collective structurethe 2SB-teewith fixedtime window(2SB-tee ).

We now focuson asingle SB-tree
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Figure 6.6: Structure of the SB-tree

Structure: Figure 6.6 shavs the structure. Herewe use  to represensparse index,
which meansto aggregateby day; we use  to meandenseindex, which meanso aggrgateby
minute. Thedividing timeis currently . Forpointsbefore , wemaintainasparsendex . For
pointsafter , we maintaintwo denseindices and , correspondingdo the pointsbefore
andafter . For pointsbelongingto andpointsbelongingto , we also
maintainsparsendices and . Thesendiceswill beaugmentedo index laterastime
adwances.Furthermoreat , and , we maintainthreevalues , and

asthetotal valueof the pointsbefore , thetotal valueof the pointsbefore andthetotal

valueof thepointsbefore , respecirely.

Query: Thealgorithmto computea dominance-sumegardingtime is asfollows:

If , returnthe queryresulton

otherwise jf , query or , dependingpnwhether is thefirst minuteof some

day;returnthe queryresultplus

otherwiseguery or , dependingonwhether isthefirst minuteof someday;return

thequeryresultplus ;

Update: Thealgorithmto inserta pointwith time andvalue is:
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Figure 6.7: Advancing the dividing time in the SB-tree
If , insertinto ;add to , and :
otherwisejf , insertinto and ;add to and ;
otherwisejnsertinto and ;add to
Advancing the dividing time: Whenthe currenttime advanceso (figure6.7a),
we needto advancethedividing time from to . Thealgorithmis:
Integrate into . First, reconstructhe aggregatesof . Then,scanthroughthe
resultlist of intenals; for eachintenal with value , insert into

, Where isthevalueof thepreviousintenal (for thefirstinterval, is0).

Set which standdor thetotal valueof pointsinsertedbefore ;
Initialize the densendex andthe sparsendex to beempty;
Remaoeindices and

After themodificationsthelayoutof the SB-tree isasshavnin figure6.7h We note
thatthe window size  canbe adjustedby the warehousananager A large  meansthat the
2SB-tree behaessimilarasthe 2SB-treewhich aggrgatesonly by minute.A small means

thatthe 2SB-tree behaessimilar asthe 2SB-treewhich aggrgatesonly by day
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6.5 The General Framework

In sections6.3 and 6.4, we have proposedmethodsto extendthe temporalaggreation
index (the SB-tree)to the fixed storagemodelandto the fixed time window model, respectiely.
Note thatthe temporalaggreation probleminvolves only onedimension:thetime dimension.In
generaltherearetime-irvolved aggrgation problemsthatinvolve multiple dimensionsgncluding

thetime dimension.Someexamplesare:

range-temporal aggregation: Maintain a setof objects,ead of which hasa key, a time
intervalanda value soasto efficientlycomputethetotal valueof objectswhosekeysarein a
givenrange andwhosentervalsintersecta giventimeinterval This problemwasintroduced
in [ZMT+01]. Comparedwith the previously discussedemporalaggregation problem, a
queryis further limited by a key range. The previous problemis actuallya specialcasein
thatthe querykey rangeis alwaysthe whole key space.An examplescenarids to maintain
a databasef phonecall records,eachof which hasa key (the telephonenumber),a time
intenal duringwhich the call occurredandavaluel. A range-temporajueryis: “find how

mary phonecallsweremadein 1999from phonesn the 626 areacode”.

spatio-temporal aggregation without spatial extent: Maintain a setof objects,ead of
which hasa ( -1)-dimensionapoint, a timeintervalanda value soasto efiiciently compute
the total value of objectswhosepointsare in a given hyperrectangleand whoseintervals
intersecta giventimeinterval An examplescenarids adatabasef measuredainfalls. Each
recordhasa 2-dimensionapoint (the locationof the measuringnstrument) a time intenal

during which arainfall occurred,anda valuefor the measuregrecipitation. A query may
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be: “find thetotal precipitationof rain falls measuredh the Los Angelesareain 1999”. Note
that the above formalizationassumeshat the queryarea(e.g. Los Angeles)is a rectangle.
Arbitrary gueryshapesanbe dividedinto a collectionof rectangulaareaghowever details

arebeyondthe scopeof this chapter).

spatio-temporal aggregationwith spatial extent: Maintain a setof objects,ead of which
hasa ( -1)-dimensionatectangleatimeintervalanda valug soasto efficientlycomputehe
total valueof objectswhoserectanglesntersecta givenhyperrectangleandwhoseintervals
intersecta giventimeinterval In the previousrainfall example,althougheachmeasuringn-
struments locatedat a pointlocation,eachrainfall occursoveranarea.Again, for simplicity
we assumeectangulaareas Thuseachrecordhasa 2-dimensionaftectanglgthe areaof the

rainfall), atime interval of therainfall duration,anda valueasthe measuregbrecipitation.

In this section we assumeheexistenceof aggregateindiceswith asingletime granularity
andwe build a generafframework of how to extendthesestructuredo thefixed storagemodeland
thefixedtime window model. Examplesof suchsingle-granularityndicesarethe SB-treglYW01],

the MVSB-tree[ZMT+01] andthe BA-tree[ZTG02].

As shawvn in section6.3.1,to aggregateobjectswith 1-dimensionakxtent (eachobject
hasatime interval), we canutilize two SB-treeseachof which maintainsa setof point objects(one
for theintenal starttime andthe otherfor theinterval endtime) andis ableto answetthefollowing
query:“computethetotal valueof objectswhosepointsareto theleft of aquerypoint”. Thisquery

is aone-dimensionalominance-sumuery
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Figure 6.8: Dominance-sum structure with fixed storage.

To generalize pur framenork of solving time-relatedaggreationsis asfollows. First,
theaggrgationis reducedo dominance-sumsMe assumehereexist dominance-sunmdiceswith
singletime granularity Next we discusshow to extendthesedominance-sunstructureso support

multiple granularitiesunderbothHTA models.

6.5.1 Dominance-SumFramework with Fixed Storage

For the fixed storagemodel,i.e. to compute -dimensional(including the time dimen-
sion)dominance-sumwith fixed storagespacethe extendedstructureis shavn in figure 6.8. Here
the time dimensionfrom orig to now is dividedinto segments,eachsegment COF
respondingto a single-granularity -dimensionaldominance-sunstructure . Again, eachsuch
index correspondso a differentgranularity e.g.  aggrgatesperyear aggr@atesper month,
and aggre@atesperday etc. At every dividing time betweenwo adjacentsggmentindices

and , a( -1)-dimensionabdominance-sunstructure(without the time dimension) is

maintainedvhichis usedto pre-computehe( -1)-dimensionalominance-sumaver pointsto the

left of
To performadominance-sumuery wherethequerypointfallsin segment , firstaquery
is performedon for objectswhosetimesarein sggment . Next, if , aqueryis performedon
for objectswhosetimesarebefore . Thesummatiorof thesequeriess theanticipated
result.
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Thetotal allowed storagespacecanbe allocatedto theindices and . Sincethe
sizesof indices areindependento the time dimension,we expectthemto be small. So
the main focusis the sizesof . As time adwancesandrecordsaccumulate, may becometoo
large. We handlethis by advancingthe dividing time to alatertime . Thereareseveral

operationghatneedto be performed:

1. divide operation: divideindex into two parts:  which correspondso the point objects
before and  which correspondso the point objectsafter . becomeghe

nev afterthedividing timeis advanced.

2. coarsenoperation: coarsenthegranularityof ~ sothatit aggr@atesatthesamegranularity

of . Theresultis usuallya muchsmallerindex

3. integrate operation A: integratethe coarsenedndex  with . Theintegratedindex is
thenewv

4. integrate operation B: integratethecoarsenethdex  with . Theintegratedindex
is thenewn

As anexample,in section6.3.1we discussedow to extendan SB-treeto multiple gran-
ularities. Thedivide operationis straightforvard. As shavn in figure 6.4b,the SB-treeis a B+-tree
like structurewhoseentriescorrespondo continuousintenals. The sub-treereferencedoy the
entriesbeforethe new dividing time is the first sub-treewhich is to be coarsened@ndin-
tegratedinto the previous index , while the sub-treereferenceddy the restentriesis the new

. The coarserpperationandthe integrationoperationA are performedtogetherin section6.3.1.
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Figure 6.9: Dominance-sum structure with fixed time window (two granularities).

TheintegrationoperationB is trivial for the SB-treewith fixed storagesincethe whichis
to beupdateds a singlevalue(correspondingo a O-dimensionalndex structure).Theintegration
simply addsto it thetotal valueof pointsin  , i.e. thosewhosetime instantsarebetween  and

. Thevaluecanbelocatedvia asinglesearchn theindex

6.5.2 Dominance-SumFramework with Fixed Time Window

If the four operationsidentified in the previous sectionare provided by the aggreate
indices,the structureshavn in figure 6.8 canalsobe usedfor the fixed time window model, too.
Sincethe SB-treeprovidesall thesefour operationsthe structureof the SB-tree proposedn
section6.4is not necessaryHowever, thatdiscussionllustrateshow the framevork workswhenat
leastoneof thefour operationss notprovided. For instancethisis the casewhenusingthe MVSB-
treeor theBA-treefor range-temporandspatio-temporahggregations sinceit is notclearhow the
divide operationandtheintegrationoperationsanbe performedwith theseindices. Thefollowing

discussiorassumeshatnoneof thefour operationss provided.

For simplicity, we considerthe casewhentherearetwo time granularities. The extended
structuras shavnin figure6.9. Again,theobjectswhosetimeinstantsarebefore  areaggregated
atacoarsegranularityintoindex  (standingor spaiseindex), andtheobjectswhosetime instants

are after are aggregjatedat a finer granularity into index and (here standsfor
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denseandex). We assumeahewindow sizebetweerthe dividing time andthecurrenttime
is alwaysbetween and . Thus maintainsthe aggrgation of pointsbetween  and
, while maintainsthe aggrejationof pointsafter . All theindices

and are -dimensionabdominance-sunndiceswith a singlegranularity

When adwancedo , we adwvancethedividing timeto

Sincewe have alreadyseparatedhe denseindex into two parts,thereis no needto performthe
divide operation.However, we still needto coarsen andintegrateit into . Sincewe do not
assumehe dominance-sunndex hasthis operationwe maintainalongwith aseparaténdex

, calledappendindex, which correspondso the pointsbetween  and andwhich
will beintegratedinto ~ whenthedividing time is to beadwanced.Similarly, we maintainsuchan
index alongwith . Onestraightforvard approacho implementsuchappendndicesis to
index theoriginal objectswherethetimeinstantsarealignedto coarsegranularities.This alignment
usuallymeanghatthe appendndicesaremuchsmallerthanthe correspondinglenseindices. For

example,supposéherearetwo time granularities andthelist of objectsare:

May 1995,value=1

Sepl995,value=4

Oct 1995, value=2 Then the correspondingappend index
Feb1996.value=3 maintainstwo items:

Apr 1996,value=5 1995,value=7

Aug 1996,value=2 1996,value=12.
Sepl996,value=1

Nov 1996,value=1,
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To supportqueries,we maintain( -1)-dimensionaindices , and ,
which maintainthe aggrgatesof pointsbefore , pointsbefore , andall points,respec-
tively. Notethat is not necessarysinceit is never usedin query Thereasorfor maintaining
it is thatwhenwe advancethe dividing time, ratherthancomputingthe nev (by integrating

into theold ), we cansimply take the pre-computed

As specialcasesf theframework, in the next two sectionsve discusgherangetemporal
aggr@ationandthe spatio-temporahggrgation problemswith multiple time granularities.Since
neitherof theexisting correspondinglominance-surstructuregMVSB-treeandBA-tree) provides

thefour operationgointedoutin section6.5.1,we focuson thefixedtime window model.

6.6 The RangeTemporal Aggregationwith Fixed Time Window

Wefirst shav how therangetemporalaggreationproblemcanbereducedo dominance-
sumsin section6.6.1. We have proposedhe MVSB-tree (section2.4) which is anindex structure
to maintaindominance-sumenderthe transaction-timenodel. In section6.6.2we shav how we
canextendthe MVSB-treeto fixedtime window modelasa specialcaseof the generafframavork

proposedn the previous section.

6.6.1 Reductionfrom RangeTemporal Aggregationto Dominance-Sums

In section2.3,we proposedatechniqueo reduceeachrangetemporalaggrgationquery
to 6 dominance-sumueries.Actually, thereductiontechnigugrom simplebox-sumto dominance-
sum (section4.2) can be appliedto reducea rangetemporalaggregationinto 4 dominance-sum

gueriesasfollows.
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Figure 6.10: A range temporal aggregation query is reduced to 4 dominance-sum queries.

Intuitively, aquerytime interval andakey rangecollectively form aqueryrectanglen the
2-dimensionatime-key space.The queryrectanglehas4 corners. A rangetemporalaggreation
gueryis thenreducedo 4 dominance-sungueries,onefor eachcornerof the querybox. Thisis
illustratedin figure 6.10. Figure6.10ashavs a queryrectangleandtwo objectsintersectingwith it.
Therangetemporalaggrgationqueryasksto computethetotal valueof thesewo objects.We first
notethatin orderfor anobject tointersecthequerybox , theleft cornerof hasto bedominated
by theupperright cornerof . Figure6.10bshawvs the candidateboxes. Somecandidatesrefalse
hits sincethey areeithercompletelyto theleft, or completelyunder . Thefalsehitsto theleft of
correspondo thosewhoseright cornersaredominatecdby the upperleft cornerof  (figure 6.10c).
The false hits under correspondo thosewhoseleft cornersare dominatedby the lower right
cornerof (figure 6.10d). Note that afterthesefalsehits aresubtractedrom the queryresult,the
objectswhoseright cornersaredominatedoy the lower left cornerof  (figure6.10e)aresubtracted
twice. Sotheir summustbe addedagain. To sumup, we canmaintaintwo MVSB-trees,onefor
theleft cornersof all objectsandthe otherfor theright cornersof all objects;andarangetemporal
aggr@ationqueryis reducedo 4 dominance-sunqueriesn thetwo MVSB-trees.We call this new

structurethe 2MVSB-tee
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6.6.2 The MVSB-tr eewith Fixed Time Window

In this sectionwe shav how the MV SB-tree canbe extendedto the fixed time window
model. We call suchan extendedstructurethe MVSB-tee . Dueto ourreductiontechniquen

section6.6.1,we cancomputerange-temporahggrgatesusingtwo MVSB-tree

Using the two-granularitycaseas an example, the structureof the MVSB-tree is
the sameasshawvn in figure 6.9. Theindices , and areimplementecasMVSB-trees.
The appendindices and arearrays. Again, we expectthat thesearraysare small for
two reasons;i(a) the lengthsof intenals and shouldbe within somegiven window
sizes;and(b) thearraysaresparsei.e. if duringthe sameyeartherearemary pointsinsertedwith
the samekey, they arekeptasa singlearrayelement. The indices , and are

implementedas SB-treesndexing thekey dimension.

The queryalgorithmandthe algorithmto adwancedividing timesfollow the framewnork
preciselyandwe omit their discussion.Thereis a minor differenceis the updatealgorithm. While
the SB-tree assumeshe valid-time model,the MVSB-tree assumeshetransaction-time
model. Thusary pointinsertedn the MVSB-tree hastime . Soto inserta new point, the

only indicesto be affectedare , and

6.7 The Spatio-Temporal Aggregationwith Fixed Time Window

In section3.3, we proposedhe BA-treewhich pre-computes -dimensionadominance-
sums. In this sectionwe shav how the BA-tree canbe extendedto the fixed time window model.

We call suchan extendedstructurethe BA-tree . Sincea box-sumqueryis reducedo several
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dominance-sumuerieswe cancomputespatio-temporahggrgatesusingsomeBA-tree

Again, we usethe two-granularitycaseasan example. The structureof the BA-tree
is the sameas shawvn in the framework (figure 6.9). Here,theindices and areim-
plementedas -dimensionaBA-trees,whereoneof the dimensionsorrespondso time andthe
restdimensiongcorrespondo space Theappendndices and arearrays.Notethatsuch
arraysarerelatively largerthanthe temporalaggrgationcaseandthe range-temporahggreation
case.Thereasonis thatalthoughtwo pointswhich differ only in time might be combinedtogether
with multiple spatialdimensionst is morelikely that two points have different spatiallocations
andthus cannotbe combined. The indices , and areimplementedas( -1)-

dimensionaBA-trees.Thealgorithmsof the BA-tree follow thediscussiorof the framavork.

6.8 PerformanceResults

In this section,we provide experimentakesultsto evaluateour framewvork acrossvarious
aggr@ationproblems:thetemporalaggreationwith fixed storage the temporalaggreationwith
fixedtime window, therangetemporalaggreationwith fixedtime window, andthespatio-temporal
aggrgationwith fixed time window. We compareour proposedsolutionswith two baselineap-
proacheswvhich involve a singletime granularity Specifically we assumehe time hierarchyhas
two levels: , andconsiderthe following two single-granularityndices,onewhich
aggrgatesonly by day andonethataggreatesonly by minute. We expectthata by-dayaggrea-
tion index will have the smallestindex size,sinceit aggreatesat a coarsegranularity However, it
will alsohavetheleastaggrgationpowerin thesensdhatit cannotcomputeby-minuteaggregates.

Corversely the otherbaselinecase the by-minuteaggreationindex, hasmuchhigherindex size.
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We will shawv thatthenew approachesombinethe benefitsof thebaselinecases.

Thealgorithmswereimplementedn C++ usingGNU compilers.The programsanon a
SunEnterprise250 Sener machinewith two 300MHzUItraSFARC-I1I processorsisingSolaris2.8.
We comparetheindex generatiortime, the querytime andtheresultindex sizes.Whengenerating
theindices,we reportthetime spentin CPU andfor 1/0. We measurghe CPU costby addingthe
amountsof time spentin and modeasreturnedby the systemcall. We
measurehel/O costby multiplying the numberof I/O’s by the averagedisk pagereadaccessime
(10ms). We useda 8KB pagesize. For all the algorithmswe usedthe LRU buffering schemeand

the buffer sizewas100pages.

Unlessotherwisestated gachdatasetcontainslO million updatesThe currenttime
advancegyraduallyuntil 40 yearswhichis equalto 14,610days.For thefixedtime window exper
iments,the averagedistancebetweerthe dividing time and is a parametein the performance
graphs.We call this distancethe by-minutewindow sizesincethe recordsin this moving window
are aggrgatedby minute. The by-minutewindow size variesfrom 0.1%to 10% of the 40-year
time space.To generatdhe time interval of a record,we choosethe endtime of its intenal to be

exponentiallycloseto . Thelengthof therecordintervalsareon averagel000minutes.

For the query performancewe measurethe executiontime in numberof 1/0Os of 100
randomlygeneratedjueries.For the by-dayindices,the aggreatesarecomputedat a by-daygran-
ularity. For the by-minuteindices,the aggrgyatesare computedat a by-minutegranularity For
theindiceswith multiple granularitiesthe aggr@ates(if the queryintenal is laterthanthe

dividing time) arecomputedoy-minuteandthe earlieraggregatesarecomputecby-day

125



6.8.1 Performanceof Temporal Aggregationwith Fixed Storage
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Figure 6.11: Generation and query time of temporal aggregation with fixed storage.

First, we experimentedwith the 2SB-treewith fixed storagefor temporalaggreations.
In thefiguresit is representeds SB FS. As baselinecomparisonwe alsoimplementedhe single
granularity2SB-treesSB day and SB min, thataggregateonly by day andonly by minute,respec-
tively. For the SB_FS,we vary the storagespacefrom 10MB to 40MB. Figure6.11acompareshe
generatiortime of the threeindices. The SB_min takesmuchlongerto generatehanthe SB_day
As theamountof spaceallocatedio the SB_FSincreasesthe SB_FStakeslongerto generatesince
relatively morerecordsare aggrgatedby minute,andthusthe index sizeis larger However, the

generationiime of SB_FSis alwayscloserto thefasterSB_min.

The querytime (figure 6.11b), shavs a similar trend, i.e. the SB_FS s very closeto

SB_dayandbotharemuchfasterthanthe SB_min.

Finally, we examinethe relationshipbetweenthe storagespaceandthe averagesize of

the by-minutewindow of the SB_FS (figure 6.12). Note thatthe 40 yeartime spaceis dividedinto

126



By- minute window size (% space)
o = N w BN | o ~ © ©

=
o

20 30 40

Total storage space (#MB)

Figure 6.12: Average by-minute window size of temporal aggregation with fixed storage.

two parts: the first part aggrgatesby day andthe secondpart aggrgatesby minute. Obviously,
the larger the allocatedstoragesizeis, the larger the by-minutewindow sizeis. (In the extreme
casewhenwe have unlimited storageall datais aggrgatedby minute.) This trendis obseredin

figure6.12.

6.8.2 Performanceof Temporal Aggregationwith Fixed Time Window

WeuseSB FTWto representhe 2SB-treewith fixedtimewindow. Figure6.13acompares
theindex generatiortime while varyingthe by-minutewindow size. Thesingle-granularityndices
SB_day and SB_min are not affectedwhenthe by-minutewindow size varies. As expected,the
SB_daytakestheshortestime to generatewhile the SB_min takesthelongesttime. Thegeneration
time of the SB_LFTW is betweertheothertwo (11 timeslessthanthatof the SB_min for 1% window
size). As the by-minutewindow sizebecomedarger, the generatiortime of the SB_.FTW tendsto
belonger too. Theeffect of the sizeof the by-minutewindow onthe generatiortime is twofold. A

largerwindow sizemeanghatthedividing time is increasedessoften. Ontheotherhand,a larger
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Figure 6.13: Generation and query time of temporal aggregation with fixed time window.

window impliesthatthe sizesof theindiceswhich exist afterthe dividing time arelarger andthus

theupdatesn themtake longer Thecombinedeffectis shavn in figure6.13a.

As shavn in figure 6.13b,the SB_.FTW andthe SB_day have similar queryperformance
which is much fasterthan that of the SB_.min. For 1% window size, the SB_.FTW is 30 times
fasterthanthe SB_min. The SB_.FTW is preferredover the SB_day sincefor the recenthistory the

SB_FTW hastheability to aggregateatafiner granularity

As figure 6.14ashaws, the SB_.FTW usesa little more spacethanthe SB_day but much
lessthanthe spaceusedby the SB_min. For 1% window size,the SB_.FTW use23timeslessspace
thanthe SB_min. In figure 6.14bwe compareheindex sizeswherethe numberof objectschanges
from 1 million to 20 million. Herewefix theby-minutewindow sizeto be 1% of thetime space As
thenumberof objectsincreasesthe sizesof all thethreeindicesincreaseaswell. Still, we obsere

thatthesizeof the SB_FTW is alot lessthanthatof the SB_min.
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Figure 6.14: Index sizes of temporal aggregation with fixed time window.

6.8.3 Performanceof RangeTemporal Aggregationwith Fixed Time Window

We useMVSBFTW to represenbur rangetemporalaggreationindex with fixed time
window, while MVSBday andMVSBmin representhe single-granularityindices. Differentfrom
the SB_LFTW, now the structuresare implementedas SB-trees whosesizesdependon the
numberof differentkeys the datasehas. We createfour datasetswith the numberof keys varying
from 1000to 1,000,000.For the experimentsin this section,we usea by-minutewindow size of

10%of thetime space.

Figure6.15ashavs thatthesizesof all threeindicesincreasavith the numberof different
keys. The MVSB_FTW hasindex sizescloserto the MVSB_day Figure6.15bcompareshe query
time. Again,asthenumberof keysincreaseshe MVSB_FTW querytime becomegonger We note
thatthe performancalifferencebetweerMVSB_FTW andMVSB_dayis someavhatlargerthanthe
performancealifferencebetweenSB_.FTW andSB_day, especiallyasthe numberof keys increases.

Thereasons thatin the rangetemporalaggregation case the structuresembeddednto the
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Figure 6.15: Performance of the range temporal aggregation with fixed time window, vary-

ing number of keys.

index have sizesproportionallyto the numberof differentkeys, andthusstoringandqueryingthem

incursextra cost.

6.8.4 Performanceof Spatio-Temporal Aggregationwith Fixed Time Window

We useBA FTWto represenbur spatio-temporahggregationindex with fixedtime win-
dow while BA_day and BA_min denotethe correspondingingle-granularityindices. For the data
setswe generatedbesideghe time dimensiontherearetwo spatialdimensions. The numberof
differentlocationsperspatialdimensionvariesfrom 50to 1000. Again, the by-minutewindow size

is setto 10%of thetime space.

As shawvn in figure 6.16,asthe numberof locationsperspatialdimensionincreaseshoth
theindex sizesandthe querytime of theindicesbecomdarger Thereasonis thatthe BA-treeis
sensitve to the numberof differentspatiallocationsa point objectmay resideat. This is moreap-

parentwith the BA_FTW sinceto performa query besidegshe mainindex, we alsoqueryaseparate
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Figure 6.16: Performance of the spatio-temporal aggregation with fixed time window, vary-

ing the number of different locations per spatial dimension.

2-dimensionaBA-tree (the index) which maybelarge. This obsenrationillustratesthe need

to aggrgateat coarsegranularitiesothalongthetime dimensiomandalongotherdimensions.

6.9 RelatedWork

Temporal Aggregation. [Tum92] presentec non-incrementatwo-stepapproachwhere
eachsteprequiresa full databasecan. First the intenals of the aggrgateresulttuplesarefound
andtheneachdatabasduple updateshe valuesof all resulttuplesthatit affects. This approach
computesatemporalaggrgatein O( ) time,where isthenumberof resulttuples(atworst,
is O( ); butin practiceit is usuallymuchlessthan ). Notethatthis two-stepapproactcanbeused
to computerangetemporalaggrgates howvever thefull databasscansnale it inefficient. [KS95]
usedtheaggregation-tieg amain-memonytree(basednthesegmenttree[PS85])to incrementally
computeinstantaneoutemporalaggregates.However the structurecanbecomeunbalancedvhich

implies O( ) worst-casdime for computinga scalartemporalaggregate. [KS95] alsopresented
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variantof theaggragationtree,the -orderedree,whichis basednthe -ordernessfthebaseta-
ble;theworstcasebehaior thoughremainsgO( ). [GHR+99, YK97] introducedparallelextensions
to the approachpresentedn [KS95]. [MLIOO] presentedan improvementby consideringa bal-
ancedree(basednred-blackirees).However, this methodis still main-memoryresident.Finally,
[YWO01] and[ZMT+01] proposedhe SB-treeandthe MVSB-tree,respectiely, which canbe used
to computethe scalarandrangetemporalaggreates. Both of themare disk-basedincrementally

maintainableandefficient for queries(logarithmic).

Point Aggregation. The solutionsproposedn this chapterutilizes existing structurego
computedominance-sumslhecomputationabeometnyfield possessamuchresearciwork onthe
dominance-surandthemoregenerabeometricangesearchingroblem[Mat94, BKO+97,AE98].
Most solutionsare basedon the range tree proposedby [Ben8(. A variation of the rangetree
which is usedto solve the -dimensionaldominance-sungueryis calledthe ECDF-tree[Ben8(d.
The -dimensionaECDF-treewith pointsoccupies spaceneeds
preprocessingme andanswersa dominance-sungueryin time. Note thatthe ECDF-
treeis a staticandinternal-memorystructure For thedisk-basedgdynamiccase[ZTGO02] proposed
two versionsof the ECDF-B-tree [ZTG02] alsopresentedhe BA-treewhich combineghe benefits

of thetwo ECDF-B-trees.

Time Granularity . A glossaryof timegranularityconceptappearsn [BDE+98]. [BJWOQ(
deeplyinvestigateghe formal characterizatiof time granularities.[Bet0]] shavs a novel way to
compresgemporaldatabasesThe approachs to exploit the semantic®of temporaldataregarding
how the valuesevolve over time whenconsideredn termsof differenttime granularities.[BS99

considerghe mathematicatharacterizatiowf finite andperiodicaltime granularitiesandidentifies
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a userfriendly symbolicformalismof it. [BWJ9§ examinesthe formalizationand utilization of

semantiassumptionsf temporaldatawhich mayinvolve multiple time granularities.

Data Warehousing The time hierarchywe usedis similar to the concepthierarchyin
the datawarehousingtudy [SJPO0] proposeda techniqueto reducethe storageof datacubesby
aggr@ating older dataat coarsergranularities. [PTK+02] statesthat one differencebetweenthe
spatio-temporaDLAP andthe traditional OLAP is the lack of predefinedhierarchiessincethe
positionsandthe rangesof spatio-temporatjuerywindows usually do not confineto pre-defined
hierarchiesandare not knowvn in adwance. [PTK+02] presented spatio-temporatlatawarehous-
ing framewnork wherethe spatialandtemporaldimensionsare modeledasa combineddimension
on thedatacube. Datastructuresarealsoprovided which integratespatio-temporaindexing with
pre-aggrgation.[GLY98] presented framewvork which supportgheexpirationof unneedednate-
rializedview tuples. The motivation wasthat datawarehousesollect datainto materializedviews
for analysisandastime evolves,the materializedview occupiestoo much spaceand someof the
datamay no longer be of interest. [RAEQ2] presentecefficient methodsto aggrgatedatain an

append-onhydatabase.

6.10 Conclusions

Temporalaggrgation have becomepredominantoperatorsin analyzingtime-evolving
data. Many applicationgproducemassve temporaldatain the form of streams.For suchapplica-
tionsthe temporaldatashouldbe processedpre-aggrgation, etc.) in asinglepass.In this chapter
we examinedthe problemof computingtemporalaggrgatesover datastreams.Furthermoreag-

gregatesare maintainedusing multiple levels of temporalgranularities: older datais aggrejated
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usingcoarsegranularitiesvhile morerecentdatais aggregatedwith finer detail. We presentedwo
modelsof operation.In the fixed storagemodelit is assumedhatthe available storageis limited.
The fixed time window model guaranteeshe length of every aggrgation granularity For both
modelswe presentedpecializedndexing schemegor dynamicallyandprogressiely maintaining
temporalaggrgates.An adwvantageof our approachis thatthe levels of granularityaswell astheir
correspondingndex sizesandvalidity lengthscanbe dynamicallyadjusted.This providesa useful
trade-of betweeraggrgationdetail andstoragespace.Basedon our temporalaggregationwork,
we summarizeda framewvork for computingaggreatesover time-e/olving dataandwe discussed
how the solutionscan be extendedto solve the more generalrangetemporaland spatio-temporal
aggrgationproblemsunderthefixedtime window model.Finally, anextendedoerformancevalu-
ationvalidatedthe advantagef the proposedstructures As future work we planto furtherinves-
tigatetechniquego aggrgateat multiple spatialgranularitiesaswell. Moreover, we areextending

our framework to the multiple datastreamervironment.
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Chapter 7

Conclusions& Future Work

In this thesiswe have presentedspecializedaggrgationindex structuredor the range-
temporalaggr@ation, the hierarchicaltemporalaggreation, the box-sumaggreation, the func-
tional box-sumaggregation, and the box-maxaggrejation problems. In all cases,our proposed
specializedndex structureshave muchbetterqueryperformancehanthe existing non-specialized
indices. Furthermorethe proposedndicesareall disk-basedandsuit for dynamicupdates.Their
index sizesareeithersmalleror very closeto the existing structures.Basedon thesefindings,we
recommendhatthe proposedndex structureshouldbeimplementedn commerciaDBMSswhen

theaggregationqueryperformances crucial.

For future work, we planto solwe the spatio-temporahggrgation problems. A simple
caseis to aggrgatemoving points. Eachobjectis a weightedmaoving point whoselocationis a
functionof time. An aggr@ationqueryasksto computethetotal weightof pointswhichwill move
into a given areaduring a giventime interval. A more complicatedcaseis to aggrgate moving

objectswith non-zercextents.
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