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Abstract

We examinethe problemof processingempoal joins in
thepresencefindexing schemesPreviouswork ontempo-
ral joins hasconcentatedon non-indexedrelationswhich
were fully scanned.Giventhe large data volumescreated
by the ever increasingtime dimensionsequentiakcanning
is prohibitive. Thisis especiallytrue whenthetempoal join
involvesonly parts of the joining relations (e.g., a given
time interval insteadof the whole timeline). Utilizing an
index becomeghen beneficialas it directsthe join to the
data of interest. We considertempoal join algorithmsfor
three representativendexing schemes namelya B+-treg
an R*-treeand a tempoal index, the Multiversion B+-tree
(MVBT).Boththe B+-treeand R*-treeresultin simplebut
not efficientjoin algorithmsbecausaeitherindex achieves
goodtempoal data clustering Better clusteringis main-
tainedby the MVBT throughrecod copying Nevertheless,
copiescangreatlyaffectthecorrectnesandeffectivenessf
thejoin algorithms.We identifytheseproblemsand propose
efficientsolutionsand optimizations.An extensivecompar
ison of all index basedtempoal joins, using a variety of
datasetsand query characteristicsshowsthat the MVBT
basedjoin algorithmsare consistentlyfaster In particu-
lar the link-basedalgorithm hasthe mostrobust behavior
In our experimentst showeda ten-foldimprovementover
the R*-treejoins while it wasbetweersix and thirty times
fasterthanthe B+-treejoins.

1 Intr oduction

A temporaljoin is animportantbut costly operationfor
applicationsthat maintaintime-evolving data (dataware-
housestemporaldatabasegtc.). A typicaltemporakecord
hasakey, oneor moretime-varyingattributesandatimein-
terval representinghe records time validity. Varioustem-
poraljoin predicatefiave beenproposed20]. Examplesn-
cludetheT-Join(join two recordsf theirintervalsintersect)
andthemoregenerallE-Join(join two recordsf theirkeys
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areequalandtheirintervalsintersect]9]. Herewe examine
a generalizatiorof the TE-Join (the GTE-Dbin) which also
specifieghatjoinedrecordsmusthave their keysin ranger

while their intervals shouldintersectinterval ;. Suchjoins

allow theuserto concentrat®ninterestingectanglesn the
key-time space.As an example,considertwo temporalre-

lations,onemaintainingthe graduatestudentsat UC River

side andthe otherthe IBM summerinterns. A GTE-Join
queryis: “find thestudentsat UC Riversidewith lastnames
startingwith ‘B’ thatduring 1995-2000were alsoworking

at|IBM”.

Previous temporaljoin researchhas focusedon non-
indexedjoins [9, 16, 22, 26, 23, 24, 29]. The commonap-
proachis to scanboth relationsand selectthe recordsthat
needo bejoined. Eventhoughaplainscanof bothrelations
will take advantagenf sequential/O, it becomeprohibitive
whenthe temporalrelationsare large (asin a dataware-
house)andthe join selectvity is high (asin the GTE-Join
query). It is thenadvantageouso utilize existing indices
(which mostprobablyare presentgiven the large volumes
of temporaldatasets).

In this paperwe presentefficient algorithmsto process
GTE-Joindn thepresencef indexing schemesDueto lim-
ited spacealgorithmsfor processingtherinterestingjoin
predicatesusing indicesarereportedin [30]. We assume
thatbothrelationsareindexedandconsiderthreerepresen-
tative accessnethodsnamely the B+-tree,the R*-tree [5]
andatemporalindex, the MultiversionB-tree(MVBT) [3].

A straightforvardapproacho processanindexed GTE-
Joinis by first performinga range-interal selectionquery
on eachindex andthenjoining the queryresultsvia some
non-indeed algorithm. While this unsynéironized ap-
proachis simple,it is penalizedy thecostof storingandre-
trieving the selectionresults.Neverthelessif the resultsof
the selectionqueriesaresmallandfit in main memory this
approactshouldbe consideredIn our experimentalevalu-
ationwe includea pipelinedversionof an unsynchronized
join algorithm basedon the MVBT index. We consider
only the MVBT basedunsynchronizedlgorithmsincethe
MVBT hasthe fastestrange-interal selectionquerytime
amongthethreeindices[27].



More robustis the synchronized approactwhich com-
bines the index traversal with the join phase. We thus
presentvarious synchronizedjoin algorithms, using the
threerepresentatie indices. The advantage®f the B+-tree
andtheR*-treeis thatthey arewidely usedindicesandlead
to simple synchronizedoin algorithms. However, these
join algorithmssuffer from the ineffectivenessof the B+-
treeandthe R*-tree (to alesserextent)in clusteringtempo-
ral data. Temporaldatais inherentlymultidimensionalwith
the time dimensionhaving typically long intervals. Even
themultidimensionaR*-treeis known to be problematian
clusteringrecordswith long temporalintervals[12, 27].

Betterclusteringis achiezed by a temporalindex which
typically createsmary copiesof recordswith long inter-
vals. Effectively, alongintervalis splitinto smallerbut eas-
ily manageabléntervals. This leadsto fastprocessingof
selectionqueries but copiescandrasticallyaffectjoin pro-
cessing. For example,copiesof the samerecordcancre-
ateduplicatedjoin resultsthat needto be filtered out, etc.
Moreover, to achieve fastupdatesa temporalindex typi-
cally updateonly thelatestcopy of agivenrecord,leaving
thepreviouscopieswith anincorrectinterval (theincorrect
end-timeproblem). This doesnot affect selectionqueries,
but a naive synchronizedoin algorithm may find records
with incorrectintervals and thus reporterroneougoin re-
sults. Clearly, atemporalindex basedoin algorithmneeds
to take into consideratiorthe characteristicef temporalin-
dexing.

Themaincontributionsof this paperare:

1. We identify andsolve theincorrectendtime problem
in temporalindexing which affectsthe correctnes®f join
algorithms.

2. We proposefour synchronizedtemporalindex based
join algorithms.Moreover, we introducevariousoptimiza-
tion techniqueghatfurtherimprove join performance Al-
thoughwe concentrateon the MVBT [3], our techniques
andoptimizationsapplyto otherefficienttree-basetempo-
ral indices,aswell (like the Time-Split B-tree[19] or the
MultiversionAccessStructure[28]).

3. We presentan extensive performancestudythatcom-
paresthe proposedalgorithmswith (a) the unsynchronized
MVBT join algorithm, (b) the synchronized+-tree algo-
rithms, and, (c) the synchronizedR*-tree algorithms. Our
performanceesultsshav that the MVBT approachesre
consistentlyfaster In particular the newly proposedink-
basedVIVBT algorithm,is universallythebestfor theGTE-
Join,for avariety of dataset@ndjoin characteristics.

The restof this paperis organizedas follows. Section
2 summarizeghe synchronizedB+-tree and R*-tree ap-
proachesSection3 presentshe new synchronizedVBT-
basedoin algorithms.It alsoidentifiesandsolvestheincor-
rect end-timeproblemand presentghe optimizationtech-
nigues. The resultsfrom the experimentalcomparisorap-

pearin section4. Section5 discussepreviouswork while
section6 presentszonclusionsandfuture work.

2 Synchronized Join Algorithms based on
Traditional Indices

In thefollowing, a key ranger is specifiedby its r.low
andr.high keys while atime interval i is describedoy its
i.start andi.end time instants. A rangeand an interval
createarectangle in the2-dimensionakey-time space We
assumeheFirstTemporaNormalForm[25] whichimplies
that no two recordsexist in a giventemporalrelationthat
have equalkeys andintersectingintervals. A recordwith
timeinterval i is calledalive for all time instantsn .

Moreover, we assumethe transaction-timemodel [11]
whichimpliesthatrecordupdatesarrive in increasingiime
order Whena datarecordis insertedin a relationat time
t, the endtime of its interval is yet unknovn andis thus
initiatedto now (avariablerepresentinghe everincreasing
currenttime). Recorddeletionsarelogical, i.e.,recordsare
marked asdeletedand areretainedin the relation. Hence,
if arecordis deleted,ts endtime is changedrom now to
its deletiontime. An attribute updateto recordwith key &
attime ¢ is treatedby a (logical) deletionof the old record
att andthe subsequennsertionof a new record—with key
k, but updatedattributes—andaninterval startingat ¢.

The GTE-Joinis formally definedas: Giventwo tempo-
ral relationsR; and R,, a key ranger andanintenal 4, a
recordfrom R; is joinedwith arecordfrom R; if, (i) their
keys arein ranger andare equal,and, (i) their intervals
intersecinterval i andeachother

An one-dimensiondhdex like the B+-tree,clustersdata
primarily on a single attribute. Considerfirst a B+-tree
that clusterson the interval starttime. Becauseof the
transaction-timeervironment, recordsare insertedin in-
creasingime order;thussuchanindex caneasilytake ad-
vantageof sequential/O. However, it will be clearly inef-
ficientfor the GTE-Join. Givena queryintenal ¢, the B+-
treewill identify recordswith starttimeson or afteri.start.
Neverthelesstheremay be mary recordsthat startediong
beforei.start andstill intersecti. Clusteringprimarily on
recordendtimesis similarly inefficient. Insteadwe assume
thateachtemporalrelationusesa B+-treethat clustersfirst
by key. Thisis usefulgiventhatarecordcanonly join with
recordswith equalkeys.

Sincetreeleaf pagesarelinked andrecordsin themare
orderedthejoin algorithmstartswith theleaf pagein each
treethatcontainsr.low, andproceeddy performingasort-
memgejoin until leaf pageswith keyslargerthanr.high are
met. The major shortcomingof this simplejoin algorithm
is thatit may encountemary recordsthat have the same
keys but shouldnot be joined sincetheir intervals do not
intersect.



With a multidimensionaindex like the R*-tree, records
areclusteredy bothkey andtime. Thenatemporajoin can
beaddressedsaspecialkaseof aspatialjoin [8, 4,10, 1, 2].
Both depth-first[4] and breath-first{10] synchronizedR-
treejoin algorithmshave beenproposed.Initially the pair
of root nodesis pushedinto the stack. To processa pair
of nodesthatis poppedfrom the stack,every recordin the
first nodeis joined with every recordin the secondnode.
We implementedboth the depth-firstand the breadth-first
joins. The original algorithms([4, 10] join two complete
R-trees. In our case,we are interestedin recordswithin
the queryrectangledefinedby ranger andinterval i. Thus
wheneer a pageis examined,only recordsthat intersect
thequeryrectangleareconsideredThedisadwantageof the
R*-tree basedapproacheemanategrom their difficulty in
storingthetypically longtime-intenals. Suchintervalstend
to increasethe size of their boundingrectangleswvhich in
turn affectsthejoin performance.

3 Synchronized Join Algorithms using Tem-
poral Indexing

Importantin processingoins with temporalindices(ei-
therin a synchronizedr in anunsynchronizedashion)is
how the range-interal selectionquery is performed. We
start by discussinghow this selectionquery is addressed
with an MVBT (section3.1). In section3.2 we identify
a problemwith existing selectionalgorithmsthat affects
the correctnesof temporaljoins and provide a solution.
The synchronizedMVBT approachesre cateyorized in
top-dovn and sidevays traversals. In section3.3 we in-
troducethe top-dovn synchronizedtraversals,namely a
depth-firstand a breadth-firstMVBT join algorithm. To
improvetheir efficiency, we proposewo optimizationtech-
nigues(3.3.1, 3.3.2). Finally we presenttwo sidewvays
synchronizedraversalalgorithms, the link-basedand the
plane-sweep VBT join algorithms(section3.4). Notethat
thetwo optimizationtechniquespplyto thesidevaysalgo-
rithmsaswell.

3.1 The Range-Interval SelectionQuery

An MVBT index recordcontainsa key range,atime in-
tenval anda pointerto apage.Thekey rangeandtime inter-
val createarectangldor thisindex record.In thefollowing
we saythattwo index recordsintersect,if their rectangles
intersect.

A range-interal selectionquery (r,4) finds all records
with keys in ranger and intervals intersectinginterval 4.
A naive approachs to browsethe MVBT in a depth-first
mannerandvisit arecordif it intersectaith thequeryrect-
angle.Thisapproachdoesfind the correctanswerset. Nev-
erthelessit suffersfrom theduplicateresultproblem adata
recordmaybereportedmultiple times. Fromthe viewpoint
of efficiency, abiggerproblemis thata qualifying pagemay

bevisitedmorethanonceandthe degreeof redundang has
an exponentialdependencén the height of the tree. The
duplicateresultproblemoccursbecaus®f themary copies
a givenrecordmay have. To avoid duplicateresults,only
oneof thesecopiesshouldbevisited.

key key
page 1 page 2 - pdl page 1
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time [ — time
(a) TheRP condition (b) The PD condition

Figure 1. The RP and PD conditions.

[6] providesarefineddepth-firstalgorithm(D F}..¢). The
ideais to computea referencepoint for eachrecord,which
is definedasthe lower-left intersectionof the recordwith
the queryrectangle. Let page(e) denotethe pagepointed
by anindex recorde. Givenindex recorde, arecordse in
page¢) andaqueryrectangler, recordse is visited only if
its referencepoint with respecto r is insidethe rectangle
of e. Considerfigure 1a wherethe light-gray rectangleis
thequeryrectangleandthedark-grayrectangleepresents
recordwhichis storedbothin pagel andin page2. Theref-
erencepoint(theblackdot)is auniquepointin thekey-time
spaceamongall the copiesof arecord.Sincethereference
pointresidesonly in pagel (andnotin page2), therecord
is visited only while examiningpagel.

[6] also providesa link-basedrange-interal algorithm
(Linkyr) which conceptuallysearcheshe MVBT index
sidevaysand is basedon the predecessor/successmon-
cept. Considertwo datapagesA andB in aMVBT, where
A hasbeencopiedto B. Then A is calleda predecessoof
B andB is asuccessoof A. A predecessorecod is saved
in B pointingto A. Links first finds all datapagesthat
intersectheright borderof therange-interal queryrectan-
gle. It thenfollows predecessarecordsto find all the other
datapageswhoserectanglesntersectthe queryrectangle.
Finally, within eachdatapagethusfound, it reportsall the
recordsthatintersectthe queryrectangleandwhoserefer
encepointis insidethis pagesrectangle.

Due to the splitting policy of the MVBT, a datapage
canhave at mosttwo successorsTo avoid visiting a page
twice (while following the predecessarecordin eachsuc-
cessor)theLink e algorithmalsoutilizesareferencepoint.
This point is definedas the lower left intersectionof the
gueryrectangleandthe predecessopagerectangle. Then
thepredecessecondition(PD) is definedas: “givenrecord
e, apredecessarecordpd in pageé) andaqueryrectangle
r, thepredecessaecordis visitedonly if its referenceoint
with respecto r fallsin thekey rangeof e”. For example,
in figure 1b, a predecessarecordpd; in pagel anda pre-
decessorecordpd, in page2 pointto thesamepage.Since



thespecifiedntersectiorpoint(theblackdot) liesin thekey
rangeof page2 andnot pagel, only pds is followed.

3.2 Thelncorr ectEnd Time Problem

key.

1 t2
copy point

time

Figure 2. The incorrect end time problem.

Considerthe examplein figure 2. At time ¢, the page
that containsrecordz; is split andthusz; is copiedto z»
in a successopage. Later on the endtime of x, is up-
datedto t,, but theendtime of z; is still keptasnow. (The
MVBT andthe othertemporalaccessnethodsdo not up-
dateary previous copy for efficiency). Supposehe query
rectangleis the whole key-time space.Both the DFs and
Linkef range-interal selectionalgorithmsfrom [6] will re-
portx; but notz,. Let y bearecordin the otherrelation.
Sincez; .end = now, ary join algorithmutilizing thesese-
lection algorithmswill assumehat z;.interval intersects
y-interval, which is obviously wrong. We call this prob-
lemtheincorrectendtimeproblem.To solveit, we propose
to replacethe referencepoint of [6] with the right refer
encetime (RRT) The RRT of arecordse with respecto a
gueryrectangler is the smallertime betweense.end and
r.interval.end. The RRT condition is definedas: “given
index recorde, a datarecordse in pageé) andaqueryrect-
angler, recordse is visited if its RRT with respecto r is
insidee.interval”. Forexample,in figure2,theRRT for x;
is now, whichis notin the pagecontainingz; . Insteadthe
RRT for x5 is tz, whichis in thepagecontainingz,. Sothe
modifiedrange-interal selectionalgorithmswill reportzs,
which hasthecorrectendtime. We call the modifieddepth-
first andlink-basedrange-interal algorithmsD F.;4,: and
Linkigne respectiely.

3.3 Top-Down Approaches

Theideaof the depth-firstjoin algorithm(MVBT.DF) is
to performrange-interal queriesusing DFig for the two
MVBT indicessynchronously

Algorithm MVBT_DF(MVBT muwbt:, mvbt2, Rectangler)
. for everyroote; of mvbt: whichintersects
for everyrootes of mubts whichintersects:
Push(Stack, [e1, e2] );
endfor
endfor
while ( notISEmpty(Stack) ) do
[e1, e2] = Pop(Stack );
if bothe; ande, pointto index pagesthen
for every recordse; in pageé;) which intersects and
satisfiegthe RRT condition
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10. for every recordses in pageé:) which intersects- and
satisfieshe RRT condition

11. if the key rangesof se; and ses intersect, Push(
Stack, [se1, sea] );

12. endfor

13.  endfor

14. elseif only e; pointsto anindex page

15.  for every recordse; in pageé:) which intersectsr and
satisfiegthe RRT condition

16. if the key rangesof se; ande; intersect,Push(Stack,
[se1, e2] );

17.  endfor

18. elseif only e pointsto index page then

19. /I similar; omit

20. elsell bothe; ande, pointto datapages

21.  for every recordse; in pageé:) which intersects and

satisfieshe RRT condition

22. for every recordses in pageé:) which intersects- and
satisfieshe RRT condition

23. if the keys of se; andse, areequalandtheintenals
of themintersectthen

24. Output([se1, se2] );

25. endif

26. endfor

27.  endfor

28. endif

29. endwhile

Stepsl-5pushthepairsof root pagesvhichintersecthe
gueryrectangler into the stack. After that, for every pair
of recordsgpoppedrom the stack,threecasesaredifferenti-
ated. Steps8-13 correspondo the casewhenbothrecords
pointto index pages.Thealgorithmexaminesevery pair of
recordspnefrom eachindex page.Every pair (seq, sez) is
pushedinto the stackif both se; andse, intersectr, both
satisfytheRRT condition,andthe key rangesf theminter-
sect. Stepsl4-19correspondo the secondcasewhenone
record(e.g. e;) pointsto anindex pageandthe other(e.g.
e2) pointsto a datapage. The algorithmcheckse, against
every recordse; in pageé;). To decidewhetherto push
(se1, e2) into the stack,the sameconditionasin casel is
used.Thelastcase(steps20-27)is to join two datapages.
Every pair of datarecordsarejoined aslong asthey satisfy
the selectionconditionandthejoin condition.

In the breadth-firsfoin algorithmthe join proceedsne
level atatime. All pairsof recordsto bejoinedatonelevel
are found and processedeforegoing into the next level.
Thedetailsareomittedbut canbefoundin [30].

3.3.1 The Balancing Condition Optimization

In stepsl1 and16 of algorithmMVBT _DF, a pair of index
recordsarepushednto the stackaslong astheir key ranges
intersect.Thatis, it is not requiredthattheir time intervals
shouldintersectaswell. Thereasonis illustratedin figure
3. Supposeaecordz andpagesl through6 belongto the
first MVBT, while recordy andpage0 belongto the sec-
ond MVBT. Both 2 andy have the samekey (for easeof
illustration, y is drawn below z) andthusthey shouldjoin.
However, accordingto DFignt, « canonly be visited while



examiningpage3 andy canonly be visited while examin-
ing page0. In orderfor the join algorithmto report(z, y)

in thejoin result,page3 andpage0 have to bejoined,even
thoughtheir intervals do notintersect.This is necessaryn

ordernot to losejoin results. But it greatly affectsthe ef-

ficiengy of the join algorithmsbecausdoo mary pairs of

index recordsarejoined (e.g. page0 hasto join with pages
1 through6). Below we give anoptimizationtechniquethat
leadsto a far more efficient solution, wherea pagejoins

only with pageswhichit intersects.

key
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time

Figure 3. Balancing condition optimization.
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Theideaof the balancingconditionoptimization(BCO)
techniqueis to balancebetweenthe following two condi-
tions: (1) requiringthatthe RRT conditionholdsfor both
joining records(currentlyrequiredin MVBT _DF); and (2)
requiringthat the intervals of joining index recordsshould
intersect(currently not required). In our approachto in-
creaseefficiency, we alwaysrequiretheintervals of joining
index recordsto intersect,while we allow the algorithms
to visit a recordevenif the RRT conditionis false(under
certainconstraintso be discussedhext). For example,in
figure 3, the optimizedjoin algorithmsdo not join page3
with page0 sincethey do notintersect.In ordernotto lose
join result,thealgorithmshouldjoin (z, y) somevhereelse.
Thecandidatglacesarewhenpagel andpage0 arejoined
andwhenpage?2 and page0 arejoined, sinceboth pages
1 and2 containz andintersectpageO (notethatthe RRT
conditionis falsefor z in both cases). To make surethat
(x, y) is notreportedmultiple times,we settwo morecon-
straints. First, we requirethatthe RRT conditionholdsfor
atleastoneof thejoining records.For example,in figure 3,
theRRT conditionfor y is true. Secondwe requirethatthe
pagecontainingthe otherrecord(wherethe RRT condition
is false)shouldhave a largerend time. For example,since
page?2 (and not pagel) hasan end time larger than that
of page0, thealgorithmjoins (z, y) only whenpage2 and
page0 arejoined.

3.3.2 The Virtual Height Optimization

Thevirtual heightoptimization(VHO)techniquecanbe uti-
lizedto improvetheperformancavhile joining ary two bal-
ancedtrees. The ideais illustratedin figure 4. The node
with a dashedrectangle(A}) is a virtual nodeso that the
two treesappearasif they hadthe sameheight. Suppose
everynodein tree A joinswith every nodein tree B. With-
out the VHO, we first needto join the pair (41, B1). At

themiddlelevel, we needto join pairs: (A2, Ba), (43, Bs),
<A4, B2>, <A2, Bg), <A3, Bg), <A4, B3> FinaIIy, attheleaf
level, we join everyleaf nodein tree A with everyleafnode
in B. With the VHO, whatis joined at thetop level andat
the leaf level remainsunchanged However, at the middle
level, only (A1, Bs), (A, B3) arejoined. Clearly, the big-
ger the differencein the heightof the two trees,the more
significantthe benefitof this optimizationshouldbe.

Figure 4. Virtual height optimization.

Althoughthe MVBT is notatreebut a graph,the VHO
still applies.Thisis becaus¢heMVBT is abalancedorest
it hasmultiple root nodesandthe sub-treeunderary root
nodeis a balancedree.

3.4 SidewaysApproaches

In contrasto thetop-davn approacheghesidavaysap-
proachesirst join datapageshatintersecttheright border
of the queryrectangleandthenfollow predecessarecords
synchronouslyto examinethe restof the datapages.Both
the BCO andthe VHO optimizationsapply.

3.4.1 Link-based Join Algorithm

Theideaof thelink-basedoin algorithm(MVBT_LInkK) is to
synchronouslperformrange-interal querieson bothtrees
usingLinkyign. The detailedalgorithmis outlinedbelow.

Algorithm MVBT_Link(MVBT muwbt1, mvbts, Rectangle-)

1. Browsedown muwbt; andmuwbts synchronouslyto find ev-
ery pair of datapages(e1, e2) suchthat: (1) bothe; ande»
intersectheright borderof r; and(2) ey intersectss.

2. Follow predecessarecordssynchronouslyto find the other
pairsof datapagesntersectingeachotherandeachof which
intersects:. To do so,while examininga pair of datapages
(e1,e2), if e1.start = ea.start, join the predecessorsf e,
with the predecessorsf es. If e;.start < ez.start, join eg
with the predecessorsf es. If es.start < eq.start, join ez
with the predecessorsf e; .

3. To join eachpair of datapagesusesteps21 through27 of
thedepth-firstalgorithmMVBT _DF.

An importantissuethat arisesis how to guaranteehat
eachpair of joined datapagesis joined only once. Note
thatsincetwo pagesnayhavethesamepredecessothese-
lectionalgorithmLinkign utilizesthe PD conditionto make
surethatthepredecessas visitedonly once.We couldalso
utilize the PD conditionto successfullyavoid duplicates.
However, without extra care,this methodmissessomejoin
result. This is illustratedin figure 5a. Recorde; pointsto a



datapage(theshadevedpage)in oneMVBT. Recordspda,
es andel, pointto datapagesn theotherMVBT. Thequery
rectanglds the key-time space . The pagethatpds pointsto
is a predecessopageof both pageé,) andpageé,). The
PD conditionensureshatpagepd,) is checled only when
examining pageg,). However, e; doesnot join with €
sincethey do not intersect. So if we always requirethe
PD conditionto hold, pageé;) andpagepd.) will not be
joined. To solve the problem,we needto identify the cases
wherewe needto release the PD condition,thatis, we fol-
low a predecessarecordevenif the PD conditionis false.
Below we discusgwo suchcasesassuminghatthecurrent
joining pairis (eq, e2).

e2
key I/ el €2
’ t/ e2'

<fpd2

e2

. time
time

() lllustrationof casel (b) lllustration of case2

Figure 5. Two cases where the PD condition
needs to be released.

Casel: Let ej.start < es.start (the case when
ei.start > es.start is similar). We needto examine
whetherto join e; with eachpredecessorecord pd; in
pageés). If er.low > e.low (figure5a),the PD condition
on pds needso bereleasedsincee;.low > es.low means
that e; doesnot intersectthe other page (pointed by e)
which containsa predecessaecordpointingto pagepds).

Case2: e;.start = eq.start. We needto examine
whetherto join eachpredecessorecordpd; in pageé;)
with eachpredecessorecordpd, in pageés) wherepd;,
pds intersecteachotherandboth intersectthe queryrect-
angle. Whenthe PD conditionis true for only one of the
predecessatecordssayfor pd,, the PD conditionfor pd,
needdo bereleasedf e;.low > es.low (figure5b). When
the PD conditionis falsefor both pd; andpds, thereis no
needto join them (the proof appearsin [30]). With the
above modificationsthe MVBT _Link join algorithm will
provide the correctjoin result.

In order to further improve the MVBT _Link perfor
mance we proposehe order-by-timeoptimization To mo-
tivatethe needfor this optimization,considerfigure 6. The
numberedrectanglesrepresentthe data pagesin muvbt;.
TheshadavedrectangleS representadatapagein muvbt,.
MVBT _Link startsby pushingpairs(7, S) and(8, S) into
the stack. Thenit pops(8, S) from the stackandjoins the
two pages After that, it joins the predecessorsf themand
soon, until theleft borderof thequeryrectanglés reached.
Whenthe algorithmeventuallypops(7, S) from the stack,
chancearethatpages is alreadyswitchedout of memory
andneedsto bereadagain,causingan extra I/0. To avoid

this phenomenonthe orderby-time optimizationkeepsall
pairsof datapagesotin astack,butin apriority queuepr-
deredin decreasingrderof theendtime of datapages.For
example,in figure 6, the optimizationensureghatafter (8,
S) is joined, insteadof joining the predecessorsf S with
page8 andits predecessorgage? and.S arejoinedsince
they have thelargestoverall endtime.

key

1 3 5 7 S

Figure 6. Motiv ation for the order-by-time op-
timization.

Yet anotheroptimizationtechniqueis to utilize sequen-
tial 1/0. Typically a randomdisk accesscostsat least30
times more than a sequentiall/O. The motivation is that
the MVBT creategpagesin increasingtime orderandthe
link-basedalgorithmaccessedatapagesn decreasingime
order Sowhena datapageA is neededjt is very likely
thatthe datapagescreatedright before A wascreatedwill
be neededvery soon. Soin the link-basedjoin algorithm,
wheneerapagemisshappenswe readin multiple consec-
utive pagednsteadof one.E.g. if apagewith number1070
isneededwereadpages 041through1070.Thisoptimiza-
tion appliesto theplane-sweeplgorithmto be presentedh
thenext sectionaswell.

3.4.2 Plane-Sweeploin Algorithm

The plane-sweepoin algorithm (MVBT.PS is similar to
thelink-basedoin algorithmin thatit alsostartswith find-
ing the datapagesntersectingwith the right borderof the
gueryrectangleandit alsoproceed$y following predeces-
sorlinks to find the otherdatapages.

Algorithm MVBT_PS(MVBT muwbt1, muvbta, Rectangler)

1. Browsedown bothmuwbt: andmuwbt, to find datapagesn-
tersectingheright borderof r;

2. Findtherecordsin thesepagesandstorethemin buffer;

3. Storethe predecessorsf thesepagesin decreasingrderof
pageendtime, in priority queuesP@: and PQ- for muvbt,
andmuwbt., respectrely;

4. Setlargest_end: andlargest_end> to be the largestend
time of ary pagein PQ; andPQ-, respectiely;

5. Jointhein-buffer records;

6. Remave recordsfrom buffer whose start is no lessthan
largest_end of theotherindex;

7. while atleastoneoutof PQ; and PQ- is notempty

8. if largest_end, > largest_ends, then

9. e =PopPQ1);

10. Addin PQ: thepredecessorsf e which intersect and

which satisfythe PD condition;
11.  Adjustlargest_end:;
12.  Add to buffer thequalifying recordsfrom pageé¢);
13.  Jointheaddedrecordswith in-buffer recordsof mubts;



14. Remae such in-buffer record rec of mubta that
rec.start > largest_ends;

15. else

16. /I similar, omit
17. endif

18. endwhile

Stepsl through6 do initialization. Recordsfrom both
MVBTs which residein datapagesintersectingthe right
borderof the queryrectangleare locatedandjoined. Out
of theserecords,only the onesthat may join with future
recordsare retainedin the buffer. In orderto detectthe
garbage recods, i.e., recordsthat will not join with ary
later record, the following propertyof Link;ign is utilized.
Considera datapage A which intersectsthe query rect-
angler but doesnot intersectwith the right borderof r.
When Link;igny examinesA, ary recordit reportshasend
time within theinterval of A. Sinceall datapagesof muvbt,
that are examinedlater will have endtime no larger than
largest_endy, all later mvbt,; recordswill alsohave end
time no largerthaniargest_end; . So,asstep6 reveals,an
in-buffer muvbt, recordbecomegyarbagef its starttime is
nolessthanlargest_end; .

In the while loop from step7 to step18, the otherdata
pagesintersectinghe queryrectangleare examined. Each
loop readsin one data pageand addsqualifying records
from the pageinto memorybuffer. Next, the nenvly added
recordsare joined with in-buffer records. Last, sinceone
largest_end may becomeess,step14 eliminatesgarbage
records.

Discussion: There are three differences between
MVBT _Link andMVBT _PS.(1) While MVBT _Link keeps
pairsof datapagesn the priority queue MVBT _PSkeeps
individual datapages. (2) MVBT _PS needsto retaindata
recordsin memory (3) MVBT _PSvisits eachdatapagein-
tersectinghe queryrectangleonly once.

The differenceq1) and (2) reveal an interestingtrade-
off of the memory utilization betweenMVBT _PS and
MVBT _Link. Comparedwith MVBT _Link, MVBT _PS
usesmore memory to maintain the datarecordsalready
found which may be usedlater Whentherearetoo mary
suchrecords someof themarewritten to disk, causingex-
tra 1/0. On the otherhand,sinceMVBT _Link keepspairs
of datapages(actually pairs of index recordspointing to
datapagesyatherthanindividual datapagesandsinceone
datapagemayappeaiin multiple pairs,MVBT _Link tends
to have a larger priority queue. Difference(3) shavs an-
otheradwantageof MVBT _PS.However, this advantages
not significantsincethat MVBT _Link hasbeenoptimized
with the orderby-timeoptimization.

Notethatthe MVBT _PSalgorithmis reminiscenbof the
streamprocessingapproactof [16] andthe priority query
driven R-treejoin (PQR)of [2]. A differenceis thatwhen
addingrecordsto the in-memory buffer, MVBT _PS adds
a setof recordsat a time, while PQR addsoneat a time.

Another differenceis that the MVBT _PS focuseson leaf
pageswhile PQRexamineshewholetree.

4 PerformanceAnalysis
4.1 Implemented Algorithms

Tablel lists the algorithmswe implemented Onebene-
fit of the unsynchronizecpproachs thatit canutilize se-
guentiall/O, sincethe selectionresultscan be written to
disk and later retrieved from disk sequentially Further
more,in the MVBT unsynchronizealgorithmwe utilize a
pipeliningtechniqudor additionalspeed-upAfter qualify-
ing recordsare selectedrom thefirst index (1), a portion
of the selectionresultis keptin memory As eachrecord
z from the secondindex (I») is selectedjt is joined with
thein-memoryI; records.Recordz is thendiscardedf it
is certainthatit will not join with any on-disk; record.
After the selectionon I is finished,if therearestill some
on-diskrecordsfrom both I; and I, they arejoined using
traditionaltechniques We implementedboth a sort-mege
versionanda block-nested-loowersionof the unsynchro-
nizedMVBT algorithm. However, in all our experiments,
the sort-megeversion(muvbt_sm) outperformedheblock-
nested-loopandthusthelatterversionis omitted.

For the synchronized+-treejoin algorithm(denotedas
b+), therecordsareclusteredirst by key andthenby start
time. For the synchronizedR*-tree join algorithmswe im-
plementedboth the depth-firstand the breadth-firstjoins
(denotedasr* df, r* bf).

4.2 Experimental Setup

The algorithmswereimplementedn C and C++ using
GNU compilers. The programswererun on a Sun Enter
prise250Senermachinewith two 300MHzUltraSRARC-II
processorsising Solaris2.8. To comparethe performance
of the various algorithmswe usedthe estimatedrunning
time. This estimateis commonlyobtainedby multiplying
the numberof I/O’s by the averagedisk block readaccess
time, andthenaddingthe measuredCPU time. We mea-
suredthe CPU costby addingthe amountof time spentin
user andsystem modeasreturnedby the getrusage sys-
temcall. A randomaccessvascountedas10mson average.
A sequentiahccessvascountedas1/300f arandomaccess
time.

For every index, an LRU buffering was used. For the
R*-treejoins, besideasinga LRU buffer, for eachtreewe
alsohbufferedall the nodesalongthe pathfrom the root to
themostrecentlyaccessedode.For the breadth-firsjoins,
we used15% of the memorybuffer for storingandsorting
theintermediatgoin results.

With the exceptionof the datasetisedin section4.3, all
datasetsverefirst createdusingthe TimelT software[13]
andthentransformedo addrecordkeys. Eachdatasehas



Notation: | AccessMethod: Meaning: Section:
mubt_df MVBT Synchronizeddepth-firstiraversal 3.3
mubt_bf MVBT Synchronizedbreadth-firstraversal 3.3
mubt_link MVBT Synchronizediink-basedraversal 3.4.1
mubt_ps MVBT Synchronizedplane-sweepraversal 3.4.2
mubt_sm MVBT Unsynchronizedselectionqueryfollowed by sort-megejoin 4.1
b+ B+-tree Synchronizedfind the startpoint usingindex andsort-mege onleaf pages 2
r*_df R*-tree Synchronizeddepth-firsttraversalusingR*-tree 2
r*.bf R*-tree Synchronizedbreadth-firstraversalusingR*-tree 2
Table 1. Implemented Algorithms
10 million records. Eachactualrecordis 128 byteslong. mediatdevels.
The key, start and end attributesare each4 byteslong.
Thedefaultkey spaceandtime spacearebothdefinedas]1, » =
20 million). A datasetontains50,000uniquekeys where g %
eachkey hason average200 intenals. We define three 515 8 2000
kinds of intervals: short (lengthabout1/100000f thetime § 10 § 1500
space)medium (1/10000f thetime spacepndlong (1/100 £ s s -
of the time space). We presentresultsusing four datasets 0 004 .
with uniformly distributedkeys. The uni-LM dataseton- df bf link df bf link

tains25%long and75% mediumsizeintervals. The uni-M
datasehas100%mediumsizeintervals. Similarly, the uni-
SM datasetontains®25% mediumand75%smallintervals,
while the uni-S hasonly shortintervals. To studythe ef-
fectof joining mainly longintervals,auni-LM andauni-M
datasetsre joined. To studythe effect of joining mainly
shortintervals,auni-Sandauni-SM datasetareused.

Eachexperimentreportsthe averageresponseover 10
randomly generatedjuery rectangleswith fixed rectangle
shapeandsize. The shapeof a queryrectanglds described
by the R/I ratio, where R is the length of the query key
rangedivided by the length of the key spaceand I is the
length of the querytime interval divided by the length of
thetime space.Thequeryrectanglesize(QRS)is described
by the percentagef the queryareain the whole key-time
space.Unlessotherwisestated the default parametersve
usedare:buffer size= 10MB, pagesize= 8KB, QRS= 1%
andR/I ratio= 1.

4.3 Impr ovementdueto the optimizations

The virtual height optimizationfocuseson eliminating
the numberof intermediateindex nodesvisited during a
join. It becomesmportantwhenthe heightsof the joined
treesaresubstantiallydifferent. To obsenethis, we created
a datasetwith 50K recordsthat are never deleted. Hence,
theheightof theMVBT will increaseastime proceedscre-
ating a large differencebetweernthe latestand the earliest
B+-treesin the MVBT graph. Figure 7a shows the results
usingthe VHO on the MVBT, for a GTE-Joinquery that
self-joinsthe above datasetvhereQRS=100%.The depth-
first (df) andbreadth-first(bf) approachesre clearly im-
proved. Thelink-based(ink) algorithmhaslittle improve-
ment. This is expectedsincethe link-basedalgorithm fo-
cuseson datapageswhile the VHO helpsonly in theinter-

(a) Improvementdueto VHO  (b) Improvementdueto BCO

Figure 7. The VHO and BCO optimizations.

The improvementdue to the balancingcondition opti-
mizationis drastic,especiallywhenthe R/I ratio is small.
Figure7b shavs theresultsof a GTE-Joinquerybetweera
uni-LM anda uni-M datasetachof which has0.5 million
recordswith R/l ratio being0.1. With asmallR/I ratio the
gueryrectanglecoversalargeportionof thetime spaceand
thusthe algorithmswithout the BCO performmary unnec-
essanyjoins of pages. The improvementof the link-based
join algorithmis alsosubstantiabut is relatively smallerbe-
causet examinesonly afew index pages.In thefollowing
experimentsoththe VHO andthe BCO have beenapplied
if applicable.

4.4 GTE-Join Performance

Figure8 compareshejoin performancavith varyingR/I
ratio, usingdatasetsvith mainly largeintervals. We exper
imentedwith R/I ratiosrangingfrom 0.1to 10; for brevity
we presentonly the two extremeratios. The four MVBT-
basedsynchronizedapproachesiave overall more robust
performance. Among themthe two sidavays approaches
(mwbt_link andmubt_ps) arethebest.

The unsynchronizedsort-mege algorithm (muwbt_sm)
doesnot performwell becausehereare mary recordssat-
isfying the range-interal queryandthusit is expensve to
maintainthem (storing, sorting, etc.). Its performancem-
provesasthe R/l ratio becomedarge. This is becausdghe
gueryrectanglecoversrelatively moreof thekey spaceand
fewer intervals with the samekey, andthusa recordjoins
with fewer recordsin the otherrelation.

As expectedthesynchronized+-treejoin doesnotper
formwell sinceit accessesecordghatshouldnotbejoined.
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This problemworsenswith alarge R/l ratio. Similarly, the
R*-tree basedalgorithmsperform worsethan the MVBT
ones.Thisis alsoexpectedpbecaus®&*-treesareaffectedby
theinterval overlappingonthetime dimension.TheR*-tree
breadth-firsjoin needsmore CPU time but lessl/O time
thanthe R*-tree depth-firstjoin. Their overall performance
howeveris similar.

All algorithmsperform betterwhenjoining shortinter-
valssincetherearefewerjoin results(figure9). Theperfor
manceof the R*-treebasedapproachesnproveswith short
intervals becausehe the degreeof overlappingamongthe
sibling pagesds reduced.

Clearly from Figures8 and 9 the synchronizedside-
waysMVBT approacheperformbetterthantheirtop-dovn
counterparts.The reasonis that top-dovn approachegoin
alot of index pageswhile the sidavaysapproachebenefit
by focusingon the datapagesonly. Moreover, the side-
ways approachesantake advantageof the sequential/O
optimization. Betweenthe two sidevays approachesthe
link-basedone (mwvbt_link) is morerobust. Thereasonis
thatthe plane-sweelgorithm(muvbt_ps) keepsrecordsin
buffer aslong asthey are neededfor joining with future
records.If therearemary suchrecords,somemay haveto
be kept on disk, which affectsthe join performance.This
problemworsensespeciallywhenjoining long intervals or

with alarge R/l ratio. The only casewhenthe plane-sweep
algorithmperformsbetterthanthe link-basedoneis when
joining shortintervals while the R/I ratio is small (figure
9b). But eventhen,the advantages only marminal.

When comparingthe link-based MVBT join perfor
mancewith the B+-treeandthe R*-treejoins, theimprove-
mentis drastic. In absoluteterms,the link-basedgave a
10-fold improvementagainstthe R*-tree methods. The
improvementagainstthe B+-treejoin variedfrom 6 to 30
times,basednthejoin queryanddatasetharacteristics.

Figure 10acompareghe performanceof the algorithms
while varyingthe QRSwhile figure 10bpresentsheperfor
mancewhenvaryingthe memorybuffer size. The datasets
usedaretheuni-LM anduni-M, i.e. joining mainlylongin-
tenals. Sincewe have obsenedthatthe breadth-firsfoins
(mvbtbf, r* _bf) andtheir depth-firstcounterpartgmvbt df,
r*_df) have similar performancefor clarity we omit theper
formanceof the breadth-firsalgorithms.

As the QRSvaries(figure 10a),thelink-basedalgorithm
is alwaysthebestchoice.Whenthe QRSis small,theplane-
sweepalgorithmbecomesa competitor too. Thereasons
thatfor a smallerQRS,therearefewer recordsin the query
rectanglewith intervals containingary given time, which
leadsthe plane-sweeplgorithmto have fewer recordsto
maintainin buffer. Anotherinterestingobsenationis that
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whenthe QRS becomedarger, the synchronizedB+-tree
basedjoin performsbetterthan the synchronizedR*-tree
join andtheunsynchronizedort-megejoin. Thereasoris
thatwith alarger QRS,the queryrectanglecoversmore of
the time space. Hencethe leaf pagesof the B+-tree have
fewer recordswhoseintervals do not intersectthe query
rectangle.

As expected,all algorithmsimprove as the available
memory buffer increasegfigure 10b). Neverthelessthe
link-basedalgorithmis againthe fastest.With large buffer
size,the plane-sweeppasedalgorithmbecomes competi-
tor. With alargebuffer, theplane-sweeplgorithmcankeep
more recordsin memoryand thusthe /0O neededfor the
join is less. Interestingly the B+-tree basedjoin is rather
independentrom thesizeof availablebuffer. Sincetheleaf
recordsof the B+-treearealreadysorted,the join process-
ing is basicallysynchronizedscanof two sortedlists and
notmuchbuffer is needed.

We alsoexperimentedvith variousothercasesjoinsin-
volving negative exponentially distributed keys, normally
distributed keys, varying pagesizes,etc. The resultsare
omitted but canbe found in [30]. However, in all experi-
mentswe performedwe got the sameconclusion,i.e., the
two synchronizedMVBT sidaevays traversalsare the best
and amongthesetwo, the link-basealgorithm hasoverall
morerobustperformance.

5 Previous Work

Researcton temporaljoins hasfocusedon non-indeed
algorithms. [22] assumedthat the smaller relation fits
in memory and proposedseven nested-loopT-Join algo-
rithms. [9] provided sort-mege T-Join and TE-Join algo-
rithmswhenoneor bothrelationsaresorted.[16] assumed
thatthe relationsare sortedon the starttime of the record
intervals and discussechow to memge themin a stream-
processingmanner Eachiteration of the algorithmreads
in buffer onerecordwhosestarttime is the smallestamong
non-readrecords. This recordis joined with the in-buffer
recordsandthe in-buffer recordswhich will not join with
further recordsare removed. [23] also assumedhe rela-

tionsaresortedanddiscussedhow to memgethem.

Besideghenested-loomndsort-megetemporaljoin al-
gorithms, partition-basedalgorithmshave also beenpro-
posed. In static partitioning[29], a recordis copiedto all
partitionsthat intersectits interval. A partition of records
in onerelationneedo join with onepartition of the other
relation. In dynamicpartitioning[26], a recordis assigned
only to one partition (the last partition that intersectsthe
records interval). After a pair of partitionsis joined, the
recordsthatmay possiblyjoin with somerecordsin theun-
processeg@artitionsareretainedn thejoin buffer. [24] used
thisdynamicpartitioningalgorithmwhile utilizing the Time
Index[7] to determingheexactpartitioningintervalssothat
eachpartitionfits in memory [17] proposeda T-Joinalgo-
rithm basedbn spatialpartitioning. Herearecordsinterval
i is mappedto a point (i.start, i.end - i.start) in a two-
dimensionalspace. Thesepoints are then indexed by an
R-treelike method(the Time Polygonindex) which parti-
tionsthe space However, a partitionin onerelationmaybe
joinedwith mary partitionsin the otherrelation[30].

In additionto [4, 10], indexedspatialjoinshavealsobeen
consideredn [8, 2]. [8] proposedoin algorithmsbasedon
GenealizationTrees [2] developedaplane-sweepinglgo-
rithm thatunifiesthe index-basedandnon-index basedap-
proachesTheplane-sweepinghaseof thealgorithmneeds
to readrecordsfrom thejoining relationsin non-decreasing
order regarding one dimension(and then the streampro-
cessingof [16] canbe applied). For the non-indexed en-
vironment,aninitial sortingis sufficient. Whenthe R-tree
index exists, it is exploited to directly extract the datain
sortedorderaccordingto the plane-sweeplirection. This
algorithmis an extensionto the scalablesweeping-based
spatialjoin (SSSJ)1] to thecaseof indexedinputs.

6 Conclusions& Future Work

We studiedthe problemof efficiently processingempo-
ral joins whenindicesare available. We concentratedn
GTE-Joinsand argued that traditional indexing schemes,
like aB+-treeor anR*-treedo notleadto efficientjoin pro-
cessingdueto their ineffectivenesdn clusteringtemporal



data. Insteadwe usedatemporalindex. Variousproblems
arisedueto thetemporalindex characteristicslik e thein-
troductionof recordcopiesor the incompleteupdatingof
previousrecordcopies andcanaffectthecorrectnesand/or
efficiency of thetemporaljoin. Unfortunately known tech-
niguesfor range-interal queriesdo not apply when pro-
cessingtemporaljoins. We identified theseproblemsand
providedefficientsolutions.More specifically we proposed
four synchronizedtemporalindex basedjoin algorithms.
While we have concentrate@n usingthe MVBT, our find-
ings apply to othertemporalindicesaswell. We alsopre-
sentedvariousoptimizationtechniqueshatfurtherimprove
join processingOur experimentakesultsverified thattem-
poralindex basedoins are more efficient thanthe B+-tree
andR*-tree basedoins. In particular the newly proposed
link-basedoin algorithmhasthe mostrobustperformance.
It shovedmulti-fold improvementoverthe B+-tree/R*-tree
joins. Moreover, this algorithmbehaed similarly well for
othertemporaljoin queries(like a generalizedl-Join and
ageneralizedqui-Join)andvarioustemporaldatasetsye
referto [30] for acompletdist of the performanceesults.

While this paperconcentratednindexedtemporajoins,
anopenquestionis whetherhashingbasedschemeganbe
applied. Oneapproachs to considerspatialhashingmeth-
0ds[18, 21]. However, spatialhashjoins have two possible
drawbacks.First, arecordis copiedto all bucketsthatinter-
sectits interval. Temporalintervalstendto belong andwill
be copiedin mary buckets,which will affect performance.
Second,suchpartition basedjoins are not very dynamic.
Initial partitioning may deteriorateasrecordsare updated.
We planto examinehashingapproachetailoredto tempo-
ral data[14] aswell.
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