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Abstract

Space-partitioning trees, like the disk-based trie,
guadtree kd-tree and their variants, are a family of ac-
cessmethodshat index multi-dimensionabbjects. In the
caseof indexing non-zeo extentobjectse.g., line sggments
and rectangles space-partitioningreesmay replicate ob-
jects over multiple spacepatrtitions, e.g., PMR quadtee
expandedMX-CIF quadtee andextendedkd-tree Asa re-
sult, the answerto a queryover theseindexesmayinclude
duplicatesthat needto be eliminated,i.e., the sameobject
maybereportedmore thanonce In this paper we propose
generic duplicate elimination techniquesfor the class of
space-partitionindgreesin thecontet of SP-GiSTanexten-
sible indexing framewvork for realizing space-partitioning
trees. The proposedtechniquesare embeddednside the
INDEX-SCANopeiator. Theiefore, duplicatecopiesof the
sameobjectdo not propagate in the query plan, and the
elimination processis transpaent to the end-uses. Two
casesfor the index structues are consideed basedon
whetheror not the objects' coordinatesare stored inside
theindex tree Thetheoreticalandexperimentaknalysisil-
lustratethatthe proposedecdniquesachievesavingsn the
storage requirements}/O opemations,and processingime
whencompaedto addinga sepaate duplicateelimination
opefator in thequeryplan.

1 Intr oduction

Space-partitioningreesare a family of accessnethods
that index multi-dimensionalobjects,e.g., disk-basedrie
variants[2, 8, 13|, quadtreevariants[12, 14, 16, 19, 23],
andkd-treevariants[6, 7, 17, 20]. Space-partitioningrees
areusedassupportingstructuresn avarietyof applications
suchasGIS, datamining, and CAD/CAM applications.In
the caseof indexing non-zeroextentobjects,e.g.,line sgy-
ments,and rectangles space-partitioningreesmay repli-
catetheindexedobjectsover multiple spacepartitions,e.qg.,
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thePMR quadtred19], expandedVX-CIF quadtregl, 21],
RR quadtree$22], andextendedkd-tree[17]. As aresult,
theansweltto aqueryoverthesendexesmayincludedupli-
catesthat needto be eliminated,i.e., the sameobjectmay
be reportedmorethanonce. For example,in Figurel, we
illustrate indexing two line segments,L; andL,, usinga
PMR quadtree.Eachobijectis attachedo all spaceparti-
tionsit intersectawith. GivenanintersectionqueryQ, we
wantto reportall objectsthat intersectwith Q. This will
resultin reportingL; four timesbecause&) intersectswith
partitions1, 9, 10, and11. Moreover, L, will bereported
twice because®) intersectswith partitions7, and12.

Eliminatingthe duplicatesof anobjectcanbeperformed
by usingthetraditionaldatabaséuplicateeliminationtech-
niguesi.e., addingthe DISTINCT operatorto the query
plan. However, this approachs not ef cient for thefollow-
ing reasons.First, removing the duplicatesresultingfrom
theunderlyingaccessnethodsshouldbetransparento the
end-usersEnd-userslo not have to be aware of which ac-
cesanethodis usedto answerthe queryandwhetheror not
thisaccessnethodgeneratesluplicates Secondthe useof
a separateperatorto eliminatethe duplicatess an expen-
sive operationasit involvesanadditionalsortingor hashing
phasein the queryplan. This overheadcanbe reducedor
completelyavoidedif theseduplicatesareeliminatedat the
INDEX-SCAN operator

In this paper we proposegenericduplicateelimination
techniquedfor the classof space-partitioningreesin the
contet of SP-GIST[3, 4]. SP-GiSTis anextensibleindex-
ing framework for realizingthe classof space-partitioning
treesinsidedatabasengineqg11]. The proposediuplicate
elimination techniquesare embeddednside the SP-GIiST
INDEX-SCAN operator They ensurethat the INDEX-
SCAN operatorreportseachobject that satis es a given
qguery only onceindependenbf how mary times the ob-
jectis replicatedinside the index. We considertwo cases
for theindex structuredpasednwhetheror nottheobjects'
coordinatesare storedinside the index tree. For indexes
thatstorethe objects'coordinatesye proposea technique,
termedConsistencyRefeence that computesa point CR
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Figure 1. PMR quadtree

for eachobject satisfyingthe users query The objectis
reportedonly whenthe partition being processedontains
CR. For indexesthat do not storethe objects' coordinates,
we usehashingtechniquesnsidethe INDEX-SCAN oper
atorto eliminatethe duplicatesasearlyaspossiblej.e., be-
foreretrieving the objects'coordinatego avoid performing
I/O operations. The theoreticaland experimentalanalysis
illustratethatthe proposedpproactachievessavingsin the
storagerequirements|/O operationsand processingime
comparedo thestand-alon®ISTINCT operato@pproach.

The contrikutions of the paperare summarizedas fol-
lows:

1. We presentgenericduplicate elimination techniques
for the classof space-partitioningrees. The pro-
posedtechniquesare embeddednside the INDEX-
SCAN operatorinsteadof using an expensve stand-
aloneDISTINCT operator

2. We implement the proposedtechniquesinside the
PostgreSQLlversionof SP-GIiST The theoreticaland
experimentalanalysisillustrate the ef ciency of the
proposedtechniqueswith respectto storagerequire-
ments,|/O operationsand processingime compared
to thestand-alon®ISTINCT operatorapproach.

Therestof the paperproceedsasfollows. In Section2,
we presentherelatedwork. In Section3, we overview the
SP-GiSTframeavork. The proposedduplicateelimination
techniquesarepresentedn Sectiond. Section5 describes
theimplementatiorinsideSP-GiST Thetheoreticabndex-
perimentalanalysisare presentedn Sections6 and 7, re-
spectvely. Section8 containsconcludingremarks.

2 RelatedWork

Duplicateeliminationin databasess usuallyperformed
by addinga separat®ISTINCT operatotto thequeryplan.
Severaltechniquesave beenproposedo realizethe DIS-
TINCT operator{10, 18]. Typically, a non-blockinghash-
ing techniques usedwhenthe expectednumberof distinct
tuplescan t into mainmemory Otherwise a blockingdu-
plicateeliminationtechniques used.Duplicateelimination
is known to be an expensve operationasit involvesan ad-
ditional sortingor hashingphase.Therefore several tech-

nigueshave beenproposedo eliminateduplicateamoreef-
ciently in the context of spatialdata. In [9], an on-line
techniquehasbeenproposedo eliminate duplicatesover
spatialjoin operations.The techniquecomputesa unique
pointx for eachpair of joinedspatialobjects.A joined pair
is reportedfrom the JOIN operatoronly whenx is inside
the spacepartition being processed.The techniqueavoids
addinga separatedDISTINCT operatorover the JOIN op-
eratorin the queryplan. However, the techniqueproposed
in [9] is limited to spatialjoin operations.In contrast,our
proposedechniquesanbe usedto handleduplicateelimi-
nationover ary spatialoperationbecausehey arebuilt in-
sidetheINDEX-SCAN operator For example,if thespatial
join is built ontop of the proposedNDEX-SCAN operator
thenthe JOIN operatordoesnot needto handlethe dupli-
catesbecauseachobjectwill bereportedonly oncefrom
the INDEX-SCAN operator Anothertechniquefor elim-
inating duplicatesin spatialdatabase$iasbeenproposed
in [5], . The techniquemaintainsa datastructure,active
border, thatrepresentshe borderbetweerthe spaceparti-
tionsthathave beenprocesse@ndthosethathave not. An
objectis reportedonly whenall the partitionsthatintersect
with the objecthave beenprocessedi.e., coveredby the
activeborder. Thetechniqueproposedn [5] is analgorith-
mic approactthatcanbeusedto traverseor retrieve objects
from theindex tree.However, thetechniquds not practical
to beimplementedasan operatorinside a databasengine
becaus®f its compleity.

3 SP-GIST

SP-GIST[3, 4, 11, 15] is anextensibleindexing frame-
work that broadenshe classof supportedindexesto in-
cludeawide variety of space-partitioningrees,e.g.,disk-
basedrie variants,quadtreevariants,andkd-trees.Space-
partitioning treesdiffer from eachotherin variousways.
For example,tree structuresnay or may not supportnode
shrinkingwhere empty partitionsinside eachnodecanbe
omitted. Other variationsinclude the bucket size of leaf
nodesthesupporfor variousdatatypes,andthesplitting of
nodes(whento triggera split andhow nodesplitting is per
formed). As an extensibleindexing framawork, SP-GiST
allows developerdo instantiatea variety of index structures
in anef cient way throughpluggablemodulesandwithout
modifying thedatabasengine.

SP-GIiST provides a set of internal methodsthat are
commonfor all space-partitioningrees,e.g., the Insert(),
Seach(), andDelete()methods. The internalmethodsare
the coreof SP-GIST To handlethe differencesamongthe
variousSP-GiSThasedndexes,SP-GiSTprovidesa setof
interfaceparameteranda setof externalmethodinterfaces
(for thedevelopers).

Theinterfaceparameterinclude:

NodePedicate: speci esthe predicatetype at the in-
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Parameters

PathShrink= LeafShrink,NodeShrink= Flase
BucketSize= B

NoOfSpace®Brtitions= 4

NodePredicate Quadran{x1, y1,x2,y2)
KeyType= Line Segment

PathShrink= NeverShrink,NodeShrink= False
BuclketSize= 1

NoOfSpaceBrtitions= 2

NodePredicate “left”, “right”, or blank
KeyType= Point

Consistent(E,q,lel)

If (insertedine segmentintersectE.quadrant)
ReturnTrue
ElseReturnFalse

If (level is oddAND g.x satis®@e<E.p.x)
OR (level is even AND q.y satis®e<E.p.y)
ReturnTrue, ElseReturnFalse

PickSplit(Rlevel)

Decomposehe spacento four equalpartitions
Distribute theline sggmentsin P accordingto
theirintersectiorwith the new partitions

Puttheold pointin a child nodewith
predicaté‘blank”
Putthenew pointin achild nodewith

ReturnFalse

predicatéeleft” or “right”
ReturnFalse

Table 1. Instantiations of the PMR quadtree and kd-tree using SP-GiST.

dex nodes.

KeyType: speci es the datatype stored at the leaf
nodes.

NumbeofSpaceBrtitions: speci esthenumberof dis-
joint partitionsproducedat eachdecomposition.
PathShrink:speci eshow theindex treecanshrink.
NodeShrink: speci es whetherthe empty partitions
shouldbekeptin theindex treeor not.

BudketSize: speci es the maximum numberof data
itemsa datanodecanhold.

ObjectReplication:speci eswhetheror not theindex
allows replicatinganobjectover multiple partitions.
MaintainCoodinates:speci eswhetheror notthein-
dex storeshe objects'coordinates.

The SP-GiSTexternal methodsinclude the PickSplit()
methodthat speci es how the spaceis decomposednd
how the dataitemsaredistributed over the new partitions.
PickSplit() is invokedby theinternalmethodinsert() when
a node is full and splitting is needed. Another exter
nal methodis Consistent()that speci es how to navigate
throughtheindex tree. Consistent()s invokedby theinter-
nal methodsnsert() andSeach() to guidethetreenaviga-
tion.

In Table 1, we illustrate the instantiationof the PMR
guadtreeand kd-treeusing SP-GiST Notice that from the
developerspoint of view, codingof theexternalmethodsn
Tablel is all whatthe developerneedgo provide.

We realized the SP-GIiST framework [3, 4] inside
PostgreSQLto include the family of space-partitioning
trees[11]. The proposedduplicateeliminationtechniques
are implementedinside the PostgreSQLversion of SP-
GiST.

4 Duplicate Elimination in
partitioning Trees

Space-

Duplicatesmay occur in space-partitioningrees that
have the following two properties: (1) they index non-

zeroextent objects,and(2) they replicatethe indexed ob-
jects over multiple spacepartitions. Examplesof such
treesincludethe PMR quadtred19], theexpandedX-CIF
quadtredl, 21], theRR quadtred22], andtheextendedkd-
tree[17]. Otherindex structuresuchasthe kd-tree,point
guadtreeandtrie do not generateduplicatesbecausehey
index zero-extentobjects e.g.,points,andcharacters.
Space-partitioningreesthat have the problemof gen-
eratingduplicatesmay or may not storethe objects' coor
dinatesinside the index tree. For example,if the indexed
objectsare polygons,thenstoringthe objects’ coordinates
insidetheindex canbeexpensve. In this case pnly the ob-
jects'identi ers arestoredinsidetheindex, andthe objects'
coordinatesare storedin a separatdable. In Section4.1,
we considetthe problemof duplicateeliminationin indexes
thatstorethe objects'coordinatesIn Section4.2, we con-
siderthecomplementargase.

4.1 Duplicate Elimination in Coordinate main-
tained Indexes

Coordinate-maintainethdexes have the property that
the objects' coordinatesan be retrieved without perform-
ing ary extral/O operations We make useof this property
to designa duplicateeliminationtechniquetermedConsis-
tencyRefeence thatrequiresneitherextra spacenor extra
I/O operationsConsisteng_References basedntheidea
of reportingan objectat a certainpointthatis computedat
thequeryrun-time[5, 9]. Consisteng References embed-
dedinsidethe SP-GiISTINDEX-SCAN operator

Consisteng_Reference&omputesat thequeryrun-time,
a zero-«tent object, e.g., Point, called CR for each
databas®bjectO satisfyinga givenqueryQ. CRis com-
putedeachtime O is encountered,e.,if O is encountered
m times, then CR will be computedm times. O will
be reportedfrom the INDEX-SCAN operatorto the next
operatorin thequerypipelineonly whenthe spacepartition
being processectontainsCR. Since CR is a zero-etent



DB ObjectType O | QueryType Q | Operator CR De®nition
Line sggment Line sgment Intersection | CR= fpoint P :P 2 O and P 2 Qg
Window Intersection | CR= fpoint P 2 O”: P:x P%x8P"2 O%;;
whereQCis theintersectedine segmentbetweerO andQ
Contains
Point Containedn | CR= fpoint P : P = Qg
Rectangle Linesegment | Intersect CR= fpoint P 2 O°: P:x P%x 8P%2 O%;
whereQCis theintersectedine segmentbetweerO andQ
Containedn
Window Intersect CR= fpoint P2 O’: P:x P% and P.y P%y8P"2 O%;
whereQC is theintersectedectanglebetweerO andQ
Contains
Containedn
Point Containedn | CR= fpoint P : P = Qg
Table 2. Computing CR for various data types and query operator s
Consisteng_Reference Stand-alon®ISTINCT operatorapproach
Storage No storages required A hashtableis usedto storetheidenti®erof eachreportedobject
Scalability Thetechniquescaleswith theincrease | If thesizeof the hashtableexceedghemainmemory
of thesizeof the outputrelation thena blockingduplicateeliminationtechniquewill beused
I/O Operations| No I/O operationsarerequired If ablockingtechniques usedthenl/O operationsare
performed

Table 3. A comparison between the Consistenc y_Reference technique and the stand-alone DISTINCT

operator approach.

object, thenit is guaranteedhat CR belongsto only one
spacepartition. Hence,O will bereportedonce.

De nition (ConsistencyReference CR): For a non-
ze extentobject O that satis esa givenqueryQ, CRIis
a ze-extent objectthat belongsto O and participatesin
makingO satisfyQ.

According to the de nition, the CR of an object O
againstquery Q hasto satisfytwo conditions: (1) CR be-
longsto O, and (2) CR participatesn making O satis es
Q. Thesetwo conditionsensurehat CR belongsto a space
partitionthatwill be processedy Q. ThereforeO will not
be missed. The exact criterion for computingCR depends
onthedatatypeof thedatabasebjectse.g.,Line S@gment
or Rectangleandthe type of the query e.g.,intersection
overlapping or containmentguery This criterionis pro-
vided by the developerof theindex structure.

In Figure 2, we illustrate an example for the Consis-
teng/_Referencetechnique. We consideran intersection
queryQ over a PMR quadtreethatindexesline segments.
The criterion for computing CR for a line sgment O
satisfyingQ canbede ned asfollows:

CR= fpoint P 2 O%: P:x P%x 8P%2 O%; where

0Vis theintersectedine segmentbetweerD andQ.

The criterion selectsthe point with the largest X-axis
valueontheintersectedine sggmentbetweerO andQ.

Thespacepartitionsin Figure2 areprocessedlock-wise
in thefollowing order: 1,9, 10,11,12,and7. Partitions6,
8, 3, and 4 are skippedbecausethey do not intersectQ.
Whenwe procesgartition1, we nd thatLgz doesnot sat-
isfy Q, therefore L3 will beskipped.However, L; satis es
Q, thereforewe computethe CR pointfor L4, i.e.,L;-CR.
Sincel ;-CRis outsidepartition 1, thenpartition 1 will not
reportL;. Similarly, partitions9 and11 will notreportL,
for the samereason. L; will be reportedonly when par
tition 10 is processed Whenwe procesgartition 12, we
nd thatthe CR pointof L, i.e., L,-CR, belongsto parti-
tion 12. Therefore partition 12 reportsL,. Whenpartition
7 is processed, 3 andL 4 will be skippedbecausehey do
not intersectwith Q, andL, will not be reportedbecause
L,-CRis outsidepartition7.

In Table2, we presentriteriafor computingthe CR un-
dervariousobjectsdatatypesandquerypredicates These
criteriaarenotuniqueandothercriteriacanbe usedaslong
asthey satisfythede nition above.

In Table 3, we comparethe Consisteng_Reference
techniqueagainstthe stand-aloneDISTINCT operatorap-
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Figure 2. Example of the Consis-
tency_Reference technique

proach. Consisteng_Referencedoesnot requireary extra
storagebecauseCR is computedor eachobjectsatisfying
thequeryonthe y , i.e.,whenthe objectis encounteredby
the searchalgorithm. As a result, Consisteng_Reference
doesnotperformary I/O operationsOntheotherhand the
stand-alon®ISTINCT operatormapproachmaintainsahash
tableto storea copy of eachreportedobject. If the size of
themaintainechashtableexceedghe availablemainmem-
ory, thenablockingduplicateeliminationtechniquds used
thatrequiregperformingdisk I/O operations.

4.2 Duplicate Elimination in Non-coordinate-

maintained Indexes

Non-coordinate-maintainedndexes are indexes that
storeonly the objects'identi ers insidetheindex. The ob-
jects' coordinatesare storedin a separateable. Hence,
each retrieval of an object's coordinatesrequires per
forming at leastone 1/O operation. Applying the Con-
sisteny_Referencetechnique over the non-coordinate-
maintained indexes is very expensve becauseConsis-
teng/_Referenceretrieves the coordinatesof an object at
eachtime this objectis encountereduringthe search.

Our proposedduplicateelimination techniquefor non-
coordinate-maintainethdexes is basedon hashingtech-
nigues. Hashingtechniquesare well known techniques
for eliminating duplicatesin databasemanagemensys-
tems[18]. Our approach,termedEmbeddedHashingis
basednembeddindrashingechniquesnsidethe INDEX-
SCAN operatorwhich hastwo advantages{(1) it achieves
transparengto theend-userand(2) it savesl/O operations
becaus@ur approachretrievesthe coordinateof eachob-
ject encounterealuring the searchonly onceindependent
of how mary timesthe objectis replicatednsidetheindex.

EmbeddedHashingperformsin the sameway as the
standarchashingtechniquedor eliminating duplicatesex-
ceptthatit worksinsidethe INDEX-SCAN operator Em-
beddedHashingstoregheidenti ers of theobjectsencoun-

teredduring the searchin a hashtableto avoid processing
the sameobjectmultiple times. Whenan objectO is en-
counteredye searchfor O in thehashtable.If O is found,
then O is skippedbecausét hasbeenalreadyprocessed.
Otherwise ,we performan I/O operation(s}o retrieve O's
coordinatesandcheckwhetheror not O satis esthequery
If O satis esthe query then O will be reported. Other
wise, O will be skipped.In both casesQ's identi er will
bestoredin thehashtable.

Continuingwith the examplein Figure2, andassuming
thatonly the objects'identi ers arestoredinsidetheindex,
the processingf Q is asfollows. The processingf parti-
tion 1 will reportL; asit satis esQ butnotL3. Then,both
L; andLz will be insertedinto the hashtable. The pro-
cessingof partitions9, 10, and 11 will notcheckL; again
becausd ; is alreadyin the hashtable. The processingf
partition 12 will reportL, because , is not encountered
before. Then,L, will beinsertedinto the hashtable. Fi-
nally, the processingf partition 7 will notcheckL, or L3
againbecauséothobjectsarealreadyin thehashtable.L 4
will be checled, but it will not bereportedbecauset does
notsatisfyQ. Then,L, will beinsertednto the hashtable.

If the size of the hashtable exceedsthe available main
memory we usea blocking hashingtechnique.In the rst
phaseof the technique we storethe identi ers of the en-
counteredobjectsduring the searchin the hashtable. In
the secondphase,we eliminate the duplicates,and then
retrieve the coordinatesof eachof the remainingobjects
to checkthem againstthe query Since we retrieve the
objects' coordinatesafter eliminating the duplicates then,
EmbeddedHashingguaranteethatthe coordinate®f each
encountereabjectareretrieved only onceindependenof
how mary timesthe objectis replicatednsidethe index.

In Table4, we compareEmbeddedHashingagainstthe
stand-aloneDISTINCT operator approach. In Embed-
dedHashing, the hashtable storesthe identi ers of the
encountereabjectswhetheror not they satisfythe query
Whereas,the hashtable maintainedby a separateDIS-
TINCT operatorstoresonly the identi ers of the objects
that satisfythe query In both techniquesthe size of the
hashtable may exceedthe available mainmemory There-
fore, both techniquesmay use a blocking hashingtech-
nique for eliminatingthe duplicates. The main advantage
of EmbeddedHashingoverthestand-alon®ISTINCT op-
eratorapproachs in the savingsof thel/O operationsEm-
beddedHashingretrievesthe coordinateof eachencoun-
teredobject,whetheror notit satis esthequery only once.
Whereasthe stand-alon®ISTINCT operatorapproache-
trievesthe coordinate®f eachencounteredbject,whether
or not it satis esthe query every time this objectappears.
The reasonis that in the latter case,the INDEX-SCAN
operatordoesnot keeptrack of which objectsare already
processed.Thus, eachtime an objectis encounteredthe



EmbeddedHashing Stand-alon®ISTINCT operatorapproach

A hashtableis usedto storetheidenti®ersof A hashtableis usedto storetheidenti®ersof the
Storage theencounteredbjectsincluding objectsthat objectsreportedrom the INDEX-SCAN operator

do not satisfythequery

If the sizeof thehashtableexceedghe main If the sizeof the hashtableexceedshe mainmemory
Scalability memorythenablockingduplicateelimination thenablockingduplicateeliminationtechnique

techniquewill beused will beused

Performsonel/O operatiorfor eachencountered| Performsonel/O operatiorfor eachappearancef an
1/0 Operations| objectindependenof the objects'replication. encounteredbject. Thisis the casewhetherthehash

Thisis the casewhetherthe hashtableresides tableresidedn memoryor ablockingtechniques used

in memoryor ablockingtechniques used

Table 4. A comparison between the Embedded_Hashing technique and the stand-alone DISTINCT

operator approach.

INDEX-SCAN operatoretrievesthecoordinate®f this ob-
ject andchecksthemagainstthe query Thel/O saving of
EmbeddedHashingcanbe signi cant if the objects'repli-
cationfactoroverthe spacepartitionsis large.

5 Implementation Inside SP-GiST

We implementthe proposediuplicateeliminationtech-
niguesinsidethe PostgreSQlversionof SP-GiST[11]. The
Consisteng_Referencaechniques implementedaspart of
the SP-GiSTexternalmethodshecauset requiresthatthe
developerde nes and codesthe criteriafor computingthe
CR objects(Section5.1). The EmbeddedHashingtech-
nigueis implementedaspartof the SP-GiSTinternalmeth-
odsbecausehey arecommonfor all SP-GiSTindex struc-
tures(Section5.2).

5.1 Coordinate-maintained Indexes

To implementthe Consisteng_Referenceechniquein-
side SP-GiST we extendthe SP-GiSTexternalmethodso
include two more functions: ConsistencyRefeence()and
ReportUnique() The developerof anindex structurewill
provide thesefunctionsamongthe index's external meth-
ods.

ConsistencyRefeence(OpE, Q) takesthreearguments,
where Op is the operatortype, e.g., intersection over
lapping, or containmentE is the operators left agument
whichis a databas@bject,andQ is the operatorsright ar-
gumentwhich is the operatorpredicate.Basedon the op-
eratorstypeandargumentsConsisteng_Reference(fom-
putesandreturnsthe CR referenceof E. ReportUnique(R
CR) takes two arguments,whereP is the partition begin
processedand CR is the E's CR computedby Consis-
teng/_Reference(). ReportUnique(R CR) returnsTrue if
CRbelongso P, andFalseotherwise.

ConsistencyRefeence(JandReportUnique()arecalled
from the internalfunction Seach() only whenthe index's

interface parameter®bjectReplicatior= True and Main-
tainCoominates= True (Referto Section3). Thatis, these
functionsare usedonly for indexesthat storethe objects'
coordinatesand allow objectsto be replicatedover multi-
ple spacepartitions. Seach() is modi ed to call Consis-
tencyRefeence()andReportUnique()asfollows. Whena
leaf objectO is encountered$Seach() passe® to function
Consistent(}o decidewhetheror not O satis esthe query
If O doesnot satisfy the query then O will be skipped.
Otherwise, Seach() calls ConsistencyRefeence()to get
O's CR, andthencalls ReportUnique() to checkwhether
or not O's CR belongsto the partition being processed.
If ReportUnique() returnsTrue, then Seach() will report
0. Otherwise,O will be skipped. Notice that, Consis-
tencyRefeence()and ReportUnique() are called only for
leaf objectsthatsatisfythe query

For indexesthat have eitherObjectReplicatioror Main-
tainCoominates set to False, only the prototype de ni-
tion of ConsistencyRefeence() and ReportUnique() is
required among the index's external methods because
Seach() will notcall themin the rst place.

5.2 Non-coordinate-maintainedindexes

Unlike theimplementatiorof the ConsistencyRefeence
techniqueEmbeddedHashingis fully implementednside
the SP-GiSTcore,i.e., theinternalmethods.Therefore no
extracodingis requiredfrom theindex developerside.

The EmbeddedHashingtechniqueis implementedin-
sidethe Seach() internalmethod. The non-blockingEm-
beddedHashingis implementednside Seach() asfollows.
Seach() maintainsa hashtable. Whenever a leaf objectO
is encounteredSeach() looksfor O'sidenti er in thehash
table. If O'sidenti er is found,thenO is skippedbecause
O is alreadyprocessed Otherwise,Seach() retrievesO's
coordinategndpasse® to Consistent(Jo decidewhether
or not O satis esthe query In both casesSeach() adds
O'sidenti er to thehashtable.



Parameter De®nition

R Theunderlyingrelation

M Thememorysizein blocks

B Thememoryblocksize

N Thenumberof bucketsin the hashtable

(R) Thenumberof distinctobjectsin R that
satisfythequery

"(R) Thenumberof distinctencounteredbjects

in R thatdo not satisfythe query
Theaveragenumberof objectreplications
encounteredluringthesearch

Table 5. The analysis parameter s

Theblocking EmbeddedHashingis implementednside
Seach() asfollows. Wheneer a leaf objectO is encoun-
tered,Seach()insertsO'sidenti er into thehashtablewith-
out checkingfor duplicates. After insertingall the encoun-
teredleaf objectsinto the hashtable, Seach() scansthe
hashtablebucket by bucketto eliminatethe duplicates Af-
ter eliminating the duplicatesof a given bucket, Seach()
retrievesthe coordinatesof eachobjectin that bucket and
passeghe objectto Consistent(Xo decidewhetheror not
theobjectsatis esthequery If theobjectsatis esthequery
thenthe objectwill bereported.Otherwise the objectwill
beskipped.

Seach() usesEmbeddedHashingonly whentheindex's
interface parametergObjectReplication= True and Main-
tainCoominates= False(Referto Section3). Thatis, Em-
beddedHashingis usedonly for indexesthat do not store
the objects' coordinatesandallow objectsto be replicated
over multiple spacepartitions. Deciding whethera non-
blocking or blocking hashingwill be usedis basedon the
samestatisticsthat the query optimizer usesif a separate
DISTINCT operatotis usedin the queryplan.

6 Theoretical Analysis

In this sectionwe analyzetheoreticallythe proposediu-
plicateeliminationtechniquesFor eachtechniquewe ana-
lyze the memoryrequirementgin blocks),andthedisk /O
operationsTheCPUprocessingimeis considereanly for
techniquesn which no I/O operationsare performed.The
parametersisedin theanalysisaresummarizedn Table5.

We compare the Consisteng_Reference technique
againstthe stand-aloneDISTINCT operatorapproachin
Table 6. Consisteng_References only a memory-based
technique,i.e., it has no disk-basedanalysis. Consis-
teng/_Referenceloesnotrequireary extrastorageanddoes
not performary 1/O operationsln Consisteng_Reference,
eachtime anobjectis encounteredhetechniquecheckghe
objectagainsthequery andif theobjectsatis esthequery,
thenthe object's CR is computed.The numberof theseen-
counterss|[ (R) + "(R)] . Checkinganobjectagainst
the query and computingthe object's CR are assumedo

take O(1) processindime. Therefore the overall CPU pro-
cessingimeis| (R) + "(R)]

Thememory-basedtand-alon®ISTINCT operatorap-
proachmaintainsa hashtableof size (R)=B blocks. The
techniquedoesnot performany 1/0O operationslin thistech-
nigue,the INDEX-SCAN operatorchecksthe encountered
objectsagainstthe query[ (R) + "(R)] times. Then,
the INDEX-SCAN operatorreports (R) objectsto the
DISTINCT operator The DISTINCT operatorsearche$or
eachof the (R) objectsin a hashtable bucket of av-
eragesize (R)=N. Thereforetheoverall CPU processing
timeis[ (R) + "(R)] + [ 2(R)]N.

If the size of the hashtable exceedsthe available main
memory then a disk-basedlocking hashingtechniqueis
used. The blocking techniqueusesthe entire memoryto
procesghehashtablebuckets. The sizeof the hashtableis
[ (R)]=B blocks. Thetablewill bewrittento andthen
readfrom the disk to eliminatethe duplicates. Therefore,
thetotal numberof I/O operationss 2 | (R)]=B.

To summarizethe resultspresentedn Table 6, Consis-
teng/_Referencanvolvesneitherstorageoverheadnor I/O
operationsaandits CPU processingime is lessthanthat of
the stand-aloneISTINCT operatorapproach.Hence,in-
dependenthyffrom the objectsdistribution and the replica-
tion factor , the Consisteng_Referencdechniqueoutper
formsthestand-alon®ISTINCT operatorapproach.

The comparisorbetweenthe EmbeddedHashingtech-
nigueandthestand-alon®ISTINCT operatomapproachor
non-coordinate-maintainéddexesis presentedn Table7.
Both techniquesnay usea blocking hashingtechniqueif
thehashtablecannott entirelyinto memory Thememory-
basedrersionof EmbeddedHashingstoresn thehashtable
theidenti er of eachencounteredbjectincluding objects
that do not satisfythe query Hence,the size of the hash
tableis[ (R)+ "(R)]=B. Embeddedashingretrievesthe
coordinatesof eachof the encountereabjectsonly once.
Assumingthat eachretrieval requiresonel/O, thenthe to-
tal numberof I/O operationgerformedby thetechniquds

(R) + "(R). Ontheotherhand,the memory-basedtand-
aloneDISTINCT operatorapproactstoresn thehashtable
theidenti ers of the objectsthat satisfythe query Hence,
the size of the hashtableis (R)=B. In the stand-alone
DISTINCT operatorapproachthe INDEX-SCAN opera-
tor retrievesthe coordinatef an objecteachtime the ob-
ject appears. Therefore,the numberof I/O operationsis
[ (R)+"(R)]

With respectto the disk-basedprocessingboth tech-
nigueswill usetheentirememoryto procesghehashtable
buckets. In EmbeddedHashing,the size of the hashtable
to bewrittento andreadfrom thediskis[ (R) + "(R)]
After eliminating the duplicatesfrom the hashtable, Em-
beddedHashingretrievesthe coordinate®f eachof there-
mainingobjectsto checkthemagainstthe querywhich re-



Consisteng_Reference

Stand-alon®ISTINCT operator

Memory-based Memory-based Disk-based
Memory
requirements 0 (R)=B M
Disk I/O 0 0 [2 (R)]I=B
CPUtime [ (R)+ "(R)] [ (R)+ "(R)] +[ 2(R)]N

Table 6. Analysis of the coor dinate-maintained duplicate elimination techniques

EmbeddedHashing

Stand-alon®ISTINCT operator

Memory-based

Disk-based

Memory-based Disk-based

Memory

requirements [ (R) + "(R)]=B | M

(R)=B M

Disk I/O (R) + "(R)

[ (R)+"(R)]
(2 )=B+1] [2

[ (R)+"(R)] [ (R)+"(R)] +

(R)=B

Table 7. Analysis of the non-coor dinate-maintained duplicate elimination techniques

quires[ (R) + "(R)] I/O operations.Therefore the total
numberof /O operationdgs [( (R) + "(R)) 2]-B +
[ (R+"(R)I=[ (R)+"(R)] [(2 )=B+1].Inthestand-
alone DISTINCT operatortechnique,the INDEX-SCAN
operatorretrieves the coordinatesof an object eachtime
theobjectis encountereavhichrequire (R) + "(R)]
I/O operations.Then,the INDEX-SCAN operatorreports
(R) objectsto the DISTINCT operatorwhich stores
theseobjectsin the hashtable. The hashtablewill bewrit-
tento andthenreadfrom thedisk. Thereforethetotalnum-
berof I/O operationss[ (R)+"(R)] +[2 (R)]=B.

It is worth noting that EmbeddedHashingmay usethe
disk-basedrersionwhile the stand-alondISTINCT oper
ator techniqueusesthe memory-basedersion. The rea-
sonis that the size of the hashtable maintainedby Em-
beddedHashingis larger thanthat of the othertechnique.
However, asillustratedin Table 7, the numberof 1/0 op-
erationsperformedby the disk-basedEmbeddedHashing
is lessthanthe numberof 1/0 operationgperformedby the
memory-basegersionof the stand-alon®ISTINCT oper
atortechniqueassuminghat(2 )=B+ 1<

To summarizethe resultspresentedn Table 7, Embed-
ded Hashingrequiredargerhashtablethanthe stand-alone
DISTINCT operatortechnique. However, the numberof
I/O operationgerformedby EmbeddedHashingis around
factorof lessthanthatperformedby thestand-alon®IS-
TINCT operatottechnique.

Notice that,in the casewhereno duplicatesarepresent,
i.e.,eachobjectis encounterednly onceduringthesearch,
thecostof theaboretechniquesanbeeasilyderivedby set-
ting thereplicationfactor( ) to 1. In this casethe Consis-
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Figure 3. Coordinate-maintained inde xes:

Storage requirements

teng/_Referenceechniquestill outperformghestand-alone
techniquewith respecto memory disk, and CPU require-

ments.For the hashingtechniquesif the searchresultscan

t into memorythenthestand-aloneperatots preferredas

it requiredessmemory OtherwisetheEmbeddedHashing

techniquds preferredasit requiredessl/Os.

7 Experimental Analysis

In this sectionwe studyexperimentallythe performance
of the proposediuplicateeliminationtechniquesigainsthe
stand-alon®ISTINCT operatorapproachWe performthe
experimentsfrom within the PostgreSQLversion of SP-
GIST [11]. We considertwo typesof queries: an inter-
sectionquery( nd all objectsthatintersecthe querybox),
anda containmentjuery( nd all objectsthatarecontained
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insidethe querybox). Both querieshave the samecoordi-
natesj.e.,thesameguerybox. We runtheexperimentover
aPMR quadtreghatindexesline sggmentsandanextended
kd-treethat indexesrectangles.The resultsfrom both in-
dexesshow similar behaiior. We presentonly the results
obtainedfrom the PMR quadtreebecausef the spacdim-
itations. The generatedine segmentsare uniformly dis-
tributed over the two dimensionalspace. Half of the line
segmentsarevery smallin length,andhencetheir replica-
tion factoris very small, while the other half arelarge in
length,andhencetheirreplicationfactoris relatively large.
Figures3 and 4 depict the performanceof the Con-
sisteny_Referenceechniqueagainstthe stand-aloneIS-
TINCT operatorapproach. Figure 3 illustratesthat Con-
sisteny_Referencaloesnot requireary additionalstorage,
whereaghe stand-alondISTINCT operatorapproackhre-
quiresan additionalstorageto maintaina hashtable. The
gure illustratesthat the intersectionquery requiresmore
storagebecausédts answersetis largerthanthatof the con-
tainmentquery With respecto theexecutiontime, Figure4
illustratesthatConsisteng_Referenceequiresaround50%
of the time taken by the stand-aloneDISTINCT operator
approach.Thereasons that Consisteng_Referencesaves
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Figure 6. Non-coor dinate-maintained in-
dexes: 1/0 Requests
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the manipulationtime of the hashtable,e.g.,insertionand
searchingimes.

To measurethe performancein the caseof the non-
coordinate-maintainethdexes, we store the objects' co-
ordinatesin a separatdable outsidethe index tree. Any
coordinateretrieval operationis countedas one I/O re-
quest. Figures5, 6, and 7 depict the performanceof
theduplicateeliminationtechnique®f the non-coordinate-
maintainedindexes. Figure5 illustratesthat the proposed
hashingtechniquerequiresmore storagethan the stand-
aloneDISTINCT operatorapproach.This is becausé&em-
beddedHashingstoresall encounteredbjectsincluding
objectsthatdo notsatisfythequery In EmbeddedHashing,
theintersectionandcontainmentjuerieshavethesamestor
ageoverheadecausehe requiredstoragedependson the
encounteredbjectsnotontheobjectsthatsatisfythequery
In Figure 6, we presentthe numberof 1/O requestsper
formed by eachtechnique. The stand-aloneDISTINCT
operatorapproachperformsmuch more /0O requestsbe-
causdt retrievesthe coordinate®f theencounteredbjects
eachtime an objectappearswhereasEmbeddedHashing
retrieves the coordinatesof eachencounteredbjectonly
once. The intersectionand containmentqueriesrequire



the samenumberof 1/0O requestdbecausdahis numberde-
pendson the encounteredbjectsnot on the objectsthat
satisfythequery In Figure7, we presentheexecutiontime
takenby eachtechnique The gure illustratesthatEmbed-
ded Hashingrequireslessexecutiontime sinceit performs
lessl/O operations.

8 Conclusion

We presentedyenericduplicateelimination techniques
for the classof spacepartitioning treesin the context of
SP-GiST The proposedechniquesreimplementednside
the SP-GISTINDEX-SCAN operator Hence we avoid us-
ing an expensve stand-aloneDISTINCT operatorin the
gueryplan. We consideredwo casedor the index struc-
turesbasedon whetheror not the objects' coordinatesare
storedinside the index tree. We proposedthe Consis-
teng/_Referencetechniqueto eliminate duplicatesin in-
dexes that store the objects' coordinatesand the Embed-
dedHashingtechniqueto eliminate duplicatesin indexes
that do not storethe objects' coordinates. The theoreti-
calandexperimentaknalysisllustratethe ef ciency of the
proposedechniqueswith respecto storagerequirements,
I/O operationsand processingime comparedo addinga
separateluplicateeliminationoperatorin the queryplan.
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