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Abstract. Joinson set-valuedattributes(setjoins) have numerousdatabaseap-
plications.In this paperwe proposePRETTI (PRE�x TreebasedseTjoIn) – a
suiteof setjoin algorithmsfor containment,overlapandequalityjoin predicates.
Our algorithmsusepre�x treesand invertedindices.Thesestructuresarecon-
structedon-the-�y if they arenot alreadyprecomputed.This featuremakesour
algorithmsusablefor relationswithout indicesandwhenjoining intermediatere-
sults during join querieswith more than two relations.Another featureof our
algorithmsis that resultsareoutputcontinuouslyduring their executionandnot
just at the end.Experimentson real life datasetsshow that the total execution
timeof ouralgorithmsis signi�cantly lessthanthatof previousapproaches,even
whentheindicesrequiredby ouralgorithmsarenotprecomputed.

1 Intr oduction

Set-valuedattributesarea naturalandconciserepresentationfor many real life mod-
els. Object Orientedand Object RelationalDBMS requirethe supportof set-valued
attributes.Ef�cient executionof queriesinvolving theseattributesis thereforean im-
portantproblem[14]. Setjoin [11,10,7,6,13] is perhapsthemostimportantoperator
on set-valueddatasinceit is useful in several real-world problems,while at thesame
timebeingdif�cult to compute[2]. A setjoin betweentwo relations

�

and � , retrieves
pairsof records( ��� ,��� ), �����

�

and ������� , for which �	��
 ��
�����
 � returnstrue,where
� and � areset-valuedattributesand 
 canbeany booleanvaluedfunctionovertwo sets.
Examplesof suchfunctionsincludesetcontainment,setequalityandsetoverlap.

As an exampleof a setcontainmentjoin, considerthe join of a relation ���������������

with arelation ��� �"!#���$� , where��������������� hasaset-valuedattribute �%� �"!#���$�%&�')(*��� , and
��� �"!#���$� hasaset-valuedattribute�+!$��! � � �-,	�%,.�	�$� . Thisjoin �nds all studentseligiblefor
takingeachcoursewhenthepredicateis ��� �-!#��� ��
 �+!$��!$��� �-,	��,/�	�$�102�����-�3�������4
 ��� �-!#���$� .
Overlapjoins canbevery usefulin any match-makingdomain.Oneexampleis to �nd
pairsof customersof amazon.comwhopurchaseat least5 booksin common.

A numberof partitionbased[11,10] andinvertedindex basedapproaches[7,6,13]
havebeenproposedfor setjoins.Thesestudieswereawelcome�rst stepin addressing
theproblemof ef�cient computationof setjoins.Thepartitionbasedapproachesdonot
requireany precomputedindex, but they arein generalnot asef�cient asthe inverted
index basedapproaches[7]. Thestate-of-the-artinvertedindex basedapproaches,while
beingmoreef�cient, have thedrawbackof requiringa precomputedindex – this slows
down databaseupdates.

Ourcontributionsin this paperareasfollows:



1. WeproposePRETTI(PRE�x TreebasedseTjoIn) – asuiteof novel algorithmsfor
setcontainment,overlapandequalityjoins.

2. Our algorithmsusepre�x trees[4] in addition to invertedindex structures.This
helpsutilize overlapsin recordsresultingin lessrework.

3. Our algorithmsbuild the requiredpre�x treesand invertedindices“on-the-�y”.
Thismakesthemusablefor relationswithoutindicesandwhenjoining intermediate
resultsduringjoin querieswith morethantwo relations.

4. Computingindiceson-the-�y insteadof precomputingthemmeansthatthereis no
maintenancecostin termsof disk-spaceor time for updates.

5. Our algorithmscanbene�cially utilize precomputedindicesif they areavailable.
We notethatouralgorithmsout-performpreviousapproachesevenwhenouralgo-
rithmsbuild theindiceson-the-�y.

6. Joinresultsareoutputcontinuouslyduringtheexecutionof thealgorithmandnot
just at theend.In experimentson real life datasetswherethe join resultsarehuge
the(initial) responsewasalmostinstantaneous.

7. The outputof our algorithmsis organizedwithout specialeffort in the following
fashion:theoutputcorrespondingto records(in oneof therelations)thathave the
samesetcontentsareclumpedtogether. Further, theoutputcorrespondingto “pre-
�x es” of a recordappearjust beforetheoutputcorrespondingto that record.This
organizationof outputhelpsin makingsenseof largejoin results.

We assumea nestedrepresentationof the data[11]. In this representationall the set
elementsarestoredat thesameplace,facilitatingef�cient joinson them.

Organization In Section2, we formally de�ne thesetjoin problem.Next, in Section3,
we motivate the useof pre�x tree and invertedindex structuresfor the computation
of set joins and their on-the-�y construction.In Section4, we presentthe proposed
set join algorithms.Relatedwork is describedin Section5. The performanceof the
set join algorithmsis evaluatedin Section6. Finally, in Section7, we summarizethe
conclusionsof ourstudy.

2 Problem De�nition

De�nition 1 (set join). Thesetjoin of two relations
�

and � is de�ned as
�658749�:<;

�

where � and � are set-valuedattributes,and 
 is a join condition.A pair of records
�

�
�

�

and �
�

�=� will bepresentin thejoin result,if 
 is satis�edfor �
�


 � and �
�


 � .

For pedagogicalreasons,weassumethatrelations
�

and � containonly two attributes:
(1) the set-valuedattribute that they arejoined on, and(2) the recordidenti�er (rid).
Hence,eachrecord� containsaset,whichwereferto as �>
?����� . For convenience,weuse

�
� to represent� �


 � and �
� to represent� �


 � .
In this paperwestudysetcontainment, equalityandoverlapjoins.Thesetcontain-

ment join retrievesall pairsof records( �
� ,�

� ), for which �
�

0@�
� . In equality join,

( �	� ,��� ) is in theresultif f ��� and ��� areexactly thesame.Setoverlapjoin retrievesall
pairs( �	� ,��� ), for which ��� and ��� hasat leastonecommonelement.We alsohandle
themoregeneraloverlapjoin calledas A -overlap,where �B� and ��� shouldhaveat least

A commonelements.



3 Index Structuresfor SetJoins

In this section,we motivatetheuseof pre�x trees[4] andinvertedindices[5] for the
computationof set joins. We also discusshow they canbe computedef�ciently on-
the-�y, insteadof precomputingthem.As mentionedin theIntroduction,this is useful
becauseno disk-spaceis reservedfor the index, anddatabaseupdatesrequireno extra
work in keepingtheindex up-to-date.

3.1 Pre�x Trees

Pre�x treeshavebeenusedin [4] to storesetsfor thepurposeof mining frequentitem-
sets.This hasresultedin severalelegantalgorithms[4,3] for thattask.Pre�x treescan
similarly beusedto storesetsfor set-joinapplications.Sincepre�x treesstore(ordered)
sequencesandsetsareunordered,anorderingis imposedupontheset-elementsbased
on their frequency of occurrence(in a givenrelation).

Eachnode� in thetree(exceptroot)holdsaset-element(referredto as �C
 � DE��FG����� ).
Thenode� alsorepresentsaset(referredtoas�C
?����� ) – containingtheelementsstoredin

� andits ancestors.Wealsostorein � , anrid-list containingtherids (recordidenti�ers)
of all recordswhosecontentis thesameas �C
 ����� . We referto this list as �C
 ! ,���DE,���� . The
structureis compactbecausea commonpre�x of severalsetsis representedonly once.
Orderingtheset-elementsbasedontheirfrequency helpsin identifyingmoreandlonger
commonpre�xes.

In additionto saving space,a pre�x treealsosaveson time becausetasksthatneed
to beperformedover all thesetscanbeperformedjust oncefor eachcommonpre�x.
Thuspre�x treeshelp avoid redundantwork. Our algorithmto constructpre�x trees
(adaptedfrom [4]) is asfollows:

First theroot nodeof thepre�x treeis created.Eachrecord � of therelationis then
insertedinto the treeasfollows: Theelementsof � are�rst sortedin decreasingorder
of their frequency in therelation.Startingfrom theroot of thetree,we follow a path H

aslong asthesequenceof elementsin thenodesof H is a pre�x of thesortedrecord � .
We �nally reachanode� suchthat �C
 ����� is thelongestpre�x of � currentlyrepresented
in thetree.Thenwe adda path HJI of nodes,asdescendantsof � , to hold theremaining
elementsof � . Thelastnodein theentirepath HLKMHNI from therootnow representsthe
newly insertedrecord� . Therid of � is appendedto the ! ,���DE,	�%� of thisnode.

Theabovealgorithmis suf�cient if theentirepre�x tree�ts in mainmemory. Oth-
erwise,we logically divide thedatabaseinto horizontalpartitionssuchthat thepre�x
treebuilt on thatpartition�ts in mainmemory. This reducestheef�ciency of theabove
approachbecausecommonpre�xesbetweenrecordsacrosspartitionsarenotused.

3.2 Inverted Indices

Invertedindiceswere�rst usedin [6] for thecomputationof setjoins.A recurringtask
in setjoin computationis to �nd all therecordsthatcontainagivenset.It is possibleto
do this ef�ciently usinganinvertedindex, in which for eachelementin thedomain O

a list of record-identi�ers(rids)of recordshaving thatelementis maintained.Thus,the



recordscontaininga givensetcanbefoundby just intersectingthelists corresponding
to eachelementin theset.

The invertedindex canbe constructedby makinga singlepassover the data.We
build a list for eachset-elementP containingtherids of recordscontainingP . We refer
to this list astheinvertedlist of P andrepresentit by P-QSRUT.V . Usingtheinvertedindex, the
list of recordsthatcontaina givenset W (referredto astheinvertedlist of W , or WXQSRUT.V )
canbecomputedby simply intersectingtheinvertedlists of eachelementin W .

As notedearlier, if the entire index doesnot �t in main memory, the databaseis
logically divided into horizontal partitionssuchthat the index constructedover that
partition�ts in mainmemory. Notethatthispartitioningof thedatabasediffersfrom the
verticalpartitioningin [7]. There,theset-elementsweredividedinto disjointpartitions,
whereashere,therecordsaredividedinto disjointpartitions.

PrecomputingIndices Building the above index structures(both pre�x treesand in-
vertedindices)on-the-�y hasa costof Y[Z8\^] , whereN is thetotal numberof elements
in all recordsof therelation.Theconstantfactorinvolvedis reasonablysmall.For pre�x
trees,theconstantfactorwouldinclude DE��_�Z8(*] – theadditionalcostfor sortingelements
of eachrecordof length ( . A similarcost(with astill smallerconstantfactor)wouldbe
incurredfor simply readingaprecomputedindex from disk.We feel thatin mostcases,
theadditionalcostfor building indiceson-the-�y is justi�ed by theindex maintenance
costsin termsof disk spaceandupdatetime.However, we notethat if a pre-computed
index is available,our algorithmsdescribedin thenext sectioncanmake useof it di-
rectly insteadof building it on-the-�y.

4 The PRETTI Algorithms

In thissectionwepresentthePRETTI(PRE�x TreebasedseTjoIn) suiteof algorithms
for setcontainment,overlapandequalityjoins betweentwo relations

�

and � . These
algorithmsuseapre�x treeon

�

andaninvertedindex on � , unlessotherwisespeci�ed.
For equalityjoin we giveanadditionalalgorithmusingpre�x treesonboth

�

and � .

Algorithm PRETTI: Nested Loop( ` , a )

1 for eachpartition b�c in `

2 `�d*e = build pre�xT ree( b
c )

3 for eachpartition bgf in a

4 a*h�i = build invertedList( b�f )
5 Set Join( `jd+e , a

h�i )

Fig.1. Partition NestedLoop SetJoin

If themainmemoryis insuf�cient, a nestedloop join is used,asshown in Figure1.
In the nestedloop join, eachrelation is partitionedhorizontally so that indicescon-
structedoneachpair of partitions Z8Hk��lBHk��] , Hm���

�

and Hk���=� , �t in mainmemory.
Therequiredjoin algorithmis performedon eachsuchpair. Therefore,without lossof
generality, weassumethattherelationsto bejoinedcanbeprocessedin mainmemory.



4.1 SetContainment Join

A setcontainmentjoin, representedby
�n5/7 9$o�;

� , is oneof the importantoperators
amongsetjoins. It wasshown in [7] that setcontainmentjoins usinginvertedindices
on � are more ef�cient than signature-basedand partition-basedapproaches.In our
approach,we retainthis ideaof usinganinvertedindex on � (representedas �mp<q ) and
in additionuseapre�x treeon

�

(representedas
�1r�s

).
We needto �nd pairsof records( ���jl���� ) from

�

and � suchthat ���t0u��� . That
is, for eachnode � of

� rgs

, we needto �nd �C
?����� QSRUT.V – the recordsin � that contain
�C
 ����� . To do this we needto intersectthe invertedlists (from � p<q ) of all elementsin
�C
 ����� . Now, it is clearthat �C
?�����jv6w��C
 � DE��FG�����<xzy{F|
 ����� where F is theparentof � .
Therefore,�C
 ����� QSRUT.V v6�C
 � DE��FG����� QSRUT.Vg} F~
?����� QSRUT.V . It follows that for eachnode � , we
cancompute�C
 ����� Q•RUT�V by processingthenodesof

� rgs

in a depth-�rst traversal,since
in sucha traversaltheparentF of � is visitedbefore� .

The pseudo-codeof the above algorithmis shown in Figure2. The function Set
Containment is a recursive implementationof depth-�rst traversalover

�€r�s

. Initially
it is calledseparatelyfor eachchild � of therootof

�1r�s

with thefollowingarguments–
(1) � itself, and(2) �C
?������QSRUT.V (initially equalto �C
 � DE��FG�����	Q•R•T.V from ��p<q ). It �rst outputs
pairsof rids of records( !�,��

�
l�! ,��

� ) suchthat ! ,��
�

�M�C
 ! ,.�3D‚,	��� and ! ,��
�

�M�C
 ������Q•R•T.V

(lines1–3of Figure2). Then,for eachchild � of � , it computes�$
?�����BQ•R•T.V by intersecting
�C
 �����

Q•R•T.V with �#
 � DE��FG�����
Q•R•T.V , which is obtainedfrom �

p<q (lines5–7).

Algorithm PRETTI: Set Containment( ƒ , ƒ�„ …>†<‡	ˆ?‰•Š.‹ )

1 for each Œ�•‚Ž4c in ƒ�„ Œ%•‚Ž#•U•8…•‡ do
2 for each Œ%•‚Ž

f in ƒg„ …>†<‡
ˆ?‰•Š.‹ do

3 output( Œ�•‚Ž4c , Œ%•‚Ž4f )
4
5 for eachchild ‘ of ƒ do
6 ‘%„ …>†<‡�ˆ?‰•Š.‹ = ƒg„ …>†<‡�ˆ?‰•Š.‹*’N‘%„ †%•U†�“�†>ƒ*‡.ˆ?‰SŠ/‹

7 Set Containment( ‘ , ‘%„ …�†<‡�ˆ?‰•Š.‹ )

Fig.2. SetContainment Join

4.2 SetOverlap Join

Thesetoverlapjoin retrievesall pairsof records( �B� , ��� ) from relations
�

and � , for
which ” �	�

}
���m”)•—– . A moregeneralform is A -overlapwhere ” �B�

}
���m”)•˜A , whereA is

auser-speci�edparameter. We againusea pre�x treeon
�

andaninvertedindex on � .
However, for pedagogicalreasons,we �rst explain thealgorithmwithoutusingapre�x
treeon

�

.

Without Pre�x Trees For eachrecord �B� in
�

, we needto determineall the records
��� in � suchthat �	� and ��� shareA elements.To do this, we build an array ™1� �"���•�

thatholdsfor eachrecordin � , thenumberof elementsit containsin commonwith �<� .



This arraycanbebuilt by simply scanningeachrid in the invertedlists (in � p<q ) of all
elementsin �	� andincrementingits counterin ™1� �"���•� . If andwhenthecountof anrid
in ™1� �"����� reachesA , thatrid alongwith therid of �B� is outputbecausethenthey share

A elementsin common.
Theaboveapproachdoesa lot of redundantwork – if two recordsareidentical,the

above operationcanbe performedjust oncefor both records.Even if the two records
arenot exactly equal,but shareseveral elementsin common,muchof the work can
bereused.Usinga pre�x treeon

�

canhelp identify suchcommonelementsbetween
transactionsandavoid redundantwork. We now describethis approach.

With Pre�x Trees An immediatebene�t that is obtainedby usinga pre�x treeis that
theabove operationof building the ™1� �-��� � array, etc.needsto bedoneonly oncefor
all recordsin the ! ,��3D‚,	��� of eachnode.In addition,sincethe setcorrespondingto a
node� sharesall theelementsof its parentnodeF , we canreusethe ™1� �-��� � arrayof

F for processing� – this ™1� �"��� � arrayis up-to-datewith respectto theinvertedlists
of all elementsin F . We only needto updatethe ™1� �"��� � arrayby scanningeachrid
in �C
 ��D8��F{����� Q•R•T.V andincrementingits counter. We notethat partial resultsareoutput
assoonasthevalueof a counterreachesA , insteadof waiting till ™1� �-���<� is updated
completelyfor node� .

In the above procedure,we observe that if the ™1� �-���
� array for node F hasan

entrywhosecountequalsor exceedsA , thenit would automaticallyequalor exceedA

even for � . Therefore,we maintainthe rids correspondingto suchentriesof ™1� �-���<�

separatelyin anarraycalled ™š�"!
T	›�Q . Then,while processingnode� , weoutputthepairs

of rids in ™š�-!
T	›�Q and �C
 ! ,��3D‚,	��� , without furtherprocessing.

The above paragraphsdescribehow the ™1� �"���•� array of a parentnodecan be
reusedat a givennode.In a depth-�rst traversalof thepre�x tree,a node � andall its
childrenarevisited beforethe next sibling of � is visited. In order to ensurethat the

™1� �"����� array is usableby the next sibling of � , we needto undochangesmadeto
it while processing� (andits children).This is achievedby simply scanningeachrid
in �C
 � DE��FG�����

Q•RUT�V anddecrementingits counter, after the processingover � hasbeen
completed.Finally, if thisdecrementoperationcausesanentryin ™1� �-���<� to fall below

A , thecorrespondingrid needsto beremovedfrom ™š�-!
T	›�Q .

Thepseudo-codeof thealgorithmdescribedaboveis shown in Figure3.Liketheset
containmentjoin (Figure2), theoverallstructureof thisalgorithmis a recursiveimple-
mentationof adepth-�rst traversalover

�
rgs

. It is initially calledwith therootof
�

rgs

asthe�rst argument.The ™1� �"���
� arraydescribedaboveis thesecondargumentandis

initialized to zerosbeforecalling thefunction for the �rst time. The third argumentto
the function is ™š�-! T	›�Q , which asdescribedabove, is anarrayof rids correspondingto
theentriesof ™1� �"���

� whosevaluesequalor exceedA . It is initially empty.

4.3 SetEquality Join

Thesetequalityjoin retrievesall pairsof records( �B� , ��� ) from relations
�

and � , for
which ���œv€vu��� . We presenttwo differentalgorithmsfor setequalityjoin. The �rst
algorithmis avariantof thesetcontainmentjoin presentedin Section4.1andtherefore



Algorithm Set Overlap ( ƒ , •jž%Ÿ)ƒ ‡ f , •jŸ3Œ�Š/¡�ˆ )

1 for eachchild ‘ of ƒ do
2 for each Œ�•‚Ž f in ‘%„ †�••†>“�†�ƒ ‡ ˆ?‰SŠ.‹

3 •jž%Ÿ)ƒ ‡	f-¢ Œ%•EŽ4f�£$¤~¤ // increment
4 if •jž%Ÿ)ƒ ‡	f-¢ Œ%•EŽ4f#£*¥¦¥¨§

5 append Œ�•‚Ž4f to •jŸ)Œ�Š8¡Bˆ

6 for each Œ�•‚Ž c in ‘�„ Œ%•‚Ž#•U•8…<‡ do
7 output( Œ%•‚Ž4c , Œ%•‚Ž4f )
8
9 Set Overlap ( ‘ , •jž%Ÿ)ƒ ‡	f , •jŸ)Œ�Š/¡�ˆ )
10
11 for each Œ%•‚Ž�f in ‘%„ †%•U†�“�†>ƒ*‡.ˆ?‰SŠ/‹

12 •jž%Ÿ)ƒ ‡	f-¢ Œ%•‚Ž4f�£3©^© // decrement
13 if •jž�Ÿ)ƒ ‡ f ¢ Œ%•‚Ž f £*¥¦¥ª§«©�¬

14 delete Œ%•‚Ž f fr om •jŸ)Œ�Š/¡�ˆ

Fig.3. SetOverlap Join

usesa pre�x treeon relation
�

andaninvertedindex on � . Thesecondalgorithmuses
pre�x treesonbothrelationsandno invertedindex.

Using a Pre�x Treeand an Inverted Index Thesetequalityjoin canbeconsidered
to be a specialcaseof the setcontainmentjoin – we �rst �nd all pairs( �•� , ��� ) from

�

and � suchthat ���­0n��� andamongthesepairs,we outputonly thosefor which
” �	�®”4v€v¯” ���m” . Wecanobtain ” ���®” from thedepthof thenodecorrespondingto �B� in the
pre�x-tree.Thevalueof ” �B�k” canbeprecomputedandstoredwhile building theinverted
index on � – this resultsin a smallmemoryoverhead.

Using Two Pre�x Trees An equalityjoin canbe computedef�ciently whenboth re-
lations

�

and � aresortedon thejoin attribute.We achieve this by constructingpre�x
trees

�
r�s

and �

rgs

on
�

and � , respectively. A depth-�rst traversalon
�

rgs

or �

r�s

yieldsthesetsstoredin it in a sortedlexicographicorder, asexplainedbelow.
As mentionedin Section3.1, the individual set elementsare orderedbasedon

their frequency in eachrelation.Here,we order thembasedon their total frequency
in bothrelations.We thende�ne thelexicographicorderingof setswith respectto this
frequency-basedorderingof individual setelements.Notethatpre�x treeconstruction
is moreef�cient thangenericsortingsinceit requiresonly Y[ZE\^] time (seeSection3).

Theequalityjoin algorithmthenmerelyconsistsof asimultaneousdepth-�rst traver-
saloverboth

�šrgs

and �

rgs

. Let thecurrentnodesduringthetraversalsbe �
� and �

�

in
�

r�s

and �

rgs

, respectively. If ���j
 �����j°˜����
?����� , thenthetraversalover �

rgs

is sus-
pendeduntil ���j
 �����Cv€vL���g
?����� . Similarly, if ���j
 �����j±�����
 ����� , thenthetraversalover

�
rgs

is suspended. As longas ���j
?�����zv€v2����
?����� , thepairsof rids in theridlistsof ���

and ��� areoutput.



Notethatfor eachnode� in apre�x tree,wedonotstore�C
 ����� in thenode.Instead,
this is computedon the�y duringthedepth-�rst traversalby forming theunionof the

��D8��F{����� �elds storedat � andits ancestors.

5 RelatedWork

Setjoin operatorsreceivedsigni�cant attentionrecently. In [2], theauthorsshowedthat
set-joinsareoneof the hardestoperatorsto optimize.Several nestedloop join tech-
niqueswereevaluatedin [5] andsignature-hashjoin wasfound to be thebestamong
them.A recentwork [13] studiedmorecomplex varietiesof similarity joins onsetval-
ueddata.Applicability of setdivision operatorfor containmentjoin on set-datain �rst
normalform isdiscussedin [12]. TheApriori algorithm[1] for miningfrequentitemsets
hasbeensuggestedfor containmentjoins sinceit countstheoccurancesof “candidate
itemsets”in set-data.

Severalpartitionbasedapproachesfor setjoinshavebeenproposedsuchasPSJ[11],
APSJ,DCJandADCJ [9,10]. In theseapproaches,the relationsarepartitionedbased
on hashfunctionssuchthat pairs of recordsin the output fall in the samepartition.
Although fasterthansignaturebasedmethods,their performanceheavily dependson
thenumberof partitionsandthehashfunctionused.A badpartitioningcanmakethese
approachesperformneartheworstcasequadratictime complexity dueto falsedrops.
Thoughadaptive approaches[10] have beenproposedto overcomethe�rst drawback,
theproblemof falsedropsstill remains.Also, mostadaptiveapproachesperformbetter
thanPSJonly in casesof very largeaveragesetcardinality[9].

Block NestedLoop Join(BNL) wasproposedin [7]. It �rst constructsan inverted
index ��p<q over the relation � . Then,for all elementsin eachrecord �

�
�

�

, thecor-
respondinginvertedlists areintersectedto get the recordsin � that contain �•� . Since
thecompleterelation � maynot �t in mainmemory �

p•q is vertically partitionedinto a
numberof blockssuchthateachblock �ts in mainmemory. Eachpartitionhasinverted
lists of asubsetof thetotalelementsin thedomain.

In BNL, insteadof loading
�

recordby record,a pageof recordsis read.For each
pageof

�

all blocksof �
p<q areloadedoneby oneandprocessed.Sinceall elementsin

a recordof
�

neednot belongto a singleblock of � , temporary �les areusedto store
thepartialresultsfor eachblock.

The major drawbacksof BNL (w.r.t. PRETTI) are:(1) In BNL, overlapsbetween
recordsarenot taken into account.(2) Dueto theverticalpartitioningapproach,BNL
needsto maintaintemporary�les. Thesizesof these�les canbeof theorderof output
size,which can be quadraticover the size of the relations.(3) To build a complete
verticalpartition,theentiredatabaseneedsto bescanned.Thisexcludesthepossibility
of constructinga verticalpartitionon-the-�y.

6 Experiments

In this sectionwe compareour proposedalgorithmswith BNL [7] andpartitionbased
PSJ[11] andAPSJ[10] algorithms.We mainly compareour approachwith BNL since
it wasshown [7] to outperformpartitionbasedPSJ.In this sectionwe alwaysperform



self-joins,i.e.
�

vn� . We alsoassumethat
�

is the outerrelationand � is the inner
relation.All the experimentsareperformedon a 2.6 GHz CeleronPC with 256 MB
main memory, runningRedHat Linux 2.4.20-8.An illusion of limited main memory
is createdby limiting the buffer sizeandalso ensuringthat Linux doesnot cache�

during nestedloop joins – we madeseveral copiesof � anduseda differentonefor
eachiterationof thenestedloop join.

For comparisonwith APSJ,we usedthe Set ContainmentJoin Testbed[8]. We
implementedtheBNL suiteof algorithmsasdescribedin [7] in whichwe incorporated
thefunctionalitiessuchascompression,pipeliningandpruningusingsetcardinalities.
We studythesealgorithmsfor varyingbuffer andrelationsizes.In experimentswhere
we donot varybuffer sizes,we �x it to 25%of thecorrespondingrelationsize.

For thedatasetsusedin our experiments,theoutputof setjoins arehuge. Writing
this to disk would over-shadow theactualjoin processingcost.To avoid this, we only
countthenumberof pairsin thesolution,insteadof writing themto screenor disk.

BMS Dom. Avg. SetRelationMax. SetSetCard.SetCard.SetCard.SetCard. Rel.
Dataset Size Card. Card. Card. ²M¬>³ ²¨´%³ ²|µ%³ ²M¬>³�³ Size

WebView1 497 2.5 59,602 267 2098 411 72 34 588KB
WebView2 3340 5 77,512 161 10971 2574 160 8 1.5MB

POS 1657 6.5 515,597 164 128098 29934 955 37 11MB
Fig.4. DatasetCharacteristics

For our experiments,we usedthe real life datasetsBMS-POS,BMS-WebView1 and
BMS-WebView2 from Blue Martini Software [15]. Thesedatasetsoriginatedfrom a
dot-comcompany calledGazelle.com,aleg-wearandleg-careretailerandcontainssev-
eralmonthsof click-streamdata.Figures6 shows thecharacteristicsof thesedatasets.

The major criteria [11] to testjoin algorithmsaretheir scalabilitywith increasing
relationcardinality, domaincardinalityandrecordlength.BMS WebView1 hasasmall
domaincardinalitybut somerecordsareverylong.BMS WebView2 hasalargedomain
cardinalityof 3340.Boththedomainsizeandrelationcardinalityarelargein BMSPOS.

6.1 SetContainment Join

In thissectionwecomparetheperformanceof PRETTIwith BNL, PSJandAPSJfor set
containmentjoins.The�rst experiment,Figure5a,teststhescalabilityof thealgorithms
w.r.t. relationcardinality. Note that the y-axis is shown in log-scale. The dataset

�

is
constructedby takingrandomsamplesfrom BMS-POSof increasingcardinalities.The
buffer sizewassetto 25%of thesizeof � . We seethat the responsetime of PRETTI
increasesveryslowly for largerrelations.Thiscanbeattributedto theoverlapsbetween
new recordsandold recordsin

�

.
On the otherhand,we seethat the performanceof BNL deterioratessigni�cantly

astherelationcardinalityincreases.Themajorreasonfor this is its inability to exploit
overlapsbetweenrecordsin

�

. Another reasonis that as the relationcardinality in-
creases,invertedlists becomelonger, resultingin fewer lists loadedinto memoryeach
time,which in turn resultsin largetemporary�les.
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Fig.5. Experimental Results



Figure5bshows therunningtimesof PRETTIandBNL for increasingbuffer sizes
on WebView1 andWebView2 datasets.We seethatPRETTIconsistentlyoutperforms
BNL. Theresponsetimesfor WebView2 show thatPRETTI is well suitedfor datasets
with largedomains.We alsoseethatasthebuffer sizedecreases,BNL performsmuch
worsesinceit needsto rely moreon largetemporary�les.

SetCard. 10 20 40 60 80 100
PRETTI 10s 20s 39s 66s 84s 123s

APSJ 977s812s 276s 158s 156s172s
PSJ 479s714s1139s1095s - -

Table1. Containment Join (SetCard. Vs Resp.Time)

Table1 comparesPRETTI,PSJandAPSJon a 100K recorddatasetgeneratedby
thetestbedusedin [8]. We seethatPRETTIoutperformsPSJandAPSJsigni�cantly.

6.2 SetOverlap Join

Setoverlapjoin is themosttime-consumingoperationamongthethreejoin typesstud-
ied in this paper. Figure 5c shows the performanceof PRETTI on the POSdataset.
We seethatPRETTIcanhandlelargedatasetsevenfor overlaps.Dueto thevery large
temporary�les, BNL couldnotberunon this dataset.

Figure5d (y-axis in log-scale) shows the runningtimesof the algorithmsfor in-
creasingbuffer sizeson the WebView1 dataset.Figure5e shows the runningtime of
PRETTIfor increasingvaluesof A for a relationof 250K records.We seethatPRETTI
is scalablefor high valuesof A . Thedifferencein theresponsetime is dueto thevaried
cost in maintaining ™š�-!

T	›�Q for different A . To comparePRETTI andBNL, we show
the responsetime for BNL on 20K records.Figure5f shows the performanceof the
algorithmsfor varyingoverlapsizeson theWebView2 dataset.

In thesegraphs,PRETTI clearly outperformsBNL. For eachrecordof
�

, BNL
computestheunionof invertedlists of all its elements.Sincelong recordsarecommon
in realdatasets,theresultinglist explodesandcanreachtheworstcasesize(therelation
cardinality).Further, the sizesof temporary�les neededto eliminateduplicates(and
hencethetime to processthem)canbequadraticon therelationcardinality.

6.3 SetEquality Join

For equalityjoin, wecomparethetwo PRETTIalgorithmsin Section4.3with BNL. We
referto thePRETTIalgorithmthatusestwo pre�x treesas“tree-join”. Figure5g(y-axis
in log-scale) shows thealgorithms'scalabilitywith increasingrelationcardinality.

As expected,we seethat theresponsetime of PRETTIandBNL is similar to their
setcontainmentjoin counter-parts.Surprisingly, we�nd thatPRETTIoutperformstree-
join in mostcases.This is dueto themaintenanceof two pre�x treesin mainmemory.
Eachnodeoccupiesthreetimesspacecomparedto thatof asingleelement.Thisresults
in morepartitionson

�

and � , whichincreasesthenumberof iterationsin thejoin. This
experimentalsoshowsthatPRETTIoutperformsBNL by a largemargin.



Figure5h shows responsetimesof thesealgorithmson WebView1 for increasing
buffer sizes.The rapid increasein responsetime of BNL asthe buffer sizedecreases
canbeattributedto largetemporary�les.

7 Conclusions

In this paperwe proposedthePRETTIsuiteof algorithmsfor setcontainment,overlap
andequalityjoins.We investigatedtheuseof pre�x treesandinvertedindicesfor per-
formingsetjoinsef�ciently . Ouralgorithmsdonot requirethesestructuresto bestored
on thedisk,but insteadbuild themonthe�y . This propertymakesthemusefulin com-
puting joins of intermediateresults(which have no indices)in large join queries.Our
resultsshow thatouralgorithmssigni�cantly outperformpreviousapproaches.
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