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Abstract

We considertheproblemof joining massivedatasets.We
proposetwo techniquesfor minimizingdisk I/O costof join
operations for both spatial and sequencedata. Our tech-
niquesoptimizethe available buffer spaceusing a global
view of thedatasets.We build a booleanmatrixon thepages
of the givendatasetsusinga lower boundingdistancepre-
dictor. Themarkedentriesof thismatrix representcandidate
pagepairs to bejoined.Our �r st techniquejoins themarked
pagesiteratively. Our secondtechniqueclusters themarked
entriesusing rectangulardenseregions that haveminimal
perimeterand�t into buffer. Theseclusters are thenordered
so that the total numberof commonpagesbetweenconsec-
utive clusters is maximal. The clusters are then read from
disk and joined. Our experimentalresultson various real
datasetsshowthat our techniquesare 2 to 86 timesfaster
thanthecompetingtechniquesfor spatialdatasets,and13to
133timesfasterthanthecompetingtechniquesfor sequence
datasets.

1 Intr oduction

Currentdatabasescontaina wide varietyof information.
This informationcanbe storedasboth spatialdataandse-
quencedata.GeographicInformationSystems(GIS) arean
importantexampleof spatialdata. GIS usually storedata
such as points, lines, or polygons. Stock market, video,
text, genomedataareexamplesof sequencedata. The dis-
tance/similaritymeasurefor thesedatavariesbasedon the
applicationand the datatype. Someof the distancemea-
surescurrentlyin useareEuclideandistance[1, 12, 16, 26],
other vector normslike ��� and ��� [2], shift/scaleinvari-
antdistancemeasures[13, 27], edit distance[8, 25, 35], and
score-matrixbasedsimilarity [21].

The sizesof spatialand sequencedatasetsare growing
rapidly. Excessive amountsof datamake similarity search
challenging,incurring a large amountof disk I/O andCPU
cost. An importantprimitive on suchdatasetsis the join,
alsocalledsimilarity join, operator. A join queryasksto �nd
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all similar datapairs from two datasets.Two examplejoin
queriesare:

	 SpatialJoin Query : Find all hotelsin California that
arewithin threemilesof a recreationarea.

	 SequenceJoin Query: Findall pairsof companiesfrom
the New York Exchangeandthe Tokyo Exchangethat
havesimilar closingpricesfor onemonth.

The former query joins two spatialdatasets,namelyhotels
and recreation areas. The latter query joins two sequence
datasetsfor two stockmarkets. Currenttechniquesfor join
queriesarerestrictive in that they usuallyconsideronly spa-
tial dataandEuclideandistance.A comparisonof thesetech-
niquesis presentedin [37].

Join queriesincur two major costs: 1) I/O cost, and2)
CPU cost. Disk I/Os areusually the bottleneckfor dataset
joins when the datasetsare much larger than the available
buffer. This is becausemostof thepagesusuallyneedto be
accessedmultiple times.If thewholedatasetdoesnot �t into
buffer, apagethatwill beusedlatermayberemovedfromthe
buffer incurringmultiplerandomdiskI/Os. Furthermore,the
CPUperformanceandmemorybandwidthhaveincreasedby
50
 eachyear(a.k.a. Moore's law), while memorylatency
hasstayedroughly equal. Therefore,the cost of memory
accessincreasesexponentiallywith respectto CPUcost[34].

In this paper, we considerthe join problemfor massive
datasetswhenthesimilarity measurecanbeany metric.The
datasetcanbecomposedof spatialdataaswell assequence
data.We approximateeachpageof thedatasetusinga Min-
imum BoundingRectangle(MBR). Given two datasets,we
build a booleanmatrix on thepagesof thesedatasetsusinga
lower boundingdistancepredictor. Eachentry, �
��� � , of this
matrix associatesthe ����� pageof the �rst datasetto the �����

pageof theseconddataset.If anentry �
��� � is marked,thena
join of thedatain the ��������� pagepair potentiallycontributes
to thejoin of thesedatasets.Therefore,thesepagepairsneed
to bereadfrom diskandjoined.

Weproposetwo techniquesfor joining suchdatasets.Our
�rst techniquerestrictsthejoin to themarkedentries.It pro-
cessesthepagepairsby iteratively readingblocksof pages.
Oursecondtechniqueusesa cluster-basedschemeto further



reducethe I/O cost. We proposetwo algorithmsto cluster
themarkedentriesof thepredictionmatrix suchthat the re-
sultingclustersaredense,have minimal perimeter, andtheir
contents�t into buffer. The�rst clusteringtechniquesimply
allocatesequalspacein the buffer for both sequences.The
secondclusteringtechniqueworks in a bottom-upmanner.
It choosesa single point from a denseregion. This point
de�nes the initial cluster. Later, this clusteris expandedto
cover morepoints,minimizing the I/O cost,until the pages
correspondingto thatcluster�ll thewholebuffer. Thepoints
containedin this clusterarethenremoved from the predic-
tion matrixandanew clusteris createditeratively ontherest
of the predictionmatrix. Oncethe clustersaredetermined,
we de�ne an orderbetweentheseclusterssuchthat the to-
tal amountof dataoverlapbetweenconsecutive clustersis
maximal.Later, theclustersarereadin thisorderandjoined.

Experimentalresultsshow that our techniquesare 2 to
86 times fasterthan the competingtechniquesfor spatial
datasets,and13 to 133timesfasterthanthecompetingtech-
niquesfor sequencedatasets.

Besidesthe ef�ciency improvementsfor join operations,
the main contribution of this paperis the introductionof a
predictionmatrix to speedupjoin operationsunderarbitrary
distancemeasures.Thespeedupisachievedusingprediction,
clustering,andbuffer reuse.

The restof the paperis organizedasfollows. Section2
discussesthe relatedwork. Section3 discussesthe subse-
quencejoin problem. Section4 presentsa brief overview
of our techniques.Section5 explainsthe constructionof a
globalview of datasets.Section6 presentsour�rst technique
thatusesthisglobalview. Section7 discussestwo clustering
techniquesto minimizeI/O cost.Section8 discussescluster
ordering. Section9 presentsthe experimentalresults. We
endwith abrief discussionin Section10.

2 Relatedwork

Joiningtwo datasetsis a costly operation.Currenttech-
niquesreducethiscostby pruningpairsof datapointsthatdo
not appearin the �nal join. They canbe classi�ed into two
groupsbasedon thedatastructuresthey use:1) no index is
built on thedatasets,or 2) anindex is built onat leastoneof
thedatasets.Anotherway of classifyingcurrenttechniques
is basedon the type of datathey use: 1) spatialdata,or 2)
point data. Note that point datacanalso be consideredas
spatialdatabut theinverseis not true.

2.1 Joining without index structur es

Oneof thesimplestalgorithmsfor joining datasetswith-
out index structureis NestedLoop Join (see[39]). Nested
Loop Join iteratively readsan object from the �rst dataset.
For eachsuchobject,it sequentiallyscansall theobjectsin
the seconddataset.The performanceof NestedLoop Join
canbe improved by readingblocksof � -2 pagesfrom the
�rst datasetateachiteration,where� is thenumberof pages

thatbuffer canhold. For eachsuchblock, theseconddataset
is sequentiallyreadone pageat a time. This techniqueis
calledBlock NestedLoopJoin (NLJ).

SortMergeJoin [5, 18, 33] sortsbothof thedatasetsbased
onthejoin attributeandmergesthem.Orenstein[36] usesZ-
curvesto representspatialobjects.Thebit-representationof
the Z-valueof objectsis thenusedto �nd out whetherthe
objectsoverlap.

Hash Join (see[39]) assignsobjectsin both datasetsto
bucketsusingthesamehashfunctions.Later, theobjectsin
thesamebucket arejoined. A variationof HashJoin,called
GraceHashJoin, works in two phases.In the �rst phase,
both datasetsaremappedto bucketsthat resideon disk. In
the secondphase,onebucket is readat a time and a hash
tableis constructedfrom it (see[20] for a comparison).

Partition-BasedSpatialJoin (PBSM) [38] splits thedata
spaceinto tiles usinga grid. The tiles of eachdatasetare
thenassignedto � partitionsusinga roundrobin or hash-
ing scheme.Thepartitionscorrespondingto thesameloca-
tionsarethencheckedto �nd thecandidateobjectsthatmay
contribute to the �nal join. Next, objectsarereadfrom the
�rst datasetinto buffer, andtheseconddatasetis sequentially
scannedto �nd theactualjoin results.

ScalableSweeping-basedSpatialJoin (SSSJ)[3] startsby
sortingtheobjectsaccordingto their lower valuesin oneof
the dimensionsin ascendingorder. Later, the objectsare
scannedsequentiallyin this order. For eachobject, the in-
tersectingobjectsare found by scanningthe other dataset.
Gurret andRigaux [19] show that the performanceof join
techniquesbasedon planesweepalgorithmsis betterwhen
oneof thedatasetsis indexedusinganR-tree.

KoudasandSevcik [28, 29] proposeto partitionthespace
into �ner grainedcells by iteratively splitting it into two in
eachdimension. If the MBR of an object intersectsa split
line at the ����� iteration, it is assignedto level � . Oncethe
objectsareassignedto levels, the objectsin eachlevel are
joinedwith objectsin thesameor lower levels. Dittrich and
Seeger [14] improve the performanceof this techniqueby
introducinga modestdatareplication.

TheEpsilongrid orderingtechnique[6] considersthedis-
tancejoin problemfor point data. This techniquesplits the
dataspaceinto grid cells andassignseachdatapoint to the
cell thatcontainsit. Later, thesecellsareorderedby assign-
ing prioritiesto dimensionsandconstructinga lexicographic
order. A pairof datapointsareconsideredacandidateif one
of thepointsis within the  interval of theotherpoint based
on theepsilongrid ordering. Althoughit is veryef�cient for
point data,this techniquefails to de�ne an orderfor spatial
datawhenanobjectspansmorethanonecell. It alsoincurs
anadditionalcostfor reorderingthewholedatasetaccording
to theepsilongrid order. Sincesequencedatasetscannot be
reordered,theef�ciency of this techniquedegradesfor such
datasets.

Two of the earlier techniquescloser to ours in spirit
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are [11] and [42]. ChanandOoi [11] model the pageac-
cesssequenceasaconcatenationof segments.Eachsegment
is asequenceof pagesthatdoesnotcontainpagesthatdonot
contributeto thejoin. Theexperimentalresultsshow thatthe
numberof pageaccessesof this techniqueis only 10
 less
thanthe naive greedytechnique.Xiao, Zhang,andJia [42]
proposeto constructa join graph.Theverticesof this graph
representthedataobjects,andtheedgesof thisgrapharela-
belledwith thesizeof theobjectpairsthatneedto bejoined.
Thisgraphis thenmappedto ajoin matrix. Thismatrix is di-
agonalizedandpartitionedinto submatricesto �t into buffer.
Accordingto experimentalresults,thenumberof diskI/Osof
this techniqueis 35
 lessthanthesimpletechniquewithout
clustering.Both of thesetechniqueshave threemajordraw-
backs:1) they haveahightimecomplexity, whichis !"�$#&%'� ,
where# is thenumberof pagesin thedataset.2) Eitherthe
dataobject or the pagesneedto be permuted. Therefore,
mostof thepageaccessesincur randomdiskseekcostunlike
NLJ.3) Theirperformancedropsquickly asqueryselectivity
increases.

Recently, Lang andSingh[30] proposedan acceleration
techniquefor all-NN joins basedon radiuspredictions.Two
radiusestimatorsareusedto determinethejoin pages.These
arethenreadwith a modi�ed NLJ algorithm. Even though
thealgorithmcandegenerateto NLJ in theworstcase,theex-
perimentsindicatethattheacceleratedalgorithmis 3–4times
fasterthanNLJ on realdata.

2.2 Joining usingpreconstructedindex structur es

Brinkhoff, Kriegel, andSeeger [10] proposeto useR*-
treesfor spatialjoins. Their approachtraversesthe treesin
depth�rst order, expandingchildrenof a nodepair if these
nodesintersect. Furtheroptimizationsare achieved by us-
ing eitherlocal planesweeporder, pinning,or local z-order.
Theperformanceof similarity joinscanalsobeimprovedby
decouplingCPU andI/O optimizations[7]. BFRJ[23] tra-
versestheR-treein BreadthFirst Searchorder. Theauthors
show thatthisorderingreducesthenumberof accessesto the
pagesof theR-tree.

Lo andRavishankar[31] considerthespatialjoin problem
whentheR-treeis precomputedononly oneof thedatasets.
They proposeto build a seededtreeon theotherdataseton
the �y . The seededtreescanalsobe usedto constructthe
bucketsfor spatialhashjoins [32]. However, a spatialobject
may overlapwith morethanonehashbucket. In this case,
eitherthespatialobjectsareassignedto multiple bucketsor
abucketmayjoin with morethanoneotherbucket.

HjaltasonandSamet[22] giveanindex basedincremental
algorithmfor distancejoin anddistancesemijoinof spatial
datasets.TheauthorsuseR*-treesto index theobjects.Later,
the index structuresaretraversedkeepingthepartial results
in a priority queuesimilar to the incrementalNN-searchal-
gorithm.

Shim,Srikant,andAgrawal [41] proposeanindex struc-

ture called  -kdB tree for joining high-dimensionalpoint
data. This index structureis a hierarchicaltree wherethe
root nodecorrespondsto theentiresearchspace.Eachinter-
nal nodesplits the searchspacecorrespondingto that node
into tiles of width  in one dimension,where  is a given
similarity threshold.The partitionsobtainedby splitting an
internalnodedeterminethechildrenof thatinternalnode.

The performanceof the join operationcanbe improved
usingconservativeandprogressiveapproximationsto spatial
objects[9]. A conservative approximationof an object is
a simpleshape(e.g. rectangle,circle, convex hull) that en-
closesthatobject.A progressiveapproximationof anobject
is a simpleshapethatis enclosedwithin thatobject.

3 Subsequencejoin

Current join techniquesfocus on spatialand point data
(relationaldatasetscanbeconsideredpointdataaswell.) We
introducea new type of join operation,calledsubsequence
join which works for sequencedata. A subsequencejoin
queryasksfor all similarsubsequencepairsof aprespeci�ed
length from two sequencedatasets.A typical subsequence
join querycanbe
“F ind all pairs of companiesfrom the New York Exchange
andtheTokyo Exchange that havesimilar closingpricesfor
onemonth.” or
“F ind all similar genomesubstringpairs of length500,one
fromHumanGenomeandtheotherfromMouseGenome.”
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Typical applicationsfor suchqueriesare in the areaof

stockmarketdata,videodata,biologicaldata,andtext data.
Currentjoin techniquesdonotwork well for subsequence

join queriessincesequencedatacontainsmany overlapping
subsequencesunlike point andspatialdata.Most of thecur-
rentjoin techniquesfor spatialdataarebasedontheassump-
tion that similar dataarelocatedcloselyon the disk. Simi-
lar subsequencescanbebroughtcloseron thedisk in either
of two ways: splitting or replicating. Splitting a sequence
into nonoverlappingsubsequencesandreorderingthesese-
quencesbasedon their proximity destroys thesubsequences
thatoverlapwith thesplit location.Hence,thesubsequences
cannot bereorderedon disk. On theotherhand,replicating
all possiblesubsequencesincreasesthe memoryusagedra-
matically, thusreducestheperformance.For example,repli-
cating all the subsequencesof length O increasesmemory
usageby a factorof O .

Onesimpleway to overcometheseproblemsmight beto
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build an index structure(e.g. R-tree)on all possiblesubse-
quences.However, this solutionposestwo problems.First,
thesizeof this index structurewill be muchlarger thanthe
datasetitself sincemany subsequencesoverlap.Second,the
nodesof the index structuremay containsubsequencesthat
arefar away from eachotheron disk. This would causeex-
cessive amountof randomseekcost for accessinga single
nodeof theindex structure.

4 An overview of our technique
Joinqueriesincur two majorcosts:1) I/O costfor reading

pairs of pagesfrom disk, and 2) CPU cost for joining the
objectsoncethepagesareread.

Throughoutthispaper, wewill assumea�nite buffer of �

pagesanda lineardisk model. It is obvious to extendthese
techniquesto other disk models. We will useLRU as the
pagereplacementpolicy dueto its simplicity andeffective-
ness.

Giventwo datasetsb and c , our techniquestartsby con-
structinga booleanprediction matrix d for thesedatasets
usinga lowerboundingdistancepredictor. Eachentry, �

��� � ,
of this matrix associatesthe �]��� pageof b to the �e��� pageof

c . If an entry �
��� � is marked, then the join of the datain

the �����f��� pagepairpotentiallycontributesto thejoin of these
datasets.

We �rst proposea simplealgorithmwhich is animprove-
mentoverNLJ. This techniqueusesthepredictionmatrix as
a�lter stepto NLJ.Oursecondtechniqueclustersthemarked
entriesof thepredictionmatrix,suchthateachcluster�ts into
buffer andcontainsasmany markedentriesaspossible.We
proposetwo clusteringstrategies. The �rst clusteringtech-
niqueaimsto minimizethetotalnumberof I/Os. Thesecond
clusteringtechniqueconsiderstherandomseekcostandse-
quentialaccesscost. It aimsto minimize the total disk I/O
cost.After theclustersaredeterminedwe ordertheclusters
suchthatconsecutiveclustersshareasmany commonpages
aspossible.ThisorderingreducestheI/O costby increasing
thebuffer reuse.

5 Prediction matrix: a global view
5.1 Construction of the prediction matrix

We assumethat thedatasetsareindexedprior to join op-
eration.Theindex structureuseddependson thetypeof the
data. Table1 shows the index structure,the distancemea-
surebetweendata,andthelowerboundingdistancemeasure
betweenthe index nodesusedfor eachdatatype. For point
andspatialdata,theactualdatais storedonly at theleaf level
nodesof the R*-tree. Oncethe R*-tree is constructed,the
dataobjectsaresortedsothatthecontentsof eachleaf level
MBR appearcontiguouslyondisk. For sequencedata,these
propertiesarealreadyinherentin bothMR-index andMRS-
index (i.e. eachMBR containsacontiguousdiskblock). The
capacityof eachMBR is setto onepagesizefor simplicity
in all of theseindex structures.

/* Let gihkjmlon�p q0r bethepredictionmatrix (all entriesinitially 0). */
AlgorithmPM jZsKtvuSt$w]r

1. xPy = xPz = { /* Initialize active sets*/

2. FILTER(s , u );

3. Extendall theMBRs in sA|ou by w]}�~ in all directions.

4. • := ENDP(s ) | ENDP(u ); /* Find thesetof endpoints*/

5. While ••€ h‚{

(a) ƒ := EXTRACT MIN( • );

(b) If BOX(ƒ ) „-s

/* TheMBR of thecurrentpoint is in set s */

i. If LEFT(ƒ )
A. InsertBOX(ƒ ) into xPy ;
B. For all BOX(… ) „oxPz

If BOX(ƒ ) andBOX(… ) intersect
If LEAF(ƒ ) andLEAF(… )

l�†

p ‡ := 1;
else

PM(Children(ƒ ),Children(… ), w );
ii. If RIGHT(ƒ )

A. Remove ƒ from xPy ;

(c) If BOX(ƒ ) „-u

/* TheMBR of thecurrentpoint is in set u */
Symmetricto Step5.b.

Figure 1. Thealgorithmfor constructingthepredictionmatrix.

Given the MBRs of the index structureson the datasets
andathreshold for thejoin condition,thepredictionmatrix
is constructedin two phases:1) TheMBRs areextendedby

 FˆV‰ in all directions,and2) a hierarchicalplanesweepalgo-
rithm is usedto �nd the intersectingMBRs. If two MBRs
intersect,the lower boundingdistancebetweentheseMBRs
is lessthan  andthecorrespondingmatrixentryis marked.

Figure1 presentsthealgorithmthatconstructsthepredic-
tion matrix. Thealgorithmtakestwo datasets,b and c , and
a threshold asthe input. It startsby initializing the active
setsfor b and c to empty sets(Step1). Then, the MBR
sets b and c are�ltered usinga �ne-grained�ltering tech-
niquein Step2 (We will explain the�ltering algorithmlater
in this section.).The endpointsof the remainingMBRs in

b and c areextendedby  FˆV‰ (Step3), andstoredin set Š

(Step4). Now, all theendpointsareprocessedin ascending
�rst-coordinateorder. If thecurrentMBR belongsto b , then
Step5.b is invoked. If thecurrentendpoint is the leftmost
point of an MBR, then its MBR is insertedinto the active
MBR list ‹VŒ . Step5.b.i checkswhetherthedistancebetween
its MBR andtheactive MBRs in ‹e• is lessthanthe thresh-
old. If it is, thenthelevelsof theboxesarechecked. If both
MBRs areat leaf level, thenthe correspondingentry in the
predictionmatrix is set to 1. Otherwise,their childrenare
inspectedsimilarly for intersection.If thecurrentendpoint
is the rightmostpoint of an MBR, thenit is removed from
theactiveMBR list ‹

Œ (Step5.b.ii). Thealgorithmproceeds
similarly if thecurrentMBR belongsto c (Step5.c).

Figure2 shows how the �ltering at Step2 of thepredic-
tion matrix constructionalgorithmworks. Let b and c be
two index nodeMBRs with children b-� and cŽ� , :A;•�2;•• .
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DataType Index structure Actual distancemeasure Lower boundingdistancemeasure
Pointdata R*-tree[4] Any vectornorm(e.g. ‘’‘ “”‘’‘ • ) Same

Spatialdata R*-tree[4] Any vectornorm(e.g. ‘’‘ “”‘’‘ • ) Same
Timeseriesdata MR-index structure[26] Any vectornorm(e.g. ‘’‘ “”‘’‘ • ) Same

Stringdata MRS-index structure[25] Edit distance Frequency distance

Table 1. Index structures,distancemeasures,andthelower boundingdistancemeasuresusedfor differentdatatypes.
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R4
S1 S2
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S
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(a)

R1

R2

R4
S1 S2

S4
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(b)

R1

R2

R4
S1 S2

S4

S5

R3

S3

R6

R5

R

S

S6

(c)

Figure 2. (a)Two index nodeMBRs s and u , andtheir children s–n and uen , —™˜"šC˜œ› . (b) First and(c) seconditerationof the�ltering technique
on s and u . Thedashedrectanglesshow theregionsthatareusedfor �ltering.

If no �ltering is done,then the intersectionof •
••• = 36
childrenMBR pairsmustbe checked. Brinkhoff et al. [10]
proposeto �lter out theMBRs thatdo not intersectwith the
intersectionof b and c . As a result of this �ltering tech-
nique,only b-ž , boŸ , b7  , c

� , c¡ž , and cŽ  remain(i.e. ¢A•£¢ =
9 MBR pairs). We proposea better�ltering technique.Our
techniqueis basedon the following observation: Let � be
the rectangleformedby the intersectionof b and c . If b?�

and cC� intersect,then b-� intersectswith �¥¤¦cC� and c§� in-
tersectswith �¨¤‚b

� . In orderto usethis fact in anef�cient
manner, we de�ne �-Œ astheMBR that covers �•¤¦b

� , for
all � . Similarly, �-• = theMBR thatcovers �©¤£c

� , for all � .
Wede�ne �7ŒŽ•

)
�oŒ?¤-�-• . Both �7Œ and �-• areshown us-

ing dashedlines,and �-ŒŽ• is shown usingaboldrectanglein
Figure2(b). We �lter out all b-� and c§� thatdo not intersect
with �

ŒŽ• . As a resultof this, only b-ž , bo  , c
� , and cŽž re-

mainfor testing(i.e. ‰<•œ‰ = 4 MBR pairs).This is onelevel
of our �ltering algorithm.We thenupdateb-� := b7�C¤£�

ŒŽ• ,
for un�ltered b7� , andupdateb astheMBR thatcoversthese

bo� . A similar updateis alsoappliedto c andall cU� . Fig-
ure2(c) showstheseconditerationof our �ltering algorithm
on the sameexample. After the seconditeration,only b?ž

and cª� remainfor further inspection(i.e. :R•a: = 1 MBR
pairs).We repeatthis processuntil no furtherchangesoccur
to �7Œ and �-• or « iterationsareperformed,where« is area-
sonableupperboundto thenumberof iterations.We choose

« = 5 asdefault value. We assertsuchan upperboundon
the�ltering algorithmto guaranteethatit runsin lineartime.
Since �

ŒŽ•
¬
� , it is guaranteedthatour �ltering technique

doesnotperformany worsethanthatusedin [10].

5.2 Analysisof prediction matrix construction

Sincethe endpointsof the MBRs for eachdatasetare
sortedonceprior to predictionmatrix construction,prepro-
cessingincurs !"�

8-­¯®e°K8

� time. The �ltering algorithm in
Step2 takes !"�

8

� time, where 8 is the numberof MBRs
in b²±³c , sinceit scansthe MBRs at most «

)µ´ times.
Theplanesweepalgorithmin Step5 takes !"�

8
¶

,
� time,

where , is thenumberof markedentries,sinceeachMBR
has two end points and eachend point is processedonly
once. Therefore,the total time complexity of this algo-
rithm is !"�

87­m®·°�8£¶

,
� . This is equivalentto !"�e¸

Œ

¸ ¹K¸

•

¸

º

.

­m®·°

¸

Œ

¸ ¹»¸

•

¸

º

¶

,
� , where T b"T and T c9T arethesizesof b and c ,

and¼ is thepagesize.
Theorem1 statesthecorrectnessof thealgorithm:

Theorem1 (Correctness) Let b and c betwo datasets.Let
d

)
���

��� �
� bethepredictionmatrix for thesimilarity join

of b and c . If page � of b andpage � of c containa tuple
pair in theresultof thejoin operation,then �£��� � = 1.

If anentryof thepredictionmatrix is setto zero,thenthe
correspondingdisk pagepair do no containany resultpair
in the join operation.Therefore,the join operationdoesnot
needto comparethetuplesin thesepagepairs.

6 A naive technique: pm-NLJ

Oncethepredictionmatrixis determined,only themarked
pagepairsneedto be readfor the join operation.A simple
improvementover theNLJ algorithmrestrictsthepagepairs
to thesemarked entries. We call this techniqueprediction
matrix-NLJ(pm-NLJ). It is givenin Figure4.
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Figure 3. The illustration of a sampleprediction matrix for
datasetss and u . A small region within the predictionmatrix is
presentedin moredetail.

/* Let u and s bethedatasetsthatwill be joined,and ¿ bethebuffer size
in pages.Assumethatthesizeof u is smallerthanthatof s . */
Algorithmpm-NLJjZsKt]uÀtf¿Kr

If all themarkedpagesof u �t into buffer,

1. Readall of theminto buffer;
2. Iteratively, readblocksof markedpagesof s into restof buffer

spaceandcomputejoin;

else

Iteratively, readonemarkedpagefrom s andblocksof ¿œÁ"—

markedpagesof u andcomputejoin;

Figure 4. Predictionmatrix-NLJalgorithm.

Example1 Considerthepredictionmatrix in Figure 3. As-
sumethat the buffer sizeis 5 pages. SimpleNLJ algorithm
iteratively readsall Â'� . For each Â'� , NLJ scansall ÃF� . This
causesI/O thrashingsincesequentialscansweepsthebuffer
asnew pagesare read. In order to join thepagesin theun-
shadedregion of Figure 3, NLJ performs15 diskI/Os (read

Â

%

�5� , Â

%

�

%

, and Â

%

�
ž once, Ã

 5Ä - Ã
 5ž threetimes.).Ontheother

hand,for pm-NLJ, 7 disk I/Os are enoughfor theunshaded
region(First read Â

%

�E� , Ã
 MÄ , Ã

 

%

, and Ã
 5ž , thenread Â

%

�
ž , Ã

 

%

and Ã' Ež .). Å

In thefollowing lemma,we calculatetheminimumnum-
berof disk I/Os for pm-NLJ for eachsuchsubregion of the
predictionmatrix.

Lemma 1 Assumethat a cluster of the prediction matrix
contains Æ marked entries, Â marked rows and Ç marked
columns,thenpm-NLJperformsat least Æ

¶

�È�

8

+
ÂN�5Ç

3 disk
I/Os for that cluster.

Proof: omitted(cf. [24]) Å

For theexamplein Figure3, Â = 3, Ç = 2, and Æ = 5. The
totalnumberof disk I/Os is 5 + �É�

8

+
‰À�5¢

3 = 7.
Note that NLJ is the sameaspm-NLJ when all the en-

tries of the predictionmatrix aresetto 1. Therefore,using
Lemma1, the numberof pagesreadby NLJ canbe calcu-
latedas ÂNÊ¡.·Ç/Ê

¶

�È�

8

+
ÂNÊ��EÇFÊ

3 , where ÂNÊ and Ç/Ê arethe num-
ber of rows andcolumnsof the predictionmatrix ( Â·ÊÌËÍÂ

and Ç/Ê¥ËÎÇ ). Hence, we concludethat pm-NLJ saves
��ÂÏÊ�.§Ç/Ê™ÐÑÆN�

¶

���È�

8

+ ÂNÊ$�5ÇFÊ 3 Ð¨�È�

8

+ ÂN�EÇ 3 � disk readsand
��ÂÏÊ§.0Ç/ÊSÐ&ÆN� CPUcomparisonsoverNLJ.

7 Minimizing the I/O cost

Althoughrestrictingthe join operationto themarkeden-
tries reducesthenumberof disk reads,readingthepagesin
NLJ order still causesI/O thrashing. One can reducethe
numberof disk I/Os by clusteringthemarkedentriesof the
predictionmatrix,andreadingthepagesin eachclustersep-
arately. For example,assumethat the unshadedregion in
Figure 3 is sucha cluster. Assumethat the buffer size is
5 pages.In order to join the pagepairswithin this cluster,
pagesÂ

%

�5� , Â

%

� ž , Ã  5Ä , Ã  

%

, and Ã  Ež arereadinto the buffer.
Theunshadedregioncanbejoinedwithout furtherdisk I/Os
sinceall marked pagepairs in this region arein the buffer.
Using sucha clusterreducesthe numberof disk I/Os to 5.
Lemma2 establishesthenumberof diskreadsneededto join
a cluster.

Lemma 2 Assumethat a cluster of the prediction matrix
contains Â marked rows and Ç marked columns. Let � be
thebuffer size. If Â

¶

Ço;a� then Â

¶

Ç diskI/Osaresuf�cient
to join thepageswithin this cluster.

Proof: The proof of Lemma 2 follows from the fact
that readingthe pagescorrespondingto marked rows and
columnsis suf�cient to join all themarkedpagepairsin that
cluster. Å

7.1 Minimizing the number of disk I/Os

Oneof theprimary factorsthataffect thecostof joins is
the numberof disk I/Os. Theorem2 de�nes the amountof
diskI/Ossavedby readingoneclusteratatimeoverpm-NLJ.

Theorem2 (I/O Savings)Assumethat a clusterof thepre-
dictionmatrixcontainsÆ markedentries,Â markedrowsand

Ç markedcolumns.Let � be thebuffer size. If Â

¶

ÇÉ;Ò� ,
then joining this cluster separately reducesthe numberof
diskI/Os byat least Æ9Ð&�ÈB�Ó

+
ÂN�5Ç

3 overpm-NLJ.

Proof: follows from lemma1 and2. Å

Two importantobservationsfollow from Theorem2:

1. The amountof I/O savings increasesas �‚B�Ó
+

ÂN�EÇ
3 de-

creases.If we assumethat Â

¶

Ç = � is �x ed (i.e. we
consumeall thebuffer for eachcluster),then �‚B�Ó

+
ÂN�EÇ

3

is minimizedwhenÂ = Ç = �ÌˆV‰ . In otherwords,theper-
formancefor aclusteris improvedif theclustercontains
equalnumberof markedrowsandcolumns.

2. The amountof I/O savings increasesasthenumberof
markedentries( Æ ) within aclusterincreases.Intuitively,
this meansthat denseclustersresult in betterperfor-
manceimprovements.
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Figure 5. The�rst two iterationsof squareclusteringalgorithm
on a predictionmatrix. The buffer sizeis 6 pagesin this example.
Theblackdotscorrespondtomarkedentriesof thepredictionmatrix.

Our �rst clusteringtechniquefollowsfrom theseobserva-
tions: it iteratively formsclustersthathave anequalnumber
of markedrows Â , andcolumnsÇ , whereÂ

¶

Ç = � , exceptat
theboundaries.Therefore,we call this techniquetheSquare
Clustering(SC)technique.

Figure5 depictstheclusterboundariesformedby the�rst
two iterationsof SC.The black dotscorrespondto marked
entriesof the predictionmatrix. We assumethat the buffer
sizeis 6 pagesin this example. In Figure5(a),SCstartsby
�nding the�rst clusterwhichhasall thefollowingproperties:

1. it hasanequalnumberor markedrowsandcolumns,

2. the sum of the numberor marked rows and columns
within thatclusteris equalto thebuffer size,and

3. its width is assmallaspossible.

The �rst conditionmaximizesthe I/O savings for that clus-
ter by minimizing �‚B�Ó

+
ÂN�EÇ

3 (seeTheorem2.). Thesecond
conditionensuresthatthebuffer spaceis notwasted.Finally,
the last conditionselectspagescorrespondingto oneof the
datasetsfrom asmallrangesincethewidth of theclustercor-
respondsto thespanof thepagesthatwill bereadfrom disk.
Oncethe�rst clusteris determined,SCremovesthemarked
entriesin this clusterfrom the predictionmatrix anddeter-
minesthenext clusterin thesameway. Å

Figure6 presentsthe SC algorithm. The run time com-
plexity of theSC algorithmis !"�$ÆÏ� , where Æ is thenumber
of marked entriesof the predictionmatrix. This is because
two passesover all marked entriessuf�ce for the SC algo-
rithm to determineall theclusters:onecolumn-wisepassto
determinethe CANDIDATE points,andonerow-wise pass
to determinethe ASSIGNEDpoints. The spacecomplexity
of SC is !"��ÆN� , sincethe predictionmatrix storesonly the
markedentriesin sparsematrix format.

7.2 Minimizing the random seekcost

The cost of readinga set of disk pageshighly depends
on the locationof thesepages.This is becausethe random

/*Let g bethepredictionmatrix.
Let ¿ bethebuffer size.
All themarkedentriesin g areinitialized to UNASSIGNED.*/
AlgorithmSQUARE-CLUSTERjZgÈtf¿»r

1. š


��

h�� ; �

�

h�� ;

2. While thereareUNASSIGNEDentries

(a) Set the UNASSIGNEDentriesin the �rst ¿»}�~ - � columnsas
CANDIDATE;

(b) �

�

hRl2š��������Vl������! !"$#&%&')(�*+(�%-, •.�! 0/.1Pt�¿K}�~+2 ;

(c) SettheCANDIDATE entriesin the �rst � CANDIDATE rows
to ASSIGNED;

(d) �

�

h thenumberof ASSIGNEDcolumns;

(e) While �435�76É¿

i. Set the marked entriesin the next UNASSIGNEDcol-
umnto CANDIDATE

ii. Updaterows;

(f) Insert the ASSIGNED entriesto the cluster š




and remove
themfrom predictionmatrix;

(g) �

�

h thenumberof CANDIDATE columns;

(h) š




++;

Figure 6. Squareclusteringalgorithm.

seekcostis muchlargerthana sequentialpagetransfercost.
Therefore,readingasetof pagesis cheaperif they arelocated
closeto eachother.

Our secondclusteringalgorithmminimizesthe I/O cost
byconsideringtheproximityof thepagesaswell astheshape
andthedensityof theclusters.Therefore,we call this tech-
niquetheCost-basedClustering(CC) technique.

Figure7 illustratestheconstructionof aclusterby theCC
algorithm. The buffer sizeis 5 pagesin this example. The
densestregionof thepredictionmatrix is selectedastheseed
region. This is achievedby computinga 2-dimensionalden-
sity histogramonthematrix. CCrandomlychoosesamarked
entryasseedentry in this region in Figure7(a),andcreates
a ( :?• : ) clusterthattightly coversthis entry. Then,it itera-
tively choosesanentrythatminimizestheincreasein theI/O
costof readingthepagesfor that clusterandthenew entry.
Theclusteris thenextendedto coverthenew entry. Thispro-
cesscontinuesuntil thecontentsof thecluster�ll thebuffer
(Figure7(d)).

Figure8 presentstheCC algorithm.Fagin's thresholdal-
gorithm (TA) [15] in Step3.c is usedbecausethe two clus-
ter expansiondirections(horizontallyandvertically) canbe
viewed astwo lists sortedby increasingI/O cost. The next
markedentry to addto the clusteris theonethat incursthe
lowestcombinedI/O costwhenadded.TA essentiallygives
a way of determiningthis minimum without inspectingall
elementsin thetwo lists.

Step2 of theCC algorithmrunsin !"�$ÆÏ� time, where Æ is
thenumberof markedentriesin thepredictionmatrix. Steps
3.aand3.b are !"�v:Ï� operations.Eachiterationof 3.c takes

!"�98 ÆÏ� time (see[15] for a detailedanalysisof TA). Since
thethresholdalgorithmis ranoncefor eachmarkedentry in

7



:

:;

;

<

<=

= >

>?

? @

@A

AB

B

C

CD

D

E

E F

F

G

G

H

HI

I

J

JK

KL

LM

M

N

NO

O P

PQ

Q

R

RS

S

TUT

TUT V

V

(a)

W

WX

X

Y

YZ

Z [

[\

\ ]

]̂

_̂

_

`

à
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Figure 7. A traceof theCCalgorithm.

the worst case,the worst casetotal time complexity of 3.c
is !"�$Æ

ž¬«

%'� . Sinceeachmarked entry is assignedto a clus-
ter once,the total costof 3.d and3.eare !"��ÆN� . Hence,the
total time complexity of theCC algorithmis !"��Æ

ž¬«

%Ï� since
Step3.c dominatesthe total cost. The spacecomplexity of
theCC algorithmis only !"�$ÆN� sincestoringthemarkeden-
tries in sparsematrix format suf�ces. SinceCC is CPU-
intensive, we will useit only asa lower boundof the total
I/O cost.

8 Cachereuse
Oncetheclustersin thepredictionmatrix aredetermined

(eitherwith SCor CC), they arereadandprocessedoneat a
time. For eachsuchcluster

1. themarkedpagesof bothdatasetsarereadusingoptimal
diskscheduling[40] and

2. themarkedpagepairsarejoined. Sincethecontentof
eachcluster�ts into buffer, thejoin operationis always
performedin memory.

In Section7, we showed that eachcluster is optimized
in order to minimize the I/O cost per cluster. Furtherop-
timization can be obtainedby maximizing the numberof
pagesreusedin the buffer. This improvementis achieved
by schedulingtheorderof clustersin acleverway.

Example2 Assumethat Figure9 showsa predictionmatrix
anda setof clusters +®­9�

�
­

%

�
­

ž·�
­°¯

�
­

Ÿ
3 de�nedon it. Let

thebuffer sizebe5 pages.Theclusterscontainthefollowing
pages: ­

�
) +

Â

%

�MÂ
ž

�EÃ
Ÿ

�EÃ
 

��Ã	±
3 , ­

%

) +
Â

%

�5Â
ž

�MÂ	¯·�EÃ
ž

�EÃ	¯
3 ,

­

ž

)Í+
Â

 
�MÂ	±e�EÃ	¯e�EÃ

Ÿ

3 , ­
¯

) +
Â

ž
�5Â+¯��MÂ

Ÿ
��Ã

%

�EÃ
ž

3 , and ­

Ÿ

)

+
ÂÏ�N�EÃN�

3 . The total numberof pages that needto be read
for all the clusters is ²

Ÿ

�´³
�

T
­

��T = 21. Now, considerthe

/*Let g bethepredictionmatrix.
Let ¿ bethebuffer size.
All themarkedentriesin g areinitialized to UNASSIGNED.*/
AlgorithmCOST-CLUSTERj gÈt�¿»r

1. š


��

h�� ;

2. Build a —��¶µ"—�� histogramby �nding thenumberof marked entries
in eachhistogrambucket;

3. While thereareUNASSIGNEDentries

(a) Randomlychoosea seed 1 in the bucket that has the most
markedentries;

(b) Constructa —�µ»— cluster# onthepredictionmatrix thattightly
covers 1 ;

(c) While there are UNASSIGNED entriesand the numberof
pagesin # is lessthan ¿

i. Find the marked entry 1�· in the predictionmatrix that
minimizestheI/O costof readingthecontentsof # and

1U· usingFagin's thresholdalgorithm;
ii. Expand# to cover 1 · ;

(d) Assignall the marked entriesin # to cluster š




, andremove
themfrom thepredictionmatrix;

(e) Updatethehistogram;

(f) š




++;

Figure 8. Cost-basedclusteringalgorithm.
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Figure 9. A setof clustersonapredictionmatrix.

following scenarios:
Scenario1: Theclusters are processedin theorder ­�¯ , ­�� ,

­
ž , ­

Ÿ , ­

%

. In the �r st iteration, thepagesfor ­�¯ are read
into thebuffer. Thesepagesare ÂÏž , Â

¯ , Â0Ÿ , Ã

%

, and Ã'ž (i.e. 5
pagesareread).In theseconditeration,thepagesfor ­o� ( Â

%

,
Â'ž , Ã'Ÿ , Ã'  , and Ã

± ) needto beread.SinceÂ'ž is alreadyin the
buffer fromthe�r st iteration,wedo not needto readit from
disk (i.e. 4 pagesare readand1 page is reused).Thesame
ideais appliedin thesubsequentiterations,yieldingoverall
19pagesto beread.
Scenario2: Theclusters are processedin theorder ­

¯ , ­

%

,
­

� , ­

ž , ­

Ÿ . Here, as the readermayverify, only 15 pages
needto befetchedfromdisk. Å

Theaboveexampleshowsthatdifferentschedulesof clus-
tersmayresultin differentnumbersof pagereads.Thisis be-
causeif consecutiveclustershaveoverlappingmarkedpages,
then thesepagescan be reused,thus reducingthe number
of pagesthat needto be read. Therefore,a good cluster
schedulingalgorithmshouldmaximizethe total overlapbe-
tweenconsecutiveclusters.
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In orderto model the amountof reusefor a scheduleof
clusters,wede�ne sharinggraphsasfollows.

De�nition 1 Let Ø )•+Ù­ �Ï� ­

%

�+Ú	Ú+ÚF� ­�Û�3 bethesetofclusters
on a predictionmatrix. Thesharinggraphof Ø is de�nedas
theundirectedgraph Ü ) �ÞÝK�EŠ4� with weightededges,such
that Ý = Ø and Š ) + ÆN��� � 3 , where : ; �����a; � , �àß ) � ,

Æ'��� �âáäã , and ÆÏ��� � = thenumberof pagessharedby clusters
­ � and ­ � .

Eachschedulingof theclustersde�nes a uniquepathon
the sharinggraph. For example,scenario1 in Example2
correspondsto thepath � )ä­ ¯æå ­ ��å ­

ž å ­

Ÿ å ­

%

.
Thefollowing two lemmasdiscusstwo importantproperties
of theaclusterschedules.

Lemma 3 A scheduleof the clusters de�nes a path on the
sharinggraphthat visitseach vertex exactlyonce.

Lemma 4 Let � bethepathon a sharinggraphde�nedby
a scheduleof clusters, then the amountof savingsin page
readsis equalto thesumof theweightsof theedgesof � .

We concludefrom Lemma3 and4 thata goodpathvisits
all theverticesonceandmaximizesthe sumof the weights
of the edgeson this path. This is equivalent to the well
knownTravelingSalesmanProblem(TSP)[17] whichis NP-
complete. We thereforeuse a greedy-basedheuristicsto
constructa goodpath: thealgorithmiteratively choosesthe
next edgethat hasthe largestweight, doesnot causea cy-
cle, and doesnot increasethe degreeof a vertex to three.
The total time complexity of this schedulingalgorithm is

!"�5T ŠœT

­m®·°

T ŠœT � where Š is the set of edgesin the sharing
graph.

9 Experimental evaluation
Weusethreeclassesof datasetsfor theexperimentaleval-

uationof our techniques.Theseare

1. Low dimensional datasets LBeach and MCounty.
They areroad intersectionsof Long BeachandMont-
gomery County. Both of thesedatasetscontain 2-
dimensionalvectors. LBeach contains53,145vectors
andMCountycontains39,231vectors.

2. High dimensional dataset Landsatcontains275,465
60-dimensionalfeaturevectorsof satelliteimages.We
split this datasetrandomlyinto 8 equalsizedandnon-
overlappingdatasets. Thesedatasetsare denotedby
Landsat1, Landsat2, ./.0. , Landsat8.

3. Sequence datasets HChr18 and MChr18.
These datasets contain the nucleotides of hu-
man chromosome 18 and mouse chromosome
18. HChr18 contains 4,225,477 nucleotides
while MChr18 contains 2,313,942 nucleotides.
Both of these datasets are publicly available at
ftp://ncbi.nlm.nih.gov/genbank/genomes/.
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Figure 10. Costsof joining theLBeachandMCountydatasets
when w¡h��'“’— for NLJ, pm-NLJ,random-SC,andSC.

We implementedpm-NLJ,CC, andSC alongwith three
competingtechniques:blocknestedloop join (NLJ), epsilon
grid ordering (EGO) [6], and BFRJ [23]. NLJ is one of
theearliestandsimplestyet effective join techniques,while
EGOis shown to besuperiorthanothertechniquesproposed
earlier. BFRJ is oneof the mostef�cient index-basedjoin
techniques.We alsoimplementeda simplerversionof SC,
calledrandom-SC. This programbuilds theclustersexactly
thesameasSC,but it processesclustersin randomorder.

All of thesetechniqueswereimplementedin C ona Unix
platform. In order to run EGO andBFRJon the sequence
datawe usedtheoriginal implementationof theMRS index
structure[25] to extractthefrequency vectorsof HChr18and
MChr18. We ranour experimentson a 400MHz PentiumII
computerwith 1 GB memory.

9.1 Evaluation of clustering components

SCandCCoptimizethecostof join queriesin threeways:
	 Optimization1: Restrictingthejoin to themarkedpage

pairsreducesthenumberof pagepairsthatneedto be
joined. This reducesbothI/O costandCPUcost(Sec-
tions5 and6).

	 Optimization2: Clusteringthemarkedentriesandread-
ing oneclusteratatimereducestheI/O cost(Section7).

	 Optimization3: Processingclustersin a clever order
increasesmemoryreuse.Thatis, it reducestheI/O cost
(Section8).

Our �rst set of experimentsevaluatesthe performance
gainobtainedby eachof theabovementionedoptimizations.
We useNLJ asthesimplesttechniquethatdoesnot useany
informationonthedatasets.Thedifferencebetweenpm-NLJ
andNLJ capturesOptimization1. Similarly, the difference
betweenpm-NLJandrandom-SCgivesOptimization2, and
thedifferencebetweenrandom-SCandSCshowstheperfor-
mancegainedby Optimization3.

Figure10 shows the I/O cost,CPU costandpreprocess-
ing costof joining theLBeachandMCountydatasetswhen

9
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Figure 11. Costsof self join on theHChr18datasetwhen w™h

�'“ �'— for NLJ, pm-NLJ,random-SC,andSC.

 ) ãçÚm: for NLJ, pm-NLJ, random-SC,andSC.The query
selectivity hereis approximately10
 andthe buffer sizeis
25pages,wherethepagesizeis 1K. Preprocessingcostcor-
respondsto the costof determiningthe clusters. Although
this is aCPUcost,wereportit separatelysinceNLJ andpm-
NLJ do not incur thesecosts.Thereductionin CPU costis
on accountof �ltering thesearchspaceusingtheprediction
matrix. The CPU costof pm-NLJ (i.e. Optimization1) is
10 times lessthanNLJ. In addition to this, embodyingthe
predictionmatrixonNLJ reducestheI/O cost4.3timesover
NLJ. Algorithm random-SC(i.e. Optimizations1 and2) de-
creasestheI/O costof pm-NLJby one-half.Althoughclus-
tering hasan additionalpreprocessingcost, it is very small
comparedto the total cost. Finally, SC (i.e. Optimizations
1–3)reducestheI/O costby 35
 overrandom-SC.Thetotal
costof SCis 10 timeslessthanthatof NLJ.

Figure11givestheresultsfor theself join of theHChr18
datasetwhen ÆE¼CÃ0��èêé

8

)
ãëÚ ã : . Thequeryselectivity hereis

approximately2
 and the buffer size is 100 pages,where
thepagesizeis 4K. Thetotalcostof SCis approximately16
timeslessthanthatof NLJ.

Figure12 shows thetotal costof self joining theHChr18
datasetfor NLJ, pm-NLJ,random-SC,andSCfor increasing
buffer sizesin log-log scale. The total cost of pm-NLJ is
alwaysmuchlessthanthat of NLJ. This differencere�ects
theperformancegainobtainedby Optimization1. BothNLJ
andpm-NLJhave a kneeat � = 800.This is becauseoneof
thedatasets�ts into buffer for thenext valueof � . Whenone
of thedatasets�ts into buffer, the I/O costof bothNLJ and
pm-NLJ decreasedramaticallyandconverge to that of SC.
SincetheCPUcostof pm-NLJis equivalentto thatof SCand
random-SC,andSC (andrandom-SC)incursan additional
preprocessingcostfor detectingclusters,thetotalcostof pm-
NLJ becomeslessthanthat of SC andrandom-SCfor very
largebuffer sizes.For smallerbuffer sizes,SC is up to two
ordersof magnitudefasterthanNLJ, up to 30 times faster
thanpm-NLJ,andup to 26
 fasterthanrandom-SC.
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Figure 12. Thetotal costof self joining theHChr18datasetfor
NLJ, pm-NLJ,random-SC,andSCfor differentbuffer sizes.

Buffer Size 50 100 200 400 800
LBeach/MCounty 2.06 1.02 0.51 0.37 0.34

(1.68) (0.98) (0.59) (0.45) (0.38)

Buffer Size 125 250 500 1000 2000
Landsat1/Landsat2 7.40 3.53 1.62 1.14 0.88

(6.46) (2.93) (1.44) (1.27) (0.88)

Buffer Size 100 200 400 800 1600
HChr18/HChr18 23.72 14.35 7.31 2.63 1.47

(12.02) (6.56) (3.56) (2.01) (1.07)

Buffer Size 50 100 200 400 800
HChr18/MChr18 46.08 26.46 13.27 6.72 3.11

(29.71) (15.45) (7.70) (4.23) (1.96)

Table 2. The I/O costs(in s) of SC andCC for joining various
datasetsfor differentbuffer sizes. The resultsfor CC aregiven in
parentheses.

9.2 Effect of the buffer size

In thissetof experiments,weevaluatetheperformanceof
SC andCC for differentbuffer sizes. Table2 lists the I/O
costsof SCandCC for joining variousdatasetsfor increas-
ing buffer sizes(numberof pages).CC almostalwayshas
lower I/O costthanSC.AlthoughtheI/O costof CC is low,
thetotal costof CC is high. This is because�nding clusters
usingCC is expensive. Therefore,we useCC to determine
an approximatelower boundof the I/O costof join opera-
tions. In all of the experiments,the I/O costof SC is very
closeto thatof CC.Therefore,weconcludethatSCis avery
competitiveclusteringtechniquedespiteits simplicity.

Figures13(a)to13(c)show thetotalcostof thejoin opera-
tion for NLJ, BFRJ,EGO,andSCfor increasingbuffer sizes
in log-logscale.In all of theseexperiments,SChasthelow-
estcostandEGOhasthenext lowestcost. In Figure13(a),
we donot show theresultfor BFRJfor buffer sizeslessthan
200pages.This is becauseeventhe intermediatestructures
donot�t into buffer for thesebuffersizes.SCis 2 to 86times
fasterthanthecompetingtechniquesfor spatialdatasets,and
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Figure 13. The total costof (a) joining LBeachandMCounty
datasets,(b) joining Landsat1and Landsat2datasets,and (c) self
joining theHChr18datasetusingNLJ, BFRJ,EGO,andSCfor dif-
ferentbuffer sizes.
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Figure 14. The total costof joining Landsatdatasetsfor NLJ,
BFRJ,EGO,andSCfor increasingdatasetsizewhenbuffer sizeis
2000pages.

13 to 133 times fasterfor sequencedatasets.The perfor-
manceof BFRJandEGOdeterioratesfor sequencedatasets
dueto many randomdisk seekssincethedatacannotbere-
ordered.On theotherhand,theperformanceof SCdoesnot
dropsinceit avoidsrandomdisk seeks.A moredetaileddis-
cussionof thecostcomponentscanbefoundin thefull ver-
sionof thepaper[24].

9.3 Scalability comparison
In our lastsetof experiments,we inspectthetotal costof

SCandcompetingtechniquesfor increasingdatasetsizes.In
orderto carryout this experiment,we constructedtwo non-
overlappingdatasetsof size12.5
 , 25
 , 37.5
 , and50


of the original Landsatdatasetby merging the Landsat1–8
datasets(i.e. we have two datasetswith 34,433vectors,two
datasetswith 68,866vectors,two datasetswith 103,299vec-
tors,andtwo datasetswith 137,732vectors.).

Figure14givesthetotalcostof NLJ,BFRJ,EGO,andSC
for increasingdatasetsizesfor abuffer sizeof 2000pagesin
log scale.Thetotal costof all techniquesincreasesquadrati-
cally with thedatasetsizesincethesizeof bothjoin datasets
are increased. SC is the fastestfor all datasetsizesand
thedifferencebetweenSCandthecompetingtechniquesin-
creasesas datasetsgrow. SC is 2 to 4.3 times fasterthan
EGO,4 to 6.5 timesfasterthanBFRJ,and10 to 150 times
fasterthanNLJ.

10 Discussion
In this paper, we consideredtheproblemof joining mas-

sive datasets.We introduceda new typeof join, calledsub-
sequencejoin, for sequencedatasets.We proposedto mini-
mizetheI/O costof thejoin operationusingaglobalview of
the datasets(namely, thepredictionmatrix). Our technique
incorporatesthreeoptimizations:prediction,clustering,and
cachereuse.
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Our algorithmclustersthe marked entriesof the predic-
tion matrix. We proposedtwo clusteringtechniques.The
�rst technique,called squareclustering (SC), assignsan
equalnumberof pagesfrom eachdatasetto eachcluster. The
secondtechnique,calledcostclustering(CC),minimizesthe
I/O cost for readingthe contentsof eachcluster. We pre-
sentedan algorithmfor SC andshowed its ef�ciency using
a lower boundon the I/O costobtainedfrom CC. We then
showed that the orderof processingthe clustershasan im-
pacton theperformanceandproposedanef�cient technique
to de�ne agoodclusterorderusingagreedytechnique.

Accordingto our experiments,SC is 2 to 86 timesfaster
thanthecompetingtechniquesfor spatialdatasets,and13 to
133timesfasterthanthecompetingtechniquesfor sequence
datasets.The I/O costof SC is very closeto thatof our ap-
proximatelowerbounddeterminedby CC.
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