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Abstract

We considerthe problemof joining massivedatasets We
proposetwo techniquesfor minimizingdisk 1/0 costof join
opefations for both spatial and sequencedata. Our tech-
niguesoptimizethe available buffer spaceusing a global
view of the datasets\We build a booleanmatrix onthepages
of the givendatasetsusinga lower boundingdistancepre-
dictor. Themarkedentriesof this matrix representandidate
page pairsto bejoined. Our r sttechniquejoinsthemarked
pagesiteratively Our secondecniqueclustes the marked
entriesusing rectangulardenseregions that have minimal
perimeterand t into buffer. Theseclusters are thenordered
sothat the total numberof commonpagesbetweernconsec-
utive clustes is maximal. The clustes are thenread from
disk and joined. Our experimentalresultson various real
datasetsshowthat our techniquesare 2 to 86 timesfaster
thanthecompetingecniquesfor spatialdatasetsand13to
133timesfasterthanthe competingecniquesfor sequence
datasets.

1 Intr oduction

Currentdatabasesontaina wide variety of information.
This information canbe storedas both spatialdataand se-
guencedata. Geographidnformation SystemgGIS) arean
importantexample of spatialdata. GIS usually store data
such as points, lines, or polygons. Stock market, video,
text, genomedataare examplesof sequencalata. The dis-
tance/similaritymeasurdor thesedatavariesbasedon the
applicationand the datatype. Someof the distancemea-
surescurrentlyin useareEuclideandistance1, 12, 16, 26],
othervectornormslike  and [2], shift/scaleinvari-
antdistancemeasure§l 3, 27, editdistancg8, 25, 35], and
score-matrixbasedsimilarity [21].

The sizesof spatialand sequencealatasetsare growing
rapidly. Excessie amountsof datamalke similarity search
challenging,incurring a large amountof disk /0O and CPU
cost. An importantprimitive on suchdatasetss the join,
alsocalledsimilarity join, operator A join queryasksto nd
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all similar datapairsfrom two datasets.Two examplejoin
queriesare:

Spatial Join Query: Find all hotelsin California that
arewithin threemilesof arecreatiorarea.

Sequencdoin Query: Findall pairsof companiegrom
the New York Exchangeandthe Tokyo Exchangehat
have similar closingpricesfor onemonth.

The former queryjoins two spatialdatasetsnamelyhotels
andrecreationareas The latter queryjoins two sequence
datasetgor two stockmarkets. Currenttechniquedor join
queriesarerestrictve in thatthey usuallyconsideronly spa-
tial dataandEuclideardistance A comparisorof theseech-
niguesis presentedn [37].

Join queriesincur two major costs: 1) I/O cost, and 2)
CPU cost. Disk I/Os are usually the bottleneckfor dataset
joins when the datasetsare much larger than the available
buffer. Thisis becausenostof the pagesusuallyneedto be
accessedhultipletimes.If thewholedatasetioesnot t into
buffer, apagethatwill beusedatermayberemovedfromthe
bufferincurringmultiple randomdisk 1/Os. Furthermorethe
CPUperformancandmemorybandwidthhaveincreasedy
50 eachyear(a.k.a. Moore's law), while memorylateng
has stayedroughly equal. Therefore,the cost of memory
accessncreasesxponentiallywith respecto CPUcost[34].

In this paper we considerthe join problemfor massie
datasetsvhenthe similarity measuresanbeary metric. The
datasetanbe composedf spatialdataaswell assequence
data.We approximatesachpageof the datasetisinga Min-
imum BoundingRectanglgMBR). Giventwo datasetsye
build abooleammatrix onthe pagef thesedatasetsisinga
lower boundingdistancepredictor Eachentry, , of this
matrix associateshe  pageof the rst dataseto the
pageof thesecondlatasetlf anentry is marked,thena
join of thedatain the pagepair potentiallycontributes
to thejoin of thesedatasetsThereforethesepagepairsneed
to bereadfrom disk andjoined.

We proposédwo techniquedor joining suchdatasetsOur
rst techniquerestrictsthejoin to the markedentries.It pro-
cesseshe pagepairshby iteratively readingblocksof pages.
Oursecondechniquausesa clusterbasedschemeo further



reducethe I/O cost. We proposetwo algorithmsto cluster
the marked entriesof the predictionmatrix suchthatthere-
sulting clustersaredense have minimal perimeterandtheir
contentst into buffer. The rst clusteringtechniquesimply
allocatesequalspacein the buffer for both sequencesThe
secondclusteringtechniqueworks in a bottom-upmanner
It choosesa single point from a denseregion. This point
de nestheinitial cluster Later, this clusteris expandedto
cover more points, minimizing the I/0O cost, until the pages
correspondingo thatcluster Il thewholebuffer. Thepoints
containedin this clusterarethenremoved from the predic-
tion matrixandanew clusteris createdteratively ontherest
of the predictionmatrix. Oncethe clustersare determined,
we de ne an order betweentheseclusterssuchthat the to-
tal amountof dataoverlap betweenconsecuiie clustersis
maximal.Later, theclustersarereadin this orderandjoined.

Experimentalresultsshav that our techniquesare 2 to
86 times fasterthan the competingtechniquesfor spatial
datasetsand13to 133timesfasterthanthe competingech-
niquesfor sequencelatasets.

Besidesthe ef ciency improvementsfor join operations,
the main contribution of this paperis the introductionof a
predictionmatrix to speedugoin operationsunderarbitrary
distancaneasuresThespeedujis achiesedusingprediction,
clustering,andbuffer reuse.

The restof the paperis organizedasfollows. Section2
discusseshe relatedwork. Section3 discusseshe subse-
guencejoin problem. Section4 presentsa brief overview
of our techniques.Section5 explainsthe constructionof a
globalview of datasetsSection6 present®ur rst technique
thatuseshis globalview. Section7 discusses$wo clustering
techniguego minimizel/O cost. Section8 discussesluster
ordering. Section9 presentghe experimentalresults. We
endwith abrief discussiorin Sectionl10.

2 Relatedwork

Joiningtwo datasetss a costly operation. Currenttech-
niguesreducethis costby pruningpairsof datapointsthatdo
not appeairin the nal join. They canbe classi ed into two
groupshasedon the datastructuregshey use: 1) noindex is
built onthedatasetspr 2) anindex is built on atleastoneof
the datasets Anotherway of classifyingcurrenttechniques
is basedon the type of datathey use: 1) spatialdata,or 2)
point data. Note that point datacanalso be consideredas
spatialdatabut theinverseis nottrue.

2.1 Joining without index structur es

Oneof the simplestalgorithmsfor joining datasetsvith-
out index structureis NestedLoop Join (see[39]). Nested
Loop Join iteratively readsan objectfrom the rst dataset.
For eachsuchobiject,it sequentiallyscansall the objectsin
the seconddataset. The performanceof NestedLoop Join
canbe improved by readingblocksof -2 pagesfrom the
rst datasetteachiteration,where isthenumberof pages

thatbuffer canhold. For eachsuchblock, the secondlataset
is sequentiallyread one pageat a time. This techniqueis
calledBlock Nested_oop Join (NLJ).

SortMerge Join [5, 18, 33] sortsbothof thedatasetbased
onthejoin attributeandmemgesthem. Orensteir{36] usesZ-
curvesto represenspatialobjects. The bit-representationf
the Z-value of objectsis thenusedto nd out whetherthe
objectsoverlap.

Hash Join (see[39]) assignsobjectsin both datasetgo
bucketsusingthe samehashfunctions. Later, the objectsin
the samebucket arejoined. A variationof HashJoin, called
Grace Hash Join, works in two phases.In the rst phase,
both datasetsare mappedo bucketsthatresideon disk. In
the secondphase,one bucket is readat a time and a hash
tableis constructedrom it (see[20] for acomparison).

Partition-BasedSpatialJoin (PBSM)[38] splits the data
spaceinto tiles usinga grid. Thetiles of eachdatasetare
thenassignedo  partitionsusing a roundrobin or hash-
ing scheme.The partitionscorrespondingdo the sameloca-
tionsarethenchecledto nd the candidateobjectsthatmay
contritute to the nal join. Next, objectsarereadfrom the

rst dataseinto buffer, andthesecondiatasets sequentially
scannedo nd theactualjoin results.

ScalableSweeping-base8patialJoin (SSSJ]3] startsby
sortingthe objectsaccordingto their lower valuesin one of
the dimensionsin ascendingorder Later, the objectsare
scannedsequentiallyin this order For eachobject,thein-
tersectingobjectsare found by scanningthe other dataset.
Gurretand Rigaux[19] show that the performanceof join
techniquesasedon planesweepalgorithmsis betterwhen
oneof thedatasetss indexedusinganR-tree.

KoudasandSercik [28, 29] proposeo partitionthespace
into ner grainedcells by iteratively splitting it into two in
eachdimension. If the MBR of an objectintersectsa split
line atthe iteration, it is assignedo level . Oncethe
objectsare assignedo levels, the objectsin eachlevel are
joinedwith objectsin the sameor lower levels. Dittrich and
Seger [14] improve the performanceof this techniqueby
introducinga modestatareplication.

TheEpsilongrid orderingtechnique[6] considerghedis-
tancejoin problemfor point data. This techniquesplits the
dataspaceinto grid cells andassignssachdatapoint to the
cell thatcontainsit. Later, thesecellsareorderedby assign-
ing prioritiesto dimensionsandconstructingalexicographic
order A pairof datapointsareconsiderec candidatdf one
of the pointsis within the interval of the otherpoint based
ontheepsilongrid ordering Althoughit is very ef cient for
point data,this techniquefails to de ne anorderfor spatial
datawhenanobjectspansmorethanonecell. It alsoincurs
anadditionalcostfor reorderinghewholedatasetccording
to theepsilongrid order Sincesequencelataset€annotbe
reorderedthe ef ciency of this techniquedegradedor such
datasets.

Two of the earlier techniquescloser to ours in spirit



are[11] and[42]. Chanand Ooi [11] modelthe pageac-
cesssequencasaconcatenatioof sggments.Eachsegment
is asequencef pageghatdoesnot containpageghatdo not
contrituteto thejoin. Theexperimentaresultsshow thatthe
numberof pageaccessesf this techniqueis only 10 less
thanthe naive greedytechnique.Xiao, Zhang,andJia[42]
proposeto constructa join graph. The verticesof this graph
representhe dataobjects,andthe edgeof this grapharela-
belledwith thesizeof theobjectpairsthatneedto bejoined.
This graphis thenmappedo ajoin matrix. This matrixis di-
agonalizedandpartitionedinto submatriceso t into buffer.
Accordingto experimentatesults thenumberof disk I/Os of
thistechniquds 35 lessthanthe simpletechniquewithout
clustering.Both of thesetechniquedave threemajor draw-
backs:1) they have ahightime compleity, whichis ,
where isthenumberof pagesn the dataset2) Eitherthe
dataobjector the pagesneedto be permuted. Therefore,
mostof the pageaccessemcur randomdisk seekcostunlike
NLJ. 3) Their performancaropsquickly asqueryselectvity
increases.

Recently Lang and Singh[30] proposedan acceleration
techniquefor all-NN joins basedon radiuspredictions. Two
radiusestimatorareusedio determinehejoin pagesThese
arethenreadwith a modi ed NLJ algorithm. Eventhough
thealgorithmcandegeneratéo NLJ in theworstcasetheex-
perimentsndicatethattheacceleratedlgorithmis 3—4times
fasterthanNLJ onrealdata.

2.2 Joining using preconstructedindex structur es

Brinkhoff, Kriegel, and Seger [10] proposeto use R*-
treesfor spatialjoins. Their approacttraversesthe treesin
depth rst order, expandingchildrenof a nodepair if these
nodesintersect. Furtheroptimizationsare achieved by us-
ing eitherlocal planesweeporder, pinning, or local z-order
Theperformancef similarity joins canalsobeimprovedby
decouplingCPU and|/O optimizations[7]. BFRJ[23] tra-
verseghe R-treein BreadthFirst Searchorder The authors
shaw thatthis orderingreduceghenumberof accesset the
pagesof the R-tree.

Lo andRavishankaf31] considetthespatialjoin problem
whenthe R-treeis precomputedn only oneof thedatasets.
They proposeto build a seededreeon the otherdataseton
the y. The seededreescanalsobe usedto constructthe
bucketsfor spatialhashjoins[32]. However, a spatialobject
may overlapwith morethanonehashbucket. In this case,
eitherthe spatialobjectsareassignedo multiple bucketsor
abucketmayjoin with morethanoneotherbucket.

HjaltasonandSame{22] give anindex basedncremental
algorithmfor distancejoin anddistancesemijoinof spatial
datasetsTheauthorauseR*-treesto index theobjects.Later,
theindex structuresare traversedkeepingthe partial results
in a priority queuesimilar to the incrementaNN-searchal-
gorithm.

Shim, Srikant,and Agrawal [41] proposeanindex struc-

ture called -kdB tree for joining high-dimensionalpoint
data. This index structureis a hierarchicaltree wherethe
root nodecorrespond$o theentiresearctspace Eachinter-
nal nodesplits the searchspacecorrespondindo that node
into tiles of width in one dimension,where is a given
similarity threshold. The partitionsobtainedby splitting an
internalnodedeterminethe childrenof thatinternalnode.

The performanceof the join operationcanbe improved
usingconsenrative andprogressie approximationgo spatial
objects[9]. A consenrative approximationof an objectis
a simpleshape(e.g. rectanglecircle, corvex hull) thaten-
closesthatobject. A progressie approximatiorof anobject
is asimpleshapehatis enclosedvithin thatobject.

3 Subsequencgoin

Currentjoin techniquedocus on spatialand point data
(relationaldatasetsanbeconsidereghointdataaswell.) We
introducea new type of join operation,called subsequence
join which works for sequencealata. A subsequenc@in
queryasksfor all similar subsequencgairsof aprespeci ed
lengthfrom two sequencealatasets.A typical subsequence
join querycanbe
“Find all pairs of companiesrom the New York Exchange
andthe Tokyo Exchange that havesimilar closingpricesfor
onemonth. or
“Find all similar genomesubstringpairs of length500, one
fromHumanGenomeandthe otherfromMouseGenomé

Formally, let and
be two sequencelatasetswhere and
areintegers,and and  aresequencefor ,
, then
, iff

1. is asubsequencef ,and

2. isasubsequencef ,and

3. , and

4

Typical applicationsfor suchqueriesarein the areaof
stockmarketdata,videodata,biologicaldata,andtext data.

Currentjoin techniqueslo notwork well for subsequence
join queriessincesequencaatacontainsmary overlapping
subsequencamlike point andspatialdata. Most of the cur
rentjoin techniquedor spatialdataarebasedntheassump-
tion that similar dataare locatedcloselyon the disk. Simi-
lar subsequencesanbe broughtcloseron the diskin either
of two ways: splitting or replicating. Splitting a sequence
into nonoverlappingsubsequenceand reorderingthesese-
quencedasedon their proximity destrgys the subsequences
thatoverlapwith thesplit location.Hence thesubsequences
cannot bereorderedn disk. Onthe otherhand,replicating
all possiblesubsequencescreaseshe memoryusagedra-
matically, thusreduceghe performanceFor example,repli-
cating all the subsequencesf length  increasesnemory
usageby afactorof

Onesimpleway to overcometheseproblemsmight beto



build anindex structure(e.g. R-tree)on all possiblesubse-
guencesHowever, this solutionposestwo problems. First,
the size of this index structurewill be muchlargerthanthe
datasettself sincemary subsequencewerlap. Secondthe
nodesof the index structuremay containsubsequencebat
arefar away from eachotheron disk. This would causeex-
cessve amountof randomseekcostfor accessing single
nodeof theindex structure.

4 An overview of our technique

Joinqueriesncurtwo majorcosts:1) I/O costfor reading
pairs of pagesfrom disk, and2) CPU costfor joining the
objectsoncethepagesareread.

Throughouthis paperwe will assume nite buffer of
pagesanda linear disk model. It is obviousto extendthese
techniquego other disk models. We will useLRU asthe
pagereplacemenpolicy dueto its simplicity and effective-
ness.

Giventwo datasets and , ourtechniquestartsby con-
structinga booleanpredictionmatrix ~ for thesedatasets
usingalower boundingdistancepredictor Eachentry; ,
of thismatrixassociatethe  pageof tothe  pageof

. If anentry is marked, thenthe join of the datain
the pagepair potentiallycontribtutesto thejoin of these
datasets.

We rst proposeasimplealgorithmwhichis animprove-
mentover NLJ. This techniqueusesthe predictionmatrix as
a lter stepto NLJ. Oursecondechniqueclustershemarked
entriesof thepredictionmatrix, suchthateachcluster ts into
buffer andcontainsasmary marked entriesaspossible.We
proposetwo clusteringstratagyies. The rst clusteringtech-
nigueaimsto minimizethetotal numberof I/Os. Thesecond
clusteringtechniqueconsiderghe randomseekcostandse-
guentialaccesscost. It aimsto minimize the total disk 1/0
cost. After the clustersaredeterminedve orderthe clusters
suchthatconsecutie clustersshareasmary commonpages
aspossible.This orderingreduceghel/O costby increasing
thebuffer reuse.

5 Prediction matrix: aglobal view
5.1 Construction of the prediction matrix

We assumehatthe datasetareindexed prior to join op-
eration. Theindex structureuseddepend®n thetype of the
data. Table 1 shows the index structure the distancemea-
surebetweerdata,andthe lower boundingdistancemeasure
betweerthe index nodesusedfor eachdatatype. For point
andspatialdatatheactualdatais storedonly attheleaflevel
nodesof the R*-tree. Oncethe R*-tree is constructedthe
dataobjectsaresortedsothatthe contentsof eachleaf level
MBR appearcontiguouslyon disk. For sequencelata,these
propertiesarealreadyinherentin both MR-index andMRS-
index (i.e. eachMBR containsa contiguouddisk block). The
capacityof eachMBR is setto onepagesizefor simplicity
in all of theseindex structures.

/* Let bethe predictionmatrix (all entriesinitially 0). */
AlgorithmPM
1. = = [* Initialize active sets*/
2. FILTER( , );
3. Extendall theMBRsin by in all directions.
4. :=ENDP( ) ENDP( );/* Findthesetof endpoints*/
5. While
(@) :=EXTRACTMIN( );
(b) If BOX( )
/* TheMBR of thecurrentpointisin set  */
i. If LEFT()
A. InsertBOX( ) into
B. Forall BOX( )
If BOX( ) andBOX( ) intersect
If LEAF( ) andLEAF( )
=1,
else ) )
PM(Children( ),Children( ), );
i. If RIGHT()
A. Remwoe from
(c) 1f BOX( )
/* TheMBR of thecurrentpointisin set */
Symmetricto Step5.h

Figure 1. Thealgorithmfor constructinghe predictionmatrix.

Giventhe MBRs of the index structureson the datasets
andathreshold for thejoin condition,the predictionmatrix
is constructedn two phasesil) The MBRs areextendedby

in all directions,and?) a hierarchicalplanesweepalgo-
rithm is usedto nd theintersectingMBRs. If two MBRs
intersectthelower boundingdistancebetweertheseMBRs
islessthan andthecorrespondingnatrix entryis marked.

Figurel presentshealgorithmthatconstructghepredic-
tion matrix. The algorithmtakestwo datasets, and , and
athreshold astheinput. It startsby initializing the active
setsfor and to emptysets(Stepl). Then,the MBR
sets and are ltered usinga ne-grained ltering tech-
niquein Step2 (We will explainthe ltering algorithmlater
in this section.). The end pointsof the remainingMBRs in

and areextendedby (Step3), andstoredin set
(Step4). Now, all theendpointsareprocesseéh ascending

rst-coordinateorder If thecurrentMBR belongso , then
Step5.bis invoked. If the currentend pointis the leftmost
point of an MBR, thenits MBR is insertedinto the active

MBRlist . Step5.hi checksvhetherthedistancebetween
its MBR andthe actve MBRsin is lessthanthethresh-
old. If it is, thenthe levels of the boxesarechecled. If both

MBRs areat leaf level, thenthe correspondingntry in the

predictionmatrix is setto 1. Otherwise,their childrenare

inspectedsimilarly for intersection.If the currentend point

is the rightmostpoint of an MBR, thenit is removed from

theactve MBR list  (Step5.hii). Thealgorithmproceeds
similarly if thecurrentMBR belongsto  (Step5.c).

Figure2 shavs how the Itering at Step2 of the predic-
tion matrix constructionalgorithmworks. Let and be
two index nodeMBRs with children and



| DataType | Index structure | Actualdistancemeasure [ Lowerboundingdistancemeasure
Pointdata R*-tree[4 Any vectornorm(e.g. ) Same
Spatialdata R*-tree[4 Any vectornorm(e.g. ) Same
Timeseriedata | MR-index structurg26] | Any vectornorm(e.g. ) Same
Stringdata | MRS-inde structurg25] Edit distance Frequeng distance

Table 1. Index structuresdistancemeasuresandthe lower boundingdistancemeasuresisedfor differentdatatypes.
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Figure 2. (a)Twoindex nodeMBRs and ,andtheirchildren and . (b) Firstand(c) secondterationof the ltering technique

on

If no ltering is done,thenthe intersectionof =36
childrenMBR pairsmustbe checled. Brinkhoff et al. [10]
proposeto Iter outthe MBRsthatdo notintersectwith the
intersectionof and . As aresultof this Itering tech-
nigue,only , , , , ,and remain(i.e.
9 MBR pairs). We proposea better Itering technique.Our

techniqueis basedon the following obsenation: Let  be
the rectangleformedby the intersectionof and . If
and intersectthen intersectswith and in-
tersectswith . In orderto usethis factin anef cient
manneywe de ne asthe MBR thatcovers , for
all . Similarly, =the MBR thatcovers , for all
Wede ne . Both and areshowvnus-

ing dashedines,and is shavn usingaboldrectanglén
Figure2(b). We Iter outall and thatdonotintersect
with . As aresultof this,only , , ,and re-
mainfor testing(i.e. =4 MBR pairs).Thisis onelevel
of our Itering algorithm. We thenupdate
forun ltered ,andupdate astheMBR thatcoversthese
. A similar updateis alsoappliedto andall . Fig-
ure2(c) showvsthesecondterationof our Itering algorithm
on the sameexample. After the seconditeration, only
and  remainfor further inspection(i.e. =1 MBR
pairs). We repeathis processuntil no furtherchange®occur
to and or iterationsareperformedwhere isarea-
sonableupperboundto the numberof iterations.We choose
= 5 asdefault value. We assertsuchan upperboundon
the ltering algorithmto guarante¢hatit runsin lineartime.
Since , it is guaranteedhatour Itering technique
doesnot performary worsethanthatusedin [10].

and . Thedashedectangleshav theregionsthatareusedfor Itering.

5.2 Analysis of prediction matrix construction

Sincethe end points of the MBRs for eachdatasetare
sortedonceprior to predictionmatrix construction prepro-
cessingincurs time. The ltering algorithmin

Step 2 takes time, where is the numberof MBRs
in , Sinceit scansthe MBRs at most times.
The planesweepalgorithmin Step5 takes time,

where is the numberof marked entries,sinceeachMBR
hastwo end points and eachend point is processednly
once. Therefore,the total time compleity of this algo-
rithm is . This is equialentto

and

, Where arethesizesof and |,
and isthepagesize.

Theoreml stateghe correctnessf thealgorithm:

Theorem1 (CorrectnessLet and betwo datasetsLet

be the predictionmatrix for the similarity join
of and . Ifpage of andpage of containatuple
pair in theresultof thejoin opetation, then =1

If anentryof thepredictionmatrix is setto zero,thenthe
correspondinglisk pagepair do no containary result pair
in thejoin operation.Therefore the join operationdoesnot
needto comparehetuplesin thesepagepairs.

6 A naivetechnique: pm-NLJ

Oncethepredictionmatrixis determinedpnly themarked
pagepairsneedto be readfor the join operation.A simple
improvementoverthe NLJ algorithmrestrictsthe pagepairs
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
datasets and . A smallregion within the predictionmatrix is
presentedn moredetail.

* Let
in pagesAssumethatthe sizeof
Algorithmpm-NLJ

If all themarked pagesf

1. Readall of theminto buffer;

2. lteratwvely, readblocksof marked pagef
spaceandcomputgoin;

and bethedatasetshatwill bejoined,and bethebuffer size
is smallerthanthatof . */

t into buffer,

into restof buffer

else

Iteratively, readonemarked pagefrom  andblocksof

markedpagesf andcomputgoin;

Figure 4. predictionmatrix-NLJalgorithm.

Example1 Considerthe predictionmatrixin Figure 3. As-
sumethat the buffer sizeis 5 pages. SimpleNLJ algorithm
iterativelyreadsall . Foreach , NLJscansall . This
caused/O thrashingsincesequentiascansweepshe buffer
asnew pagesare read. In order to join the pagesin theun-
shadedregion of Figure 3, NLJ performs15 disk1/Os (read
, ,and once - threetimes.).Ontheother
hand,for pm-NLJ 7 disk |/Os are enoughfor the unshaded
region(Firstread , , ,and ,thenread ,
and ).

In the following lemma,we calculatethe minimum num-
ber of disk I/Os for pm-NLJfor eachsuchsubrejion of the
predictionmatrix.

Lemmal Assumethat a cluster of the prediction matrix
contains marked entries, marked rowsand marked

columnsthenpm-NLJperformsat least disk
I/Osfor that cluster
Proof: omitted(cf. [24])

For theexamplein Figure3, =3, =2,and =5. The

total numberof disk I/Osis 5 + =7.

Note that NLJ is the sameas pm-NLJ whenall the en-
tries of the predictionmatrix aresetto 1. Therefore,using
Lemmal, the numberof pagesreadby NLJ canbe calcu-
latedas ,where and arethenum-
ber of rows and columnsof the predictionmatrix (

and ). Hence, we concludethat pm-NLJ saves
disk readsand

CPUcomparisongver NLJ.

7 Minimizing the I/O cost

Althoughrestrictingthe join operationto the marked en-
triesreduceghe numberof disk reads readingthe pagesn
NLJ order still caused/O thrashing. One can reducethe
numberof disk I/Os by clusteringthe marked entriesof the
predictionmatrix, andreadingthe pagesn eachclustersep-
arately For example,assumehat the unshadedegion in
Figure 3 is sucha cluster Assumethat the buffer size is
5 pages.In orderto join the pagepairswithin this cluster
pages ., , ,and arereadinto the buffer.
The unshadedegion canbejoinedwithout furtherdisk I/0Os
sinceall marked pagepairsin this region arein the buffer.
Using sucha clusterreduceghe numberof disk I/Os to 5.
Lemma2 establishethenumberof diskreadsneededo join
acluster

Lemma 2 Assumethat a cluster of the prediction matrix
contains marked rowsand marked columns. Let be
thebuffer size If then diskl/Osare sufcient
to join the pageswithin this cluster

Proof: The proof of Lemma 2 follows from the fact
that readingthe pagescorrespondingo marked rows and
columnsis sufcient to join all themarked pagepairsin that
cluster

7.1 Minimizing the number of disk I/Os

Oneof the primary factorsthat affect the costof joins is
the numberof disk I/0s. Theorem2 de nes the amountof
diskl/Ossaredby readingoneclusteratatime overpm-NLJ.

Theorem 2 (/O Sarings) Assumehat a clusterof the pre-
diction matrix contains markedentries, markedrowsand

markedcolumns.Let  bethe buffer size If ,
then joining this cluster sepanately reducesthe numberof
disk1/Os by at least overpm-NLJ

Proof: follows from lemmal and?2.
Two importantobsenationsfollow from Theorem?:

1. Theamountof I/O savingsincrease®s de-
creaseslf we assumehat = is xed(.e. we
consumall thebuffer for eachcluster) then
isminimizedwhen = = . In otherwords,theper
formancefor aclusterisimprovedif theclustercontains
equalnumberof markedrows andcolumns.

2. The amountof I/O savings increasessthe numberof
markedentries( ) within aclusterincreaseslntuitively,
this meansthat denseclustersresultin better perfor
mancemprovements.
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Figure 5. The rst two iterationsof squareclusteringalgorithm
on a predictionmatrix. The buffer sizeis 6 pagesn this example.
Theblackdotscorrespondo markedentriesof thepredictionmatrix.

Our rst clusteringtechniqueollows from theseobsena-
tions: it iteratively formsclustersthathave anequalnumber
of markedrows , andcolumns , where = ,exceptat
theboundariesThereforewe call thistechniquethe Squae
Clustering(SC)technique.

Figure5 depictsthe clusterboundariesormedby the rst
two iterationsof SC. The black dots correspondo marked
entriesof the predictionmatrix. We assumehat the buffer
sizeis 6 pagesn this example. In Figure5(a), SC startshy
nding the rst clusterwhichhasall thefollowing properties:

1. it hasanequalnumberor markedrows andcolumns,

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

3. its width is assmallaspossible.

The rst conditionmaximizesthe I/O savings for thatclus-
ter by minimizing (seeTheorem2.). The second
conditionensureshatthebuffer spacas notwasted.Finally,
the last conditionselectspagescorrespondindo oneof the
datasetérom a smallrangesincethewidth of theclustercor-
respondso the spanof thepageghatwill bereadfrom disk.
Oncethe rst clusteris determinedSCremovesthe marked
entriesin this clusterfrom the predictionmatrix and deter
minesthe next clusterin the sameway.

Figure 6 presentghe SC algorithm. The run time com-
plexity of the SC algorithmis , Where is the number
of marked entriesof the predictionmatrix. Thisis because
two passeover all marked entriessufce for the SC algo-
rithm to determineall the clusters:onecolumn-wisepassto
determinethe CANDIDATE points, and one row-wise pass
to determinethe ASSIGNEDpoints. The spacecomplexity
of SCis , sincethe predictionmatrix storesonly the
markedentriesin sparsematrix format.

7.2 Minimizing the random seekcost

The costof readinga setof disk pageshighly depends
on the location of thesepages. This is becausehe random

[*Let  bethe predictionmatrix.

Let bethebuffer size.

All themarkedentriesin  areinitializedto UNASSIGNEDY/
Algorithm SQUARE-CLUSTER

1 ; ;
2. While thereareUNASSIGNEDentries

(a) Setthe UNASSIGNEDentriesin the rst
CANDIDATE;

(b)

(c) Setthe CANDIDATE entriesin the rst
to ASSIGNED;

(d) thenumberof ASSIGNEDcolumns;
(e) While

i. Setthe marked entriesin the next UNASSIGNED col-
umnto CANDIDATE
ii. Updaterows;

(f) Insertthe ASSIGNED entriesto the cluster
themfrom predictionmatrix;

(9) thenumberof CANDIDATE columns;
(h)y ++;

- columnsas

CANDIDATE rows

and remove

Figure 6. squareclusteringalgorithm.

seekcostis muchlargerthana sequentiapagetransfercost.
Thereforereadingasetof pagess cheapeif they arelocated
closeto eachother

Our secondclusteringalgorithm minimizesthe I/O cost
by consideringheproximity of thepagesaswell astheshape
andthe densityof the clusters.Therefore we call this tech-
niguethe Cost-basedlustering(CC) technique.

Figure7 illustratesthe constructiorof a clusterby the CC
algorithm. The buffer sizeis 5 pagesin this example. The
densestegion of thepredictionmatrixis selectechstheseed
region. Thisis achieredby computinga 2-dimensionatien-
sity histogramonthematrix. CCrandomlychoosesmarked
entry asseedentryin this regionin Figure7(a),andcreates
al( ) clusterthattightly coversthis entry. Then,it itera-
tively choosesnentrythatminimizestheincreasen thel/O
costof readingthe pagedfor that clusterandthe new entry.
Theclusteris thenextendedo coverthenew entry. Thispro-
cesscontinueauntil the contentsof the cluster Il the buffer
(Figure7(d)).

Figure8 presentshe CC algorithm. Fagin's thresholdal-
gorithm (TA) [15] in Step3.cis usedbecausehe two clus-
ter expansiondirections(horizontallyandvertically) canbe
viewed astwo lists sortedby increasingl/O cost. The next
marked entry to addto the clusteris the onethatincursthe
lowestcombinedl/O costwhenadded.TA essentiallygives
a way of determiningthis minimum without inspectingall
elementsn thetwo lists.

Step2 of the CC algorithmrunsin time, where is
thenumberof markedentriesin the predictionmatrix. Steps
3.aand3.bare operations.Eachiterationof 3.ctakes

~ time (see[15] for a detailedanalysisof TA). Since
thethresholdalgorithmis ranoncefor eachmarkedentryin
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Figure 7. A traceof theCC algorithm.

the worst case,the worst casetotal time compleity of 3.c
is . Sinceeachmarked entry is assignedo a clus-
ter once,the total costof 3.dand3.eare . Hence,the
total time complexity of the CC algorithmis since
Step3.c dominateghe total cost. The spacecompleity of
the CC algorithmis only sincestoringthe marked en-
tries in sparsematrix format sufces. Since CC is CPU-
intensive, we will useit only asa lower boundof thetotal
I/O cost.

8 Cachereuse

Oncetheclustersin the predictionmatrix aredetermined
(eitherwith SCor CC), they arereadandprocessedneata
time. For eachsuchcluster

1. themarkedpagesf bothdatasetarereadusingoptimal
disk schedulind40] and

2. the marked pagepairsarejoined. Sincethe contentof
eachcluster ts into buffer, thejoin operationis always
performedn memory

In Section7, we shaved that eachclusteris optimized
in orderto minimize the 1/O costper cluster Furtherop-
timization can be obtainedby maximizing the number of
pagesreusedin the buffer. This improvementis achieved
by schedulinghe orderof clustersn acleverway.

Example2 Assumehat Figure 9 showsa predictionmatrix

anda setof clustes de nedonit. Let

thebuffer sizebe5 pages.Theclustess containthefollowing

pages: , ,
; , and

. Thetotal numberof pagesthat needto be read

for all the clustes is = 21. Now considerthe

[*Let  bethe predictionmatrix.
Let bethebuffer size.

All themarkedentriesin  areinitializedto UNASSIGNEDY/

AlgorithmCOSTCLUSTER
1 ;
2. Build a histogramby nding the numberof marked entries

in eachhistogrambucket;
3. While thereareUNASSIGNEDentries
(a) Randomlychoosea seed in the bucket that hasthe most
markedentries;

(b) Constructa
covers ;

(c) While there are UNASSIGNED entriesand the number of
pagesn islessthan

cluster onthepredictionmatrixthattightly

i. Find the marked entry  in the predictionmatrix that
minimizesthe /O costof readingthecontentsof  and
usingFagin's thresholdalgorithm;

ii. Expand tocover

(d) Assignall the marked entriesin
themfrom the predictionmatrix;

(e) Updatethehistogram;
H ++

to cluster , andremove

Figure 8. Cost-basedlusteringalgorithm.

Figure 9. A setof clusterson a predictionmatrix.

following scenarios:
Scenariol: Theclustes are processedn theorder ,
., . Inthe rstiteration, thepagesfor  areread
into thebuffer. Thesepagesare , , , ,and (i.e.5
pagesareread).In thesecondteration,thepagesfor  ( ,
, , ,and )needtoberead.Since isalreadyinthe
buffer fromthe r stiteration, we do not needto readit from
disk (i.e. 4 pagesarereadand1 page is reused).Thesame
ideais appliedin the subsequerniterations,yielding overall
19 pagesto beread.
Scenario2: Theclustes are processedn theorder ,
., , . Here asthereadermayverify, only 15 pages
needto befetchedfromdisk.

Theaboreexampleshawvsthatdifferentschedulesf clus-
tersmayresultin differentnumberof pagereads.Thisis be-
causdf consecutie clustershave overlappingmarkedpages,
then thesepagescan be reused,thus reducingthe number
of pagesthat needto be read. Therefore,a good cluster
schedulingalgorithmshouldmaximizethe total overlapbe-
tweenconsecutie clusters.



In orderto modelthe amountof reusefor a scheduleof
clusterswe de ne sharinggraphsasfollows.

De nition 1 Let bethesetof clustes
on a predictionmatrix. Thesharinggraphof is de nedas
theundirectedgraph with weightededges,sud
that = and , Whee , ,
, and = the numberof pagessharedby clustes

and

Eachschedulingof the clustersde nes a uniquepathon
the sharinggraph. For example,scenariol in Example2
correspondso the path
Thefollowing two lemmasdiscusswo importantproperties
of theaclusterschedules.

Lemma 3 A scheduleof the clustess de nesa path on the
sharinggraphthatvisitseac vertex exactlyonce

Lemma4 Let bethepathona sharinggraphde nedby
a scheduleof clustess, thenthe amountof savingsin page
readsis equalto the sumof theweightsof the edgesof

We concludefrom Lemma3 and4 thata goodpathvisits
all the verticesonceand maximizesthe sumof the weights
of the edgeson this path. This is equivalentto the well
known TravelingSalesmarProblem(TSP)[17] whichis NP-
complete. We thereforeuse a greedy-basedheuristicsto
constructa good path: the algorithmiteratively chooseghe
next edgethat hasthe largestweight, doesnot causea cy-
cle, and doesnot increasethe degreeof a vertex to three.
The total time compleity of this schedulingalgorithm is

where is the setof edgesin the sharing
graph.

9 Experimental evaluation

We usethreeclasse®f dataset$or theexperimentakval-
uationof ourtechniquesTheseare

1. Low dimensional datasets LBeadhh and MCounty
They areroadintersection®f Long Beachand Mont-
gomery County Both of these datasetscontain 2-
dimensionalvectors. LBead contains53,145vectors
andMCountycontains39,231vectors.

2. High dimensional dataset Landsatcontains275,465
60-dimensionafeaturevectorsof satelliteimages.We
split this dataserandomlyinto 8 equalsizedandnon-
overlappingdatasets. Thesedatasetsare denotedby
LandsatlLandsat2 ,Landsat8

3. Sequence datasets HChrl8 and MChrl8
These datasets contain the nucleotides of hu-
man chromosome 18 and mouse chromosome
18. HChr18 contains 4,225,477 nucleotides
while  MChrl8 contains 2,313,942 nucleotides.
Both of these datasetsare publicly available at
ftp://ncbi.nim.nih.ge/genbank/genanes/
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Figure 10. Costsof joining the LBeachandMCounty datasets
when for NLJ, pm-NLJ,random-SCandSC.

We implementedom-NLJ, CC, and SC alongwith three
competingechniquesblock nestedoop join (NLJ), epsilon
grid ordering (EGO) [6], and BFRJ[23]. NLJ is one of
the earliestand simplestyet effective join techniqueswhile
EGOis shavn to besuperiorthanothertechniquegroposed
earlier BFRJis oneof the mostefcient index-basedoin
techniques.We alsoimplementeca simplerversionof SC,
calledrandom-SCThis programbuilds the clustersexactly
thesameasSC,but it processeslustersn randomordet

All of thesetechniguesvereimplementedn C onaUnix
platform. In orderto run EGO and BFRJon the sequence
datawe usedthe original implementatiorof the MRS index
structurg25] to extractthefrequeng vectorsof HChr18and
MChr18 We ranour experimentson a400 MHz Pentiumill
computemwith 1 GB memory

9.1 Evaluation of clustering components
SCandCC optimizethecostof join queriesn threeways:

Optimizationl: Restrictingthejoin to themarkedpage
pairsreduceghe numberof pagepairsthat needto be
joined. This reducesoth I/O costand CPU cost(Sec-
tions5 and6).

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

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

Our rst setof experimentsevaluatesthe performance
gainobtainedby eachof the aborementione@ptimizations.
We useNLJ asthe simplesttechniquethat doesnot useary
informationonthedatasetsThedifferencebetweerpm-NLJ
andNLJ captureOptimizationl. Similarly, the difference
betweerpm-NLJandrandom-SQgivesOptimization2, and
thedifferencebetweerrandom-SGndSCshavsthe perfor
mancegainedby Optimization3.

Figure 10 shows the I/O cost,CPU costandpreprocess-
ing costof joining the LBeachandMCounty datasetsvhen
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Figure 11. Costsof selfjoin on the HChri8datasewhen
for NLJ, pm-NLJ,random-SCandSC.

for NLJ, pm-NLJ,random-SCand SC. The query
selectvity hereis approximatelyl0 andthe buffer sizeis
25 pageswherethe pagesizeis 1K. Preprocessingostcor-
responddo the costof determiningthe clusters. Although
thisis aCPUcost,we reportit separatelysinceNLJ andpm-
NLJ do notincur thesecosts. The reductionin CPU costis
on accountof ltering the searchspaceusingthe prediction
matrix. The CPU costof pm-NLJ (i.e. Optimization1) is
10 timeslessthanNLJ. In additionto this, embodyingthe
predictionmatrix on NLJ reduceghel/O cost4.3timesover
NLJ. Algorithm random-Sdi.e. Optimizationsl and?2) de-
creaseshel/O costof pm-NLJby one-half. Although clus-
tering hasan additionalpreprocessingost, it is very small
comparedo the total cost. Finally, SC (i.e. Optimizations
1-3)reduceghel/O costby 35 overrandom-SCThetotal
costof SCis 10timeslessthanthatof NLJ.

Figurel1 givestheresultsfor the selfjoin of theHChr18
datasetvhen . Thequeryselectvity hereis
approximately2 andthe buffer sizeis 100 pages,where
thepagesizeis 4K. Thetotal costof SCis approximatelyl6
timeslessthanthatof NLJ.

Figure12 showns thetotal costof self joining the HChr18
datasefor NLJ, pm-NLJ,random-SCandSCfor increasing
buffer sizesin log-log scale. The total costof pm-NLJ is
always muchlessthanthat of NLJ. This differencere ects
the performanceainobtainedoy Optimizationl. BothNLJ
andpm-NLJhave akneeat = 800. Thisis becaus®neof
thedatasetds into buffer for thenext valueof . Whenone
of the datasetsts into buffer, the l/O costof both NLJ and
pm-NLJ decreasalramaticallyand corverge to that of SC.
Sincethe CPUcostof pm-NLJis equivalentto thatof SCand
random-SCand SC (andrandom-SC)incurs an additional
preprocessingostfor detectingclustersthetotal costof pm-
NLJ becomedessthanthat of SC andrandom-SCfor very
large buffer sizes. For smallerbuffer sizes,SCis up to two
ordersof magnitudefasterthan NLJ, up to 30 timesfaster
thanpm-NLJ,andupto 26 fasterthanrandom-SC.
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—+— pm-NLJ
—— rand-SC
— SC

Total Cost (sec)
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Buffer Size (num pages)

10°

Figure 12. Thetotal costof selfjoining the HChr18datasefor
NLJ, pm-NLJ,random-SCandSCfor 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
Landsatl/LandsatZ 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. Thel/O costs(in s) of SCand CC for joining various
datasetdor differentbuffer sizes. The resultsfor CC aregivenin
parentheses.

9.2 Effect of the buffer size

In this setof experimentsyve evaluatethe performancef
SC and CC for differentbuffer sizes. Table 2 lists the I/O
costsof SCandCC for joining variousdatasetgor increas-
ing buffer sizes(numberof pages). CC almostalways has
lower 1/O costthanSC. Althoughthel/O costof CCis low,
thetotal costof CCis high. Thisis becausending clusters
using CC is expensve. Therefore we useCC to determine
an approximatdower boundof the I/O costof join opera-
tions. In all of the experimentsthe I/O costof SCis very
closeto thatof CC. Thereforewe concludethatSCis avery
competitive clusteringtechniquedespiteits simplicity.

Figuresl3(a)to 13(c)show thetotal costof thejoin opera-
tion for NLJ, BFRJ,EGO,andSCfor increasingouffer sizes
in log-log scale.In all of theseexperiments SC hasthe low-
estcostandEGO hasthe next lowestcost. In Figure13(a),
we do not show theresultfor BFRJfor buffer sizeslessthan
200 pages.This is because&venthe intermediatestructures
donot t into buffer for thesebuffer sizes.SCis 2 to 86times
fasterthanthe competingechniquedor spatialdatasetsand
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Figure 14. Thetotal costof joining Landsatdatasetgor NLJ,
BFRJ,EGO, andSC for increasingdatasesizewhenbuffer sizeis
2000pages.

13 to 133 times fasterfor sequencelatasets. The perfor
manceof BFRJandEGO deterioratesor sequencelatasets
dueto mary randomdisk seekssincethe datacannotbe re-
ordered.Onthe otherhand,the performancef SC doesnot
dropsinceit avoidsrandomdisk seeks A moredetaileddis-
cussionof the costcomponentganbefoundin the full ver
sionof the paper{24].

9.3 Scalability comparison

In our lastsetof experimentswe inspectthetotal costof
SCandcompetingechniquesor increasinglatasesizes.In
orderto carry out this experiment,we constructedwo non-
overlappingdataset®f size12.5 , 25 , 37.5 , and50
of the original Landsatdatasety meming the Landsat1-8
datasetgi.e. we have two datasetsvith 34,433vectors two
datasetsvith 68,866vectors two datasetsvith 103,299%vec-
tors,andtwo datasetsvith 137,732vectors.).

Figurel4givesthetotal costof NLJ, BFRJ,EGO,andSC
for increasinglatasesizesfor a buffer sizeof 2000pagesn
log scale.Thetotal costof all techniquesncreasesgjuadrati-
cally with the datasesizesincethe sizeof bothjoin datasets
are increased. SC is the fastestfor all datasetsizesand
thedifferencebetweenSC andthe competingtechniquesn-
creasess datasetgrow. SCis 2 to 4.3 times fasterthan
EGO, 4 to 6.5 timesfasterthanBFRJ,and 10 to 150times
fasterthanNLJ.

10 Discussion

In this paper we consideredhe problemof joining mas-
sive datasetsWe introduceda new type of join, calledsub-
sequencgoin, for sequencelatasetsWe proposedo mini-
mizethel/O costof thejoin operationusinga globalview of
the dataset¢namely the predictionmatrix). Our technique
incorporateghreeoptimizations:prediction,clustering,and
cachereuse.



Our algorithm clustersthe marked entriesof the predic-
tion matrix. We proposedwo clusteringtechniques. The
rst technique,called squareclustering (SC), assignsan
equalnumberof pagedrom eachdataseto eachcluster The
secondechniquecalledcostclustering(CC), minimizesthe
I/O costfor readingthe contentsof eachcluster We pre-
sentedan algorithmfor SC andshowvedits ef ciency using
a lower boundon the I/0O costobtainedfrom CC. We then
shaved that the order of processinghe clustershasanim-
pacton the performanceandproposedinef cient technique
to de ne agoodclusterorderusingagreedytechnique.

Accordingto our experiments SCis 2 to 86 timesfaster
thanthe competingechniquedor spatialdatasetsand13to
133timesfasterthanthe competingtechniquedor sequence
datasetsThel/O costof SCis very closeto thatof our ap-
proximatelower bounddeterminedy CC.
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