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ABSTRACT

XML is widely recognizedasthe datainterchangestandardor to-
morrow, becaus®f its ability to representatafrom awide variety
of sources.Hence XML is likely to be the formatthroughwhich
datafrom multiple sourcess integrated.

In this paperwe study the problem of integrating XML data
sourcesthroughcorrelationsrealizedasjoin operations.A chal-
lenging aspectof this operationis the XML documentstructure.
Two documentsnight convey approximatelyor exactly the same
informationbut may be quite differentin structure.Consequently
approximatematchin structure,in additionto, contenthasto be
folded in the join operation. We quantify approximatematchin
structureand contentusingwell de ned notionsof distance. For
structurewe proposecomputationallynexpensvelowerandupper
boundsfor thetreeedit distancemetricbetweertwo trees.We then
shav how thetreeeditdistanceandothermetricsthatquantifydis-
tancebetweertrees,canbeincorporatedn ajoin framewvork. We
introducethe notion of referencesetsto facilitate this operation.
Intuitively, areferencesetconsistof dataelementsaisedto project
the dataspace.We characterizevhat constitutesa good choiceof
areferencesetandwe proposesamplingbasedalgorithmsto iden-
tify them.This givesriseto a varietyof algorithmicapproachesor
the problem which we formulateandanalyze We demonstratéhe
practicalutility of our solutionsusinglarge collectionsof realand
syntheticXML datasets.

1. INTRODUCTION

XML is widely recognizedasthe datainterchangestandardor
tomorraw, in particularbecausef its ability to representlatafrom
awide varietyof sourcesHence XML is likely to bethelanguage
in which to integrate datafrom multiple sources. Data of string
type areprevalentin XML, thusthetraditionalinconsistenciebe-
tween string attributes, such as mis-spelling, will persistin the
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Figure1l: Example XML documents

XML world aswell. CorrelatingXML datasourceshowever, has
to copewith additionalcompleities dueto the structureof XML
documentswhich cannotbe ignored. Autonomousdatasources
may containthe samedata,but may have differencesn structure.
It is importantto be ableto correlatesuchdata. Even whendata
sourcehavethesameDocumeniTypeDescriptoDTD), they may
not have identicaltreestructuredueto the presencef optionalel-
ementsaandattributes.

EXAMPLE 1. Figure I presents three XML documents. Docu-
ments (a) and (b) originate from the same DTD, but document (c)
is an instance of a different DTD. It is apparent that all three docu-
ments describe the same publication. An application trying to inte-
grate data from various sources will have to face several challenges
in this example. In document (b) author Bob is not listed as one of
the authors of the paper “XML for the masses” Based on the re-
maining elements and PCDATA fields however, documents (a) and
(b) represent the same paper. Document (c) represents the same pa-
per as documents (a) and (b) but originates from a different DTD.
Besides different labels for elements (e.g., publicatio  n versus
paper ), structural differences exist (e.g., element authors  is not
present, but element name is present) as well as spelling inconsis-
tencies (e.g., Rob versus Bob).

To addressuchdif culties, we needef cient techniquedor ap-
proximately matching XML documentspasedon the tree struc-
turedcontenibf speci edsub-elementsf XML documentsWhen-
ever one dealswith notionsof approximatematching,one hasto
specify a distancemetric betweenthe approximatedentitiesthat
effectively quanti es the approximatematch. Sucha metric has
to beamenabléo ef cient computatiorandgeneralenoughto en-
compaswarioustypesof differencedetweerXML documentsAs
Examplel demonstrateghereis a clearneedfor metricsthatcan
handleinconsistenciedyothin structureaswell ascontent.



XML documentsreorderedabeledtreesithe problemof de n-
ing the distancebetweentwo orderedlabeledtreeshasreceved
much attentionin combinatorialpatternmatchingand the notion
of tree edit distance hasbeendeveloped[16]. This distancds aa
naturalgeneralizatiorof edit distance from the domainof strings.
Informally, the tree edit distancebetweentwo treesis the mini-
mum numberof operationgnodeinsert, delete,relabel)required
to transformone tree to the other A variety of computationally
expensve algorithmshave beenproposedor computingtree edit
distancebetweenwo trees.Suchalgorithmscansene asthe basis
of approximatetree matchquanti cation. For example,in Figure
1 trees(a) and (b) are at tree edit distance2 apart. Insertion of
the subtreeauthor-Bo b in (b) will transform(b) to adocument
that matcheg(a) perfectly Our goal, however, is to embedsuch
approximatereematchalgorithmsin a broadercorrelationframe-
work betweenXML datasources.Clearly, thereis a requirement
for ef cient correlation(join) algorithmsthatcandispensevith the
computatiorof the exacttreeedit distancebetweenrall possiblein-
put pairs,whenpossible.

In this paper we initiate a formal study of join algorithmsbe-
tweenXML datasources.We proposemetricsandalgorithmsfor
this problem. Thereexists a large body of work dealingwith the
computatiorof stringeditdistanceandits adaptatiorin ajoin frame-
work [6, 7, 13]. We focusthe bulk of this paperon the novel as-
pectof adaptingreeedit distancecomputation(matchingbasecn
structuraldifference)nto ajoin framework. Our algorithmsarethe
rst to addresshis problemandlay thefoundationdor thisimpor
tantarea.More speci cally, we makethefollowing contritutions:

e Computingtree edit distancebetweena pair of XML doc-
umentsturnsout to be a very expensve operation. Recog-
nizing this problem,we presenupperandlower boundsfor
the tree edit distancebetweenXML documentpairs. Such
boundsare much more ef cient to compute. Using these
boundsas a basis,we develop ef cient ltering techniques
that often avoid the needto computethe tree edit distance
betweera pair of XML documents.

o We presentlgorithmsfor theef cient executionof approxi-
matejoins betweenXML documentsisingthetreeedit dis-
tanceasa join condition. Our algorithmsarebasedon sam-
pling andcaneffectively reducehevolumeof dataexamined
during the join operation. Our algorithmic framework is
easilyadaptableo any metric onewishesto applyfor quan-
tifying differencesetweenXML documents.

o We presentinexperimentalevaluationof our techniquesis-
ing both real and syntheticdatasets,analyzingthe perfor
mancetradeofs inherentin our approach.

Thispapeiis organizedasfollows. Sectior2 discussework related
to the problemsaddressedh this paper In section3 we provide
de nitions necessaryor the bulk of the paperandformally de ne
the problemconsideredn the paper Section4 presentdower and
upperboundsfor tree edit distance. In section5 we introducea
transform,basedon the notion of reference sets, that effectively
reduceghe problemof approximatelyjoining XML documentgo
that of joining vectorsin a metric space. Section6 elaboraten
the propertiesof the resulting metric spaceand proposesnovel
algorithmsfor the approximatgoin problembetweenXML data
sourcesIn particular we shov how variousboundscanbeutilized

in this framewvork andgive riseto variousalgorithmicapproaches.

In section7 we presenta thoroughexperimentalevaluationmea-
suringandcomparingthe performancef the algorithmsproposed
hereinfor realandsyntheticdatasets.Finally, section8 concludes

the paperandoutlinesproblemsof interestfor furtherstudyin this
direction.

2. RELATED WORK

Matchingstringsapproximatelyis a problemof centralinterest
in patternmatchingand a variety of algorithmsexist to solve the
problemin severalways[11]. The notion of edit distance is afun-
damentalmeasureusedto quantify distancebetweenstrings[9].
Approximatelymatchingcollectionsof stringsis a problemof cen-
tral interestin the context of dataintegration and cleansing(see
e.g.,[6, 7, 13]). Join algorithmshave beenproposedo identify
pairsof approximatelymatchingstrings[6, 7] andcommonlyre-
duceto traditionaljoin algorithmsdeployedn relationalsystems.

A large body of work in combinatorialpatternmatchingdeals
with the problemof identifying the distancebetweenorderedla-
beledtreeg[12, 1]. A very generahotionof distancebetweertrees
canbe expressedisingthe tree edit distance [1, 12]. Several al-
gorithmshave beendevelopedto identify the treeedit distancebe-
tweenpairs of trees[16]. The problemof matchingtreescanbe
arbitrarily harddependingon the speci c costmodeladoptedsee
[16] andreferenceghereinfor a comprehensie treatmentof the
subject).

With the popularity of the semistructurediatamodel, several
algorithmshave beenintroducedto identify changesn pairs of
semistructureer XML documentg3, 2, 10,5]. Suchalgorithms
focusonidentifying changesn versionsof a documentandintro-
ducecostmodelsto quantifychangepasednassumptionspeci ¢
to the particularapplication. Sincethe versionof the problemtar
getedin thoseworksis very hard, several heuristicsare proposed
andevaluated.In this paper we adoptthe notion of treeedit dis-
tancedueto its generality andsimplicity of operationghatoffer a
conceptuallyappealingjuanti cationof thedistancebetweertrees.
We emphasizéoweverthatthealgorithmspresentedhereincanbe
adapteckasilyto any distanceunctionaslong asit is ametric. For
example,previously proposed-hangedetectiontechniqueg10, 3]
canbeusedasabasigto construcdistancdunctionsbetweertrees.
As long asthesenew notionsof distancehave metric properties,
they canbe easilyincorporatedn our framework.

3. PRELIMIN ARIES

Let X beanalphabebf size|X|. Lete ¢ X representhe null
symbol.ForaDTD D, let A bethesetof all orderedabeledtrees,
well formedunder D. Without lossof generalitywe will assume
that all nodeliterals and atomic valuesof D aswell aselement
symbolsarede ned over 3.

In the domain of strings, the notion of edit distance hasbeen
widely appliedto quantify differencedetweerstrings.

DEFINITION 1 (EDIT DISTANCE). The editdistanceerween
two strings o1, 02, ed(crl , 02) is defined as the minimum number of
edit operations (i.e., insertions, deletions, substitutions) on single
characters required to transform one string into another.

Edit distancds awell studieddistancemetricwith aplethoraof ap-
plicationsin various elds of computerscience.Giventwo strings
o1 andos, thereexistsawell known algorithm[9] to computethe
edit distancebetweenthemin O(|o1]||o2]) time and space. Edit
operationsare assumedo be unit cost. Non-unit costsand more
generaledit operationsare possible and have beenstudiedexten-
sively in asigni cant streamof researchhatfollowed. Noticethat
ed() isametric.

A generalizatiorof stringedit distances the notion of rree edit
distance [1] de ned for quantifying differencesbetweenpairs of



orderedabeledtrees.Let T}, 1> betwo well formed XML docu-
ments,underthe sameor differentDTD's. They canbe conceptu-
ally representehfterparsinglasorderedabeledreeswherenode
labelsinclude elementtags,PCDATA values attribute namesand
attribute values.The nestingof theelementsds re ectedin thetree
structure Tree edit distance is de ned asfollows:

DEFINITION 2 (TREE EDIT DISTANCE). Giventwo treesT, T,

the treeedit distancebetween them, TDIST(T1,13), is defined as
the minimum cost sequence of tree edit operations (i.e., node in-
sertions, deletions and label substitutions) on single tree nodes, re-
quired to transform one tree to another.

Computingthe tree edit distancebetweentreesis a well studied
problemaswell. GivenatreeT', leth(T") denotdts height. For two

treesTy, T», thereexists a well known algorithmto computethe

treeeditdistancebetweerthem,runningin O(|71 |72 |k(T1)h(12))

timeandO(|T1||Tz|) spacg16]. Onceagain,noticethat TDIST is

ametricaswell. As in the caseof stringedit distance humerous
variantsof tree edit distancehave beenintroduced. Suchvariants
canbeincorporatedn our algorithmsaslong asthe distancethey

computeis ametric.

We brie y describealgorithmireedist() belov that computes
the TDIST betweentwo trees,and refer the readerto [16] for a
comprehensie treatment. Typically, the costof eachedit opera-
tion is assumedo be one unit, andthe costof a sequencef edit
operationgs simply the sumof its componenbperationcosts.

Notation. Let 7" be anorderedabeledtree. Orderis obtainedby

aleft to right postordemumberingof thenodesin T *. An ordered
subforestof 7" is a collection of subtreesof 7" appearingn the

sameorderasthey appearin 7. Let ¢[z] representhe : node of

T, n; thechildrenof 7, T[:] the subtreerootedat [:] and F[7] the

subforestobtainedby deletingfrom 77z] nodet[:]. We represent
an edit operationasy(a — b). The edit operationis an insert

operationif a = ¢, a delete operationif b = ¢ anda substitution
operationif a # € andb # e. Notice thatthis makesy() a metric.

Theseoperationsaareassumedo have unit costs.

TreeEdit Distance Computation. Let éreedist(1,1%) denote
the algorithmthat computeghe tree edit distanceTDisT between
treesT, T>. Thealgorithmconstructsa mappingM betweerthe
nodesof the two trees;this mappingdictatescorrespondencebe-
tweennodesof thetwo trees.Thegoalis to computethe mapping
with theminimumcostsubjecto thespeci ¢ costmodel. Themap-
ping consistf pairsof integers(z, j) suchthat:

o 1<i<|Ti|andl <j < [T
e Forary pairs(z1, j1), (12, 52) € M

1. iy =12 if andonlyif (iff) j1 = 72

2. t1[i1] is to theleft of ¢1[i2] iff £2[71] is to the left of
t2[72] (sibling orderpreserving)
1[i1]

3. t1[i1] isanancestoof ¢ [i2] iff ¢2[71] is anancestoof
t2[72] (ancestoorderpreserving)

Figure2 illustratesthis algorithmwith anexample. The matching
M generatedh thiscaseis depictedwith linesin the gure. Nodes
that are not matchedhave to be consideredor insertionsor dele-
tions. Nodesthatarematchechave to beconsideredor relabeling.
treedist() evaluatedbetweerthe two treesin the gure returnsa
valueof 3 (deletenodeB, inserthodeH, relabelCto | ).

'Wwithoutlossof generality we usepostordenumbering Preorder
would work aswell.

— —_

AT T~

Figure2: Example treedist() mapping betweentwo trees

3.1 Problem De nition

Let.S; andS; betwo sourceof XML dataoriginatingfrom the
sameor differentDTD's. We are seekingalgorithmsto perform
anapproximatgoin operationbetweernthe sourceaisingtree edit
distancgTDi1sT) asajoin predicateappliedon pairsof subtreeof
the XML documentsgorrespondindo the subelementghatneed
to bematchedn theXML documentsFor simplicity of exposition,
we assumeén this paperthatentiredocumentsieedto be matched.
More formally:

DEFINITION 3 (APPROXIMATE TDIST JOIN). Given two XML
data sources, S1 and Sz and a distance threshold T, let TD1ST(d, , d2)
be a function that assesses the tree edit distance between two doc-
uments di € Sy and dy € Sa. The approximate join operation be-
tween two sources of XML documents reports in the output all pairs
of documents (dy,dz2) € S1 x Sz such that TDIST(dy,d2) < 7.

Variantsof this basicproblemarealsopossible for examplewe
might requirethe distancebetweentwo XML documentgo bein
a rangeof userspeci ed distancethresholds.Our algorithmscan
provide solutionsto thesevariantsof the problemaswell. We will
suppresshis discussiorior brevity. TDIST asde ned assumesdit
operation®f unit cost.Incorporatinghe capabilityto assesstring
edit distancebetweenstring nodelabelsinto TDisT, canbe per
formedby evaluatingthe edit distance=d(), betweertwo nodela-
belsof stringtype. The edit function () canbe modi ed for this
purposeto assesgd() betweentwo nodeswheneer thesenodes
have stringlabels(e.g., CDATAPCDATA etc). Sinceed() is amet-
ric, the metric propertiesof function () are presered (a prop-
erty requiredby our proposal).Handlingedit operationon strings
is an additionalfunction call in thetree edit distancecomputation
treedist() wheneverthenodeshave stringlabels. This way of in-
corporatingstring edit distancein our framevork doesnot affect
our algorithmsor their correctnessin a similar fashion,an ontol-
ogy hierarchycanbeincorporatedmatching/comparintagnames.
In orderto simplify the presentatiofin theremaindeof this paper
editoperationsareassumedo be unit cost.

Executinganapproximatel DIsT join operationef ciently faces
two main challenges.First, evaluationof the TDisT function be-
tweentwo documentds a very expensve operation;in the worst
caseit is anO(n*) operationfor treesof sizeO(n). Clearly even
for smallvaluesof n, straightforwardevaluationof the functionis
computationallyprohibitive. Secondtraditionalwisdomin join al-
gorithms(sortmege, hashjoins etc) doesnot extendeasilyin this
applicationdomain.Novel join processindgechniquesrerequired
to dealwith theintrinsic compleities of approximatematchingof



XML documents.

Overview of our approach. We will presenbur proposalin the
following steps:

o Wewill developlowerandupperboundgor theTDIsT func-
tion (Section4). Theseboundsarecomputationallyjessex-
pensve thanthe evaluationof TDisT andthey sene asaba-
sisfor signi cant reductionin the overall computatiorcosts.
We canutilize theseboundsto designinexpensve lters for
TDisT. Applicationof ourboundsprovidesafastwayto de-
cideif the applicationof TDi1ST to a pair of documentf
interestis within our distancethreshold. For example,the
pair can be dismissedf the boundsindicatethatit is not,
saving the expensive TDIST evaluationon the pair.

o We will present(Section5) algorithmsfor evaluatingjoins
betweerpairsof XML datasourceautilizing our boundsfor
TDisT. AlthoughboundingTDisT canreducethe computa-
tion for asinglepair, onehasstill to improve ontheoverhead
of examiningall pairsof documents.We develop sampling
basedalgorithmsfor this problem. Our algorithmsguaran-
tee no false dismissalsand effectively transformthe prob-
lem of joining XML documentgo that of performinga join
operationin a numericvectorspace. Using this transform,
alongwith our boundsandpropertiesof the resultingvector
spacewe presenta family of algorithmsfor the problemof
approximatelyjoining XML datasources(Section6). We
subsequetty evaluateour proposedalgorithmstuning vari-
ousparametersf interestandobsenetheir comparatie per
formance(Section?).

All the proofsof theoremsand lemmasare omitted dueto space
limitations.

4. BOUNDING TREE EDIT DISTANCE

Computatiorof the tree edit distancebetweenwo treesT;, Tz,
requirestime O(|T1||Tz|h(T1)R(T2)) (where|T;| is the number
of nodesin treeT; andh(T;) is thetheheightof T;). Givenlarge,
deeplynestedXML documentreessuchacomputationatostmay
be too high. In this sectionwe devise computationallyef cient
techniguego obtainboth lower and upperboundsfor TDIST. In
Section6, we will shav how to usetheseboundsto solve our ap-
proximatejoin problemfaster

4.1 Deriving Lower Bounds

LetT beanorderedabeledree.Letpre(7") denotehepreorder
traversalof 7" andpost (1) its postordetraversal.Both pre(7') and
post(T) canbeviewedasstringsover ©*. For two treesT, Tz,

LEMMA 1. If pre(T1) # pre(12) or post(T1) # post(1z),
then T1 # T5.

Intuitively the lemmastatesthat if thereis a differencebetween
the pre x or post x traversalsof the trees,thentherehasto be a

differencein thetreesaswell. Therearenaturalexamplesshaving

thattherearedifferencesn thetreesthatarenotre ectedin thetree
traversals. This is acceptablesince we are searchingfor a lower

bound.

LEMMA 2. Ifthe trees are at edit distance k, then the maximum
edit distance between their preorder or postorder traversals is at
most k.

Basedonlemmasl,2we obtainthefollowing relationshipbetween
TDisT andthestringeditdistancegorrespondingo thetwo traver
sals:

THEOREM 1. Let Ty, T be ordered labeled trees. Then
maz(ed(pre(T1), pre(T2)), ed(post(Th), post(12)))
< TD1sT(Th, T3)
We illustratethis boundthroughthe following example.

EXAMPLE 2. Consider again the trees (a),(b) of Figure 2. We
have pre((a)) = ABDECFG and post((a)) = DEBFGCA.
Similarly pre((b)) = ADHEIFG and post((b)) = DEFGIHA.
Clearly,

maz(ed(pre((a)), pre((b))), ed(post((a)), post((b))))
= maz(3,3) = 3 < treedist((a), (b))

We will denotethe lower boundof theoreml asLBD1sT(T4, %)
for treesTh, T». Notice thatfor strings(preordey postorderrepre-
sentationspf lengthO(n), ed() canbe computedn O(n?) worst
casetime andspace This canbe substantiallybetterthancomput-
ing thetreeedit distancedirectly.

4.2 Deriving Upper Bounds

We constructan upperboundUBDisT of TDiST by restricting
the freedomof choicesalgorithm treedist haswhen computing
the optimal setof operationgo matchtwo trees. More precisely
we will imposeadditionalconstraintson the kinds of relationships
the algorithm maintainswhen devising the optimal set of opera-
tions. This effectively reducesthe searchspaceand enablesthe
developmentof a fasteralgorithm. We note, that sucha measure
wasintroducedby Zhang[15], wherean algorithmrelatedto the
onepresentedhereinwasproposed.

RecallthattheminimumcostmappingM thatalgorithméreedist
obtainsis sibling and ancestororder preserving. For the upper
boundconstructionye requirethatthe mappingM alsopreseres
ancestororderfor the lowest common ancestor of pairs of nodes.
For any triple (tl [il], ta []1])7 (tl [iz], ta []2]), (tl |:Z'3:|7 ta []3]) cM,
letlca() bethelowestcommonancestofunction. We requirethat
mappingM respects:

CONDITION 1. t1[lca(t1[i1], t1[i2])] is a proper ancestor of
(23] iff t2[lca(t2[g1], t2[92])] is a proper ancestor of t2[7s].

Intuitively, the new requirementensureghat two distinct sub-
treesof 71 will be mappedto two distinct subtreesf 7,. These
requirementsare satis ed by a dynamic programmingalgorithm
relatedto the one computingedit distancebetweerntwo trees[16].
Algorithm DistinctTree Edit Distance computingUBDIST be-
tweena pair of trees,is presentedn Figure3. It constructsa min-
imum costmappingbetweerthe nodesof thetwo trees,respecting
the constraintsof condition 1, aswell asthe constraintssatis ed
by algorithmireedist. For ary pair of subtreest accountdor the
varioustypesof correspondenckeetweerthetreenodepairs. The

rst two equationsn formula(3) accountfor the casethatexactly
oneof the nodesunderconsideratiordoesnot belongin the map-
ping; in this caseit considerghe optimumcostto matcha descen-
dentsubtreeof thatnode.Thelastequatioraccountgor the costof

matchingiwo subtreegmatchingtherespectreforestsaftermatch-
ing theroot nodes).Formula(2) in Figure3 is similar to formula
(3) but for the caseof forestsin the two trees.Thelastequationin
formula(2) considerghe costof matchingthe childrennodesof a
pair underconsideration Formula(1), in Figure 3, keepstrack of

this cost.

Considettheexampledepictedn Figure4. Thematchgenerated
by algorithméreedist is shovn in dashedines. The TD1ST com-
putedis 3. TheUBDisT computedwith algorithm



Algorithm DistinctTree Edit Distance(T1, T2) {
DI[|T1|)[|T2|] recorddistance®f subtreegsubstructurespf T, T»
EDI[|T1|][|Tz|] recorddistancebetweerchildrenof apair of nodes

1< <[, 1 < < T3
Initialize D[1][€], D[e][7]V%,j
fori =1to|Ti|{
fory =1to|T»| {
fork = 1ton; { /* thechildrenof i */
forl = 1ton; { /* thechildrenofj */

| ED[K[ — 1] + DT[]
(DEDIK[ = min § ED[k— I+ DITifin]lle]
EDlk = 1L 1]+ DRG] |
Ll = i | AL mimssicn, (DI — D)
(@ DIELIEL] = min 3 DAL + mim s, (DI i]EL] — DIF L)
ED[n][n;] |
| DT + mim <o, (DI T 150] - DIITLi])
DITNTL] = min § DT[] + mim<rn, (DI [0 — DITi[])
IR + 7] = ta[)

Figure 3: Algorithm DistinctTree Edit Distance computing UBDIST

Figure 4: Example matching betweentwo trees

DistinctTree Edit Distance is 5 (deleteB, deleteE, insertH, in-
sertE, relabelCto | ), however. The matchgeneratedy the al-
gorithmis shawn in solid lines. Unlike algorithméreedist the al-
gorithmwill not establishthe matchbetweenE's sincethis would
violate condition1. We claim thefollowing:

THEOREM 2. There exists an O(n?) algorithm to compute the

UBDIST distance between a pair of trees with O(n) nodes each.

Proof:

Itis evidentthat 3124 172/ O(ni x nj) < O(ITi| x |T2[) O
It is easyto seethatUBDIST is re exive andobeys thetriangle

inequality thusit is a metric. We establishthe upperboundrela-

tionshipbetweenTDisT andUBDIsT with thefollowing theorem:

THEOREM 3.

For a pair of trees Th, T, TDIST(T1,T>) < UBDIST(T1, T3)

In this section,we have shavn how to computefast lower and
upperboundsonthedistancebetweerary pairof trees.Thesemet-

rics,LBD1sT andUBDI1sT respectiely, will beusedn theef cient
algorithmswe derive in Section 6.

5. REDUCTION INTO A METRIC SPACE
USING REFERENCE SETS

In theprecedingectionwe focusednthetime takento compute
the distancebetweentwo trees,and presentecf cient techniques
to boundthis distance.In this section,we will deviseatechnique
to minimizethenumberof pairwisedistancecomputationsequired
to evaluatethe approximatereejoin of two setsof XML trees.

Let S1, S betwo setsof XML documentrees,sayfrom differ-
ent datasourcespetweenwhich we wish to computea join. Let
K C S; US; beachosemsetof XML documentswhich we will
referto asareference set. We will deferdiscussioron how bestto
determineK until Section5.1.

Letd; € Si,d; € S2 betwo XML documents.We will con-
struct a vector for eachdocumentconsistingof the distancesof
eachdocumento the XML documentsn K. Thiscouldbeary ar
bitrary metricdistancefunction,in generalandnot justthe TDIST
function. To emphasizehis point, we usedist ratherthanTDiST
in this section,eventhoughourinterestis in the specialcasewhen
thedistanceof eachdocumento thedocumentsn X arequanti ed
usingTDIST.

Let ki, ... kx| beanarbitraryorderingof the referenceset K.
Let v; (v;) bethevectorfor d; (d;). Clearlyeachvectoris of di-
mensionality| |. Furtherlet v;, = dist(ds, ke),1 < £ < |K]|;
similarly v;, = dist(d;, ke),1 < £ < |K]|. Sincedist() isamet-
ric, thefollowing is true by applicationof thetriangleinequality:

V1 <L <|K| |vig —vje| < dist(di, dj) < vig+vje (1)

Essentiallythe above procedure'projects” documentsl;, d; onto
the referenceset. Provided thatdist() is a metric, the reference
setactsasa setof basiselementsie ning ametricspace Assume
thatwe wishto identify if thedocumentsl;,d; arewithin aspeci ¢
distancethresholdsayr, of eachother thatis if dist(d;,d;) < 7.
Themetricpropertiesof dist(), namelyequationl providesaway
to reasomaboutthe pair's distance.lt is evidentdueto equationl
thatif:

@)

Uy = m’ingylggsuﬂvié + vje <rT



thenthe pairis certainlywithin distanceof r. Similarly; if:
lt = ma.l?gylsgsu\’ﬁviz — U][| >T (3)

thenthe pair cannotbe within distancer. Thus,the propertiesof
the metric space,constructedusing the referenceset, provide us
with additionalcapabilityto reasonaboutthe distancebetweena
pair of XML documents.Dependingon the relationshipof I, u;
to 7 onecanconcludethatthe pair is below or above the desired
thresholdwith certainty

Clearlyaprojectionof theentireXML sourcesS;, S, canbeob-
tainedin a similar way. For areferenceset K, let Si (S;) denote
the setof vectorsv;, 1 < 1 < [S1] (vy, 1 < 7 < |S2|) obtained
after projectingeachdocumentd; € S; (d; € S2) ontothe ref-
erenceset. For a metric dist(), provided thatthe referenceset K’

is in memory Si , S; can be obtainedwith a single passover the
underlyingXML datasources.Moreover, the projectionachieved
usingthe referenceseteffectively is a “dimensionality” reduction
technigue.Assumethat the averagedocumentizein S is y; the
originaldatavolumeis |.S| x i in thiscase After projection,usinga
referencesetof size| K|, theresultingdatavolumeis | S| x (| K| +1)
(we addoneto accounfor thedocumentd recordedn conjunction
with eachvector). If | K| is smallcomparedo p, thereductionin
datavolumecanbe substantialpossiblyenablingthe vectorsetsto
be memoryresident.

5.1 Choosingthe ReferenceSet

Given two setsof XML treesS:,.S; and a metric dist() that
assessethe distancebetweerelementf the two sets,we seekto
identify areferenceset K. We wouldlike this setto beassmallas
possiblesincetheamountof work we dois proportionako thesize
of this set; yet we would like the setto generatelters I;, u; that
areasdecisive aspossible.

Given a distancethresholdr, assumeS = S; U S; is divided
into & clusterssuchthatdocumentsvithin a clusterhave smalldis-
tance(saylessthan 7) and documentsn different clustershave
large distancg(saylargerthan 3,{). In this casewe will saythat.S
is well separated. Supposeve chooseonedocument! from aclus-
ter containingr; documentsn our referenceset. Thenary pair
of documentsdn this clusteris within distancehalf the threshold
from d. We would asserty thetriangleinequalitythatthe pair of
documentgonstitutea valid pair (distance< 7) andshouldbein
the output, saving an evaluationof dist() for this pair. Thus,we
will saven;(n; — 1)/2 suchevaluationsn total. Supposehatwe
now have a pairin which onedocumenbelongsto this clusterand
the seconddocumentis in someother cluster Thenthe distance
of the pointin the clusterandd is at most 7, the distanceof the
point outsidethe clusterto d is at Ieast%’. Again from the trian-
gle inequalitywe canconcludethatthis pair is not close(distance
> 1), andavoid evaluatingdist(). Thiswill sareusni(|S| — n1)
comparisons.We have to distinguishthe otherpairsby the other
pointsbelongingto thereferenceset. Thus:

LEMMA 3. If S is well separated the optimal strategy for con-
structing a reference set is to always choose a single point from

each of the k largest clusters.

Evenif S iswell separateéhto & clustershowever, we don't know
aprioriwhich arethe k clustersthatwe shouldchoosepointsfrom.
It is evident, however, that every time we choosea samplefrom
oneof the clusterswe have to performadditional|.S| comparisons
whenconstructinghe vectors,but we alsosase a numberof com-
parisonsdueto pruningvia the triangle inequality The optimal

stratgly minimizesthe overall numberof disé() computationsve

perform. Let the optimal numberof comparisonsdenti ed by the
optimal stratgy be W; We will shov how to identify & clusters
by sampling. Our stratgyy consistsof rst choosinga sampleand
then clusteringthe sampleinto & clusterswith a clusteringalgo-
rithm of choice[8, 17]. Thefollowing theoremshovshow to iden-
tify k& clustersin a well separatediatasetvia sampling,suchthat
the optimal numberof comparisonsve performif we usea single
point from eachof theseclustersidenti ed asour referenceset,is

(1 4+ €)W, for e > 0. We claimthefollowing:

LEMMA 4. If S is well separated into k clusters, a sample size
of
Vk|S
12 VEIS| log | S|
€

is enough to identify all k such clusters with high probability.

In practice,however, althoughclusteringmight exist in the un-
derlyingdataset,we don't expectit to bewell separatedMoreover,
clusteringalgorithmsrequirethe numberof clustersasa parameter
in theinputandstrive to derive thebestclusteringoptimizingsome
measurdunction,with respecto the numberof clustersspeci ed.
In our problemhowever, theuseronly speci esadistanceahreshold
desiredfor theapproximatgoin operation.

We build on the intuition gainedby the precedinganalysisand
we proposethe following strat@y to identify the referenceset. If
the numberof pointsk we choosein our referencesetis known,
we derive a samplesize as computedin lemma4. Clearly more
samplesarerequiredsincethe datasetis expectednot to be well
separatedWe performour clusteringby repeatedlypicking a point
from thesampleandcoveringall pointswithin % theuserspeci ed
distancethreshold.We thenchoosethe k clusterswhich have the
largestnumberof samplepointsandpick arandompointfrom each
to bein our referenceset.

If we do not know the sizeof thereferenceset,we drav a sam-
ple accordingto lemmad4, of sizeatleastO(+/|S|log |S|) andwe
clusterto half the thresholdasbefore. We thencomputef; asthe
fraction of pointsin the rst : clusters. As : increasesand f; in-
creasesye will becomparing(1 — f;)?n? pairs. Thusthenumber
of comparisonslecreaseby ratio (1 — fi+1)*/(1 — f:)? andthe
sizeof thereferencesetincreasedy 1 + 1/1 in size. We balance
thesetwo andchoosek > 1 > 2 suchthat

(1 — fi+1)2 S 7
(1 — f1)2 1+ 1
We will evaluatethis stratgy in section?.

6. APPROXIMA TE JOIN ALGORITHMS:
BOUNDS + REFERENCE SETS

We presenseveralalgorithmicapproachefor theef cient solu-
tion of the approximatgoin problembetweenXML datasources.
We begin with a naive “current-practice”algorithm and enhance
it in multiple waysby exploiting the techniquedevelopedin the
precedingsections.

6.1 A BaselineAlgorithm

In relationaldatabases well studiedsetof algorithmsfor com-
putingjoins betweersinglevaluedattributesexists, like hashjoins,
sort mege joins and nestedoop joins. Unfortunately hashjoins
and sort meige joins do not carry over easilyto the approximate
XML join problem,asthe join predicatemakesuseof a distance



Algorithm Bounds
foreachd; € Sy {
foreachdy € Sa {

if (UBDIST(dy ,dy) < 7)
output((d1,d2))

if LBDIST(dy,dy) < 7)

if (treedist(dy,d2) < 1)

output((d1,d2))

Figure5: Algorithm Bounds

thresholdwhichrequiresanevaluationof anexpensvefunctionbe-
tweenevery input pair. Thisfeatureof the problemdeemsall algo-
rithmsthattreateachjoining attribute in isolationin their rst step
(e.g., hashingor sorting single attributes) inapplicable. A nested
loopsapproachis readily applicableasit examinesall pairsof in-

putdocuments.

Distancebasedoin algorithms,proposedn the eld of spatial
andmultimediadatabasesrealsonot easyto adaptin a straight-
forwardway, astheunderlyingdatatypeis avectorobtainedhrough
the applicationof varioustransforms.Thereis no obviousway of
corvertingadocumenin isolationto a numericvector

Given two XML datasourcesS:, Sz, a nawve solution to the
approximatejoin problemwould computea nestedloop join be-
tweenthetwo sourcesvaluatingalgorithméreedist(d;, d;)Vd; €
S1,d; € S;. SuchanapproachhasO(|S:| x |Sz|) worstcase
I/0 compleity. Provided that eachdocuments of size O(n) it
invokestreedist for eachpair requiring O(n*) time in the worst
case. Clearly suchan approachhasvery high 1/0 and processor
compleity but cansene asabaselinesolutionto this problem.We
referto this approactasNaive (N) inthesequel.

6.2 Improving the BaselineUsing Bounds

A rst improvementto the naive algorithmcan be obtainedby
utilizing the upperandlower boundsintroducedfor TDIST. Let 7
bethedistancehresholdspeci edfor thejoin operation Fromthe-
oreml, LBDIST(d;, d2) < TDIST(d,d2). A viableapproachs
to rst evaluateLBDIST betweenthe pair. If LBDIST(d1,d2) >
7, we can safely prunethis pair away, saving the invocation of
the expensve treedist(.) function. In caseLBDIST(d;,d2) <
7, however, the upperboundof theorem3 could provide a quick
way to decideif indeedthe pair belongsto the answerset. If
UBDisT(d,,d2) < 7 then(di,d:) belongsto the nal answer
and evaluating éreedist(di, dz) is not required. In thesecases,
the lower and upperboundscan safely determineif a pair is not
in the answerset (assuringno false negatives) or if a pair is in
fact in the answerset (assuringno false positives). However, if
LBDi1ST(d1,d2) < 7 < UBDIST(d1, d2) thepaircannobepruned
or de nitely included. In this case,one hasto testif the pair is
within distancer by executingalgorithm éreedist(.) on the pair.
We refer to this improvementof algorithm Naive as Bounds
(B) to signify theuseof bounds.Pseudaodefor this algorithmis
givenin Figure5. Algorithm Bounds hasthe potentialto reduce
theprocessotime asevaluatingtheboundss substantiallycheaper
thanevaluatingireedist(.). Moreover, dependingnhow effective
pruningis, thenumberof ¢éreedist(.) computationganbesubstan-
tially reduced We will experimentallyevaluatethe effectivenessof
theselters in Section?.

6.3 Pruning Work with a ReferenceSet

Givenareferenceset X, rst useTDIST to obtainSLS;. Join-

ApproximateJoin Algorithm
ConstructSi , S; using dist() between
elements of S1, Sz and the reference set
vectors v;, corresponding to documents d;
for eachv; € Si {
foreachv; € S; {
if UWpper Bound < 1)
output(d;, d;)
if (Lower Bound < T)
if (TDIST(d;,d;) < 1)
output(d;, d;)
}
}

Figure 6: Approximate Join Template

ing the two datasetstakesplaceby applicationof Equationl on
eachpair. If thelower bound!; > 7, the pair canbe prunedaway.
Otherwise|f theupperbound!,, < 7, the pairbelongsto the out-
put. In thecasd; < 7 < uy, applicationof treedist() onthepair
of correspondingKML documentss requiredto identify their true
distanceanddecideif the pair belongsto the output. In this case,
the actualdocumentsareretrieved from secondarystorage based
ontheirdocumentdenti ers andtreedist(.) is usedo evaluatethe
actualdistance.The advantageof this approacthis thatthe bounds
computedwith Equationl for the TD1sT betweeneachpair, are
exact sinceTDIST is usedto computethe distancego the refer
enceset. However, the algorithmhasto perform(| S| + | Sz2|)| K|

invocationsof TDIST to computahevectorcollectionssi , S;.

We referto this algorithmasReference Sets (RS) to sig-
nify thatit usesa referencesetto projectthe XML datasources,
evaluatingtreedist() betweerthe elementof the sourcesandthe
elementf thereferenceset;it thenutilizesthetriangleinequality
to prunetheresultspace.The approactcanbeinstantiatedn Fig-
ure6 usingdist = TDIST, Lower Bound = I, andU pper Bound =
u; from Equationl.

6.4 Applying Both Optimizations in Sequence

One can complementthe above RS algorithm by the applica-
tion of thelower andupperboundsintroducedin theoremsl, 3. If
the boundsobtainedby Equationl indicatethat treedist(.) has
to be invoked betweenthe pair underconsideratiorto assesshe
exactdistance pnecanpossiblyavoid suchexecutionby applying
thecomputationallycheapetower (LBD1sT) andupper(UBDisT)
boundsonthepair. Onlyif theseboundsndicatethatthepaircould
bein theresultset, oneshouldexecutetreedist(.) on the pair to
reacha conclusion.

Wereferto thisalgorithmasRSBounds (RSB) toindicatethe
useof TDIST in the constructionof the vector setsandthe useof
thel;, u; aswell astheboundsof lemmasl,3. It cansimilarly be
instantiatedn Figure6 usingdzst = TDiST andapplyingboth!;
andLBDisT for LowerBoundandboth; andUBDIisT for Upper
Bound.

6.5 Estimating Distancesto the ReferenceSet

To lower the computationalkexpenseof evaluatingéreedisi(.)
betweerthe XML sourcesandthereferenceset,onecouldinstead
estimatethe distancebetweenthem usingLBD1sT and UBDIST.
This hasthe potentialof reducingthe computationakexpenseof
this constructionsincewe are evaluatingmuch cheapeffunctions
betweenthe sourcesand the referenceset. However, sincethese
arebounds,oncewe usethesein a mannerthat preventsfalsedis-



missalswe areleft with potentiallymorepairsof elementbetween
which we have to evaluatetreedist().

During constructionof the vector sets,we constructtwo vec-
tors for eachdocumentd;. Vectoro! is a vector populatedusing
LBDi1sT betweenthe documentand elementf the referenceset;
vectorv; is populatedusingUBDisT betweenthe documentand
elementf the referenceset. Whencomputingthel,, u. bounds,
equationl hasto bemodi ed to assurecorrectnesn this case(no
falsepositivesor negatives).In particular:

VO < €< |K| Joig — vl < dist(di,dj) < vy +vfe (4

Thenu; becomesning 1 <.<|x|vi¢ + v, andl; becomes
maxg71§g§|}<||ufz — vy|. Wereferto this combinedalgorithmas
RSCombined (RSC) tosignify theuseof LBD1sT andUBDisST
andthe applicationof the (modi ed) I;, u; boundsaswell asthe
boundsof theoremsl,3. Notice that this algorithm doublesthe
size of the vectorsets,sincetwo vectorsare constructedor each
document. This algorithm can be similarly instantiatedwith the
templateof Figure6.

7. EXPERIMENTAL EVALUATION

We implementedall the approacheproposedn this paper In
this sectionwe presenta comparatie studyvarying parametersf
interest.Therearevariousparameteraffectingthe performancef
our algorithms,andwe conducteda comprehensie setof experi-
mentsto understandhe impactof individual parameterso perfor
mance.

We usedbothsyntheticandrealdatasetsin ourexperimentsWe
chooseto usesyntheticdatasetsbecausét is easierto control the
parameterandvary themon demando isolateperformancémpli-
cations. We demonstratéhe strengthof our algorithmshowever,
reportingperformanceesultson real datasets. More speci cally
we usedthefollowing datasetsin our study.

e Data set A: Syntheticdata set constructedwith the IBM
XML datageneratomvailablethroughAlphaWborks. It con-
sistsof 500randomlygeneratediocuments.

e Data setB: Syntheticdatasetconstructedy meging doc-
umentsfrom differentrunsof thelBM XML datageneratar
This datasetwasarti cially constructedo contain8 clusters
of documentslt consistsof 500documents.

e Real DBLP data: We report experimentalresultson the
entire conferencecollection of the DBLP databaseof size
55MB.

We rst presentaccurag andperformanceesultsfor the LBD1ST
andUBD1sT boundsto TDi1sT introducedin Section4. Thenwe
will presentanevaluationof the algorithmspresentedn Section6,
varying parameter®f interest. Finally, we will evaluateour pro-
posalfor the choiceof a referenceset and presentresultsof the
performanceof our algorithmson real XML datasetshighlighting
the performancédene ts of our proposal.

7.1 Evaluating Bounds

Theresultsof the rst experimentwe presenevaluateshe qual-
ity of theLBD1sT andUBDisT boundsto TDIST presentedh Sec-
tion 4. Figures7(a)(b) presentheresultsof the following exper
iment. For datasetA, we computedthe pairwise distancesusing
algorithmtreedist aswell astheboundsto TDisT usingLBD1ST
andUBDisT. We computetheratio of theboundto TDisT andwe
constructa histogramof the numberof pairsof documentdalling
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within eachratio range.Figure7(a) shovsa histogramof thenum-
berof documenpairsversustheratio of LBDIST to TDIST. Sim-
ilarly, Figure 7(b) shows a histogramof the ratio of UBDIST to
TDisT for all pairs. We canobsene thatin Figure7(a) all pairs
areabove 0.9 with thebulk abore 0.98.In Figure7(b) all pairsare
belov 1.5 with the bulk of pairsbelov 1.2. Similar resultswere
obtainedfor the otherdatasets. From the resultsof Figure 7 we
canobsene thatbothboundsarereasonablyloseto theactualdis-
tanceobtainedby algorithméreedist(.). We next presenthetime
takento computetheseboundsfor variousdocumensizes.Figure
8 presentshetime (in logarithmicscale)equiredby all algorithms
to computethedistanceasthesizeof the XML documentjn terms
of numberof nodesjncreasesilt is evidentthatasthesizeincreases
theboundscomputationbecomeprogressiely fasterrelatveto the
full computation,in accordancevith our analyticalexpectations.
(The Y-axisis on alogarithmicscale andthe curvesarediverging,
with a differencealreadyof an orderof magnitudefor documents
thatare500elements).

7.2 Evaluating the ProposedAlgorithms

Therearetwo main parameteraffectingthe performancef the
algorithmsproposed In the caseof algorithmsbasedon reference
sets,the sizeandchoiceof the setis very important. The size of
the set affects performancewnhile building the vector collections
andthe choiceof the referencesetmainly determineghe effect on
pruningachieved. The distancethresholdspeci ed duringthejoin



operationaffects the performanceof baselineapproachesswell
as the performanceof algorithmsusing referencesets. We vary
both parametersn the sequeland we obsene their performance
implications.

In our rst experiment,we investigatethe impact of the ref-
erencesetsizeto the performanceof the algorithmsmaking use
of referencesets. Sincewe wish to vary the size of the refer
encesetarbitrarily, we selectit usinguniform randomsamplingin
this experimentand obsene the trends. Figures9(a)(b)(c) present
the performanceasa fraction of the performanceof Naive (N)
of thethreealgorithms(Referen ceSets (RS), RSBounds
(RSB), RSCombined (RSC)) asa functionof thesizeof the
referencesetfor datasetA, for variousdistancethresholds Algo-
rithm Bounds (B) is notevaluatedn this experimentasit does
not makeuseof referencesets. Figures9(d)(e)(f) presentthe re-
sultsof thesameexperimentfor datasetB. Figure9(a)presentshe
performanceof RS Two obsenationsare evident. First the run-
time of the algorithmincreaseslmostlinearly (to thatof N) asthe
referencesetsize increases.Second thereappeardo be a knee
in the performancecurve for small referencesetsize. Runtimein-
creasedinearlyto N becausa largerreferencesetintroducesmore
comparisonsvhile building thevectors.Moreover, thekneein the
curvessigni es anoptimumreferencesetsize,aroundl, which is
explainedby thepropertieof datasetA. DatasetA is synthetically
generatedaind obsenation of the distancesetweenpairs appears
to beuniformly distributed. The dataappearasif they arein a sin-
gle large cluster thusa small samplesizeis enoughas predicted
by lemma3. For larger referenceset sizes,the costof building
vectorsis larger especiallyfor this algorithm, sincethe expensive
treedist(.) functionis invokedfor this purpose.Moreover, asthe
distancethresholdncreaseslarge documentsrenot prunedaway
by the applicationof I;; this causedarge documentgo be veri ed
using the expensve treedist(.) function and this dominatesthe
overall computation.

Figure 9(b) presentghe resultsfor RSB The obsenationsare
similar; the additional ltering appliedin this algorithm,however,
achieves more effective pruning. Evenin the caseof a large dis-
tancethresholdfor therangeof referencesetsizesevaluatedn the
gure, thealgorithmis muchfasterthanN (andsubsequenthRS).
Finally, Figure9(c) presentsheresultsfor RSC Improved ltering
and less expensie computationgduring the constructionof vec-
tors,givesasigni cant performanceadvantageo this algorithm. It
is muchfasterthancompetitorandmanageso outperformN even
for large distancethresholdsandvery large referencesetsizes.

In Figures9(d)(e)(f) we presenthe resultsof the sameexperi-
ment,usingdatasetB. DatasetB is arti cially constructedo con-
tain 8 distinct clusters. The overall performancdarendsaswell as
therelative performancef thealgorithmsremainghesame How-
ever, in this case we canclearly seethatthe optimalreferenceset
sizeis around8, as predictedby Lemma3. For algorithm RSB
(andto someextentalgorithmRSQ andfor the samevaluesof the
distancethreshold performanceappeardinear (to thatof N) in the
sizeof thereferenceset. Thereasonis thatthe additional Itering
stepappliedwith the boundsof theoremsl,3in thesealgorithmsis
very effective in thesecasesA large numberof pairsis prunedby
these lters asopposedo the soleapplicationof I;, u; in the case
of RS For this datasetthe performancebene ts of RSCarevery
large. For all distancehresholdsandreferencesetsizes runtimeis
below 0.2 of thatof N. In addition,the overheadmposedby larger
(or smaller)thanoptimalreferencesetsizeis notsigni cant asthe
involvedevaluationsarerelatively cheap.

The secondexperimentwe reportinvestigateghe performance
of the algorithms(B, RS RSB RSQ asa function of the distance

thresholdfor variousreferencesetsizes. Figure 10(a)(b)presents
theresultsfor datasetA for areferencesetof size5 (Figure10(a))
and100 (Figure10(b)). In all caseghereis a clear“bell” shaped
curvewhichis explainedby theimpactof different Iters appliedas
the distancethresholdincreasesFor small distancethreshold the
lower boundsappliedby the algorithmsare effective, in thesense
thatthey canpruneaway alot of pairsthatdon't belongto the an-
swerset. For large distancethresholdghe upperboundsare more
effective asthey canadmitalot of pairsin theanswersaving mary
tree edit distancecomputations.Thus the performancecurves of
all algorithmstail off in small andlarge distancethresholds be-
causethe lters areextremelyeffective. In termsof performance,
RSappearsheworstsinceits performancés dominatedoy the ex-
pensve treedist(.) invocationswhile constructingthe vectors;in
additionpruningsolelyonthel;, u; boundss notsoaffective, thus
treedist() is invokedon mary pairs. Notice that B is moreef-
cient,becausé avoidstreedist computationdy rst applyingthe
boundsof theoremsl,3. For the referencesetsizein Figure10(a),
the performanceof RSBandRSCarecloseandclearly outperform
all other algorithms. Increasingthe referenceset size in Figure
10(b)we obsenethatRSBbecomesvorsethanB becauseunning
time is dominatedby expensve treedist computationgluring the
constructionof the vectorsets. RSCappeardo be the algorithm
of choicein this caseaswell. Evenwhenthe referencesetsize
is muchlarger than the optimal size (in this casecloseto 1) the
algorithmcanstill outperformall competitorsbecausehe penalty
incurredby increaseaostduringconstructiorof thevectorssetsin
muchsmaller

Figures10(c)(d) presenthe resultsof the sameexperimentfor
datasetB. Overall trendsremainsimilar, with the “bell” shaped
trendexplainedasbefore;with eightclustersin datasetB, arefer
encesetsizelessthan8 (Figure 10(c)) makesRSBslightly faster
thanB, dueto lessoverheadf treedist computationsRSCis still
the algorithm of choiceeven with lessthanoptimal referenceset
size. As the referencesetsizeincreasego 8, all algorithmsim-
prove, but RSB startsbecomingworsethan B for small distance
thresholdsbecause¢he performanceof the algorithmis dominated
by expensve ireedist computationsFor aneven largerreference
setsize,B becomesnuchbetter In all casesRSCis thealgorithm
of choice.

7.3 Evaluating ReferenceSetSelection

To demonstrat¢he effectivenesf our proposedilgorithmsand
analysisfor the choiceof the referenceset,we conductedhe fol-
lowing experiments. For a variety of datasets,we measuredhe
responsgime asthe distancethresholdincreasesfor varioussizes
of areferencesetchosenusinga randomstratgly aswell ascho-
senusing the algorithm proposedin Section5.1 for the caseof
a known referencesetsize. In all casesthe proposedalgorithm
which derivesasamplebasedn Lemma4 andthenclustergo half
thethresholddistancewith aclusteringalgorithmof choice always
outperformedhe stratgy thatrandomlychooseghe referenceset
of aspeci edsize. Figure11(a) presentsepresentatie resultsfor
datasetB with areferencesetsizeof 8, shovingtheperformancef
algorithmRSG asa fraction of thatof algorithmN, asthedistance
thresholdincreases.We canobsene that RSCis muchfasterand
the effectsof Itering are even more pronouncedthe curve tails
off muchmore quickly) signifying the choiceof a more effective
referenceset. Similar resultswereobtainedfor the otherdatasets
aswell.

For the caseof an unknown referenceset size, we conducted
the following experiment. For a variety of realand syntheticdata
sets,givenajoin thresholdr we rst drav a sampleof sizeatleast
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Figure 9: Incr easingreferencesetsizefor datasetsA and B

O(V/'N log |N|) (for a datasetof sizeO(N)) andtheniteratively

computeclusterspickingthereferencesetsizeusingLemma4. We

thencomparedhe referencesetsize so computedwith the known

optimal setsize(in the caseof syntheticdatasets)or with the one
estimatedby obsenation of performancecurves. In all casesthe

referencesetsize we selectis very closeto the optimal one. Fig-

ure 11(b)shawvsthe outcomeof this experimentfor datasetB. The

datasetcontains8 well separatedlustersandwe reportthe num-

ber of referenceset points our algorithm computesas a function

of the distancethresholdr. For arangeof r valuesthe reference
setsizeselecteds very closeto the optimal. As 7 increasesthe
sizecomputedy thealgorithmbecomesmaller Thisis explained
by observinghedistribution of documentlistancesn thedataset.
Theminimum distancebetweerclustersis around250in this data
set. Thus,twice above this threshold the clusterscomputedn the
samplecomparedvith theonesin the original datasetstartto mix

andasaresultthereferencesetsizereporteddrops.However, con-
trastingthisrangeof r valuesandreferencesetsizewith theperfor

mancecurvesreportedn Figure9(f), we obsenethatin thisrange
asuboptimakeferencesetsizehaslittle impactin performance.

7.4 PerformanceResultson Real Data

The experimentspresentecdestablishedhe performanceadvan-
tagesof algorithm RSCfor a wide rangeof parametersaffecting
the performanceof the algorithms. We usedsyntheticdatasetsin
orderto havethebene tof e xibility in settingtheseparametersin

thissectionwe presentesultsontheperformancef thisalgorithm
usingreal datasetsof large size. In particularwe presentperfor
manceresultsfor a self join operation for varying thresholdsfor
theDBLPdataset.RunningN onthis datasetis terribly inef cient.
Our calculationdndicatethatit would takemorethan81 dayson a
highendmachineto performaselfjoin ontheentiredataset. Thus,
we rst presentomparatie resultsfor asubsebf DBLPrecordsn
Figure12(a). To keepthe subsetsmall, but eachXML document
sizeablewe constructhe subseby groupingtogetherall the XML
documentzorrespondindo publicationsin the sameconference,
into a singledocument.We selecta subsetconsistingof 100 con-
ferencesTheresultingXML datasetis of size2.2MB. In thiscase,
Nrequiresapproximately3.5hoursto complete. The“bell” shaped
curwe is evidentandis explaineddue to the effect of Itering as
before.Clearlytheperformancéene tsof theproposedlgorithm
arevery large. Figure 12(b) presentghe performanceof RSCfor
the entire DBLP datasetas a function of the distancethreshold.
The sizeof the referencesetfor eachvalueof the distancethresh-
old, is computedusingour proposalin Section5.1. Responséime
increasesmoothlywith increasinglistancethreshold.

8. CONCLUSIONS

The projectedprevalenceof XML will inevitably impactseveral
dataintegration applications. To this end, in this paper we con-
sideredmetricsfor quantifyingdistancebetweenXML documents
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and subsequetly proposedalgorithmsto performjoin operations
betweenXML datasourcedasedonthesemetrics.

Our work makesthe following speci ¢ contritutions: we pro-
posedlower and upperboundsfor tree edit distancebetweenor-
deredlabeledtrees,that are computationallymore ef cient. We
have presente@ generidechniqueébasedn thenotionof reference
setsthat canbe usedto procesgoins betweenXML datasources.
We presentedhis approachalongwith ananalysison the selection
of thereferenceset. A particularappealingeatureof our proposal
is thatit canincorporateany proposalquantifyingdifferencesbe-
tweentreesaslongasit is ametric. Althoughwe chooseo useour
techniguen conjunctionwith treeedit distancebecaus®f its gen-
eralityandwide acceptancery othermetricthatis moremeaning-
ful in aspeci c applicationcontext canbeapplied.Combiningour
boundswith propertiesof the resultingmetric spacewe proposed
variousalgorithmsfor processingapproximateXML joins andwe
experimentallyquanti ed the performanceradeofs.

Several issuesfor further exploration and experimentationare
raisedby thiswork. First, dueto the generalityof our distancgoin
framework, it would be worthwhile to incorporatein our frame-
work andexperimentwith otherdistancemetricsaswell, capable
of quantifyingdistancebetweenXML documentslt would bein-
terestingto understandhe impactsboth in performanceas well
as quality of the resultsobsened in speci ¢ applicationscenas
ios. Secondjndicieshave beentraditionally appliedin databases
to speedup the performanceof variousdatabaseperations. To-
wardsthis directionit would be worthwhile to explore the appli-

cation of variousindexing schemesproposedfor generalmetric
spaceq14][4] to the approximateXML join problem. We plan
to investigatehesedirectionsin our futurework in this area.
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