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ABSTRACT
XML is widely recognizedasthedatainterchangestandardfor to-
morrow, becauseof its ability to representdatafrom a widevariety
of sources.Hence,XML is likely to bethe format throughwhich
datafrom multiplesourcesis integrated.

In this paperwe study the problemof integrating XML data
sourcesthroughcorrelationsrealizedas join operations.A chal-
lenging aspectof this operationis the XML documentstructure.
Two documentsmight convey approximatelyor exactly the same
informationbut may bequitedifferentin structure.Consequently
approximatematchin structure,in addition to, contenthasto be
folded in the join operation. We quantify approximatematchin
structureandcontentusingwell de�ned notionsof distance.For
structure,weproposecomputationallyinexpensivelowerandupper
boundsfor thetreeeditdistancemetricbetweentwo trees.Wethen
show how thetreeeditdistance,andothermetricsthatquantifydis-
tancebetweentrees,canbe incorporatedin a join framework. We
introducethe notion of referencesetsto facilitate this operation.
Intuitively, areferencesetconsistsof dataelementsusedto project
thedataspace.We characterizewhatconstitutesa goodchoiceof
a referencesetandwe proposesamplingbasedalgorithmsto iden-
tify them.Thisgivesriseto a varietyof algorithmicapproachesfor
theproblem,which weformulateandanalyze.Wedemonstratethe
practicalutility of our solutionsusinglargecollectionsof realand
syntheticXML datasets.

1. INTRODUCTION
XML is widely recognizedasthedatainterchangestandardfor

tomorrow, in particularbecauseof its ability to representdatafrom
a widevarietyof sources.Hence,XML is likely to bethelanguage
in which to integratedatafrom multiple sources.Dataof string
typeareprevalentin XML, thusthetraditionalinconsistenciesbe-
tween string attributes, such as mis-spelling,will persistin the�
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Figure1: Example XML documents

XML world aswell. CorrelatingXML datasourceshowever, has
to copewith additionalcomplexities dueto thestructureof XML
documents,which cannotbe ignored. Autonomousdatasources
may containthesamedata,but mayhave differencesin structure.
It is importantto be ableto correlatesuchdata. Even whendata
sourceshavethesameDocumentTypeDescriptor(DTD), they may
not have identicaltreestructuredueto thepresenceof optionalel-
ementsandattributes.

EXAMPLE 1. Figure 1 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 themasses”. 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 addresssuchdif�culties, weneedef�cient techniquesfor ap-
proximately matching XML documents,basedon the tree struc-
turedcontentof speci�edsub-elementsof XML documents.When-
ever onedealswith notionsof approximatematching,onehasto
specify a distancemetric betweenthe approximatedentitiesthat
effectively quanti�es the approximatematch. Sucha metric has
to beamenableto ef�cient computationandgeneralenoughto en-
compassvarioustypesof differencesbetweenXML documents.As
Example1 demonstrates,thereis a clearneedfor metricsthatcan
handleinconsistencies,bothin structureaswell ascontent.



XML documentsareorderedlabeledtrees;theproblemof de�n-
ing the distancebetweentwo orderedlabeledtreeshasreceived
much attentionin combinatorialpatternmatchingand the notion
of tree edit distance hasbeendeveloped[16]. This distanceis a a
naturalgeneralizationof edit distance from thedomainof strings.
Informally, the tree edit distancebetweentwo treesis the mini-
mum numberof operations(nodeinsert,delete,relabel)required
to transformone tree to the other. A variety of computationally
expensive algorithmshave beenproposedfor computingtreeedit
distancebetweentwo trees.Suchalgorithmscanserve asthebasis
of approximatetreematchquanti�cation. For example,in Figure
1 trees(a) and (b) areat tree edit distance2 apart. Insertionof
thesubtreeauthor-Bo b in (b) will transform(b) to a document
that matches(a) perfectly. Our goal, however, is to embedsuch
approximatetreematchalgorithmsin a broadercorrelationframe-
work betweenXML datasources.Clearly, thereis a requirement
for ef�cient correlation(join) algorithmsthatcandispensewith the
computationof theexacttreeedit distancebetweenall possiblein-
putpairs,whenpossible.

In this paper, we initiate a formal studyof join algorithmsbe-
tweenXML datasources.We proposemetricsandalgorithmsfor
this problem. Thereexistsa large body of work dealingwith the
computationof stringeditdistanceandits adaptationin ajoin frame-
work [6, 7, 13]. We focusthebulk of this paperon thenovel as-
pectof adaptingtreeeditdistancecomputation(matchingbasedon
structuraldifference)into a join framework. Ouralgorithmsarethe
�rst to addressthisproblemandlay thefoundationsfor this impor-
tantarea.Morespeci�cally, we makethefollowing contributions:� Computingtree edit distancebetweena pair of XML doc-

umentsturnsout to be a very expensive operation. Recog-
nizing this problem,we presentupperandlower boundsfor
the treeedit distancebetweenXML documentpairs. Such
boundsare much more ef�cient to compute. Using these
boundsasa basis,we develop ef�cient �ltering techniques
that often avoid the needto computethe tree edit distance
betweena pair of XML documents.� We presentalgorithmsfor theef�cient executionof approxi-
matejoins betweenXML documentsusingthetreeedit dis-
tanceasa join condition. Our algorithmsarebasedon sam-
plingandcaneffectively reducethevolumeof dataexamined
during the join operation. Our algorithmic framework is
easilyadaptableto any metric onewishesto applyfor quan-
tifying differencesbetweenXML documents.� We presentanexperimentalevaluationof our techniquesus-
ing both real and syntheticdatasets,analyzingthe perfor-
mancetradeoffs inherentin ourapproach.

Thispaperisorganizedasfollows. Section2 discusseswork related
to the problemsaddressedin this paper. In section3 we provide
de�nitions necessaryfor thebulk of thepaperandformally de�ne
theproblemconsideredin thepaper. Section4 presentslower and
upperboundsfor tree edit distance. In section5 we introducea
transform,basedon the notion of reference sets, that effectively
reducestheproblemof approximatelyjoining XML documentsto
that of joining vectorsin a metric space.Section6 elaborateson
the propertiesof the resulting metric spaceand proposesnovel
algorithmsfor the approximatejoin problembetweenXML data
sources.In particular, weshow how variousboundscanbeutilized
in this framework andgive riseto variousalgorithmicapproaches.
In section7 we presenta thoroughexperimentalevaluationmea-
suringandcomparingtheperformanceof thealgorithmsproposed
hereinfor realandsyntheticdatasets.Finally, section8 concludes

thepaperandoutlinesproblemsof interestfor furtherstudyin this
direction.

2. RELATED WORK
Matchingstringsapproximatelyis a problemof centralinterest

in patternmatchinganda variety of algorithmsexist to solve the
problemin severalways[11]. Thenotionof edit distance is a fun-
damentalmeasureusedto quantify distancebetweenstrings[9].
Approximatelymatchingcollectionsof stringsis aproblemof cen-
tral interestin the context of dataintegration and cleansing(see
e.g., [6, 7, 13]). Join algorithmshave beenproposedto identify
pairsof approximatelymatchingstrings[6, 7] andcommonlyre-
duceto traditionaljoin algorithmsdeployedin relationalsystems.

A large body of work in combinatorialpatternmatchingdeals
with the problemof identifying the distancebetweenorderedla-
beledtrees[12, 1]. A verygeneralnotionof distancebetweentrees
canbe expressedusing the tree edit distance [1, 12]. Several al-
gorithmshave beendevelopedto identify thetreeedit distancebe-
tweenpairsof trees[16]. The problemof matchingtreescanbe
arbitrarily harddependingon thespeci�c costmodeladopted(see
[16] andreferencesthereinfor a comprehensive treatmentof the
subject).

With the popularity of the semistructureddatamodel, several
algorithmshave beenintroducedto identify changesin pairs of
semistructuredor XML documents[3, 2, 10, 5]. Suchalgorithms
focuson identifying changesin versionsof a documentandintro-
ducecostmodelsto quantifychange,basedonassumptionsspeci�c
to theparticularapplication.Sincetheversionof theproblemtar-
getedin thoseworks is very hard,several heuristicsareproposed
andevaluated.In this paper, we adoptthe notionof treeedit dis-
tancedueto its generality, andsimplicity of operationsthatoffer a
conceptuallyappealingquanti�cationof thedistancebetweentrees.
We emphasizehoweverthatthealgorithmspresentedhereincanbe
adaptedeasilyto any distancefunctionaslong asit is ametric. For
example,previously proposedchangedetectiontechniques[10, 3]
canbeusedasabasisto constructdistancefunctionsbetweentrees.
As long as thesenew notionsof distancehave metric properties,
they canbeeasilyincorporatedin our framework.

3. PRELIMIN ARIES
Let � be an alphabetof size � ��� . Let �	�
 � representthenull

symbol.For a DTD � , let � bethesetof all orderedlabeledtrees,
well formedunder � . Without lossof generalitywe will assume
that all nodeliterals and atomic valuesof � as well as element
symbolsarede�ned over � .

In the domainof strings,the notion of edit distance hasbeen
widely appliedto quantifydifferencesbetweenstrings.

DEFINITION 1 (EDIT DISTANCE). The editdistancebetween
two strings 
�����
�� , ������
�����
���� 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 distanceis awell studieddistancemetricwith aplethoraof ap-
plicationsin various�elds of computerscience.Giventwo strings
 � and 
 � , thereexistsa well known algorithm[9] to computethe
edit distancebetweenthemin ����� 
 � ��� 
 � � � time andspace. Edit
operationsareassumedto be unit cost. Non-unit costsandmore
generaledit operationsarepossible,andhave beenstudiedexten-
sively in a signi�cant streamof researchthatfollowed. Noticethat������� is a metric.

A generalizationof stringedit distanceis thenotionof tree edit
distance [1] de�ned for quantifyingdifferencesbetweenpairsof



orderedlabeledtrees.Let  !���" �� betwo well formedXML docu-
ments,underthesameor differentDTD's. They canbeconceptu-
ally represented(afterparsing)asorderedlabeledtrees,wherenode
labelsincludeelementtags,PCDATA values,attributenamesand
attributevalues.Thenestingof theelementsis re�ectedin thetree
structure.Tree edit distance is de�ned asfollows:

DEFINITION 2 (TREE EDIT DISTANCE). Given two trees  #���" �� ,
the treeedit distancebetween them, TDIST �$ #���" ���� , 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. Givenatree  , let %!�$ &� denoteits height.For two
trees  !�'�" (� , thereexists a well known algorithmto computethe
treeeditdistancebetweenthem,runningin �����  #���)�  ��*� %!�$ !���+%!�$ (���"�
time and �����  !�����  ��*� � space[16]. Onceagain,noticethatTDIST is
a metric aswell. As in the caseof stringedit distance,numerous
variantsof treeedit distancehave beenintroduced.Suchvariants
canbe incorporatedin our algorithmsaslong asthedistancethey
computeis a metric.

We brie�y describealgorithm ,�-.�����0/$1�,2��� below that computes
the TDIST betweentwo trees,and refer the readerto [16] for a
comprehensive treatment. Typically, the cost of eachedit opera-
tion is assumedto be oneunit, andthe costof a sequenceof edit
operationsis simply thesumof its componentoperationcosts.

Notation. Let  beanorderedlabeledtree. Orderis obtainedby
a left to right postordernumberingof thenodesin  1. An ordered
sub forestof  is a collectionof subtreesof  appearingin the
sameorderas they appearin  . Let ,"34/)5 representthe / nodeof , 687 thechildrenof / ,  93 /)5 thesubtreerootedat ,23 /)5 and :�3 /)5 the
subforestobtainedby deletingfrom  934/)5 node ,23 /;5 . We represent
an edit operationas <��$=?>A@�� . The edit operationis an insert
operationif =CBD� , a delete operationif @EBD� anda substitution
operationif =F�BG� and @H�BG� . Noticethatthis makes<���� a metric.
Theseoperationsareassumedto have unit costs.

Tree Edit DistanceComputation. Let ,+-'�����0/I1�,"�$ #���" ���� denote
thealgorithmthatcomputesthe treeedit distanceTDIST between
trees !���" �� . Thealgorithmconstructsa mapping J betweenthe
nodesof thetwo trees;this mappingdictatescorrespondencesbe-
tweennodesof thetwo trees.Thegoal is to computethemapping
with theminimumcostsubjectto thespeci�c costmodel.Themap-
ping consistsof pairsof integers ��/+�+KL� suchthat:�NM9O / O �  � � and M�O K O �  � �� For any pairs ��/ � �+K � �P�'��/ � �+K � � 
 J

1. / � BQ/ � if andonly if (iff) K � BRK �
2. , � 34/ � 5 is to the left of , � 3 / � 5 iff , � 3 K � 5 is to the left of,I��3 K��P5 (siblingorderpreserving)

3. ,2��34/+�+5 is anancestorof ,2��3 /S�P5 iff ,$�T3 K��$5 is anancestorof, � 3 K � 5 (ancestororderpreserving)

Figure2 illustratesthis algorithmwith anexample.ThematchingJ generatedin thiscaseis depictedwith linesin the�gure. Nodes
that arenot matchedhave to be consideredfor insertionsor dele-
tions.Nodesthatarematchedhaveto beconsideredfor relabeling.,�-'�U���0/$1�,2��� evaluatedbetweenthe two treesin the �gure returnsa
valueof 3 (deletenodeB, insertnodeH, relabelC to I ).� Without lossof generality, weusepostordernumbering.Preorder
would work aswell.

A

B C

D E F G

A

D H

E I

F G

(a) (b)

Figure2: Example ,+-'�����0/$1U,"��� mapping betweentwo trees

3.1 Problem De�nition
Let V � and V � betwo sourcesof XML dataoriginatingfrom the

sameor different DTD's. We are seekingalgorithmsto perform
anapproximatejoin operationbetweenthesourcesusingtreeedit
distance(TDIST) asa join predicateappliedonpairsof subtreesof
theXML documents,correspondingto thesubelementsthatneed
to bematchedin theXML documents.For simplicity of exposition,
we assumein thispaperthatentiredocumentsneedto bematched.
More formally:

DEFINITION 3 (APPROXIMATE TDIST JOIN). Given two XML
data sources, V � and V � and a distance threshold W , let TDIST �$� � �"� � �
be a function that assesses the tree edit distance between two doc-
uments ��� 
 V#� and �*� 
 V�� . The approximate join operation be-
tween two sourcesof XML documents reports in the output all pairs
of documents �$� � �"� � � 
 V �YX V � such that TDIST �$� � �Z� � � O W .

Variantsof thisbasicproblemarealsopossible;for examplewe
might requirethe distancebetweentwo XML documentsto be in
a rangeof userspeci�ed distancethresholds.Our algorithmscan
provide solutionsto thesevariantsof theproblemaswell. We will
suppressthisdiscussionfor brevity. TDIST asde�ned assumesedit
operationsof unit cost.Incorporatingthecapabilityto assessstring
edit distancebetweenstring nodelabelsinto TDIST, canbe per-
formedby evaluatingtheedit distance������� , betweentwo nodela-
belsof string type. Theedit function <���� canbemodi�ed for this
purposeto assess������� betweentwo nodes,whenever thesenodes
have stringlabels(e.g.,CDATA,PCDATA etc).Since������� is a met-
ric, the metric propertiesof function <���� are preserved (a prop-
erty requiredby ourproposal).Handlingedit operationson strings
is an additionalfunctioncall in thetreeedit distancecomputation,+-'�����0/$1U,"��� whenever thenodeshave stringlabels.This way of in-
corporatingstring edit distancein our framework doesnot affect
our algorithmsor their correctness.In a similar fashion,anontol-
ogyhierarchycanbeincorporated,matching/comparingtagnames.
In orderto simplify thepresentationin theremainderof thispaper,
editoperationsareassumedto beunit cost.

ExecutinganapproximateTDIST join operationef�ciently faces
two main challenges.First, evaluationof the TDIST function be-
tweentwo documentsis a very expensive operation;in the worst
caseit is an ����6\[�� operationfor treesof size ����6�� . Clearly, even
for smallvaluesof 6 , straightforwardevaluationof thefunctionis
computationallyprohibitive. Second,traditionalwisdomin join al-
gorithms(sortmerge,hashjoins etc)doesnot extendeasilyin this
applicationdomain.Novel join processingtechniquesarerequired
to dealwith theintrinsic complexities of approximatematchingof



XML documents.

Overview of our approach. We will presentour proposalin the
following steps:� Wewill developlowerandupperboundsfor theTDIST func-

tion (Section4). Theseboundsarecomputationallylessex-
pensivethantheevaluationof TDIST andthey serve asa ba-
sisfor signi�cant reductionin theoverall computationcosts.
We canutilize theseboundsto designinexpensive �lters for
TDIST. Applicationof ourboundsprovidesa fastway to de-
cide if the applicationof TDIST to a pair of documentsof
interestis within our distancethreshold. For example,the
pair can be dismissedif the boundsindicatethat it is not,
saving theexpensiveTDIST evaluationon thepair.� We will present(Section5) algorithmsfor evaluatingjoins
betweenpairsof XML datasourcesutilizing our boundsfor
TDIST. AlthoughboundingTDIST canreducethecomputa-
tion for asinglepair, onehasstill to improveontheoverhead
of examiningall pairsof documents.We developsampling
basedalgorithmsfor this problem. Our algorithmsguaran-
tee no false dismissalsand effectively transformthe prob-
lem of joining XML documentsto thatof performinga join
operationin a numericvectorspace.Using this transform,
alongwith our boundsandpropertiesof theresultingvector
space,we presenta family of algorithmsfor theproblemof
approximatelyjoining XML datasources(Section6). We
subsequently evaluateour proposedalgorithmstuning vari-
ousparametersof interestandobservetheircomparativeper-
formance(Section7).

All the proofsof theoremsand lemmasareomitteddue to space
limitations.

4. BOUNDING TREE EDIT DISTANCE
Computationof thetreeedit distancebetweentwo trees � �Z � ,

requirestime �����  !�����  ��L� %!�$ ]���+%!�$ ����"� (where �  87"� is the number
of nodesin tree  7 and %]�$ 7 � is thetheheightof  7 ). Given large,
deeplynestedXML documenttrees,suchacomputationalcostmay
be too high. In this sectionwe devise computationallyef�cient
techniquesto obtainboth lower andupperboundsfor TDIST. In
Section6, we will show how to usetheseboundsto solve our ap-
proximatejoin problemfaster.

4.1 Deriving Lower Bounds
Let  beanorderedlabeledtree.Let ^\-.�*�$ &� denotethepreorder

traversalof  and̂(_*1�,2�$ &� itspostordertraversal.Both ^8-'�*�$ &� and^(_*1�,2�$ `� canbeviewedasstringsover � � . For two trees � �Z � ,
LEMMA 1. If ^8-'�*�$ !�'�	�Ba^\-'�b�$ (�T� or ^�_L1U,"�$ !���c�Bd^(_*1�,2�$ ��.� ,

then  � �Be � .
Intuitively the lemmastatesthat if thereis a differencebetween
the pre�x or post�x traversalsof the trees,thentherehasto be a
differencein thetreesaswell. Therearenaturalexamplesshowing
thattherearedifferencesin thetreesthatarenotre�ectedin thetree
traversals. This is acceptablesincewe aresearchingfor a lower
bound.

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

Basedon lemmas1,2weobtainthefollowing relationshipbetween
TDIST andthestringeditdistancescorrespondingto thetwo traver-
sals:

THEOREM 1. Let  !���" �� be ordered labeled trees. Theng =*h!�$�����4^\-.�*�$ � �P�S^\-'�b�$ � �"�P�Z�U���4^(_*1�,2�$ � �P�S^�_L1�,2�$ � �"�"�O TDIST �$ � �" � �
We illustratethis boundthroughthefollowing example.

EXAMPLE 2. Consider again the trees (a),(b) of Figure 2. We
have ^\-'�b�"�$=0�"�YBdikj��Hl�m�:�n and ^�_L1U,"�"�$=0�"�9Bo�pl�jq:�n�m9i .
Similarly ^8-'�*�"�$@'�"�rBNi��Hstl�u*:�n and ^�_L1�,2�"�$@��"�vBG�Hl�:�n�u*swi .
Clearly,g =*h!�$�����4^8-'�*�"�$=0�"�P�S^\-.�*�"�$@��"�"�P���U���4^(_*1�,2�"�$=0�"�P��^�_L1�,2�"�$@��"�"�"�B g =*h]�$x��"xL�yBQx O ,+-'�����0/I1�,"�"�$=0�P�'�$@'�"�
We will denotethe lower boundof theorem1 asLBD IST �$ � �" � �
for trees !���" �� . Notice thatfor strings(preorder, postorderrepre-
sentations)of length ����68� , ������� canbecomputedin ����6 � � worst
casetime andspace.This canbesubstantiallybetterthancomput-
ing thetreeedit distancedirectly.

4.2 Deriving Upper Bounds
We constructan upperboundUBDIST of TDIST by restricting

the freedomof choicesalgorithm ,+-'�����0/$1U, haswhen computing
the optimal setof operationsto matchtwo trees. More precisely,
we will imposeadditionalconstraintson thekindsof 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.

RecallthattheminimumcostmappingJ thatalgorithm,+-'�����0/$1U,
obtainsis sibling and ancestororder preserving. For the upper
boundconstruction,we requirethatthemappingJ alsopreserves
ancestororderfor the lowest common ancestor of pairs of nodes.
For any triple ��,2��34/+�+5���,I��3 K��+5z�P�P��,"�'34/S�P5���,$�T3 K��P5z�P�'��,2��34/S{P5���,I��3 K�{25z� 
 J ,
let |;}'=���� bethelowestcommonancestorfunction. We requirethat
mappingJ respects:

CONDITION 1. , � 3 |;}'=���, � 3 / � 5��", � 3 / � 5z�I5 is a proper ancestor of,2��34/S{P5 iff ,$�T3 |;}'=���,I�T3 K��+5+�Z,I�*3 K'�"5z�I5 is a proper ancestor of ,I�T3 K'{P5 .
Intuitively, the new requirementensuresthat two distinct sub-

treesof  !� will be mappedto two distinct subtreesof  8� . These
requirementsare satis�ed by a dynamicprogrammingalgorithm
relatedto theonecomputingedit distancebetweentwo trees[16].
Algorithm �p/$1�,+/$6�}�,$ &-'�U��l9�0/$,+�H/$1�,I=06�}'� computingUBDIST be-
tweena pair of trees,is presentedin Figure3. It constructsa min-
imum costmappingbetweenthenodesof thetwo trees,respecting
the constraintsof condition1, aswell as the constraintssatis�ed
by algorithm ,�-.�����0/$1�, . For any pair of subtreesit accountsfor the
varioustypesof correspondencebetweenthetreenodepairs. The
�rst two equationsin formula(3) accountfor thecasethatexactly
oneof thenodesunderconsiderationdoesnot belongin themap-
ping; in this caseit considerstheoptimumcostto matcha descen-
dentsubtreeof thatnode.Thelastequationaccountsfor thecostof
matchingtwosubtrees(matchingtherespectiveforestsaftermatch-
ing the root nodes).Formula(2) in Figure3 is similar to formula
(3) but for thecaseof forestsin thetwo trees.Thelastequationin
formula(2) considersthecostof matchingthechildrennodesof a
pair underconsideration.Formula(1), in Figure3, keepstrackof
thiscost.

Considertheexampledepictedin Figure4. Thematchgenerated
by algorithm ,+-'�����0/I1�, is shown in dashedlines. TheTDIST com-
putedis 3. TheUBDIST computedwith algorithm



Algorithm �H/$1U,�/$6\}.,I &-'����l9�0/I,��H/I1�,$=06\}��b�$ !�'�� ��.�v~�	3;�  !�'� 5�3S�  ��*� 5 recordsdistancesof subtrees(substructures)of  v���" (�l��	3;�  !��� 5+3;�  (�T� 5 recordsdistancesbetweenchildrenof apair of nodesM�O / O �  !����� MYO K O �  (�*�
Initialize �w3 /;5�3 �25����w3 �"5+3 K�5)�\/+�SK

for / = 1 to �  !����~
for K = 1 to �  � ��~
for f = 1 to 687�~ /* thechildrenof i */
for | = 1 to 6��&~ /* thechildrenof j */

� M �"l��w3 f*5�3 |)5(B g /$6 �� �Gl��w3 fb5�3 |�� M 50���	3 �"5+3  � 3 K.� 5�5l��w3 f�� M 5�3 |)5L���	3  !�'3 /$�.5�5+3 �"5l��w3 f�� M 5�3 |�� M 5b�N�w3  � 3 / � 5)5�3  � 3 K.��5)5
���T�"�w34:y��3 /;5�5�34:!��3 K�5�5(B g /$6 �� � �w3 �25�34:!��3 KU5�5L� g /$6 �"� � �8��� ���	3 :y�'3 /)5)5�34:!�'3 K � 5)50���	3 �"5+3 :!�'3 K � 5$��w3 :y�'34/)5�5+3 �"5�� g /I6 �"�\�U�8�*� ���	3 :y��34/$�.5�5�34:!��3 K�5�50���w34:y��3 /I�'5)5�3 �25z�l��w3 6 7 5+3 6 � 5
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Figure 3: Algorithm �H/$1�,+/$6�}�,I `-.����l9�0/$,+�H/$1�,I=06�}'� computing UBDIST
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Figure 4: Examplematching betweentwo trees

�H/$1�,+/$6�}�,I `-.����l9�0/$,+�H/$1�,I=06�}'� is 5 (deleteB, deleteE, insertH, in-
sertE, relabelC to I ), however. The matchgeneratedby the al-
gorithmis shown in solid lines. Unlike algorithm ,+-'���U�0/$1�, theal-
gorithmwill not establishthematchbetweenE's sincethis would
violatecondition1. We claim thefollowing:

THEOREM 2. There exists an ����6 � � algorithm to compute the

UBDIST distance between a pair of trees with ����68� nodes each.

Proof:
It is evidentthat ��� �T���7��#� ��� �U����2�#� ����687 X 6���� O �����  ]�T� X �  ��0� �

It is easyto seethatUBDIST is re�exive andobeys thetriangle
inequality, thusit is a metric. We establishthe upperboundrela-
tionshipbetweenTDIST andUBDIST with thefollowing theorem:

THEOREM 3.

:9_*-�=�^�=0/$-�_*��,�-.����1y � �" � � TDIST �$ � �" � � O UBDIST �$ � �" � �
In this section,we have shown how to computefast lower and

upperboundsonthedistancebetweenany pairof trees.Thesemet-

rics,LBD IST andUBDIST respectively, will beusedin theef�cient
algorithmswe derive in Section 6.

5. REDUCTION INTO A METRIC SPACE
USING REFERENCE SETS

In theprecedingsectionwefocusedonthetimetakento compute
thedistancebetweentwo trees,andpresentedef�cient techniques
to boundthis distance.In this section,we will devisea technique
to minimizethenumberof pairwisedistancecomputationsrequired
to evaluatetheapproximatetreejoin of two setsof XML trees.

Let V!����V�� betwo setsof XML documenttrees,sayfrom differ-
ent datasources,betweenwhich we wish to computea join. Let��� V#�¡ tV\� bea chosensetof XML documents,which we will
referto asa reference set. We will deferdiscussionon how bestto
determine

�
until Section5.1.

Let ��7 
 V#���P�T� 
 V�� be two XML documents.We will con-
struct a vector for eachdocumentconsistingof the distancesof
eachdocumentto theXML documentsin

�
. Thiscouldbeany ar-

bitrarymetricdistancefunction,in general,andnot just theTDIST
function. To emphasizethis point, we use �0/$1U, ratherthanTDIST
in this section,eventhoughour interestis in thespecialcasewhen
thedistanceof eachdocumentto thedocumentsin

�
arequanti�ed

usingTDIST.
Let f��'�'¢'¢�¢Pf � £�� beanarbitraryorderingof the referenceset

�
.

Let ¤T7 ( ¤.� ) be thevectorfor �07 ( �T� ). Clearlyeachvectoris of di-
mensionality � � � . Furtherlet ¤ 7�¥ B¦�0/$1�,2�$� 7 �"f ¥ �P� MtOo§tO � � � ;
similarly ¤.�Z¥&BG�0/$1�,2�$�T���"f*¥��P� MqON§qO � � � . Since �0/$1U,"��� is a met-
ric, thefollowing is trueby applicationof thetriangleinequality:� M�O�§9O � � �T� ¤T74¥v�F¤.�"¥�� O �0/I1�,"�$�07I���T��� O ¤T74¥]�R¤'�"¥ (1)

Essentiallytheabove procedure“projects” documents� 7 �"� � onto
the referenceset. Provided that �0/I1�,"��� is a metric, the reference
setactsasa setof basiselementsde�ning a metricspace.Assume
thatwewishto identify if thedocuments��7 ,�T� arewithin aspeci�c
distancethreshold,say W , of eachother, that is if �0/$1�,2�$��7+�"�T��� O W .
Themetricpropertiesof �0/$1�,2��� , namelyequation1 providesa way
to reasonaboutthepair's distance.It is evident dueto equation1
thatif: ¨�© B g /I6 ¥"ª �"�(¥"� � £�� ¤ 7�¥ ��¤ �"¥ O W (2)



thenthepair is certainlywithin distanceof W . Similarly, if:| © B g =*h ¥"ª �"��¥"� � £«� � ¤ 74¥ ��¤ �Z¥ ��¬�W (3)

thenthepair cannotbe within distanceW . Thus,thepropertiesof
the metric space,constructedusing the referenceset, provide us
with additionalcapability to reasonaboutthe distancebetweena
pair of XML documents.Dependingon the relationshipof | © � ¨ ©
to W onecanconcludethat the pair is below or above the desired
thresholdwith certainty.

Clearlyaprojectionof theentireXML sourcesV � ��V � canbeob-
tainedin a similar way. For a referenceset

�
, let V�­� ( Vv­� ) denote

thesetof vectors ¤ 7 � MHO / O � V � � ( ¤ � � M®O K O � V � � ) obtained
after projectingeachdocument��7 
 V!� ( �T� 
 V�� ) onto the ref-
erenceset. For a metric �0/$1�,2��� , provided that the referenceset

�
is in memory, V ­� ��V ­� canbe obtainedwith a singlepassover the
underlyingXML datasources.Moreover, theprojectionachieved
usingthe referenceseteffectively is a “dimensionality” reduction
technique.Assumethat theaveragedocumentsizein V is ¯ ; the
originaldatavolumeis � V�� X ¯ in thiscase.After projection,usinga
referencesetof size � � � , theresultingdatavolumeis � V�� X ��� � � � M �
(weaddoneto accountfor thedocumentid recordedin conjunction
with eachvector). If � � � is smallcomparedto ¯ , thereductionin
datavolumecanbesubstantial,possiblyenablingthevectorsetsto
bememoryresident.

5.1 Choosingthe ReferenceSet
Given two setsof XML trees V � �2V � and a metric �0/$1�,2��� that

assessesthedistancebetweenelementsof thetwo sets,we seekto
identify a referenceset

�
. We would like thissetto beassmallas

possible,sincetheamountof work wedo is proportionalto thesize
of this set; yet we would like the set to generate�lters | © � ¨ © that
areasdecisiveaspossible.

Given a distancethresholdW , assumeVGB°Vv�` ±V�� is divided
into f clusterssuchthatdocumentswithin a clusterhavesmalldis-
tance(say lessthan ² � ) and documentsin different clustershave
large distance(saylarger than { ²� ). In this casewe will saythat V
is well separated. Supposewechooseonedocument� from aclus-
ter containing 6#� documentsin our referenceset. Thenany pair
of documentsin this clusteris within distancehalf the threshold
from � . We would assertby thetriangleinequalitythat thepair of
documentsconstitutea valid pair (distanceO W ) andshouldbe in
the output,saving an evaluationof �0/$1U,"��� for this pair. Thus,we
will save 6#�'��6!��� M �"³�� suchevaluationsin total. Supposethatwe
now have a pair in which onedocumentbelongsto thisclusterand
the seconddocumentis in someothercluster. Thenthe distance
of the point in the clusterand � is at most ²� ; the distanceof the
point outsidetheclusterto � is at least { ²� . Again from the trian-
gle inequalitywe canconcludethat this pair is not close(distance¬´W ), andavoid evaluating�0/$1�,2��� . This will save us 6 � ��� V�����6 � �
comparisons.We have to distinguishthe otherpairsby the other
pointsbelongingto thereferenceset.Thus:

LEMMA 3. If V is well separated the optimal strategy for con-

structing a reference set is to always choose a single point from

each of the f largest clusters.

Evenif V is well separatedinto f clusters,however, wedon't know
aprioriwhich arethe f clustersthatwe shouldchoosepointsfrom.
It is evident, however, that every time we choosea samplefrom
oneof theclusters,we have to performadditional � V�� comparisons
whenconstructingthevectors,but we alsosave a numberof com-
parisonsdue to pruning via the triangle inequality. The optimal

strategy minimizestheoverall numberof �0/I1�,"��� computationswe
perform. Let theoptimalnumberof comparisonsidenti�ed by the
optimal strategy be µ ; We will show how to identify f clusters
by sampling.Our strategy consistsof �rst choosinga sampleand
then clusteringthe sampleinto f clusterswith a clusteringalgo-
rithm of choice[8, 17]. Thefollowing theoremshowshow to iden-
tify f clustersin a well separateddatasetvia sampling,suchthat
theoptimalnumberof comparisonswe performif we usea single
point from eachof theseclustersidenti�ed asour referenceset,is� M �C�'�"µ , for �&¬N¶ . We claimthefollowing:

LEMMA 4. If V is well separated into f clusters, a sample size

of M �¡· f!� V��� ¸�¹�º � V��
is enough to identify all f such clusters with high probability.

In practice,however, althoughclusteringmight exist in the un-
derlyingdataset,wedon't expectit tobewell separated.Moreover,
clusteringalgorithmsrequirethenumberof clustersasa parameter
in theinputandstrive to derivethebestclusteringoptimizingsome
measurefunction,with respectto thenumberof clustersspeci�ed.
In ourproblemhowever, theuseronly speci�esadistancethreshold
desiredfor theapproximatejoin operation.

We build on the intuition gainedby the precedinganalysisand
we proposethe following strategy to identify the referenceset. If
the numberof points f we choosein our referenceset is known,
we derive a samplesizeas computedin lemma4. Clearly more
samplesarerequiredsincethe dataset is expectednot to be well
separated.Weperformourclusteringby repeatedlypickinga point
from thesampleandcoveringall pointswithin �� theuserspeci�ed
distancethreshold.We thenchoosethe f clusterswhich have the
largestnumberof samplepointsandpick arandompoint from each
to bein our referenceset.

If we do not know thesizeof thereferenceset,we draw a sam-
pleaccordingto lemma4, of sizeat least ��� · � V�� ¸�¹Tº � V�� � andwe
clusterto half the thresholdasbefore. We thencompute� 7 asthe
fraction of points in the �rst / clusters. As / increasesand �L7 in-
creases,we will becomparing� M �c� 7 � � 6 � pairs.Thusthenumber
of comparisonsdecreasesby ratio � M ���L7�»#�2� � ³*� M ���T7$� � andthe
sizeof the referencesetincreasesby M � M ³T/ in size. We balance
thesetwo andchoosefH¼´/¡¼�� suchthat� M �F��7)»!��� �� M �F�T7$� � ¬ //�� M
We will evaluatethisstrategy in section7.

6. APPROXIMA TE JOIN ALGORITHMS:
BOUNDS � REFERENCE SETS

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

6.1 A BaselineAlgorithm
In relationaldatabases,a well studiedsetof algorithmsfor com-

putingjoinsbetweensinglevaluedattributesexists,like hashjoins,
sort merge joins andnestedloop joins. Unfortunately, hashjoins
andsort merge joins do not carry over easily to the approximate
XML join problem,asthe join predicatemakesuseof a distance



Algorithm Bounds
for each ½ �&¾À¿��vÁ

for each ½ �Y¾H¿*��Á
if (UBDIST Â$½ �UÃ ½ ��Ä!ÅcÆ )

output( Â$½ ��Ã ½ �.Ä )
if (LBDIST Â$½ �'Ã ½ �.Ä¡ÅtÆ )

if ( Ç$È�ÉPÉ�½'Ê$Ë"Ç2Âz½ �UÃ ½ ��Ä!ÅtÆ )
output( Â$½ ��Ã ½ �.Ä )ÌÌ

Figure5: Algorithm Bounds

thresholdwhichrequiresanevaluationof anexpensivefunctionbe-
tweenevery inputpair. This featureof theproblemdeemsall algo-
rithmsthattreateachjoining attribute in isolationin their �rst step
(e.g.,hashingor sortingsingleattributes) inapplicable. A nested
loopsapproachis readilyapplicableasit examinesall pairsof in-
putdocuments.

Distancebasedjoin algorithms,proposedin the �eld of spatial
andmultimediadatabases,arealsonot easyto adaptin a straight-
forwardway,astheunderlyingdatatypeisavectorobtainedthrough
theapplicationof varioustransforms.Thereis no obviousway of
convertinga documentin isolationto a numericvector.

Given two XML datasourcesV � ��V � , a naive solution to the
approximatejoin problemwould computea nestedloop join be-
tweenthetwo sourcesevaluatingalgorithm ,+-'�����0/$1U,"�$�(7+�"�T�.�I�(�07 
V!���"�T� 
 V�� . Suchan approach,has ����� V#��� X � V\�0� � worst case
I/O complexity. Provided that eachdocumentis of size ����6�� it
invokes ,�-'�U���0/$1�, for eachpair requiring ����6 [ � time in the worst
case. Clearly suchan approachhasvery high I/O andprocessor
complexity but canserveasabaselinesolutionto thisproblem.We
referto this approachasNaive (N) in thesequel.

6.2 Impr oving the BaselineUsingBounds
A �rst improvementto the naive algorithmcanbe obtainedby

utilizing theupperandlower boundsintroducedfor TDIST. Let W
bethedistancethresholdspeci�edfor thejoin operation.Fromthe-
orem1, LBD IST �$�\�'���*��� O TDIST �$���'�"�*��� . A viableapproachis
to �rst evaluateLBD IST betweenthe pair. If LBD IST �$� � �"� � �H¬W , we can safely prunethis pair away, saving the invocationof
the expensive ,+-'���U�0/$1�,2�"¢ � function. In caseLBD IST �$� � �"� � � OW , however, the upperboundof theorem3 could provide a quick
way to decideif indeedthe pair belongsto the answerset. If
UBDIST �$�����"�*��� O W then �$���'�Z�*��� belongsto the �nal answer
and evaluating ,+-'���U�0/$1�,2�$�����"�*��� is not required. In thesecases,
the lower and upperboundscansafely determineif a pair is not
in the answerset (assuringno false negatives) or if a pair is in
fact in the answerset (assuringno falsepositives). However, if
LBD IST �$�\���"�*��� O WpÍ UBDIST �$���'���*��� thepaircannotbepruned
or de�nitely included. In this case,one hasto test if the pair is
within distanceW by executingalgorithm ,�-.�����0/$1�,2�"¢ � on the pair.
We refer to this improvementof algorithm Naive as Bounds
(B) to signify theuseof bounds.Pseudocodefor thisalgorithmis
given in Figure5. Algorithm Bounds hasthepotentialto reduce
theprocessortimeasevaluatingtheboundsis substantiallycheaper
thanevaluating,+-'�����0/I1�,"�"¢4� . Moreover, dependingonhow effective
pruningis, thenumberof ,�-.�����0/$1�,2�"¢ � computationscanbesubstan-
tially reduced.Wewill experimentallyevaluatetheeffectivenessof
these�lters in Section7.

6.3 Pruning Work with a ReferenceSet
Givena referenceset

�
, �rst useTDIST to obtain V�­� ��Vv­� . Join-

ApproximateJoinAlgorithm
Construct ¿ ­� Ã"¿ ­� using ½.ÊzË2Ç"Â Ä between
elements of ¿\��Ã"¿*� and the reference set
vectors Î 7 , corresponding to documents ½ 7

for each Î 7!¾À¿ ­� Á
for each Î �k¾�¿ ­� Á

if ( ÏrÐ�ÐLÉ"È'Ñ�ÒPÓ*Ô(½ ÅtÆ )
output( ½ 7IÃ ½ � )
if ( ÕvÒPÖrÉ2È�Ñ�ÒPÓ*Ô(½ Å±Æ )

if (TDIST Â$½ 72Ã ½ ��Ä!ÅtÆ )
output( ½ 7IÃ ½ � )ÌÌ

Figure 6: ApproximateJoin Template

ing the two datasetstakesplaceby applicationof Equation1 on
eachpair. If thelower bound | © ¬eW , thepair canbeprunedaway.
Otherwise,if theupperbound |S× O W , thepair belongsto theout-
put. In thecase| © O WwÍ ¨�© , applicationof ,�-'�U���0/$1�,2��� on thepair
of correspondingXML documentsis requiredto identify their true
distanceanddecideif thepair belongsto theoutput. In this case,
the actualdocumentsareretrieved from secondarystorage,based
ontheirdocumentidenti�ers and ,�-'�U���0/$1�,2�"¢ � is usedtoevaluatethe
actualdistance.Theadvantageof this approachis thatthebounds
computedwith Equation1 for the TDIST betweeneachpair, are
exact sinceTDIST is usedto computethe distancesto the refer-
enceset.However, thealgorithmhasto perform ��� Vv�����?� V��*� �'� � �
invocationsof TDIST to computethevectorcollectionsV�­� ��Vv­� .

We refer to this algorithmasReference Set s (RS) to sig-
nify that it usesa referenceset to project the XML datasources,
evaluating ,+-'�����0/I1�,"��� betweentheelementsof thesourcesandthe
elementsof thereferenceset;it thenutilizesthetriangleinequality
to prunetheresultspace.Theapproachcanbeinstantiatedin Fig-
ure6 using�0/$1U,]B TDIST �8Øv_*ÙÚ��-�j�_ ¨ 6��qBN| © and Ûy^T^(��-Uj�_ ¨ 6\�ÀB¨�©

from Equation1.

6.4 Applying Both Optimizations in Sequence
One can complementthe above RS algorithm by the applica-

tion of thelower andupperboundsintroducedin theorems1,3. If
the boundsobtainedby Equation1 indicatethat ,�-.�����0/$1�,2�"¢ � has
to be invokedbetweenthe pair underconsiderationto assessthe
exactdistance,onecanpossiblyavoid suchexecutionby applying
thecomputationallycheaperlower (LBDIST) andupper(UBDIST)
boundsonthepair. Only if theseboundsindicatethatthepaircould
be in the resultset,oneshouldexecute ,+-'�����0/I1�,"�"¢4� on thepair to
reacha conclusion.

Wereferto thisalgorithmasRSBounds (RSB) to indicatethe
useof TDIST in theconstructionof thevectorsetsandtheuseof
the | © � ¨ © aswell astheboundsof lemmas1,3. It cansimilarly be
instantiatedin Figure6 using �0/$1�,ÚB TDIST andapplyingboth | ©
andLBD IST for LowerBoundandboth

¨\©
andUBDIST for Upper-

Bound.

6.5 Estimating Distancesto the ReferenceSet
To lower the computationalexpenseof evaluating ,�-'�U���0/$1�,2�"¢ �

betweentheXML sourcesandthereferenceset,onecouldinstead
estimatethe distancebetweenthemusingLBD IST andUBDIST.
This hasthe potentialof reducingthe computationalexpensesof
this constructionsincewe areevaluatingmuchcheaperfunctions
betweenthe sourcesand the referenceset. However, sincethese
arebounds,oncewe usethesein a mannerthatpreventsfalsedis-



missals,weareleft with potentiallymorepairsof elementsbetween
which we haveto evaluate,+-'�����0/$1U,"��� .

During constructionof the vector sets,we constructtwo vec-
tors for eachdocument��7 . Vector ¤ �7 is a vectorpopulatedusing
LBD IST betweenthedocumentandelementsof the referenceset;
vector ¤ ×7 is populatedusingUBDIST betweenthe documentand
elementsof the referenceset. Whencomputingthe | © � ¨�© bounds,
equation1 hasto bemodi�ed to assurecorrectnessin this case(no
falsepositivesor negatives).In particular:� §�M�OC§�O � � �9� ¤ �74¥ �F¤ ×�"¥ � O �0/I1�,"�$� 7 �"� � � O ¤ ×74¥ �R¤ ×�"¥ (4)

Then

¨�©
becomesg /$6 ¥2ª �"��¥"� � £�� ¤ ×74¥ �R¤ ×�"¥ and | © becomesg =*h ¥"ª �"�(¥2� � £�� � ¤ �74¥ ��¤ ×�"¥ � . We refer to this combinedalgorithmas

RSCombined (RSC) to signify theuseof LBD IST andUBDIST
andthe applicationof the (modi�ed) | © � ¨ © boundsaswell as the
boundsof theorems1,3. Notice that this algorithm doublesthe
sizeof thevectorsets,sincetwo vectorsareconstructedfor each
document. This algorithm can be similarly instantiatedwith the
templateof Figure6.

7. EXPERIMENT AL EVALUATION
We implementedall the approachesproposedin this paper. In

this sectionwe presenta comparative studyvaryingparametersof
interest.Therearevariousparametersaffectingtheperformanceof
our algorithms,andwe conducteda comprehensive setof experi-
mentsto understandtheimpactof individual parametersto perfor-
mance.

Weusedbothsyntheticandrealdatasetsin ourexperiments.We
chooseto usesyntheticdatasetsbecauseit is easierto control the
parametersandvarythemondemandto isolateperformanceimpli-
cations. We demonstratethe strengthof our algorithmshowever,
reportingperformanceresultson realdatasets. More speci�cally
we usedthefollowing datasetsin ourstudy.� Data set A: Syntheticdata set constructedwith the IBM

XML datageneratoravailablethroughAlphaWorks. It con-
sistsof 500randomlygenerateddocuments.� Data setB: Syntheticdatasetconstructedby merging doc-
umentsfrom differentrunsof theIBM XML datagenerator.
Thisdatasetwasarti�cially constructedto contain8 clusters
of documents.It consistsof 500documents.� Real DBLP data: We report experimentalresultson the
entire conferencecollection of the DBLP databaseof size
55MB.

We �rst presentaccuracy andperformanceresultsfor theLBD IST
andUBDIST boundsto TDIST introducedin Section4. Thenwe
will presentanevaluationof thealgorithmspresentedin Section6,
varying parametersof interest. Finally, we will evaluateour pro-
posalfor the choiceof a referenceset and presentresultsof the
performanceof our algorithmson realXML datasetshighlighting
theperformancebene�tsof ourproposal.

7.1 Evaluating Bounds
Theresultsof the�rst experimentwe presentevaluatesthequal-

ity of theLBD IST andUBDIST boundsto TDIST presentedin Sec-
tion 4. Figures7(a)(b)presentthe resultsof the following exper-
iment. For datasetA, we computedthe pairwisedistancesusing
algorithm ,�-'�U���0/$1�, aswell astheboundsto TDIST usingLBD IST
andUBDIST. We computetheratio of theboundto TDIST andwe
constructa histogramof thenumberof pairsof documentsfalling
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within eachratiorange.Figure7(a)showsa histogramof thenum-
berof documentpairsversustheratio of LBD IST to TDIST. Sim-
ilarly, Figure 7(b) shows a histogramof the ratio of UBDIST to
TDIST for all pairs. We canobserve that in Figure7(a) all pairs
areabove 0.9with thebulk above 0.98.In Figure7(b) all pairsare
below 1.5 with the bulk of pairsbelow 1.2. Similar resultswere
obtainedfor the otherdatasets. From the resultsof Figure7 we
canobservethatbothboundsarereasonablycloseto theactualdis-
tanceobtainedby algorithm ,�-'�U���0/$1�,2�"¢ � . We next presentthetime
takento computetheseboundsfor variousdocumentsizes.Figure
8 presentsthetime(in logarithmicscale)requiredby all algorithms
to computethedistanceasthesizeof theXML document,in terms
of numberof nodes,increases.It is evidentthatasthesizeincreases
theboundscomputationsbecomeprogressively fasterrelativeto the
full computation,in accordancewith our analyticalexpectations.
(TheY-axisis on a logarithmicscale,andthecurvesarediverging,
with a differencealreadyof an orderof magnitudefor documents
thatare500elements).

7.2 Evaluating the ProposedAlgorithms
Therearetwo mainparametersaffectingtheperformanceof the

algorithmsproposed.In thecaseof algorithmsbasedon reference
sets,the sizeandchoiceof theset is very important. The sizeof
the set affects performancewhile building the vector collections
andthechoiceof thereferencesetmainlydeterminestheeffect on
pruningachieved. Thedistancethresholdspeci�edduringthejoin



operationaffects the performanceof baselineapproachesaswell
as the performanceof algorithmsusing referencesets. We vary
both parametersin the sequeland we observe their performance
implications.

In our �rst experiment,we investigatethe impact of the ref-
erenceset size to the performanceof the algorithmsmaking use
of referencesets. Since we wish to vary the size of the refer-
encesetarbitrarily, we selectit usinguniform randomsamplingin
this experimentandobserve the trends.Figures9(a)(b)(c)present
theperformance,asa fractionof theperformanceof Naive (N)
of thethreealgorithms(Referen ce Set s (RS), RSBounds
(RSB), RSCombined (RSC) ) asa functionof thesizeof the
referencesetfor datasetA, for variousdistancethresholds.Algo-
rithm Bounds (B) is not evaluatedin this experimentasit does
not makeuseof referencesets. Figures9(d)(e)(f) presentthe re-
sultsof thesameexperimentfor datasetB. Figure9(a)presentsthe
performanceof RS. Two observationsareevident. First the run-
time of thealgorithmincreasesalmostlinearly (to thatof N) asthe
referenceset size increases.Second,thereappearsto be a knee
in theperformancecurve for small referencesetsize.Runtimein-
creaseslinearly to Nbecausea largerreferencesetintroducesmore
comparisonswhile building thevectors.Moreover, thekneein the
curvessigni�es anoptimumreferencesetsize,around1, which is
explainedby thepropertiesof datasetA. DatasetA is synthetically
generatedandobservationof the distancesbetweenpairsappears
to beuniformly distributed.Thedataappearasif they arein a sin-
gle large cluster, thusa small samplesizeis enoughaspredicted
by lemma3. For larger referenceset sizes,the cost of building
vectorsis larger especiallyfor this algorithm,sincetheexpensive,�-'�U���0/$1�,2�"¢ � function is invokedfor this purpose.Moreover, asthe
distancethresholdincreases,largedocumentsarenotprunedaway
by theapplicationof | © ; this causeslargedocumentsto beveri�ed
using the expensive ,+-'�����0/I1�,"�"¢4� function and this dominatesthe
overall computation.

Figure9(b) presentsthe resultsfor RSB. The observationsare
similar; theadditional�ltering appliedin this algorithm,however,
achievesmoreeffective pruning. Even in the caseof a large dis-
tancethreshold,for therangeof referencesetsizesevaluatedin the
�gure, thealgorithmis muchfasterthanN (andsubsequentlyRS).
Finally, Figure9(c)presentstheresultsfor RSC. Improved�ltering
and lessexpensive computationsduring the constructionof vec-
tors,givesasigni�cant performanceadvantageto thisalgorithm.It
is muchfasterthancompetitorsandmanagesto outperformNeven
for largedistancethresholdsandvery largereferencesetsizes.

In Figures9(d)(e)(f) we presentthe resultsof thesameexperi-
ment,usingdatasetB. DatasetB is arti�cially constructedto con-
tain 8 distinctclusters.The overall performancetrendsaswell as
therelative performanceof thealgorithmsremainsthesame.How-
ever, in this case,we canclearlyseethattheoptimalreferenceset
size is around8, as predictedby Lemma3. For algorithm RSB
(andto someextentalgorithmRSC) andfor thesamevaluesof the
distancethreshold,performanceappearslinear(to thatof N) in the
sizeof thereferenceset. Thereasonis that theadditional�ltering
stepappliedwith theboundsof theorems1,3in thesealgorithmsis
very effective in thesecases.A largenumberof pairsis prunedby
these�lters asopposedto thesoleapplicationof | © � ¨ © in thecase
of RS. For this datasetthe performancebene�ts of RSCarevery
large.For all distancethresholdsandreferencesetsizes,runtimeis
below 0.2of thatof N. In addition,theoverheadimposedby larger
(or smaller)thanoptimalreferencesetsizeis notsigni�cant asthe
involvedevaluationsarerelatively cheap.

The secondexperimentwe report investigatesthe performance
of thealgorithms(B, RS, RSB, RSC) asa functionof thedistance

thresholdfor variousreferencesetsizes. Figure10(a)(b)presents
theresultsfor datasetA for a referencesetof size5 (Figure10(a))
and100 (Figure10(b)). In all casesthereis a clear“bell” shaped
curvewhichisexplainedby theimpactof different�lters appliedas
thedistancethresholdincreases.For smalldistancethreshold,the
lower boundsappliedby thealgorithmsareeffective, in thesense
thatthey canpruneaway a lot of pairsthatdon't belongto thean-
swerset. For large distancethresholdstheupperboundsaremore
effective asthey canadmita lot of pairsin theanswer, saving many
treeedit distancecomputations.Thus the performancecurvesof
all algorithmstail off in small and large distancethresholds,be-
causethe �lters areextremelyeffective. In termsof performance,
RSappearstheworstsinceits performanceis dominatedby theex-
pensive ,+-'���U�0/$1�,2�"¢ � invocationswhile constructingthevectors;in
additionpruningsolelyonthe | © � ¨ © boundsis notsoaffective, thus,+-'�����0/$1U,"��� is invokedon many pairs. Notice that B is moreef�-
cient,becauseit avoids ,+-'�����0/I1�, computationsby �rst applyingthe
boundsof theorems1,3. For the referencesetsizein Figure10(a),
theperformanceof RSBandRSCarecloseandclearlyoutperform
all other algorithms. Increasingthe referenceset size in Figure
10(b)we observethatRSBbecomesworsethanB becauserunning
time is dominatedby expensive ,�-.�����0/$1�, computationsduring the
constructionof the vectorsets. RSCappearsto be the algorithm
of choicein this caseas well. Even whenthe referenceset size
is much larger than the optimal size (in this casecloseto 1) the
algorithmcanstill outperformall competitorsbecausethepenalty
incurredby increasedcostduringconstructionof thevectorssetsin
muchsmaller.

Figures10(c)(d)presentthe resultsof thesameexperimentfor
datasetB. Overall trendsremainsimilar, with the “bell” shaped
trendexplainedasbefore;with eightclustersin datasetB, a refer-
encesetsizelessthan8 (Figure10(c)) makesRSBslightly faster
thanB, dueto lessoverheadof ,+-'���U�0/$1�, computations.RSCis still
the algorithmof choiceeven with lessthanoptimal referenceset
size. As the referenceset size increasesto 8, all algorithmsim-
prove, but RSBstartsbecomingworsethan B for small distance
thresholds,becausetheperformanceof thealgorithmis dominated
by expensive ,�-'�U���0/$1�, computations.For aneven largerreference
setsize,B becomesmuchbetter. In all cases,RSCis thealgorithm
of choice.

7.3 Evaluating ReferenceSetSelection
To demonstratetheeffectivenessof ourproposedalgorithmsand

analysisfor thechoiceof the referenceset,we conductedthe fol-
lowing experiments.For a variety of datasets,we measuredthe
responsetime asthedistancethresholdincreases,for varioussizes
of a referencesetchosenusinga randomstrategy aswell ascho-
senusing the algorithm proposedin Section5.1 for the caseof
a known referenceset size. In all cases,the proposedalgorithm
whichderivesasamplebasedonLemma4 andthenclustersto half
thethresholddistancewith aclusteringalgorithmof choice,always
outperformedthestrategy that randomlychoosesthereferenceset
of a speci�edsize. Figure11(a)presentsrepresentative resultsfor
datasetBwith areferencesetsizeof 8,showingtheperformanceof
algorithmRSC, asa fractionof thatof algorithmN, asthedistance
thresholdincreases.We canobserve that RSCis muchfasterand
the effectsof �ltering areeven morepronounced(the curve tails
off muchmorequickly) signifying the choiceof a moreeffective
referenceset. Similar resultswereobtainedfor theotherdatasets
aswell.

For the caseof an unknown referenceset size, we conducted
the following experiment.For a varietyof realandsyntheticdata
sets,givena join thresholdW we �rst draw a sampleof sizeat least



0.001

0.01

0.1

1
1 11 21 31 41 51 61 71 81 91

Reference�Set�Size

Ra
tio

�to
�N

ai
ve

k<=10 k<=50 k<=500
k<=2000 k<=3000

0.001

0.01

0.1

1
1 11 21 31 41 51 61 71 81 91

Reference�Set�Size

Ra
tio

�to
�N

ai
ve

k<=10 k<=50 k<=500
k<=2000 k<=3000

0.0001

0.001

0.01

0.1

1
1 11 21 31 41 51 61 71 81 91

Reference�Set�Size

Ra
tio

�to
�N

ai
ve

k<=10 k<=50 k<=500
k<=2000 k<=3000

(a)RS (b) RSB (c) RSC

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1 11 21 31 41 51 61 71

Reference�Set�Size

Ra
tio

�to
�N

ai
ve

k<=10 k<=50 k<=100 k<=200 k<=300
k<=500 k<=800

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 11 21 31 41 51 61 71

Reference�set�Size

Ra
tio

�to
�N

ai
ve

k<=10 k<=50 k<=100 k<=200 k<=300 k<=500 k<=800

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 11 21 31 41 51 61 71

Reference�Set�Size

Ra
tio

�to
�N

ai
ve

k<=10 k<=50 k<=100 k<=200 k<=300 k<=500 k<=800

(d) RS (e) RSB (f) RSC

Figure 9: Incr easingreferencesetsizefor datasetsA and B

����Ü Ý ¸�¹Tº � ÝC� � (for a datasetof size ����Ýt� ) andtheniteratively
computeclusters,pickingthereferencesetsizeusingLemma4. We
thencomparedthe referencesetsizesocomputedwith theknown
optimalsetsize(in thecaseof syntheticdatasets)or with theone
estimatedby observationof performancecurves. In all cases,the
referencesetsizewe selectis very closeto theoptimal one. Fig-
ure11(b)showstheoutcomeof thisexperimentfor datasetB. The
datasetcontains8 well separatedclustersandwe reportthenum-
ber of referencesetpointsour algorithmcomputesas a function
of thedistancethresholdW . For a rangeof W valuesthe reference
setsizeselectedis very closeto theoptimal. As W increases,the
sizecomputedby thealgorithmbecomessmaller. Thisis explained
by observingthedistribution of documentdistancesin thedataset.
Theminimumdistancebetweenclustersis around250in this data
set. Thus,twice above this threshold,theclusterscomputedin the
samplecomparedwith theonesin theoriginal datasetstartto mix
andasa resultthereferencesetsizereporteddrops.However, con-
trastingthisrangeof W valuesandreferencesetsizewith theperfor-
mancecurvesreportedin Figure9(f), we observethatin this range
a suboptimalreferencesetsizehaslittle impactin performance.

7.4 PerformanceResultson RealData
The experimentspresentedestablishedthe performanceadvan-

tagesof algorithmRSCfor a wide rangeof parametersaffecting
theperformanceof thealgorithms.We usedsyntheticdatasetsin
orderto havethebene�t of �e xibility in settingtheseparameters.In

thissection,wepresentresultsontheperformanceof thisalgorithm
usingreal datasetsof large size. In particularwe presentperfor-
manceresultsfor a self join operation,for varying thresholdsfor
theDBLPdataset.RunningNonthisdatasetis terribly inef�cient.
Ourcalculationsindicatethatit would takemorethan81 dayson a
highendmachineto performaself join ontheentiredataset.Thus,
we�rst presentcomparativeresultsfor asubsetof DBLPrecordsin
Figure12(a). To keepthe subsetsmall, but eachXML document
sizeable,we constructthesubsetby groupingtogetherall theXML
documentscorrespondingto publicationsin thesameconference,
into a singledocument.We selecta subsetconsistingof 100con-
ferences.TheresultingXML datasetis of size2.2MB.In thiscase,
Nrequiresapproximately3.5hoursto complete.The“bell” shaped
curve is evident and is explaineddue to the effect of �ltering as
before.Clearlytheperformancebene�tsof theproposedalgorithm
arevery large. Figure12(b) presentstheperformanceof RSCfor
the entireDBLP datasetas a function of the distancethreshold.
Thesizeof the referencesetfor eachvalueof thedistancethresh-
old, is computedusingour proposalin Section5.1. Responsetime
increasessmoothlywith increasingdistancethreshold.

8. CONCLUSIONS
Theprojectedprevalenceof XML will inevitably impactseveral

dataintegration applications.To this end, in this paper, we con-
sideredmetricsfor quantifyingdistancebetweenXML documents
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Figure 10: Incr easingdistancethr eshold

andsubsequently proposedalgorithmsto performjoin operations
betweenXML datasourcesbasedonthesemetrics.

Our work makesthe following speci�c contributions: we pro-
posedlower andupperboundsfor treeedit distancebetweenor-
deredlabeledtrees,that are computationallymore ef�cient. We
havepresentedagenerictechniquebasedonthenotionof reference
setsthat canbeusedto processjoins betweenXML datasources.
We presentedthisapproachalongwith ananalysison theselection
of thereferenceset.A particularappealingfeatureof our proposal
is that it canincorporateany proposalquantifyingdifferencesbe-
tweentreesaslongasit is ametric.Althoughwechooseto useour
techniquein conjunctionwith treeedit distancebecauseof its gen-
eralityandwideacceptance,any othermetricthatis moremeaning-
ful in a speci�c applicationcontext canbeapplied.Combiningour
boundswith propertiesof theresultingmetricspace,we proposed
variousalgorithmsfor processingapproximateXML joins andwe
experimentallyquanti�ed theperformancetradeoffs.

Several issuesfor further exploration and experimentationare
raisedby thiswork. First,dueto thegeneralityof ourdistancejoin
framework, it would be worthwhile to incorporatein our frame-
work andexperimentwith otherdistancemetricsaswell, capable
of quantifyingdistancebetweenXML documents.It would be in-
terestingto understandthe impactsboth in performanceas well
as quality of the resultsobserved in speci�c applicationscenar-
ios. Second,indicieshave beentraditionallyappliedin databases
to speedup the performanceof variousdatabaseoperations.To-
wardsthis directionit would be worthwhile to explore the appli-

cation of various indexing schemesproposedfor generalmetric
spaces[14][4] to the approximateXML join problem. We plan
to investigatethesedirectionsin our futurework in this area.
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