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Abstract. New XML schemalanguageshave beenrecentlyproposedto replaceDocumentType Definitions
(DTDs)asschemamechanismfor XML data.Theselanguagesconsistentlycombinegrammar-basedconstruc-
tionswith constraint-andpattern-basedonesandhaveabetterexpressivepowerthanDTDs.As schemaremain
optional for XML data,we addressthe problemof schemaextractionfrom XML data.We model the XML
schemaasextendedcontext-freegrammarsandproposetheschemaextractionalgorithmthatis basedonmeth-
odsof grammaticalinference.Theextractionalgorithmcopesalsowith theschemadeterminismrequirement
imposedby XML DTDs andXML Schemalanguages.We report the testsresultof schemaextractionon a
collectionof realXML documents.

1 Intr oduction

The ExtensibleMarkup Language(XML) hasemerged as a new standardfor exchangeandma-
nipulationof structureddocuments.TheXML formatis self-describing;XML documentscomprise
hierarchicallynestedcollectionof elements,whereeachelementcanbeeitheratomicor complex,
i.e, a sequenceof nestedsub-elements.The internalstructureof XML documentsis describedby
DocumentType Definitions(DTDs) which arethe de factostandardXML schemelanguage[28].
DTDsprovidebasiccapabilitiesfor definingtheelementcontentsin theform of regularexpressions.
Validationof anXML documentis reachedby matchingof elementcontentstringsagainstelement
contentmodelsin a DTD. Theknowledgeof XML schemais difficult to underestimate;it playsa
principal role in the XML datamanagement,including thequeryformulation,queryplanningand
storage[10,27].
Initially designedfor documentmanagementapplications,DTD capabilitiesappearto belimited, in
bothsyntaxandexpressive power, for widerapplicationdomains.As result,a numberof new XML
schemalanguages,includingDSD,SchematronandXML Schema,have beenrecentlyproposedby
theXML community[8,16,20].BeyondusingXML syntax,theselanguagesextendtheDTD model
with novel importantfeatures,suchassimpleandcomplex types,rich datatypesets,occurrencecon-
straintsandinheritance.Featuresof thenew schemaproposalshave beencomparedandclassified
in [18]. All languagesinitially follow a certainconceptualapproach,suchasgrammar-basedonein
XML Schemaor pattern-basedin Schematron.However, mostof themrecognizetheimportanceof
integratingdifferentconstructionsandoftenproposea multi-conceptualsetof features.As an ex-
ample,XML Schemalanguageextendsthegrammaticalconstructionswith a largesetof constraints
andpatterns[5,8,14].
Problem statement.Despitethe importanceof schemainformation,schemadefinitionsare not
obligatoryin XML documents.Thisraisestheproblemof extractingtheschematicinformationfrom
XML documents. Theextractionoftenrequirescertaingeneralizationof inputdata;in theidealcase,
theextractedschemashould,oneoneside,tightly representthedata,andbeconciseandcompact, on
theotherside.As thetwo requirementsessentiallycontradicteachother, findinganoptimaltradeoff
is a difficult andchallengingtask.
Among existing conceptualapproachesto the XML schema,the grammar-basedoneseemsto be
morepromisingfor theschemaextraction,asit canbenefitfrom a multitudeof methodsdeveloped
by thegrammaticalinferencecommunity[4,30]. In ourapproach,wedo follow thegrammar-based
schemaextractionandwewill alignouralgorithmwith theXML Schemalanguage.
Automaticschemaextractioncanbehighly helpful in a numberof situations.First, it canbeused
for realworld XML datawith complex structure; for suchdata,DTD designis a difficult anderror-
pronework thatoftenresultsin a largenumberof badlydesignedDTDs[24]. Second,theautomatic



schemaextractioncanbebeneficialfor in mediatorandinformationintegrationsystemsthat cope
with heterogeneouscollectionsof XML documentsand may have a needin a commonschema
for all documents.Finally, the automaticschemaextractionmay assistthedesignerin theschema
definition. It canconsistin analysisof available(possiblypartial) XML dataandrefining, that is,
constrainingor loosing,theexisting schemapatternsandfindingnew ones.

1.1 Our contribution

Schemaformalism. We adopttheXML schemaformalismbasedon extendedcontext-freegram-
mars(ECFG).ECFGshave beenalreadyusedasXML schemamechanismin [21,29]. We ex-
tendthismodelby allowing rangeregular expressionsin nonterminalproductions;suchregular
expressionscombinegrammaticalforms andconstraintsfor nonterminalsandelementgroups.
We establishtheone-to-onecorrespondencebetweencomponentsof ECFGsandconstructions
of XML Schemalanguage.

Schemainferenceproblem. For theproposedschemaformalism,weaddresstheproblemof schema
extractionfrom XML data.TheECFG-basedschemamodelmakestheextractionproblemmore
complex thanin theDTD extractioncase;theformeris reducedto theinferenceof context-free
grammars,while thelatteris equivalentto theinferenceof a (finite) setof regulargrammars.
We identify threeimportantcomponentsof theschemaextractionproblem,namely, (1) induc-
tion thecontext-treegrammarsfrom XML documentsrepresentedasstructuredexamples,(2)
generalization of contentstrings into regular expressions,and (3) constraining datatypesfor
simpleXML elements.Thesecondproblemis thesameaswith theDTD extraction,but thefirst
andthird onesarerelevantto thepowerful schemamechanismsofferedby novel XML schema
languages.
For the first problem,we adoptandextendthe methodof CFG inferencefrom structuralex-
amples[26]. For thethird problem(datatypesconstraining),wedevelopanalgorithmbasedon
the subsumptionrelationshipamongelementarydatatypesin XML Schemalanguage[5]. Fi-
nally, for thesecondproblem(contentgeneralization)weproposeasolutionalternativeto those
usedfor DTD extraction[7,12]; it copeswith thedeterminismrequirementandtheoccurrence
constraintsin XML Schemalanguage.

Determinism. BothXML DTDsandXML Schemarequireaneasyvalidationof XML dataagainst
correspondingschema[14,28]. Suchan easeis definedas “determinism”andcloselycorre-
spondsto thenotionof unambiguityin the formal languagetheory[15]. Determinismcanes-
sentiallyconstrainthe power of ECFGmodel,asa large part of grammarsdoesnot provide
the feature.We studythe impactof thedeterminismrequirementon the ECFGmodelandthe
schemaextractionproblem.We distinguishbetweenhorizontaland vertical determinismthat
addresstheeaseof verticalandhorizontalnavigationin anXML documenttree.We studyboth
typesof thedeterminismanddeveloprulesfor inferring thedeterministicECFGschemafrom
XML data.

1.2 Stateof art

Semistructured data and schema. XML datamodel is a modificationof the semi-structureddata
model [22]. For semi-structureddata,schemamayhavetheformof DataGuides[13] thatrepresenta
condensedgraph-likerepresentationof semi-structureddata.A DataGuidecanbeobtainedfrom the
semi-structureddataby removing elementduplicationsandrepeatingpaths.An alternativeapproach
consistsin finding themostfrequentstructuralpatternsin a semi-structureddatabase.Thestructural
patternsin so-called”roadmaps”approach[17] canbebothcyclic andacyclic, andthey canoverlap.
Themethodproposedin [17] discoversthesetof maximallyfrequentpatterns,that is, eachpattern
in thesetoccursmorethana givenminimal number� andis not containedthatany otherfrequent
pattern.

DTD limitationsandCFGs. TheXML datamodelextendsthesemi-structureddatamodelby im-
posingtheorderontheappearanceof elementsandtheirsub-elements.Inheritedfrom SGML,XML
DTDshave beendesignedfor documentmanagementapplications.Moststraightforwardlimitations

2



of DTDsarea non-XML syntax,a limited setof datatypesandloosestructuredconstraints[19,21].
Moreover, DTDs are limited from the point of view of XML querying,asno tight DTDs canbe
inducedevenfor view queries[21]. Thepossiblesolutionto the tightnessproblemrequirestheex-
tensionof DTDswith thesub-typingandspecialization,it makestheresultingschemamodelclose
in expressive power to theXML Schemalanguage.
DTDsandfivenovelXML schemalanguages[8,16,20] havebeenrecentlycomparedin [18]. It clas-
sifiesall importantfeaturesfor definingXML schema,suchassimpleandcomplex types,elementary
datatypes,constraintsfor elements/attributevaluesandappearance,inheritance,andcompareshow
all theselanguagessupportthem.While DTDs appearto have the weakestexpressive power, the
mostpowerful languagesareXML Schema[8], Schematron[16] andDSD languages[20].

DTDsextraction fromSGML/XML. Initially, systemsfor extractingDTDs have beendesignedfor
SGML [1,3,11], they proposea quitesimpleandstraightforwardextractionmethods.Later, some
of thesesystems[11] have beenextendedto XML [7].
Themostadvancedalgorithmfor extractingDTDsfromXML documentsisproposedin theXTRACT
system[12]. Theextractionalgorithmrepresentsasequenceof sophisticatedinductionstepsin order
to induceconciseandintuitiveDTDs.It findssequentialandchoicepatternsin theinputsequences,
in orderto generalizeandfactor them,thenit appliestheMinimal DescriptionLengthprinciple to
find thebestDTD amongthecandidates.

Inferenceof regular and context-freegrammars. Grammaticalinferenceis a well-establisheddo-
main in machinelearningandartificial intelligence.Thoughthe inferenceproblemis foundunde-
cidablein thegeneralcasefor bothregularandcontext-freegrammars,thegrammaticalcommunity
hasdevelopeda numberof sophisticatedinferencemethodsand identifieda numberof language
subclassesfor which theinferenceis decidable[4,30].
For the schemaextractionalgorithm,we re-useinductionmethodsdevelopedfor context-free and
regular grammars.First, an XML datais equivalent to a structuredexample in the grammatical
inferencetheory, (structuredexampleis aderivationtreeof aCFGwith removednonterminallabels).
It makespossibleto reusetheCFGinferencefrom structuredexamplesstudiedin [25,26]. Second,
we useregular grammarinferencemethods[4] in order to generalizecontentstringsinto regular
expressions.
In thefollowing,weassumefamiliarity with basicnotionsof thelanguagetheory, includingregular
andcontext-freegrammars,finite-stateautomataandparsingambiguity[15].
Theremainderof thepaperis organizedasfollows.Section2 introducestheECFGschemaformal-
ism andtheschemainductionalgorithm.Section3 analyzesanddevelopsmethodsfor thenonter-
minal mergeduringanECFGinference.Determiningdatatypesfor simpleelementsis discussedin
Section4. In Section5, we show how to generalizecontentstringsinto rangeregular expressions.
Section6 reportstheinferenceexperimentson realXML dataandSection7 concludesthepaper.

2 Extendedcontext-freegrammars asXML schema

2.1 XML example

As example,weconsideranXML dataaboutEuropeansoccerclubs.1 It containsinformationabout
eachclub, includingthenameandsuccessesin two Europeantournaments,ChampionLeaguesand
UEFA.

<teams>
<team><name>Juventus</name>

<ChLeague>
<year>1999</year><result>semi-final</result>
<year>1997</year><result>final</result>...// 5 successesin total

</ChLeague>

1 Dataavailableathttp://www.chez.com/eurofoot/
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<UEFA>
<year>1995</year><result>final</result>...// 7 successesin total

</UEFA>
</team>
<team><name>ManchesterUnited</name>

<ChLeague>
<year>1999</year><result>winner</result>...// 4 successesin total

</ChLeague>
</team>
<team><name>Hertha Berlin</name></team>

... // 46 teamsin total
<teams>

XML Schemalanguage. XML Schemalanguage[5,8,14] offersa powerful featuresetfor defining
theinternalstructureof XML documents.For thegoalof schemaextraction,weconsideranimpor-
tantsubsetof thelanguagefeatureswilling to associatethemto componentsof extendedcontext-free
grammars.Herethefeaturesweaddress:

– elementarydatatypesfor simpleelements(with nosub-elements),
– complex typesfor complex elements(with sub-elements),
– sequenceandchoicegroupsof elements,
– occurrenceconstraintsfor elementsandgroups(MaxOccurs, MinOccurs.).

Below is theXML Schemadefinitionfor thesoccerdata;it includestheinitial elementteams, the
complex typeTeamType for team elements,andthe complex typeListType for ChLeague
andUEFA elements;MinOccurs andMaxOccurs facetsconstraintheoccurrenceranges.

<element name=’teams’>
<complexType>

<element name=’team’ type=’TeamType’ maxOccurs=’500’/>
</complexType>
<complexType name=’TeamType’>

<element name=’name’ type=’String’/>
<element name=’ChLeague’ type=’ListType’ minOccurs=’0’ maxOccurs=’1’/>
<element name=’UEFA’ type=’ListType’ minOccurs=’0’ maxOccurs=’1’/>

</complexType>
<complexType name=’ListType’>

<group minOccurs=’1’ maxOccurs=’100’>
<element name=’year’ type=’PositiveInteger’/>
<element name=’result’ type=’String’/></group>

</complexType>
</element>

In the following sections,we considerthe equivalentECFGand introducethe schemaextraction
algorithm.

2.2 Extendedcontext-freegrammars

We modelXML schemaasrangeextendedcontext-freegrammars.ECFGshave beenalreadyused
asXML schemamodelin [21,29]. Weadoptthemodelandextendit with rangeconstraintsfor both
elementsandgroupsin a schemadefinition.
Rangeregular expressionis a regular expressionover an alphabet

�
, whereeachterm is defined

with therange � �����	� of possibleoccurrences,where � and � arenonnegative integers,
��
����� , �
canbe � . Usingtherangenotation,theKleenclosure��� is equivalentto ����
������ , and ��� and ���
areequivalentto ����������� and ����
������ . For simplicity, weabbreviatetherange � � ����� as � ��� andomit
therange �!�"� . As anexample,regularexpression��#%$'&'�)(�� will bewrittenas ��#%$'&*���+�����,('��
-����� in
this notation.
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Rangeregular expressionshave the sameexpressive power as regular expressions[29], however
thereis a clearbenefitof usingthemin the schemaformalism.On oneside,rangeregularexpres-
sionsextendtheschemamodelwith occurrenceconstraintsin thesameway asmostXML schema
languagesdo.On theotherside,it promptsthedefinitionof limitedelementoccurrencesinsteadof
unlimitedonesin DTDs( ��� and ��� ), which is highly valuablefor queryformulationandoptimiza-
tion of XML datastorage[10,27].
A (range)extendedcontext freegrammar(ECFG)is definedby 5-tuple .0/1#,2436573�873:9;3�<>=6���	=6( ,
where 2 , 5 and 8 aredisjoint setsof terminals,nonterminalsanddatatypes;<>=6���	= is an initial
nonterminaland 9 is a finite setof productionrulesof the form ?A@CB for ?0DE5 , where B is a
rangeregular expressionover terms, whereoneterm is a terminal-nonterminal-terminalsequence
like =�FG=IH , where =J3%=IH�DK2 and F1DL5AMN8 . Thenotionof term is introducedhereto capturethe
well-formednessof XML [28]. In thefollowing,wewill abbreviatea term =OFP= H as Q4�SR .

XML SchemaandECFGs TheECFG-basedschemamodeladdressesthechosensubsetof features
in theXML Schemalanguagein sucha way thatany XML Schemadefinitioncorrespondsto some
extendedcontext freegrammarandviceversa.ThecorrespondencebetweenanECFG . andXML
Schemadefinition < is the following. The terminalanddatatypesets2 and 8 in . correspondto
thesetsof elementnamesandelementarydatatypesin < , respectively. Thenonterminalset 5 in .
correspondsto thesetof complex typesin < , bothnamedandabstract.Finally, productionsin . cor-
respondsto definitionsof thecomplex types.Oneproductionis asequenceor choicegroupof typed
elementsor other(nested)groups.The role of Start nonterminalin ECFGcanplay eitherelement
of namedcomplex typedefinition.Table1 summarizesthecorrespondencebetweencomponentsof
XML SchemadefinitionsandextendedCFGs.

XML SchemalanguageECFG

Elementname(tag) terminal
Elementdefinition production
Elementarydatatype datatype
Namedcomplex type non-terminal
Abstractcomplex type non-terminal
Complex typedefinition oneor moreproductions
Sequenceelementgroupsequentialpatternin aproduction
Choiceelementgroup disjunctionpatternin aproduction

Table1. CorrespondencebetweenXML SchemafeaturesandECFGcomponents.

Example1. Considerthe XML Schemadefinition for the soccerXML datain Section2.1. The
correspondingECFG . is givenby .
/T#,243�5736873:9*3'UVQXWSY	QI( , where2 = Z teams, team, name,
... [ , 5 = Z Start,TeamType,ListType[ , 8 = Z String, PositiveInteger[ , and 9 containsthefollowing
productionrules:

Start @ teams:TeamsType
TeamsType @ (team:TeamType)[0:500]
TeamType @ name:String (ChLeague:ListType)[0:1] (UEFA:ListType)[0:1]

ListType @ (year:PositiveInteger result:String)[1:100]

DTDs as ECFGs. DTDs is a particularcaseof ECFGswhereonenonterminalis assignedto one
terminal(givenby thecorresponding<ELEMENT...> definition),andthereexistsone-to-onecor-
respondencebetweensets5 and 2 . Therefore,whenextractingDTDs from XML data,thenonter-
minal set 5 is directly reconstructedfrom theterminalset 2 , andtheinferenceproblemis reduced
to thegeneralizationof contentstringsfor eachnonterminalinto aregularexpression[12].
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2.3 Determinism and extendedcontext freegrammars

By bothXML DTDsandXML Schemarequirements[14,28], parsingandvalidatinganXML doc-
umentwith a schemashouldbe deterministic,that is, validatingeachitem in the document“can
be uniquelydeterminedwithout examining the contentor attributesof that item, andwithout any
informationabouttheitemsin theremainderof thesequence”[14].
It turnsout that the determinismcan essentiallyconstrainthe power of ECFG model,as far not
every ECFGsatisfiestherequirement.As consequence,any schemaextractionalgorithmthatdoes
not considersuchimportantconstraint,wouldprovide rathera partialsolution.
Assumea parservalidatesanXML documentandobservesanopeningtag \�$^] containedin the
element� . By therequirement,two thingsshouldbedeterminedwith one-tokenlookahead.Thefirst
oneis therule for processingthecontentof element$ andthesecondoneis thevalid particlefor $
in thecontentmodel/regularexpressionof � . Thus,we distinguishbetweenvertical andhorizontal
determinism,asthey addresstheverticalandhorizontalnavigationthroughanXML datatree[19].
Here we considerthe vertical determinism,and the horizontaldeterminismwill be discussedin
Section5.
Theverticaldeterminismrequiresthatat any complex element,therule for any sub-elementshould
bedeterminedwith one-tokenlookahead.Formally, we call two terms=_��? and = H ��? H ambiguous
if =`/T= H but ?ba/c? H . Ambiguoustermsin productionsmakedifficult parsingandvalidatingXML
documents[2,29].For example,in theproduction?G/P=4�*? HVd =e�*? H�H , thecorrectchoicebetweenthe
first andsecondtermswill requirelookaheadat least2 andfurtheranalysisof productionsfor ? H and
? H�H . Ontheotherhand,theabsenceof ambiguoustermsin productionsguaranteestheverticaldeter-
minismof anECFGandwe will beusingthis asthesufficientconditionfor inferring deterministic
ECFGs.

Preposition1 An ECFG . guaranteesthe vertical determinismif no productionin . contains
ambiguousterms.

2.4 XML asstructured example

For the needof schemainference,we representXML documentsas a structured exampleof an
(unknown) ECFG.Here,structuredexampleis aderivationtreeof aCFGwith all nonterminallabels
removed[26]. Dueto theXML well-formedness,it is straightforwardto representXML documents
asstructuredexamples;in any suchtree,eachpairof openingandclosingelementtagsindicatesthe
begin andendof theelementcontentsubtree.
Structuredexamplefor thesoccerdatais givenin Figure1. Internalnodes(emptycircles)correspond
to thecomplex elements,while leavescanbeeithertags(they drive thetreeconstruction)or simple
elements(filled circles).
Presentedin thisway, wereducetheschemaextractionfromXML documentsto theECFGinference
from structuredsamples,which in turn is split into two parts,the inferenceof complex typesfor
complex elementsanddatatypesfor simpleelements.

fg hi

/teams

/namename Juventus /name name

team /team/team team

Manchester
United

teams

...

...

...

Fig. 1. ExampleXML dataasstructuralexample.
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2.5 Schemainduction algorithm overview

Theextractionalgorithmcomprisesseveralimportantsteps:

Algorithm 1. Schemaextractionfrom XML data.
0. RepresentXML documentsasset j of structuredexamples.
1. Induceanextendedcontext-freegrammar. from j :

1.1.Createtheinitial setof nonterminals5 ;
1.2.Mergenonterminalsin 5 with thesimilar contentandcontext;
1.3.Determinetight datatypesfor terminalsin . ;
1.4.Generalizecontentsetsin nonterminalproductionsin rangeregularexpressions.

2. TransformtheresultECFG . into anXML Schemadefinition < .

Below, we explain thework of Algorithm 1 on thesoccerexampledata.We startby generatingthe
initial setof nonterminals.We assignthe genericdatatypeAny 2 to all simpleelementsandlabel
eachcomplex elementin the XML treewith a uniquenonterminal.We generateproductionsfor
nonterminalsascontentsof correspondingnodes.For thesoccerdata,theinitial nonterminalset 5
hasthefollowing productions:

Step1.1.
Start @ team: ?^k team: ?ml team: ?on ...(46 teamsin total)
?^k @ name:Any ChLeague: ?op'q UEFA: ?op�r
?)l @ name:Any ChLeague: ?op's
?on @ name:Any
...
?op"q @ year:Any result:Any ... // (7 year-result pairs in total)
?op6r @ year:Any result:Any ... // (5 pairs)
?op"s @ year:Any result:Any ... // (4 pairs)
...

Thesecondstepis themergeof nonterminals.As theproductionfor <t=6���	= containsambiguousterms
with terminalteam, wemergenonterminals? k , ? l , ? n asoneswith similar context. Theresultof
mergecontainsambiguoustermswith terminalsChLeague, thuswe mergenonterminals? p'q and
? p"s . It givesthefollowingsetof productions:

Step1.2.a.
Start @ team: ? k team: ? k team: ? k ...(46 teamsin total)
? k @ name:Any ChLeague: ? p'q UEFA: ? p�r
? k @ name:Any ChLeague: ? p'q
? k @ name:Any
?op"q @ year:Any result:Any ... // (7 pairs)
?op6r @ year:Any result:Any ... // (5 pairs)
?op"q @ year:Any result:Any ... // (4 pairs)
...

Next, we observe thatnonterminals?`p'q and ?op6r have repeatingpairsof elementsyear andre-
sult, and we merge them as oneswith similar content. As result,we obtain the ECFG where
productionshave right partsin theform of disjunctionsof differentcontents.

2 Actually, Any is equivalentto theprimitive datatypeString.
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Step1.2.b.
Start @ (team: ? k )[46]
? k @ name:Any ChLeague: ? p'q UEFA: ? p'q | name:Any ChLeague: ? p'q |...
? p"q @ (year:Any result:Any)[7] | (year:Any result:Any)[5] |...

Wegeneralizetheproductionfor ?^k by factoringthetermname:Any anddetectingthatChLeague
andUEFA elementscanoccurs0 or 1 times.Then,rewriting the productionfor ?op"q requiresthe
generalizationof all contentsin onerangeregularexpression.Assumethatwecollecttrophycontents
for all 46 clubs(63 itemsin total)andthelongestcontentreports8 successesin a competition.The
tight generalizationfor ? p is therefore(year:Any result:Any)[1:8].
Finally, weanalyzethevaluesof simpleelementsname, year andresult andinducethatyear
elementhasall integervaluesandit is valuableto constrainits typeto unsignedShort. For elements
name andresult, Any is replacedwith thedatatypeString. Thefinal ECFGfor soccerXML data
is thefollowing:

Step1.4.
Start @ (team: ?^k )[46]
?^k @ name:String (ChLeague: ?op )[0:1] (UEFA: ?op )[0:1]
?op @ (year:UnsignedShort result:String)[0:8]

ComparingtheresultingECFGto theinitial onein Section2.1,onecanobserve theminimaldiffer-
ence,it concernsmainly theoccurenceranges.
In Algorithm 1, Step1.1 (initial nonterminalset)is straightforwardandStep1.4 (contentgeneral-
ization) is sharedwith the DTD extraction.Two otherimportantsteps,the merge of nonterminals
anddeterminingdatatypesfor simpleelementsarespecificto theECFGschemamodelonly. In the
following sectionswedescribeandstudythetwo stepsin detail.

3 Nonterminal merge

We assumethe initial set 5 of nonterminalsis built from a set j of structuredexamples.Whena
context-freegrammaris inferedfrom structuralexamples[26], theinductionis conductedby merg-
ing nonterminalswith equivalentcontentandequivalentcontext asfollows:
1. Content equivalence: ?E@uB and Fc@uB in 9 impliesthat ?G/
F ,
2. Context equivalence: ?
@uBvF)w and ?E@uBvx)w in 9 impliesthat Fc/
x , By3:wNDz#%5{M78�(:| .
In thecaseof ECFGs,thesetwo rulesshouldbeproperlyextended.First, they shouldcopewith the
term-basedstructureof productionsandthedeterminismrequirement.Second,thecontentequiva-
lenceconditionappearsto betoo strongasit fails to identify andmerge nonterminalswhoseright
partsaretwo differentinstancesof oneregular expression(like nonterminals? p'q and ? p�r at Step
1.2.a).Therefore,weproposeto replaceit with a weekerconditionof silimarity.
For the determinismrequirement,we implementthe conditionestablishedin Section2.3 for the
vertical determinism,it disallows ambiguoustermsin any grammarproduction.This givesus the
following generalizationof theequivalentcontext rule (2):
3. Vertical determinism (or context similarity): ?
@ B t:B w t:C } impliesthat Fc/Gx .

Merge by similar content. The merge of productionswith ambiguoustermsdescribedabove is
obligatoryandimposedby the determinismrequirement.Instead,the merge of nonterminalswith
similar contentmaybeoptionalandrequirestheintroductionof a metricthatcancontrol themerge
accordinglyto theuser’sperception.
Consideragainthesoccerexampleanddenoteelementsyear,result anddatatypestring as ~ ,
� and � , respectively. Thennon-terminals?`p'q`@ (y:s r:s)[7] and ?`p�r�@ (y:s r:s) ����� , arelikely that
their right partsareinstancesof therangeregularexpression(y:sr:s)[l:r ] andthereforetheusermay
want to merge ? p'q and ? p�r . Below we proposea methodfor merging nonterminalswith different
but similar contents.
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We considertwo contentsasstringsover terminalalphabeth2 andthuswecanusethevectorspace
model(VSM) to measurethe string similarity [9]. We generalizethe VSM modelby considering� -gramsin contentstrings,where � -gramis a sequenceof � consequentelementsin the content,� /��S3���3���3��!��� .We denotethesetof � -gramsin a contentstring � as ���t#%�J( . If theterminalset 2 has�

elements,thentheremaybeup to �-# � � ( � -grams.We count � -gramsfor thecontentstring & and
represent& asa normalizedvector &�/TZ;&��:[ , ��/���36��3J����� of � -gramfrequencies,�b&���/�� .
The similarity measure betweentwo contentstrings &;k and &'l is given by � ( &;k , &	l ) = ��&�� k`� &�� l
which is interpretedasthe cosineof the anglebetween&�k and &	l in the multi-dimensionalspace.
Sinceeachcontentvector is normalized,then � ( &�k , &'l ) is normalizedtoo. Two contents&;k and
&'l areconsideredsimilar if � ( &�k;3�&'l'(�]�=6� , where 
���=6����� is a thresholdvaluesetby user.
Thechoiceof =6� is important;valuescloseto 0 mayresultin merging mostof nonterminals,while
valuescloseto 1 makedifficult themergeof evenvisibly similarcontents.As experimentsshow, the
optimaltradeoff is reachedwhen =6� valuesare ��
�����3�
����;� range.
The similarity betweentwo contentstringscanbegeneralizedto thesimilarity betweennontermi-
nalswhoseright partsaredisjunctionsof contents.If nonterminalsaregivenby two disjunctionof
contents,thentheir similarity is givenby themaximalsimilarity over pairsof contentsfrom corre-
spondingconjunctions.Formally, if twononterminals?
@uB and F�@�w aresuchthat B�/
& k d & l d �����
and w�/G& H k d & H l d ����� , then

��# By3:w�(O/ � ��¡�¢�£¥¤S¦�§ ¢I¨© ¤;ª���# & � 36& H« (	�
This allowsusto rewrite thestrongcontentequivalencecondition(1) with a weakersimilarity one:
4. Content similarity: For ?G@uB and Fc@�w in

�
, suchthatM( By3Iw�(�]¬=6� , impliesthat ?
/GF .

4 Datatype inference

All simpleelementsin structuredexamplesof j areinitially labeledwith genericdatatypeAny in
orderto simplify theECFGinference.Oncethenonterminalmergeis completed,wereturnto simple
elementsin theinducedECFGandconstrainproperlytheir datatypes.For eachsimpleelement­ in
grammarproductions,we identify all valuesof ­ in the collection j andanalyzethis valueset ®
againstthedatatypeset 8 in orderto inducetheminimalrequireddatatypewhichcontainsall values
of ® .
Let ¯ and ¯ H betwo differentelementarydatatypesin 8 . Wesaythatdatatypē subsumes¯ H , denoted
¯N°c¯ H , if any valueof ¯ H (actually, thestringrepresentingthevalue)is alsoa valueof datatypē .
Then,datatypē tightly subsumes̄ H , denoted̄²±L¯ H , if ¯ subsumes̄ H andthereis nootherdatatype
¯ H�H suchthat ¯²°L¯ H�H °L¯ H .
Datatypesin set 8 form a directedacyclic graph ._³ called datatypesubsumptiongraph. Each
datatypḗ DL8 hasa correspondingnodein .)³ , anda directedarc from ¯ to ¯�H in .)³ indicates
that ¯�±�¯ H .
XML Schemalanguagesupportsa rich setof datatypes,includingmany numericdatatypes[5]. We
analyzethe datatypedefinitionsin XML Schemalanguageandbuild the correspondingdatatype
coveragegraph(seeFigure2). In thegraph,only datatypeString hasno incomingarcs,asthereis
nodatatypē�Dz8 suchthat ¯-±
µt¶�·*¸,¹vº .
Considerasimpleelement­ in aninferredECFGschemaandits valueset ® . Theminimallyrequired
datatypefor ­ is thesmallestdatatypein graph . ³ whichaccommodatesall valuesof ® . Consider
the elementyear in our soccerexample.It hasintegervaluesin the range1960-1999andany nu-
mericdatatypeof XML Schemalanguagecanaccommodatethesevalues.Thesmallestamongthese
datatypesis unsignedShortandwechooseit astheminimally requireddatatypefor year element.
We have implementedthe datatypeinferenceby using descriptionsfor all numericdatatypesin
XML Schemalanguage[5]. Descriptionfor a datatypē is given by a pair (lexical rule, range),
wherelexical rule is a lex-like regularexpressionandrangeis anumericrangeconstraint.String � is
a valid valueof ¯ if it matchesthelexical ruleof ¯ andsatisfiesits rangeconstraint.Thetablebelow
reportsdescriptionsfor someof implementednumericdatatypes.
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short

binary

string

decimal

nonNegativeInteger

unsignedInteger positiveInteger

unsignedShort

unsignedByte

byte

boolean

float/double

nonPositiveInteger

negativeInteger

integer unsignedInt

unsignedLong

time

long

int

date

Fig. 2. Datatypesubsumptiongraphfor XML Schemalanguage.

Datatype Lexical rule Range
decimal [-]?[1-9][0-9]*(.[0-9]*[1- 9])? [- � , � ]
integer [-]?[1-9][0-9]* [- � , � ]
NegativeInteger [-]?[1-9][0-9]* [- � , 1]
short [-]?[1-9][0-9]* [-32768,32768]
ByteUnsigned [1-9][0-9]* [0,126]

5 Content generalization

Thecontentgeneralizationstepin Algorithm 1 addressesthesamegoalastheDTD extractionsys-
tems,andany of existing methods[3,7,12] couldbeadoptedhere.However, two importantdiffer-
encesleadus to proposinganalternative solution.First, unlike theDTD extraction,all generaliza-
tionsfor finite contentsarecontrolledby finite occurrencerangesfor elementsandgroups,therefore,
any tight generalizationshouldbea finite regular language.
Second,we takeinto considerationthehorizontaldeterminismrequirementimposedby bothDTDs
and XML Schemalanguages[14,28]. While vertical determinismrequiresone-tokenlookahead
identificationof rulesfor sub-elements,thehorizontaldeterminismrefersto theone-tokenlookahead
determinationof rulesfor elementsin a contentmodel.For example,two regularexpressions��$ d ��&
and #%��&	(4�m� areboth ambiguousas for any valid string �z/���� H , disambiguationof the starting
element� (choicein thefirst exampleandthesequencein thesecondone)would requirelookingat
thesecondelementin thestring.
Deterministic(or one-unambiguous)contentmodelshave beenstudiedin [6] wherea formal pro-
cedurefor the verificationof regular expressiondeterminismhasbeenproposed.The verification
consistsin building correspondingfinite-stateautomatonandtestingso-calledorbit property. If the
automatonsatisfiestheorbit property, the initial regular expressionis deterministic.We re-usethe
resultsfrom [6] to thecaseof inferringdeterministicregularexpressionsfrom stringsets.
Theinput to thegeneralizationstepis agivennonterminalproduction,whichis usuallyadisjunction
of contents.As thesecontentsdo not have conflicting terms,we omit nonterminalsfrom contents
andconsiderthecontentdisjunctionasa set < of terminalstrings,<K/�Z*� d �-D�2`|»[ . Our algorithm
of contentgeneralizationcontainsfour steps:

Algorithm 2. Content generalization.
1. Generalizetheset < in theform of finite-stateautomaton;
2. Convert if necessarytheautomatoninto deterministicone;
3. Convert theresultautomatoninto correspondingregularexpression;
4. Instantiatetheresultregularexpressionby tighteningtherangesfor all Kleenstars.
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Step1. Automata generalization.First,we generalizethesampleset < in the form of finite-state
automaton.We build a finite-stateautomaton¼)?�#%<v( , calledfollow automaton, from theset � l # <v(
of all 2-gramsover thestringsfrom set < (seeSection3). Suchautomatonhas �V�T� nodes(initial
Startstateandonestatefor eachsymbolin

�
); ¼)?�#%<O( hasa transitionfrom state� to state$ if and

only if ��$oD�� l # <v( . If symbol � is thefirst symbolin string �_D�< , then ¼)?�#%<O( hasatransitionfrom
theStart stateto state� . If symbol � is the lastsymbolin strings ��DL< thecorrespondingstateis
markedasfinal state.
It is importantto note that ¼)?^# <v( providesthe tight andcompactgeneralizationfor the content
modelof < . However, it may not satisfythe orbit propertyandthereforeno deterministicregular
expressioncanbefoundfor it.

Example2. Considerthe following example <½/¾Z;��&'$	$*36��&'$	&'$'$*3�&'$'$'$»3I&'$'&'$	$'[ . We have �vl�# <v(7/
Z*��$»36��&*3�$'$*3�$'&*3�&'$�[ andthecorresponding¼)?^# <v( automatonis givenin Figure5.a).
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Fig. 3. Automatageneralizationfor thesampleset ¿KÀGÁ'Â*Ã�Ä:Ä'Å�Â*ÄIÄIÃ�Ä:Ä'ÅIÃ�ÄIÄ:Ä'Å�Ã�ÄIÃ�ÄIÄ�Æ . a) ÇyÈoÉ,¿tÊ , b) ËSÇyÈoÉ,¿tÊ , c) Instantiation
ËSÇyÈoÉ,¿tÊ with Â*Ã6Ä:Ã�ÄIÄ .

Step 2. Generalizing ¼)?^# <v( into deterministic one. If the follow automaton¼)?^# <v( doesnot
satisfytheorbit property, we furthergeneralizeit, by addingadditionaltransitionsor labelingsome
statesasfinal onesin the way that the resultautomaton,denoted̄�¼_?�# <v( , doessatisfy the orbit
property. Essentially, theorbit propertyrequiresthatfor any cycle in theautomaton,all statesin the
cycle aregates, thatis, they all areeitherfinal or not final, andthey all have thesameprecedingand
following states[6].
Thuswedetecttheminimalsetof additionaltransitionsandstatechangesin ¼)?�#%<v( thatgeneralizeit
into deterministicautomaton.Weomitdetailsof thealgorithmhere.Automaton¼)?^# <v( in Figure5.a
is generalizedinto ¯�¼)?^# <v( by markingthestatefor & asfinal, seeFigure5.b. Automaton̄�¼)?�#%<O(
satisfiestheorbit propertyandcorrespondsto thedeterministicregularexpression����# $ d &	(�� .
Step3.Conversiona finite-stateautomatainto regularexpression.WeusetheGrail software[23]
which containsthefmtore routinefor converting automaton̄�¼)?^# <v( into deterministicregular
expressions̄�ÌmÍ�# <v( .
Step 4. Instantiation of unambiguousregular expression.We finish the contentgeneralization
procedureby initiating the(infinite) regularexpression̄�Ì)Í-#%<v( , that is, by replacingall its *- and
+-rangeswith tight (finite) occurrenceranges.To instantiatea deterministicregularexpressionwith
a set < of input strings,we reusethe deterministicautomaton̄�¼)?^# <v( , obtainedat Step2. For a
givenstring � from< , the instantiationconsistsin (1) traversingthe automatonwith � , 2) marking
all occurrencesof traversingany edgein theautomatonand3) detectingtheminimal andmaximal
occurrencesfor thecorrespondingrange.
We associateeachtransitionin ¯�¼)?�#%<v( with correspondingparticlein the ¯�Ì)Í-#%<v( . As anexam-
ple, considerthe instantiationof deterministicregular expression̄�Ì)Í-# <v()/Î����#%$ d &'(�� with string
�o/
��&'$'&	$'$ . Wetraversē�Ì)Í-#%<O( with � andcounthow mucheachtransitionis traversed,theinstan-
tiationof ¯�Ì)Í-# <v( with �o/
��&'$	&'$'$ is givenin Figure5.c.It correspondsto therangeregularexpres-
sion ��#%& d $'('���;� . Having collectedtheinstantiationsfor all stringsin <¬/�Z;��&'$'$»36��&'$'&	$'$*3�&'$'$'$*3:&'$'&'$'$;[ ,
weobtaintheresulttight rangeregularexpression�V��
-���"� #%& d $'('���)�S�;� .
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6 Experiments

We have conductedaseriesof experimentsto testtheschemaextractionalgorithmproposedin Sec-
tions3-5.For tests,wehaveusedfourcollectionsof realXML documents(with theirDTDs),namely,
collectionsof Shakespeareplays,religiousworksandastronomyfilesavailableathttp://www.goxml.org/
andtheSigmodRecordarchive(availableathttp://www.dia.uniroma3.it/Araneus/Sigmod/).
We apply the schemaextractionalgorithmto all documentsin collections.Our first goal is to test
the nonterminalmerge methods(seeSection3) with the thresholdvalue =6� for contentsimilarity
varying in the range[0,1] andcomparethe result schemato correspondingDTDs. The valueof
=6� valuecontrolsthegeneralizationof input data;=6� =1 disallows mergesby thecontentsimilarity,
while =6� =0 would merge nonterminalshaving at leastonecommonsub-element(or � -gramin the
generalcase).
Figure 6 shows the performanceof the nonterminalmerge for sampledocuments:1021A.xml
from theastronomycollectionandsigmod.xml in Figure6.a,hamlet.xml from Shakespeare
collectionandbom.xml from thereligion collectionin in Figure6.b. Thefiguresplot thenumber
of nonterminalsin resultECFGsfor =6� valuesin [0,1] rangeaswell as the numberof ELEMENT
definitionsin thecorrespondingDTDs.
The right extremeof plots ( =6� = 1.0) shows the pureperformanceof thecontext similarity merge,
imposedby the vertical determinismrequirement.As the plotting shows, thevertical determinism
providesa very satisfactoryreductionof thenonterminalnumber, comparableto the sizeof corre-
spondingDTDs.In thecaseof bom.xml file, theresultsize(22nonterminals)is evenlower, for the
file containsonly 20 from 28elementsdefinedin theDTD.
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Fig.4. Nonterminalmergefor sampledocuments;a)1021A.xml andsigmod.xml, b) hamlet.xml andbom.xml.

Decreasingthresholdvaluestoward0 makeseasierthemergeof remainingnonterminalsandcanfur-
therreducetheir number;thereductionis particularlyessentialfor bom.xml file where8 elements
appearto have theequivalentdefinition(PCDATA|<i>)*. An interestingexceptionis represented
by sigmod.xml file, wherethe vertical determinismhasreachedthe maximalreductionandno
additionalmergeis possiblewith thecontentsimilarity, whatever thethresholdvalueis.
Table2 summarizestheresultsof schemaextractionfor all testedXML documents,it equallyreports
thedatatypeconstrainingfor simpleelements.Thetableconfirmsagoodperformanceof thecontext
similarity merge for documentswhich vary in both size and the initial numberof nonterminals.
Abbreviationsusedin thetablearethefollowing:

– <OÍ - numberof simpleelementsin a document,
– <OÍ ¢ - numberof simpleelementswith constraineddatatypes,<OÍ ¢ �P<OÍ ,
– x�Í - numberof complex elementsin a document,
– 5 � - initial numberof nonterminals,
– 5)Ð - final numberof nonterminals.

To checkthescalabilityof theschemaextractionalgorithm,we testit, in additionto separatedoc-
uments,on entireShakespeareandreligiouscollections(8 and4 files respectively), andcompare
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Collection Document , , ,
=0.0 =0.5 =1.0

SigmodRecordsigmod.xml 7 4 6 3143 6 6 6
Shakespeare caesar.xml 10 0 8 836 5 9 12

hamlet.xml 10 0 8 1204 6 8 11
lear.xml 10 0 8 1125 5 9 11
macbeth.xml 10 0 8 701 5 9 12
merchant.xml 10 0 8 675 6 9 13
othello.xml 9 0 7 1227 5 9 12
r and j.xml 10 0 8 891 5 9 13
titus.xml 10 0 8 806 5 10 12
all 8 files 10 0 8 7465 6 13 14

Religion bom.xml 1 0 21 504 7 10 22
nt.xml 1 0 14 293 7 9 18
ot.xml 1 0 20 998 8 11 25
quran.xml 1 0 15 132 6 9 21
all 4 files 1 0 28 1927 8 14 31

Astronomy 1005.xml 17 2 19 38 16 19 21
1021A.xml 17 0 19 388 16 21 23
1061B.xml 18 1 25 71 17 24 26
1062C.xml 18 2 21 99 16 22 22
1099.xml 18 0 19 87 16 20 23
1008.xml 17 1 21 99 15 21 22
1110.xml 18 2 19 67 16 19 20
1112.xml 17 1 20 83 17 19 22

Table2. ECFGinferenceresultsfor XML documents.

the resultsto the correspondingDTDs (seeTable2 andFigure6). Despitethe essentialgrowth in
sizeandtheinitial numberof nonterminals,thediversityof nonterminalcontentsdoesnot increase
much,andthis resultsin thenonterminalmergebehavior similar to separatefiles in thecollections
(seeFigure6.b).
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Fig. 5. Nonterminalmergefor ReligionandShakespearecollections.

Next, we testtheschemaextractionalgorithmwhenparameter� (usedfor � -gramsin the content
similarity) takesvalues1,2 and 3. The merge resultsfor hamlet.xml andbom.xml files are
shown in Figure6.aandFigure6.b,respectively.
Finally, wereporttheresultsof contentgeneralizationfor elementsin oneof thecollections,thereli-
giousone.In Table3 wegrouptheoutcomesobtainedfor =6� =1 in threeparts.Thefirst partshowsthe
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simplerangetighteningfor elementssubtitle andwitlist, etc.In thesecondgroup,simplifi-
cationis detectedfor 9 elementssuchasbktlong andbktshort which aredefinedascomplex
onesin the DTD but appearas simpleonesin all collectionfiles (this actuallyexplains the low
numberof nonterminalsin inductedschemafor thecollection).In thethird group,bothrangetight-
eningandsimplificationaredetectedfor elementscoverpg, titlepg, bookcoll, book,
sura andchapter.

ElementDTD definition Tight rangeregularexpression

subtitle (p)+ p[1-3]
witlist (witness)+ witness[3-8]
...
bktlong (#PCDATA — i)* #PCDATA
bktlong (#PCDATA — i)* #PCDATA
...
coverpg (title Ö title2)+,(subtitleÖ p)* title,title2,subtitle[2]
titlepg (title Ö title2)+,(subtitleÖ p)* title,title2,p[3]
bookcoll (book—sura)+ book[3-39],(sura[1-3],book[1-3])[0-2]
book bktlong,bktshort,epigraph?,bktlong,bktshort,bksum?,chapter[1-150]

bksum?,chapter+
sura bktlong,bktshort,epigraph?,bktlong,bktshort,(epigraph—bksum),v[3-286]

bksum?,v+
chapter chtitle,chstitle?,epigraph?,chtitle,(chstitle—chsum)?,v[3-77]Ö div[22]

chsum?,(div+—v+)
Table3. Contentgeneralizationfor elementsof thereligioncollection.

6.1 Discussion

DTD style. Oneimportantdiscoveryof conductedexperimentsis thatthemajorpartof XML docu-
mentsavailableontheWebis designedin “DTD style”,whensomeelementsplaytheroleofcomplex
types. In thesoccerdata,thecontentof elementsChLeague andUEFA do have thesamecontent;
this fact is capturedby thecomplex typeListType. Instead,with a“DTD-like” design,theXML doc-
umentis likely to have anadditionalintermediateelement,sayList, which would play the same
roleasListTypetype;thecorrespondingfragmentof DTD definitionbeingasfollows:
<!ELEMENT ChLeague (List)>
<!ELEMENT UEFA (List)>
<!ELEMENT List (year result)*>
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Deterministicmodel. Instantiationof deterministicregularexpressionscanbring surprisingresults
whentheresultingrangeregularexpressionis not longerdeterministic.As anexample,considerthe
regularexample # ���
$;�;(�� andits instantiation�-/×# �����+�����,$*��
��V�;�,('� Ø*� . Validationtheinput string
����$'$'������$ with � is non-deterministic,it requireslookahead3. Therefore,themodelof deterministic
regularexpressionstudiedfor infinite regularexpressionsin DTDsrequirescertainrefinementin the
caseof rangeregularexpressions.

Simpletypesextraction. An importantextensionof theschemaextractionis theinferenceof simple
typesfor elementswith structuredpatternsin their values.Examplesarezip andpostalcode,stock
values,bibcode,etc. Identifying the minimally requireddatatypes(seeSection4) often provides
a poor solutionin suchcases(oftenstring datatype),asit is incapableto detectany structured
patternsin the elementvalues.If found,suchstructuredpatternscanbe representedasderivation
from elementarytypesin XML Schemalanguage.

Reasonablyrequireddatatypesandrangeoccurrences.Theinductionof minimallyrequireddatatypes
andtight rangeoccurrencesworkscorrectly, whentheXML documentsremainunchangedovertime.
Unfortunately, this assumptionrarely holdson the Web,wherethe largepart of real HTML/XML
dataundergo permanentchanges.As analysesshow (SigmodRecordarchive is anexample),more
frequentchangesaretheadditionof new elementsatdifferentlevels.Asconsequence,theoccurrence
rangesappearto bemostvulnerableto eventualchanges.In the soccerexample,the root element
teamshas46 teamsandclearly, theindicatedrangeteam[46] is inadequatelytight.
Therefore,theschemaextractedfrom adocumentcollectionshouldnotbetootight, in orderto avoid
thatsmallchangeshappeningto datawouldnotbreaktheschemadown.Inducingreasonablyrequire
datatypesfor elementsinsteadof minimally requiredonesmayappearbemoreappropriate.Yet,the
inductionof suchsoft schemamight requirea statisticalanalysisof rangedistributions,in orderto
approximatepossiblechangesandestimatereasonableoccurrenceranges.Moreover, the resultof
statisticalanalysiscanbeaccurateonly in thecaseof sufficiently largesetof examples.Otherwise,
in thecaseof few samples,like onestringfor teamsin thesoccerexample,thestatisticalanalysisis
not applicableandothersolutionsareto beproposed.

7 Conclusion

Wehavedevelopedanovel schemaextractionfromXML documentsbasedonthepowerfulmodelof
extendedcontext-freegrammars.To ourknowledge,this is thefirst attemptto induceXML schema
that unifiesthe expressive power of ECFGsandthe determinismrequirement.We have identified
threeimportantcomponentsof theextractionalgorithm,namely, thegrammarinductionitself, con-
tent generalizationandtight datatypeidentification.While thesecondproblemappearsalsoin the
DTD extraction,thefirst andthird onesarerelevantto thenew schemamodel,wehaveproposedso-
phisticatedsolutionsfor eachof them.Wehavetestedtheproposedalgorithmonthesetof realXML
documentsandvalidatedtheECFGinductionmethodbasedin thecontentandcontext similarity of
nonterminals.
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