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ABSTRACT

ExtractingknowledgefromWikipediahasattractedmuchattentioninrecenttenyears.Oneofthe
mostvaluablekindsofknowledgeistypeinformation,whichreferstotheaxiomsstatingthatan
instanceisofacertaintype.CurrentapproachesforinferringthetypesofinstancesfromWikipedia
mainlyrelyonsomelanguage-specificrules.Sincetheserulescannotcatchthesemanticassociations
betweeninstancesandclasses(i.e.candidatetypes),itmayleadtomistakesandomissionsinthe
processof type inference.Theauthorspropose anewapproach leveragingattributes toperform
language-independent type inferenceof the instancesfromWikipedia.Theproposedapproachis
appliedtothewholeEnglishandChineseWikipedia,whichresultsinthefirstversionofMulType
(MultilingualTypeInformation),aknowledgebasedescribingthetypesofinstancesfrommultilingual
Wikipedia.Experimentalresultsshowthatnotonlytheproposedapproachoutperformsthestate-of-
the-artcomparisonmethods,butalsoMulTypecontainslotsofnewandhigh-qualitytypeinformation.
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1. INTRodUCTIoN

ExtractingknowledgefromWikipediahasattractedmuchattentioninrecenttenyears.Sofar,different
kindsof knowledge havebeen extracted andpublished as linkedopendataset.Oneof themost
valuablekindsofknowledgeistypeinformation,whichreferstotheaxiomsstatingthataninstance
isofacertaintype.Theseaxiomscanbedenotedastriples,eachofwhichiscomposedofaTypeOf
relationlinkingfromaclasstoaninstance,e.g.“President of the United States”TypeOf“Barack 
Obama”and“Country in Europe”TypeOf“Italy”.Typeinformationcanbenefitmanyapplications
indifferentresearchfields,suchasentitysearch(Dingetal.,2015;Tononetal.,2013),question
answering(Kalyanpuretal.,2011)andproductrecommendation(Hepp,2008).

InWikipedia,wetreatacategoryandanarticlerespectivelyasaclass1andaninstance.Thus,it
seemsthatwecanobtainthetypeinformationdirectlybytransformingtheuser-generatedsubsumption
relationfromacategorytoanarticletotheTypeOfrelationfromaclasstoaninstance.However,
thisuser-generatedsubsumptionrelationessentiallyrepresentsaTopicOfrelation,whichonlymeans
that thecategory isseenasa topicof thearticle,e.g.category“Obama Family”TopicOfarticle



“BarackObama”.SuchTopicOfrelationsareobviouslydifferentfromtheTypeOfrelationsdefined
inknowledgebases(KBs).

Inordertoovercomethisproblem,someworks(DeMelo&Weikum,2010;Suchanek,Kasneci,
&Weikum,2008)trytodiscoverthecorrectTypeOfrelationsamongtheuser-generatedTopicOf
relations.Theheuristicrulesappliedintheaboveworksaresimilar.Thecentralideaisthat“the
TopicOfrelationfromacategorytoanarticlecanbetransformedtotheTypeOfrelationfromaclassto
aninstancewithhighaccuracy,whentheheadwordnounofthegivencategoryispluralorcountable”
Thoughtheseheuristicruleshavebeenprovedeffective,theystillsufferfromthefollowingproblems:

• Theserulesarelanguagedependent,thuscannotbeusedinsomelanguages(e.g.Chineseand
Japanese),inwhichnounshavenoexplicitsingularorpluralforms.

• Theserulescannotcatchthesemanticassociationsbetweeninstancesandclasses(i.e.candidate
types),whichmayleadtomistakesandomissionsintheprocessoftypeinference.Forexample,
someclasseswithpluralheadwordnounsmaybeincorrecttypesofinstances(seeFigure1).
Besides,alltheclasseswithsingularheadwordnounsareignored,butmanyofthemarecorrect
types(seeFigure2).

Tosolvetheabovetwoproblems,weintroducealanguage-independentfeature,i.e.attributes,to
helpbuildthesemanticassociationsbetweeninstancesandclasses,andinferthetypesoftheinstances
frommultilingualWikipedia.Intuitively,givenattributes“actors, release date, director”ofacertain
instance,peoplemayinferthatthetypeofthisinstanceis“Movie.”However,givenattributes“name, 
foreign name”,peoplecannotinferthetypeoftheinstancebecausetoomanyclasseshavetheattribute
“name”or“foreign name.”Hence,weproposeanattribute-driventypeinferenceassumption:“in
Wikipedia,ifaninstancecontainsrepresentativeattributesofoneofitsclasses(e.g.“release date”
of“Movie”),theremayexistaTypeOfrelationfromtheclasstotheinstancewithhighprobability”
Inthispaper,westudyhowtoutilizeattributestoperformlanguage-independenttypeinference.It
posesthreemainchallengesasfollows:

• Data.Atfirst,weneedtogettheattributesofinstancesandthoseofclasses.Sincetheattributes
ofinstancesareexplicitlydefinedininfoboxes(seeFigure3(a))inWikipedia,wecandirectly
extract themfrominfoboxes indifferent languages.However, thequestion is:wherecanwe
extracttheattributesofclasses?

• Linguistics.TouseattributestohelpinferthetypesoftheinstancesfrommultilingualWikipedia,
weneedtogettheattributesofclassesindifferentlanguages.Canweextracttheattributesof
classeswithoutlanguage-dependentfeatures?

Figure 1. Some categories (i.e. classes) with plural headword nouns of the article (i.e. instance) “Australian cricket team in 
England in 1948”



• Model.Afterobtainingtheattributesofinstancesandthoseofclasses,wecaneasilyassociate
instanceswith theircorrespondingclassesusingsharedattributes.However, thequestion is:
howtodefineamodelbasedontheaboveattribute-driventypeinferenceassumption,toinfer
whetherthereexistsaTypeOfrelationfromoneclasstothegiveninstance?

Tohandlethesechallenges,afterextractingtheattributesofinstancesfrominfoboxes,wepresent
ageneralalgorithmincorporatingseverallanguage-independentrulestogettheattributesofclasses.
Then,weproposearandomgraphwalkmodeltocomputetheprobabilityofaTypeOfrelationexisting
betweenaclassandthegiveninstance.Finally,consideringthattheattributesofmanyinstancesare
stillincompleteormissing,foreachinstance,weapplyamethodtogetitsmostsimilarinstances,
whichalreadyhaveattributesandareusedtofurtherimprovetheproposedrandomgraphwalkmodel.

Sinceallpartsoftheproposedapproachdonotrelyonanylinguisticfeature,itcanbeapplied
indifferentlanguages,andhereweevaluateourapproachintwoimportantlanguages:Englishand
Chinese,whicharetoptwomostspokenlanguages2(includingnativeandnon-nativespeakers)allover
theworld.Englishisalsothemostwidelyusedlanguageininternationalactivities,soitisvaluable
tomineEnglishtypeinformation.SinceChineseisarepresentativelanguageinwhichnounshave
noexplicitsingularorpluralforms,testingourapproachinChinesecanverifywhetheritisableto
solvethelanguage-dependentproblemoftherule-basedapproach.Afterapplyingourapproachon
thewholeEnglishandChineseWikipedia,wegetthefirstversionofMulType(MultilingualType
Information),whichisaknowledgebase(KB)describingthetypesofinstancesfrommultilingual
Wikipedia.ComparedwithDBpedia(Bizeretal.,2009;Lehmannetal.,2015),Yago(Suchanek,
Kasneci, & Weikum, 2008; Mahdisoltani, Biega, & Suchanek, 2015) and LHD (Kliegr, 2015),
MulTypenotonlyfirstcontributesalargescaleofChinesetypeinformation,butalsocontainslots
ofnewEnglishtypeinformation.

Insummary,themaincontributionsofthisworkarelistedasfollows:

• Weproposea language-independentapproach to type inferenceof the instances indifferent
languagesfromWikipedia,whichfacilitatesmultilingualtypeinformationmining.

• Wepublishtheobtainedtypeinformation(i.e.MulType)astheopendataontheWebandprovide
threedifferentwaystoaccessthedata,includingthedownloadingofthewholedata,lookup
serviceandSPARQLendpoint.

• Wecarryoutacomprehensivesetofexperimentstoevaluateourapproach.Experimentalresults
showthat theproposedapproachnotonlyharvests the large-scale,high-qualityEnglishand
Chinesetypeinformation,butalsosignificantlyoutperformsthedesignedcomparisonmethods
intermsofprecision,recallandF1-score.

Figure 2. Some categories (i.e. classes) with singular headword nouns of the article (i.e. instance) “MySQL”



Therestofthispaperisorganizedasfollows.Section2outlinestherelatedwork.Section3
introducesourapproach,includingthedetailsofattributeextractionandtypeinformationgeneration.
Section4presentstheexperimentalresults.Section5showstheWebaccesstoMulType.Thelast
sectionconcludesthispaperanddescribesourfuturework.

Figure 3. An example of: (a) infobox; (b) infobox template



2. ReLATed WoRK

Inthissection,wereviewtherelatedworkontypeinferenceinknowledgebase(KB)construction,
typeinferenceinKBcompletion,typeinferenceofnamedentitiesandclassattributeextraction.

2.1. Type Inference in KB Construction
TypeinferenceinKBconstructionaimstoinferthetypesofinstancesfromscratch.Aueretal.(Auer
&Lehmann,2007)proposedanapproachtoinferinstancetypesusingthelocalnamesofinfobox
templatesinWikipedia.Gangemietal.(Gangemietal.,2012)proposedanapproachtoextracttype
informationfromtheabstractsofarticlesinWikipedialeveragingasetoflexico-syntacticpatterns,
disambiguatetheidentifiedtypeswithWordNet,andalignthesetypestodifferentontologies.Similarly,
Kliegr (Kliegr, 2015) also utilized Hearst patterns (Hearst, 1992) to extract types from the first
sentencesofarticlesinWikipedia,andthetypesweredisambiguatedtoDBpediaclasses.Ourpaper
isdifferentfromthem,becausewetrytoinferthetypesofinstancesfromtheexistingclasses(i.e.
categories)inWikipedia,notfromthelocalnamesofinfoboxtemplatesortheabstractsofarticles.

Themostrelevantworks(DeMelo&Weikum,2010;Suchanek,Kasneci,&Weikum,2008)
usedheuristicrulestoperformlanguage-dependenttypeinferencefromtheclassesinWikipedia.
Here,wefocusonlanguage-independenttypeinferenceoftheinstancesfrommultilingualWikipedia.
Wemakeadetailedcomparisonbetweenourapproachandtherule-basedapproachinexperiments.

2.2. Type Inference in KB Completion
TherealsoexistsomeworksoncomplementingthemissingtypeinformationinKBsusingtheexisting
typesofinstances.Nuzzoleseetal.(Nuzzoleseetal.,2012)usedtwotechniquesrespectivelybased
oninductionandabduction,exploitingthelinkstructureinWikipediatocompletetypeinformation
ofDBpediawiththeexistinginstancetypes.PaulheimandBizer(Paulheim&Bizer,2013;Paulheim
&Bizer,2014)proposedaheuristiclink-basedtypeinferencemechanismSDType,whichcanbe
appliedtoanyRDFKB.KliegrandZamazal(Kliegr&Zamazal,2016)introducedatext-mining
based approach for inferring instance types in KBs. This approach first maps classes between
differentKBsusingtheStatisticTypeInference(STI)algorithm(Kliegr&Zamazal,2014),whichis
agenericco-occurrence-basedalgorithmcalculatingthecommoninstancesofclassestosupportsuch
mappings.Then,itutilizesahierarchyofSupportVectorMachinesclassifierstoinfernewtypesof
theinstancesingivenKBs.Meloetal.(Melo,Völker,&Paulheim,2017)utilizedhierarchicalmulti-
labelclassificationtoperformtypecompletioninRDFKBs.Theirworksaredifferentfromoursin
thatweinferthetypesofinstanceswithoutleveraginganyexistingtypesofinstancesincurrentKBs.

2.3. Type Inference of Named entities
Typeinferenceofnamedentitiesisclassifyingidentifiedentitiesinthetextintoasetofpredefined
types.Manyapproacheshavebeenproposedtosolvethisproblem.BoththeFIGERsystem(Lin,
Mausam,&Etzioni,2012)andPEARLsystem (Nakashole,Tylenda,&Weikum,2013) relyon
relationalpatternstominetypeinformationwiththetypesinthegivenKB.Anotherkindofapproach
(Fleischman&Hovy,2002;Rahman&Ng,2010;Ling&Weld,2012;Yosefetal.,2012;Yosefet
al.,2013)istodesigndifferentfeaturesanddifferentclassifierstoassignthepredefinedtypesto
namedentities.FINET(DelCorroetal.,2015)generatescandidatetypesusingasequenceofmultiple
extractorsandselectsthemostappropriatetypesusingthealgorithmofword-sensedisambiguation.
Comparedwithpreviousapproaches,FINETislessreliantonaspecificKBortrainingdata.Recently,
embedding-basedapproaches(Renetal.,2016;Ma,Cambria,&Gao,2016;Abhishek,Anand,&
Awekar,2017)arepopularandtheyaimtoembedentitiesandtypesintothesamevectorspaceand
designdifferentscorefunctionstopredictwhetherthereisaTypeOfrelationbetweenthegiventype
andentity.



Theinputofthesystemsgivenintheseworksisapieceoftext,whichmaycontainnamedentities.
Thesesystemswillidentifysuchentitiesinthetextandinfertheirtypes.Differentfromthem,our
workdoesnotinfertypesoftheentitiesinagiventext.Theinputofourworkisaninstanceand
theclassesinitscorrespondingWikipediapage(Figure1andFigure2givetwoexamples),andthe
outputisthecorrecttypes(fromsuchclasses)ofthegiveninstance.

2.4. Class Attribute extraction
Acquiringattributesofclasseswithoutlanguage-dependentfeaturesisoneofthemainchallengesfor
typeinferenceinourpaper.Pascaetal.(Pasca,2007;Pasca&VanDurme,2007;Pasca&VanDurme,
2008)proposeddifferentmethodstodesignandmineextractionpatternstogettheattributesofclasses
fromWebscaledocumentsorquerylogs.Leeetal.(Leeetal.,2013)firstpresenteddifferentwaysto
extracttheattributesofinstancesandattributesofclassesfromdocuments,querylogsandKBs,and
thenfurthermappedtheattributesofinstancesintoabroadclassspace.SinceWebscaledocuments
orquerylogscannotbeeasilyobtainedandalmostalltheseedpatternsofextractionarelanguage-
specific,wecannotutilizethesemethodstoextractattributesofclassesfrommultilingualWikipedia.

3. APPRoACH

Inthissection,weintroduceourapproachforlanguage-independenttypeinferenceinWikipedia.The
wholeworkflowisgiveninFigure4.Theinputisallinstances(i.e.articles)withtheircorresponding
classes(i.e.categories)inWikipedia.Then,thepartofattributeextractionaimstoextracttheattributes
of instances from infoboxes and thoseof classeswith a general algorithm incorporating several
language-independent rules. Subsequently, the part of type information generation first acquires
eachgiveninstance’smostsimilarinstancesthathaveattributesusinganintegratedinstancesimilar
score,andthenperformstypeinferencewitharandomgraphwalkmodel.Finally,theoutputofour
approachisalarge-scaleKBoftypeinformationcalledMulType.

3.1. Attribute extraction
Sincetheattributesofinstancescanbeeasilyextractedfromtheinfoboxesintheircorresponding
Wikipediapages,wediscusshowtoextracttheattributesofclassesfrommultilingualWikipedia
withoutusinglanguage-specificfeaturesinthissection.

InWikipedia,infoboxtemplates(Figure3(b))givesanexampleofinfoboxtemplatecontaining
theattributesofclass“school”)areusedtodescribethecharacteristicsofclasses,sowetreatinfobox
templatesasoneofthesourcesforextractingattributesofclasses.Thus,wedefineanInfoboxTemplate
basedExtractionRule(IT-ER)asfollows:

Definition 1:Infobox Template based Extraction Rule(IT-ER).Given an infobox templateitand a 
class c, the local names ofitand c are respectively denoted as n(it) and n(c). All the attributes 
ofitcan be propagated to c if

◦ n(it) and n(c) are the same (ignoring case and the difference in singular and plural forms 
for some languages),

◦ or “Category:n(it)”can redirect to c,
◦ or n(it) can redirect to n(c) or n(c) can redirect to n(it).

For example, infobox template “Template:Infobox islands” and class “Category:Islands”
have the same localname“islands”. Inaddition, it isobvious to find that the singular formsof
“n(Category:Countries)” (i.e. “Country”) and “n(Template:Infobox country)” (i.e. “country”)
arethesamewhenignoringcase.Besides,ifwesubmitthequery“Category:n(Template:Infobox 
university)”toWikipedia,itcanberedirectedto“Category:Universities and colleges”.Moreover,



“n(Category:States of the United States)”canredirect to“n(Template:Infobox U.S. state)”.Since
theinfoboxtemplatesaresummarizedbythewisdomofcrowds,wearguethattheattributesinany
infoboxtemplatearecorrectandcomplete.Hence,wewillnotaddnewattributestotheclasswith
attributesextractedusingIT-ER.

Inspiredbytheinheritanceinobject-orientedprogramming(Meyer,1988)thatoneclasscan
inheritalltheattributesofitssuper-class(e.g.class“Manager”caninherittheattribute“gender”from
itssuper-class“Person”),wetrytoapplythisideatoextracttheattributesofclassesusingtheclass
hierarchy(i.e.categorysystem)ofWikipedia.Theinheritanceisreasonablewhenthereexistsastrict
isArelationbetweenclasses.Thus,wefirstcollectsetsofisArelationsbetweenclassesfromopen
knowledgebases,includingDBpedia,Yago,BabelNet(Navigli&Ponzetto,2012),WikiTaxonomy
(Ponzetto&Strube,2007;Ponzetto&Strube,2008)andZhishi.schema(Wangetal.,2014;Wu,
Wang,&Qi,2014).Eachsetcorrespondstoonelanguage.Then,weutilizethesesetsofisArelations
torefinetheclasshierarchiesofdifferentlanguages,i.e.removingtheedgesbetweentheclasses
inthehierarchieswhenwecannotfindanisArelationbetweenthem.Asaresult,eachlanguage
correspondstoarefinedclasshierarchy.Basedonsuchrefinedclasshierarchies,wedefineaTop-
DownHierarchy-basedExtractionRule(TDH-ER)asfollows:

Definition 2:Top-Down Hierarchy-based Extraction Rule(TDH-ER). If a class c has no attribute 
extracted from infobox templates, and it has super-classes with attributes, then all the attributes 
of its super-classes should be inherited by c.

Sincetheauthorsofthework(Dowty,Wall,&Peters,1981)proposethataclassistraditionallya
placeholderforasetofinstancessharingsimilarattributes(properties),somesubsequentworks(Pasca
&VanDurme,2007;Leeetal.,2013;Stojanovic,2004)leveragethisideatoextracttheattributes
ofclassesfromtheircorrespondinginstancesorsub-classes.Here,weextendthisideatoextractthe
attributesofclassesintherefinedclasshierarchiesofWikipedia.ABottom-UpHierarchy-based
ExtractionRule(BUH-ER)basedontheideaofmajorityvotingisdefinedasfollows:

Definition 3:Bottom-Up Hierarchy-based Extraction Rule(BUH-ER). If a class c has no attribute 
extracted from infobox templates, and it has hyponyms (include instances and sub-classes) with 
attributes, then the attributes can be propagated to c when they are shared by more than half 
of these hyponyms.

Figure 4. The workflow of our proposed approach



To utilize the proposed language-independent rules together, we present a general iterative
algorithm(i.e.Algorithm1giveninFigure5)forextractingtheattributesofclassesinmultilingual
Wikipedia. InAlgorithm1,givenone languageL,we first input its corresponding refinedclass
hierarchyCHL=(CL,RL)anda2-tupleTUPL=(CL,AL),whereCListhesetofallclassesintherefined
classhierarchy,RListhesetofisArelations(i.e.directededges)betweentheclassesinCL,ALrepresents
setsofattributescorrespondingtotheclassesinCL,andeachsetinALisinitializedas∅ .Subsequently,
weapplyIT-ERtoeachclassinCL(line 1).TouseTDH-ER,weneedtohandletheclassesinCHL
fromtherootnodetoleafnodes.Conversely,touseBUH-ER,weshoulddealwiththeclassesin
CHLfromleafnodestotherootnode.Therefore,weinitializethreequeues(aqueueisaFirst-In-
First-Outdatastructure):Queuetd,QueuebuandQueueas∅ (line 2),thensorttheclassesinCLby
theirmaximumdepthsinCHL(inascendingordescendingorder)(line 3),andputeachsortedclass
intoQueuetdandQueuebuinascendingorderanddescendingorder,respectively(line 4-5).Intop-
downclassattributeextractionwithTDH-ER,weonlyneedtosetthevariableQueueequaltoQueuetd,
andhandletheclassesinQueueinorder(line 7-10).Similarly,inbottom-upclassattributeextraction
withBUH-ER,wesetthevariableQueueequaltotheQueuebu,andhandletheclassesinQueuein
order(line 13-16).Weiterativelyperformtop-downclassattributeextractionandbottom-upclass
attributeextractionoverCHLuntilconvergence(i.e.TUPLstopschanging(line 11-12)and(line 17-
18)).Note that although there exist somenoise relations (i.e.TopicOf relations) fromclasses to
instances,thequalityofextractioncanstillbeguaranteedbecauseBUH-ERisappliedafterIT-ER
andTDH-ER,andbasedontheideaofmajorityvoting,alargenumberofcorrectisArelationscan
greatlyrelievethenegativeeffectofthesenoiserelationsinthisalgorithm.

3.2. Type Information Generation
Afterextractingattributesofinstancesandclasses,eachinstance,itsattributesandtheclassesinits
correspondingWikipediapagenaturallyformagraph,inwhichthegiveninstanceanditsclasses
arelinkedbysharedattributes.Tocomputetheprobabilityoftheclassbeingthetypeofthegiven
instanceleveragingthegraphstructure,wefirstproposearandomgraphwalkmodeltoinferthe
typesofeachgiveninstance.Consideringtheattributesofmanyinstancesarestillincompleteor
missing,wethenpresentamethodtogeteachinstance’smostsimilarinstancesthathaveattributes
andimprovetherandomgraphwalkmodelwiththiskindofdata.

3.2.1. Random Graph Walk Model

3.2.1.1. Graph Construction

Givenaninstancei,itmaycontainasetofattributes{ }
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graphofiisshowninFigure5.SincealltheattributesarederivedfromWikipedia,peoplearefree
tousedifferentlabelstorepresentanattributewiththesamemeaning(e.g.authorandwriter).This
mayresultintheabsenceofmanyedgesfromattributestoclasses.Hence,wegroupsynonymous
attributesusingBabelNet(Navigli&Ponzetto,2012),andifsomeclassc
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3.2.1.2. Random Graph Walk
Accordingtotheattribute-driventypeinferenceassumptiondescribedinSection1,ifaninstance
containsmorerepresentativeattributesofoneofitscorrespondingclasses,thentheclassmayprobably



bethetypeofthisinstance.Drivenbythisidea,ontheconstructedgraphofeachinstance,ifsome
classcanbereachedbymoreofitsrepresentativeattributes,thentheprobabilityoftheclassbeing
the typeof thegiven instance ishigher.Basedon thisanalysis,wedesignarandomgraphwalk
modelfortypeinferenceofeachinstance.Inthismodel,wefirstcomputetwokindsoftransition
probabilitiesbetweendifferentnodesintheconstructedgraphofthegiveninstance,andthenget
theprobabilityofaTypeOfrelationexistingbetweenaclassandthegiveninstancethroughrandom
walksoverthewholegraph.

Transition Probability Starting from the Given Instance.Givenaninstancei,thetransition
probabilityPIAfromitooneofitsattributesa

j
i intheconstructedgraphisdefinedas
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Algorithm 1. Algorithm for class attribute extraction



whereWeight( a
j
i )isthereciprocalvalueofthefrequencythata

j
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all theclasses inWikipedia.Weargue that the fewerclassesanattribute is sharedby, themore
representativethisattributeis,soifthefrequencyofa
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Transition Probability Starting from the Attributes.Givenaninstancei,towalkonestep
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where|NC|isthenumberoftheclassesthathaveedgesconnectinga
j
i intheconstructedgraph

ofi.Thisdefinitionmeansthattheclasseshavingedgesconnectinga
j
i haveanequalopportunityas

thedestination.Forexample,inFigure6,therearetwodirectededgesfromattributea3toclassesc1
andc2,sobothofthetransitionprobabilitiesPAC(a3,c1)andPAC(a3,c2)are0.5.

Withthesetwokindsoftransitionprobabilities,wedefinea2-steprandomwalkprocessover
thegraphofeachinstanceasfollows:

Figure 5. An example of the constructed graph of instance i



1. Fromaninstancei,walkarandomsteptooneofitsattributesa
j
i withthetransitionprobability
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i,( ) (Equation1).
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j
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Basedonthisrandomwalkprocessforinstancei,therandomgraphwalkmodelcomputesthe
probabilityPrgwofreachingeachclassc
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i fromiusingthefollowingformula:
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Wethennormalizealloftheseprobabilities(i.e.P i c
rgw k
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probabilityistakenastheprobabilityofaTypeOfrelationexistingbetweeneachclassandi.Ifthe
normalizedprobabilityofclassc

k
i isgreaterthanathresholdθ

1
,c
k
i willbedeterminedasatypeof

i.

3.2.2. Acquisition of Most Similar Instances
Inordertobetterinfertypesoftheinstanceswhichareshortofattributes,weleverageeachinstance’s
mostsimilarinstancesthathaveattributestoimprovetheproposedrandomgraphwalkmodel.Here,
wepresentamethodwithacontextsimilaritymetricandanexistingclassessimilaritymetricto
measurethesimilaritydegreebetweeninstances.

Context Similarity Metric.Tomeasurethecontextsimilaritydegreebetweeninstances,we
computethesimilaritiesbetweentheinstances’vectorstrainedonthewholeWikipediacorpus.Each
vectoristreatedasthecontextrepresentationofeachinstance.Iftwoinstancesappearinsimilar
contexts,thentheyareclosetoeachotherinthesamevectorspace.Inourwork,weuseword2vec
(Mikolovetal.,2013)togeneratethevectorofeachinstance.Inthetrainingprocess,eachinstance
istakenasonewordunit.Giventwoinstancesi1andi2,thecontextsimilaritymetricbetweentheir
vectorsv(i1)andv(i2)isdefinedas

CSM i i
v i v i

v i v i
( , )=

( ) ( )

| ( )| | ( )|1 2
1 2

1 2

×

×
 (4)

Thecontextsimilaritymetricisactuallythecosinesimilaritybetweentwovectorsv(i1)andv(i2).
Existing Classes Similarity Metric.Similarinstancestendtosharesimilartopics(i.e.theclasses

inWikipediapagesofinstances).Thus,giventwoinstancesi1andi2,wedefinethesetofclasses
intheWikipediapagesforeachinstanceasitsexistingclassset,andtheexistingclassessimilarity
metricbetweentwoexistingclasssetsECset(i1)andECset(i2)isdefinedas

ECSM i i
ECset i ECset i

ECset i ECset i
( , )=
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| ( ) ( )|1 2
1 2

1 2

∩

∪
 (5)

TheexistingclassessimilaritymetricisactuallytheJaccardSimilaritybetweentwosetsECset(i1)
andECset(i2).



Tobalancethetwometricsdefinedabove,wegeteachinstance’smostsimilarinstancesthat
haveattributesbymaximizingtheproductofthetwometrics.TheIntegratedInstanceSimilarScore
betweentwoinstancesi1andi2isdefinedas

IISS i i CSM i i ECSM i i( , )=( ( , )+1) ( ( , )+1)
1 2 1 2 1 2

×  (6)

Theremayexistonemetricvaluebetweeni1andi2thatequals0.Thisisproblematicbecauseit
willresultina0IntegratedInstanceSimilarScore,whichwipesoutothermetricvalueswhenthey
aredirectlymultiplied.Thus,weadd1toeachvalueofboththemetricsbeforethemultiplicationin
Equation(6).Iftheredoesnotexistaninstancei2satisfyingIISS(i1,i2)>1,theinstancei1willnot
getanysimilarinstance.

3.2.3. Improved Random Graph Walk Model
Foreachinstance,afterobtainingitsmostsimilarinstancesthathaveattributes,weleveragethisdata
torevisetheconstructedgraphandimprovetherandomgraphwalkmodel.
3.2.3.1. Graph Revision
Givenaninstancei,wereviseitsoriginalconstructedgraphbyaddingi’smostsimilarinstances
{ }

=1
s
r
i
r
t andtheirattributes.Wefirstenrichtheattributeset { }

=1
a
j
i
j
n ofiwiththeattributesofthe

obtainedmostsimilarinstances,whichresultsinanupdatedattributeset{ }
=1

+

a
j
i
j
n (n+≥n).Wethen

createdirectededgesrespectivelyfromitoeachelementin{ }
=1

s
r
i
r
t andfromeachsimilarinstance

s
r
i toeachofitsattributes.IfanewlyaddedattributeisanelementintheattributesetAck

i

ofsome
classc

k
i ,adirectededgewillalsobebuiltfromthisattributetoc

k
i .Figure6givesanexampleofthe

revisedgraphofi.
3.2.3.2. Improved Random Graph Walk
Accordingtotherevisedgraphofeachinstance,weneedtoredefinethetransitionprobabilitystarting
fromthegiveninstanceandrevisetherandomwalkprocesstoimprovetheoriginalmodel.

Revised Transition Probability Starting from the Given Instance.Givenaninstancei,when
walkingonestepawayfromi,thewalkmaygettoanattributea

j
i oroneofi’smostsimilarinstances

s
r
i .Therefore,wedefinea revised transitionprobabilityRPIA from i to a

j
i  andanew transition

probabilityPISfromitos
r
i as

RP i a P i a
IA j

i
IA j

i, = ,( ) ( )α⋅  (7)

P i s
IISS i s

IISS iIS r
i r
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, =(1- )
( , )
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( ) α ×  (8)

Where α ∈ [0,1] isaconstant, P i a
IA j

i,( ) istheoriginaltransitionprobability(Equation(1))

fromitoa
j
i , IISS i s

r
i( , ) istheIntegratedInstanceSimilarScorebetweeniand s

r
i (Equation(6)),

andIISS i( ,*) isthesumofIntegratedInstanceSimilarScorebetweeniandeachofitsmostsimilar
instances.Here,therearetwoextremecasesforthevalueofα :1)ifioriginallyhasitsownattributes



afterthestepofattributeextractionbutdoesnothavethemostsimilarinstancesthathaveattributes,
weset α=1 ;2)ifidoesnothaveitsownattributesbutdoeshavethemostsimilarinstancesthat
haveattributes,wesetα=0 .

Thesecondrevisionfortheoriginalmodelisthatweonlymodifythefirststepoftherandom
walkprocessdefinedinSection3.2.1.2.Inthemodifiedfirststep,startingfromaninstancei,the
walkmaygettoanattributea

j
i eitherbythedirectededgefromitoa

j
i withthetransitionprobability

RP i a
IA j

i,( ) (Equation(7)),orbytwostepsthroughoneofi’smostsimilarinstances s
r
i withthe

transitionprobabilitiesP i s
IS r

i,( ) (Equation(8))andP s a
IA r

i
j
i,( ) (Equation(1)).Therefore,wedefine

arevisedprobabilityRPrgwofreachingeachi’sclass c
k
i fromiitselfbasedontherevisedrandom

walkprocessasfollows:

RP i c RP i a P a c P i s
rgw k

i

j

n

IA j
i

AC j
i
k
i

r

t

IS r
i, = , , + ,

=1 =1

+

( ) ( ) ( ) (∑ ∑⋅ )) ( ) ( )∑⋅ ⋅
j

n

IA r
i

j
i

AC j
i
k
iP s a P a c

=1

+

, ,  (9)

Afternormalizingalloftheaboveprobabilities(i.e.RP i c
rgw k

i,( ) )tosumupto1,wealsoneed

tolearnathreshold θ
2

 todecidewhetherthereexistsaTypeOf relationfromtheclass ck
i  tothe

instancei.ThedetailsofparameterstrainingaregiveninSection4.1.3.

4. eXPeRIMeNTS

Inthissection,weevaluatedtheeffectivenessofourapproachfortypeinferenceandthequalityof
theobtainedtypeinformationinMulType.

Figure 6. An example of the revised graph of instance i



4.1. evaluation of the Proposed Approach
Weevaluatedourapproachontwodatasetsindifferentlanguages.Allthedatasetsandcodesused
inthisworkarepubliclyavailable3.

4.1.1. Datasets and Evaluation Metrics

• Data Sets: We randomly selected 1,000 English articles and 1,000 Chinese articles from
Wikipedia.Togeneratetheevaluationbenchmarkforeachdataset,weaskedfivegraduatestudents
tolabelwhetherthereexistsaTypeOfrelationfromeachcategory(i.e.class)tothegivenarticle
(i.e.instance).Thelabeledresultsarebasedonmajorityvoting.Thedetailsoflabeledcorrect
(orincorrect)triplesrepresentingTypeOfrelationsareshowninTable1.

• Evaluation Metrics:Aftertrainingtheparameters(willbeexplainedinSection4.1.3)inour
approachandsomeofthedesignedcomparisonmethods(willbeintroducedinSection4.1.2)
onthelabeleddatasets,weevaluatedtheresultswiththreemetrics,whichareintermsofP
(Precision),R(Recall)andF1(F1-score).

4.1.2. Comparison Methods
Inthispaper,ourapproachisbasedontheattribute-drivenrandomgraphwalkmodel(i.e.theimproved
randomgraphwalkmodelproposed inSection3.2.3.2).Wecomparedourapproach(denotedas
ARGW)withthefollowingmethods.

• Heuristic Rules(HR):Theheuristicrulesareusedinsomeworks(DeMelo&Weikum,2010;
Suchanek,Kasneci,&Weikum,2008)forinferringthetypesofinstancesfromWikipediaby
checkingwhethertheheadwordnounofthegivenclassispluralorcountable.Thisisthestate-
of-the-artmethodtoinferinstancetypesfromtheexistingclassesinWikipedia.Notethatwhen
applyingthismethodto theChinesedataset,wefirst transformedtheChinese instancesand
classesintoEnglishonesthroughthecross-languagelinksinWikipedia,andtheninferredthe
typesofinstances.

• Word Embedding (WE): For any specific language, our approach generates a vector
representationforeachinstance(introducedinSection3.2.2)usingword2vec(Mikolovetal.,
2013)ontheallWikipediaarticlesofthatlanguage.Actually,aftertraining,wegotthevector
representationforeachword,sowedenotedeachclassasthemeanvectorofthewordsineach
class.Givenaninstanceandoneofitsclasses,wecomputedthecosinesimilaritybetweentheir
vectors.Ifthesimilarityisgreaterthanafixedthreshold ² ,thentheclassisinferredasthetype
ofthegiveninstance.

• Attributes Similarity(AS):Givenaninstanceandoneofitscorrespondingclasses,thismethod
directlycalculatestheJaccardSimilaritybetweentheirextractedattributesets.Ifthesimilarity
isgreaterthanafixedthreshold ³ ,thentheclassisinferredasthetypeofthegiveninstance.

• Simplified Version of Our Approach(S-ARGW):Inthismethod,afterextractingtheattributes
ofinstancesandthoseofclasses,wereplacedtheimprovedrandomgraphwalkmodelwiththe
originalone(proposedinSection3.2.1)withoutleveragingeachinstance’smostsimilarinstances
thathaveattributes.

Table 1. The details of each dataset

Dataset #Correct Triples (percentage) #Incorrect Triples (percentage)

English 4,484(76.2%) 1,402(23.8%)

Chinese 4,972(85.8%) 821(14.2%)



4.1.3. Parameter Tuning
Intheexperiment,weapplied5-foldcrossvalidationtotrainparametersinourapproachandthe
comparisonmethods.Onekindofparametersisthethresholdsforinferringwhetherthereexistsa
TypeOfrelationfromaclasstoaninstanceinWE,AS,S-ARGWandARGW.Theotherkindisthe
constantα (inEquation(7)and(8))usedinARGW.Here,werecordedtheF1-scorewhenvarying
thethresholdβ ofWEorγ ofAS.Thevaryingprocessforbothβ ofWEand γ ofASisstarting
from0withastepsizeof0.05.Forthethresholds θ

1
ofS-ARGWand θ

2
ofARGW,weobserved

thattheyarenegativelycorrelatedwiththenumbernofclassesforthegiveninstance.Inotherwords,
themoreclassesoccurringintheWikipediapageofthegiveninstance,thegreaterpossibilityof
moretypesexistingintheseclasses,themoretypescanbetakenasdestinationsoftherandomwalk
inS-ARGWandARGW,thelowernormalizedprobabilityofreachingeachclassbytherandom
walk.Hence,werecordedtheF1-scorewhenvarying θ

1
×n or θ

2
×n with theconstant α .The

varyingprocessforθ
1
×n andθ

2
×n isalsostartingfrom0withastepsizeof0.05,andα ischanged

withastepsizeof0.1(startingfrom0.1to0.9).
Figure7showsthefinalresultsoftheparameterswhenF1-scorereachesthepeak(weomitted

someunimportantpartsofthetuningresultsduetothepoorperformanceandlimitedspace).For
WE,thethreshold β wassetto0.1onboththeEnglishandChinesedataset.ForAS,thethreshold
γ wassetto0.15and0.2ontheEnglishdatasetandChinesedataset,respectively.ForS-ARGW,
thethresholdθ

1
wassetto0.6/ nand0.75/ nrespectivelyontheEnglishdatasetandChinesedataset.

ForARGW,wesetthethreshold θ
2

=0.9/ nwiththeconstantα =0.5ontheEnglishdataset,and
θ
2

=1/ nalsowithα =0.5wereappliedtotheChinesedataset.

4.1.4. Overall Performance and Analysis
Inourapproach(i.e.ARGW)andthecomparisonmethodsWE,ASandS-ARGW,weneedtoextract
theattributesofinstancesandthoseofclasses.Here,weutilizedthestrategiesofattributeextraction
proposedinSection3.1tofinishthistask.ForeachinstancewhenapplyingARGW,toensurethe
qualityoftypeinference,weusedatmostitstop-5similarinstancesthathaveattributes.Thesesimilar
instancesareacquiredbythemethodpresentedinSection3.2.2.InanothercomparisonmethodHR,
weappliedtheheadfindingmethodproposedin(Ponzetto&Strube,2007)toparsetheheadword
nounofeachclass.Table2givestheoverallresultsofourapproachandthecomparisonmethodson
thelabeleddataset,andwecanseethat:

• ARGWoutperformsotherapproachesinalltheevaluationmetrics,whichprovesthatourapproach
canbetterperformlanguage-independenttypeinferenceoftheinstancesfromWikipedia.All
attribute-basedapproaches(i.e.AS,S-ARGWandARGW)outperformtheembedding-based
approachWE inall evaluationmetricsand the rule-basedapproachHR inprecision,which
demonstratesthepositiveimpactsofourintroducedlanguage-independentfeature:attributes.
Sincesomeinstancesandclassesareshortofattributes,someattribute-basedapproaches(i.e.
ASandS-ARGW)areworsethantherule-basedapproachHRinrecallandF1-score.However,
ourapproachARGWoutperformsHRinthesetwoevaluationmetrics,whichreflectsthevalue
ofthemostsimilarinstancesthathaveattributesfortypeinference.

• ARGWisbetterthanS-ARGWinbothprecisionandrecall.Thisisbecausetheattributesof
theobtainedmostsimilarinstancesthatcanactuallycomplementtheattributesfortwokinds
of instances.Onekind is the instances that alreadyhaveattributes,butnotcomplete.Thus,
theattributesfromthemostsimilarinstancescanhelpthiskindofinstancesinfertypesmore
accurately,whichresultsintheimprovementinprecision.Theotherkindistheinstanceswhich
havenoattribute.ARGWcanhelpthiskindofinstancesperformtypeinference,whichimproves
recall.Inaddition,ARGWandS-ARGWconsistentlyoutperformASinprecision,recalland



F1-score.Itmeansthatapplyingourproposedattribute-driventypeinferenceassumptiontotype
inferenceisreasonableandmoreeffective.

• AnotherinterestingphenomenonisthatourapproachARGWontheChinesedatasetachieves
higherprecisionthanthatontheEnglishdataset,butthecontraryholdsforrecall.According
tothestatistics,eachinstanceindatasetscangetatleastonemostsimilarinstancethathave

Figure 7. The results of parameter tuning in We, AS, S-ARGW and ARGW

Table 2. Overall results of type inference (%)

Approach
English Dataset Chinese Dataset

P R F1 P R F1

HR 83.9 53.1 65.0 89.4 48.1 62.5

WE 77.1 32.6 45.8 80.5 23.4 36.3

AS 85.2 40.3 54.7 91.8 30.8 46.1

S-ARGW 90.3 45.3 60.3 95.4 40.6 57.0

ARGW 91.7 64.3 75.6 98.1 52.8 68.7



attributes,butonlypartofclasses(86%classesintheEnglishdatasetand72%classesinthe
Chinesedataset)cangetattributesusingtheattributeextractionstrategiesinSection3.1.Hence,
lowerproportionoftheChineseclassesthathaveattributesisthemainreasonleadingtolower
recall.Besides,wefoundthateachattributeisaveragelysharedbydifferentnumberofclassesin
Wikipediaofdifferentlanguages(718classesonaverageperattributeinEnglishWikipediaand
77classesonaverageperattributeinChineseWikipedia).Ourattribute-driventypeinference
assumptionreliesonrepresentativeattributesofeachclass,andthefewerclassesanattribute
issharedby,themorerepresentativethisattributeis(reflectedinEquation(1)).Thus,higher
averagenumberofclassesperattributeinEnglishWikipedialeadstolowerrepresentativeness
ofattributes,whichmayaffecttheprecisionofARGWontheEnglishdataset.Italsoindicates
thatourapproachcanbefurtherimprovedincomputingtherepresentativenessofattributesfor
eachclass.

4.2. evaluation of MulType
Withtheempiricaltunedparametersonthelabeleddatasets,weappliedourproposedapproachto
thewholeEnglishandChineseWikipedia.Thus,weobtained7,571,009differentEnglishTypeOf
relationsand400,349differentChineseTypeOfrelations.Theserelationsweredenotedastriples
toconstituteaKBcalledMulType.Weanalyzedtheaccuracyofthetypeinformationindifferent
languages,gavetheexecutiontimeforallpartsofourapproachtogenerateMultype,andcompared
MulTypewithotherKBs.

4.2.1. Accuracy of the Type Information in MulType
Since there are no ground truths available, we cannot verify the type information in MulType
automatically.Atthesametime,duetothelargenumberoftypeinformation,itisalsoimpossible
toevaluatethemmanually.Therefore,wedesignedasamplingstrategyandalabelingprocessto
approximatelyevaluatethecorrectnessofthetypeinformationinMulType.

Sampling.GivenallthetypeinformationofsomelanguageL,samplingaimstoextractasubset
oftypeinformation(calledsamples)whichcanrepresentthedistributionofthewholegivendata.We
firstrandomlyselected100instancesfromallinstancesoflanguageL.Then,thesamplesoflanguage
LconsistofthetriplesrepresentingtheTypeOfrelationsbetweentheselectedinstancesandtheir
correspondingclasses.ThissamplingstrategyissimilartothatofYago.

Labeling.WeusedthesimilarlabelingprocessasthatusedinYagoandZhishi.schema.Five
graduatestudentswereinvitedtoparticipateinthelabelingprocess.Eachannotatorhasthreechoices
namely“Correct”,“Incorrect”and“Unknown”tolabeleachsample.Aftereachstudentlabeledall
thesamples,wecomputed1)theFleiss´Kappatoevaluatetheannotationconsistence(Fleiss,1971);
2)theaverageprecisionwiththeWilsoninterval(Brownetal.,2001)at ±=5%togeneralizeour
findingsonthesamplestothewholetypeinformationoflanguageL.

Weapplied the sampling strategyand the labelingprocess to theEnglishandChinese type
informationinMulType.Thefollowingresultsshowthehighaccuracyoftheinferredtypeinformation
inMulType:

• Accuracy of English Type Information.Given100randomlyselectedEnglishinstances,we
got582 samples in total.After labeling, the averagenumberof “Correct”votes is 534, the
precisionachieves91.42% ± 2.25%andtheFleiss´Kappais0.796.

• Accuracy of Chinese Type Information.Given100randomlyselectedChineseinstances,we
got641samples.Theaveragenumberof“Correct”votesis622,theprecisionis96.74% ±
1.33%andtheFleiss´Kappais0.741.



4.2.2. Execution Time for Generating MulType
WesequentiallyraneachpartofourapproachonEnglishandChineseWikipedia,andusedaLinux
serverwithIntelXeonE5-2630v42.20GHzCPUand256GBmemory.Theexecution timefor
generatingMulTypeisgiveninTable3.Fromthistable,wecanfind:

• Themosttime-consumingpartismostsimilarinstancesacquisition.Thisisbecauseitusesthe
wholeEnglish(orChinese)Wikipediaarticlesasthetrainingcorpusfortheword2vecmodelto
generatethevectorrepresentationofeachinstance.

• TheexecutiontimeforgeneratingEnglishtypeinformationismuchgreaterthanthatforgenerating
Chinesetypeinformation.Themainreasonisthattheinstances,classesandattributesinEnglish
WikipediaaremuchmorethanthoseinChineseWikipedia.

• GeneratingMulType(includingEnglishandChineseversions)onlyneeds12.67+2.62=15.29
hoursbysequentiallyexecutingeachpartofourapproachonEnglishandChineseWikipedia.
Thetotalexecutiontimeisacceptable,anditalsohasmuchroomforimprovementifwecan
parallelizesometasksinallpartsofapproach.

4.2.3. Comparison with Other Knowledge Bases
Toourknowledge,MulTypeisthefirstworktopublishlarge-scaleChinesetypeinformationasthe
opendata.MulTypecontains400,349differentChineseTypeOfrelations,216,727differentChinese
typed instancesand25,406differentChinese types.Since theexistingopenKBsdonotcontain
Chinesetypeinformation,weonlycomparedtheEnglishtypeinformationinMulTypewiththat
inthewell-knownKBsnamelyDBpedia,YagoandLHD.TheEnglishTypeOf relationsinthese
threeKBsarealsominedfromWikipedia.WecomputedtheTypeOfrelationoverlap,typedinstance
overlapandtypeoverlapbetweenMulTypeandotherKBsbyexactstringmatchingofthelabelsfor
instancesandtypes.TheresultsaregiveninTable4.

InMulType,thereexist7,571,009differentEnglishTypeOfrelations,3,207,668differentEnglish
typed instances and 475,148 different English types. Compared with DBpedia, Yago and LHD,
MulTypecontainsthesecondlargestnumberofEnglishTypeOfrelations.TheoverlapofEnglish
TypeOf relationsbetweenMulTypeandotherKBs isnot large,which indicates that theEnglish
TypeOfrelationsgeneratedbyourapproacharegoodsupplementstotheexistingKBs.ForMulType,
afterremovingtheexistingEnglishTypeOfrelationsinDBpedia,YagoandLHD,wefoundMulType
contributes3,927,727newEnglishTypeOfrelationsintotal.

ThenumberofEnglishtypedinstancesinMulType(ranksthethird)andthoseinotherKBsare
atthesameorderofmagnitude,i.emorethan3million.Onthebasisofthetypedinstanceoverlap,
MulTypecanatleastcontributemorethan0.27millionnewtypedinstancetoeachofotherKBs.
Besides,MulTypehasthelargestnumberofEnglishtypesandthereare148,395newEnglishtypes

Table 3. Execution time for all parts in our approach to generate MulType

Each Part of Our Approach Execution Time (hour) of Each Part

English Type Information Chinese Type Information

InstanceAttributeExtraction 1.93 0.24

ClassAttributeExtraction 0.72 0.21

MostSimilarInstancesAcquisition 8.23 2.10

TypeInference 1.79 0.37

inTotal 12.67 2.92



withsingularheadwordnouns,whichbringalotofnewEnglishTypeOfrelationscomparedwith
Yago.Thisalsoreflectsthevalueofourproposedapproach.Sincethefactthatmanyinstancesplay
differentrolesinrealworld,eachinstancemaycorrespondtonotonlyonetype.Hence,foreachgiven
KB,wecomputedtheaveragetypesofeachEnglishinstance,andMulTypealsoperformsbetterthan
DBpediaandLHDinthispoint.

5. WeB ACCeSS To MULTyPe

TopublishMulTypeastheopendataforpublicaccess,wenotonlyofferthedownloading4ofthe
wholedata,butalsoprovidelookupserviceandSPARQLendpoint.Lookupserviceallowsquerying
withtheWikipediaURLsofinstances.SPARQLendpointprovidesamoreprofessionalquerying
wayusingSPARQLlanguage.

5.1. Linked data
AccordingtotheLinkedDataprinciples5,MulTypecreatesURIsforallinstancesandtypes,and
providessufficientinformationwhensomeonelooksupaURIbytheHTTPprotocol.Inorderto
representinstancesandtypesofdifferentlanguages,wedesignaURIpatterntoindicatewhatthe
languageof an instanceor a type is.Thispatternhttp://www.multype.org/[language]/[datatype]/
[label]iscomposedoffourparts.Thefirstparthttp://www.multype.org/isthedefaultnamespace.
Thesecondpartspecifiesthelanguageofaninstanceoratype.Ifthegiveninstance(ortype)is
English(orChinese),thesecondpartisen(orzh).ThethirdpartshowsthegivenURIrepresentsan
instanceoratype.Thelastpartisthelabelofaninstance(oratype).ForEnglishlabels,wereplace
thespacesbetweenwordswithunderlines.Inaddition,togeneratelegalURIsas“href”valuesfor
commonWebbrowsing,weencodenon-ASCIIcharactersinthelastpartintoUTF-86.Twoexamples
oftheURIsinMulTypeareasfollows:

• GiventheEnglishinstance“AlbertEinstein”,itsURIisdenotedashttp://www.multype.org/en/
instance/Albert_Einstein.

• GiventheChinesetype“动物(Animal)”,itscorrespondingURIishttp://www.multype.org/zh/
type/%E5%8A%A8%E7%89%A9,where%E5%8A%A8%E7%89%A9istheUTF-8formatof
theChineselabel“动物”.

WhenpublishingMulType,wefollowthebestpracticerecipes(Berruetaetal.,2008)andtry
toreusetheexistingRDFvocabularieswhichhaveclearsemanticsandarewidelyused.rdf:labelis
usedasthepredicatetoconnecteachURItoitscorrespondinglabel.SincethereisnoexistingRDF
vocabularyfortheTypeOfrelation,westoreitsinverserelationleveragingrdf:type.Forexample,

Table 4. Comparison results between the English type information in MulType and that in other KBs

MulType DBpedia Yago LHD

TypeOfRelationNumber 7,571,009 3,121,552 14,164,808 6,505,492

TypeOfRelationOverlap ∕ 80,693 3,521,747 123,531

TypedInstanceNumber 3,207,668 3,121,054 3,632,793 3,618,094

TypedInstanceOverlap ∕ 2,445,095 2,928,265 2,749,709

TypeNumber 475,148 401 445,337 47,626

TypeOverlap ∕ 29 326,753 3,648

AverageTypesperInstance 2.36 1.00 3.90 1.80

http://www.multype.org/en/instance/Albert_Einstein
http://www.multype.org/en/instance/Albert_Einstein
http://www.multype.org/zh/type/%E5%8A%A8%E7%89%A9
http://www.multype.org/zh/type/%E5%8A%A8%E7%89%A9


thefollowingtriple<http://www.multype.org/en/instance/Albert_Einstein>rdf:type<http://www.
multype.org/en/type/Jewish_physicists>representsthatthereexistsaTypeOfrelationfrom“Jewish 
physicists”to“Albert Einstein”.

5.2. Lookup Service
Toencouragenon-SemanticWebcommunityusers tobrowse the type information inMulType,
weprovideasimplelookupservice7,whereuserscandirectlysubmittheWikipediaURLofsome
instancetoacquiretypeinformation.Forexample,ifauserwantstoknowthetypesoftheinstance
“MySQL”, he or she can query with its corresponding Wikipedia URL https://en.wikipedia.org/
wiki/MySQL.Thereturnedtypes“Cross-platform software”,“Client-server database management 
systems”,“RDBMS software for Linux”,“Free database management systems”,“Sun Microsystems 
software”and“Oracle software”areshowninFigure8.

5.3. SPARQL endpoint
SPARQLEndpoint8isalsoprovidedforqueryingMulType.Thisqueryingwayisappropriateforthe
userswhoknowinadvanceexactlywhatinformationisneeded.Theseuserscansubmitcustomized
queriestothisendpointovertheSPARQLprotocol9.WeuseAllegroGraphRDFStore10tostoretype
informationandprovidequeryingcapabilities.

6. CoNCLUSIoNS ANd FUTURe WoRK

Inthispaper,wepresentedalanguage-independentapproachtoinferthetypesofinstancesfrom
multilingualWikipedia.Theproposedapproachcontainstwoparts.Thefirstpartisattributeextraction,
whichaimstogeneratetheattributesofinstancesdirectlyfrominfoboxes,andtheattributesofclasses
withageneraliterativealgorithmusingseverallanguage-independentrules.Thesecondpartistype
informationgeneration,whichusesanadaptationoftherandomwalkalgorithmtoinferthetypes
ofinstances.AfterapplyingtheproposedapproachtotheEnglishandChineseWikipedia,wegot
thefirstversionofMulType,aknowledgebasedescribingthetypesofinstancesfrommultilingual
Wikipedia.DifferentwaysofWebaccesstoMulTypehavebeenprovidedtousers,includingthe
downloadingofdatadump,lookupserviceandSPARQLendpoint.

Theexperimentsaboutevaluatingtheeffectivenessofourapproachhavebeenconductedontwo
datasetsofdifferentlanguages.Theresultsshowedthatourapproachoutperformsthestate-of-the-art
baselinesindifferentevaluationmetrics.Wealsodesignedsomeotherexperimentsonevaluatingthe
qualityoftypeinformationinMulType.Theseresultsnotonlydemonstratedthatthetypeinformation
inMulTypeachievesahighaccuracy,butalsoverifiedthatthereexistsalargescaleofnewEnglish
andChinesetypeinformationwhicharenotcoveredbytheexistingKBs.

In the future, we first consider applying our proposed approach to the Wikipedia of other
languages,suchasArabic,SpanishandGerman.Besides,inordertoaddemergingtypeinformation
intoMulType,wewillperformliveupdateofMulTypebycontinuousparsingthedumpsofmultilingual
Wikipedia11.Regardingtoourapproach,sinceitreliesonthecoverageoftheattributesofinstances
andthoseofclasses,weplantoextractattributesformoreinstancesandclassesfromWebdocuments
andcomplementattributesleveragingcrowdsourcingrelatedtechniques.Tobetteracquiretheresults
oftypeinferenceleveragingtheproposedattribute-driventypeinferenceassumption,weneedtostudy
howtomeasuretherepresentativenessofattributesforeachclasswithoutdependingexclusivelyon
thenumberofclasseswhicheachattributeissharedby.

https://en.wikipedia.org/wiki/MySQL
https://en.wikipedia.org/wiki/MySQL


Figure 8. An example of lookup service
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