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Abstract

In this paper we addresghe problemof entity resolution,where given mary referencedo un-
derlying objects,the taskis to predictwhich referencesorrespondo the sameobject. We propose
a probabilisticmodel for collective entity resolution. Our approachdiffers from other recently pro-
posedentity resolutionapproaches thatit is a) unsupervisedy) generatre andc) introducesa hidden
“group' variableto capturecollectionsof entitieswhich are commonlyobsenred together The entity
resolutiondecisionsarenotconsiderednanindependenpairwisebasis put insteaddecisionsaaremade
collectively. We focuson how the useof relationallinks amongthe referencesanbe exploited. We
shav how we canuseGibbs Samplingto infer the collaborationgroupsandthe entitiesjointly from
the obsered co-authorrelationshipsamongentity referencesind how this improves entity resolution
performance We demonstratehe utility of our approacton two real-world bibliographicdatasetsin
addition,we presentpreliminaryresultson characterizingonditionsunderwhich collaboratve infor-
mationis useful.

1 Intr oduction

In mary applicationsthereare a variety of ways of referringto the sameunderlyingobject. Givena
collection of objects,we would like to a) determinethe collection of 'true' underlyingentitiesand b)
correctly mapthe objectreferencesn the collectionto theseentities. This problemcomesup in mary
guisesthroughoutcomputerscience. Examplesinclude computervision, wherewe needto gure out
whenregionsin two differentimagesreferto the sameunderlyingobject(the correspondencgroblem);
naturallanguageprocessingvhenwe would lik e to determinewhich nounphraseseferto the sameun-
derlying entity (co-referenceesolution);anddatabasesyhere,whenmeming two databasesr cleaning
adatabasewe would like to determinevhentwo recordsarereferringto the sameunderlyingindividual
(deduplication).

Thereis a long history of work in eachof theseresearchareas. Recently generalprobabilisticap-
proachesave beenproposed15, 22] aswell asdiscriminatve approachefl?, 21]. However, notall of
theseapproachesxplicitly capturelinks andcollaboratve information.

We introducea generatie probabilisticmodelfor entity resolution.Our modelbuilds on therecently
proposed.atentDirichlet Allocation model(LDA) [4]. While theLDA modelwasproposedor modeling
documentsaasmixturesof topics,we adaptthe modelto the entity resolutionproblem. We motivateour
approachon the taskof resolvingauthorreferencegwhich arethe obsened authornamesoccurringin



documentor documentitations)in citation databasedyut our modelandalgorithmsare applicablein
moregeneralsettingswherenoisy referenceso entitiesare obsenedtogether Examplesncludenames
of peopletraveling togetheron the same ight, namesappearingogethelin the sameemail or groupsof
peopleattendinghe samemeeting.

Our approachdiffersfrom existing approaches thatwe explicitly leveragethe underlyingstructure
in the groupinteractionsto improve the entity resolutionperformance.The group structureis learned
from the obsenred collaboratve relationshipsamongentity referenceskFor the caseof authorresolution,
this meansve make useof co-authorelationsto infer collaborative groups.

Onecontribution of our approachs thatwe proposeanunsupervisedollective entity resolutionalgo-
rithm. It is unsupervisethecauseve do not make useof alabeledtraining setandit is collective because
theresolutiondecisiongdependn eachotherthroughthe grouplabels.We alsopresentanovel sampling
algorithmfor inferring the entities. Furthermoreunlike the majority of otherapproacheto entity reso-
lution, the collaboratve groupmodelthatwe proposedoesnot introducea separat@éandomvariablefor
eachpairwiseresolutiondecision,but usedatententity andgrouplabelsassociatedvith eachreference.
We do not assumehat equivalent strings necessarilyrefer to the sameentity. In addition, part of the
outputof our algorithmis the setof entitiesandtheir canonicaldescriptions.

2 Motivating Example

Alfred Aho Alfred V Aho
.@ Jeffrey D Ullman

P1: Code generation for machines with P2: The universality of database
multiregister operations languages

P3: Optimal partial-match retrieval when P4: Code generation for expressions
fields are independently specified with common subexpressions

Figure1: An exampleauthor/paperesolutionproblem. Eachbox represents paperreference(in this
caseunique)andeachoval representsinauthorreference.

In this section,we look at a concreteexampleof collective resolutionof authorreferencesFigure 1l
shaws four paperseachwith its own authorreferencesFor instancePaperP1hasthreeauthorreferences
“Alfred Aho”, “Jeffrey Ullman” and“S C Johnson”In all, we have tenauthorreferenceshatcorrespond
to the threeauthorentities: “Alfred V. Aho”, “Jeffrey D. Ullman” and“S C Johnson”.For example,all
threereferencesA V Aho”, “Alfred V Aho” and“Alfred Aho” correspondo the authorentity named
“Alfred V Aho”. If welook at pairsof referencesndividually andtry to decideif they areduplicatesthat
may notbeadif cult taskfor uncommomamedike“A V Aho” and“Alfred V Aho”. But for frequently
occurringnamedike “S Johnson"and“S C Johnson”,it is a problem. While they will be duplicatesin
somecasesijn othersthey will bedistinct. We canhowever make useof additionalevidenceif we make
thesedecisionscollectively Consideringall the referencesogethey we may decidethatall the “Aho”s
andthe“Uliman”s correspondo the sameentity, andtherefore the two “Johnson”sarevery likely to be



referenceso the sameauthorsincethey collaboratewith the samesetof authorentities. This is whatwe

would like to capturewith our model. We would lik e to infer thatthetwo “Johnson”sbelongto the same
collaboratve group involving “Aho” and“Ullman” andusethis additionalevidenceto predictthat they

correspondo the sameauthorentity.

3 RelatedWork

Thereis a large body of work on deduplication recordlinkage, and co-referenceletection. Here we
review someof the mainwork, but thereview is not exhaustve; for a nice summaryreport,see[27].

Thetraditionalapproactto entity resolutionconsiderssimilarity of textual attributes. Therehasbeen
extensivework onapproximatestringmatchingalgorithmg19, 6] andadaptie algorithmshatlearnstring
similarity measure$3, 7, 26]. Beyondapplyingstandardnachinelearningtechniquesptherapproaches
useactive learning[25]. In addition,dataintegrationis anareaof active researchl12, 19, 16.

The groundwvork for posingrecordlinkageasa probabilisticclassi cationproblemwasdoneby Fel-
legi andSunter[9. Winkler[28] builds uponthis work by introducinga latentmatchvariableestimated
usingExpectatiorMaximization. More recently hierarchicagraphicalmodelshave beenproposed23].

Approacheghattake relationalfeaturesnto accountfor dataintegrationhave beenproposeds, 5, 1,
20, 2]. Chaudhuretal. [5] make useof join informationfor deduplicatiorbutassumehesecondaryables
themselesto be clean. The notion of co-occurrencén dimensionahierarchieshasalsobeenproposed
[1], while otherapproachetook at weightedcombinationf attribute andrelationaldistancemeasures
[2].

Probabilisticmodelsthat take into accountinteractionbetweendifferententity resolutiondecisions
have beenproposedor namedentity recognitionin naturallanguageprocessingandfor citation match-
ing. McCallumetal.[17] employ conditionalrandom elds (CRF) for nouncoreferenceanduseclique
templatesith tied parametersvherethedecisionfor onepair affectsanotheithroughtheir overlap.Parag
et al.[2]] extendthe CRF modelto memge evidenceacrosanultiple elds. They areableto achieve sig-
ni cant bene t from generalizingthe mappingof attribute matchegdo multiple referencesfor example
being ableto generalizefrom one matchof the venue“Proc. of SIGMOD” with “Proceedingsf the
InternationalConferencen Managemenof Data” to otherinstances.

Pasulaet al.[22] proposea probabilisticrelationalmodelfor the citation matchingproblem. This
capturesiependencbetweeridentitiesof co-authorf the samepaper but doesnot modelcollaboratve
probabilitiesbetweerauthordirectly. Li etal.[15 proposeageneratie modelfor disambiguatingntities
in text documentshat capturegoint probabilitiesfor co-occurrenceThey shav impressie bene tsover
a pairwise discriminative model. They model pairwise co-occurrencerobabilitiesratherthan group
membershipandsearchingor the setof mostlikely entitiesis notafocusof their work.

We modelcollaboratie groupsusingLDA [4] whichimprovesProbabilisticatentSemantidndexing
[13] asageneratietopic modelfor documentsTherelatedauthortopic model[24] notesthe problemof
duplicateauthors;herewe proposea solutionfor it. Kubicaet al.[14] have proposedyeneratie models
for links usingunderlyinggroups but they do nothandleidentity uncertainty

4 LDA for Authors

In this sectionadaptthe LDA modelfor topicsandwordsin documentgo a group mixture modelfor
authorentities. We startwith the simple casewherethereis no ambiguityin the authorreferences.n
thenext sectionwe will expandthe modelto handleambiguousauthorreferencegndproposeanference
algorithmssuitedto the nev model.
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Figure2: Platerepresentatioifior (a) groupmixture modelfor authorsand(b) group mixture modelfor
authorresolutionfrom ambiguougeferencesObsenedvariablesareshaded.

Considera collectionof  documentsanda setof  authorscorrespondingo the authorsof the
documents. We have a setof R authorreferences, . Eachdocumentcan have multiple
authorsandfor now, we assumehe authorsof eachdocumentareobsened. For anauthorreference ,
we use to denotethe documentin which it occurs. Furtherwe introducethe notion of collaboratve
authorgroups. Thesearegroupsof authorswhich tendto co-authortogether We will assumehatthere
are differentgroups.Eachauthorreference hasanassociatedrouplabel

The probabilisticmodelis given using plate notationin Figure 2(a). The probability distribution
over authorsfor eachgroup is representedas a multinomial with parameters , so the probability

of the  authorin the databasdeingchosenfor the  groupis . We have
differentmultinomials,onefor eachgroup.Eachpaper is modeledasa mixtureoverthe groups.The
distribution usedis againamultinomialwith parameters , sotheprobability ofthe  group
beingchoserfor document is . Each is dravnfrom aDirichlet distribution with hyperparameters
; similarly each is drawn from a Dirichlet distribution with hyperparameters.

5 LDA for Author Resolution

Sofar, we assumedhatthe authoridentity canbedeterminedinambiguouslyrom eachauthorreference.
However, whenwe aredealingwith authornamesthis is typically not the case. The sameauthormay
berepresenteth avarietyof ways:'JonatharElysiaSmith’, 'John E. Smith’, “J. Smith’, etc. Theremay
be mistalesdueto typosor extractionerrors. Finally, two 'J. Smith's may not refer to the sameauthor
entity. Onemayreferto 'John Smith' andanothemay referto 'JessicaSmith'. Theresultis thatwe are



no longersureof the mappingfrom the authorreferenceo the authorentity. We mustresortto inference
to identify thetrue authorfor eachreference.

To capturethis, we will associatean attribute  with eachauthor . In addition,we addan extra
level to the modelthat probabilisticallycorruptsthe authorattributes  to generatehe references

. Eachreferenceds generatedy rst samplingagroup andthenanauthorentity as

before.Then,theauthorreference is generatedrom by corruptingtheattribute  accordingo anoise
model . We useasophisticatechoisemodelthatwe explainin Section8. The probability of generating
anauthorreference from a particularauthorentity is de ned as . The conditionalprobabilities
for eachreferencerenormalizedo sumto overall authorentities.|t is thereference thatis obsened,
while theentity andgrouplabel arehiddenvariables.Thisis representedh Figure2(b).

The probabilityof generatingheset of reference$or acorpusgivenparameters, and canbe
expresseds

1)

6 Inferenceusing Gibbs Sampling

In generaltheintegralin Eq. (1) is intractabledueto couplingbetween and . Differentapproximations
have beenproposedincludingvariationalmethodg4], GibbsSampling[11] andExpectatiorPropagation
[18].

We follow the approachproposedby [11] where and arenot directly estimatedas parameters.
Insteadthe posteriordistribution is rst constructecandthen and areestimatedrom this
posteriordistribution. Now, thejoint probability canbe derivedfrom Eq. (1) as:

)
where
—_— _ 3
is the probability of thejoint groupassignmento all referencesind
(4)
is the conditionalprobability of the referencegjiventhe groupsand is the
conditionalprobability of thereferencegiventhe authors. is the numberof timesgroup hasbeen
obsenedfor thereferencesn document and . Similarly, is the numberof times

referenceso author have beenobseredwith grouplabel in all documents.



We constructa Markov chainthat corvergesto the posteriordistribution andthendrav
samplesfrom this Markov chain. Eachstatein the Markov chainis an assignmenbf a group label
andan authorlabelto all  references.n the Gibbs Samplingapproachthe labelsfor eachreference
aresequentiallysampledconditionedon the currentlabelsof all otherreferencesBy constructionthis
Markov chain corvergesto the target posteriordistribution. However, we rst needto de ne the full
conditionaldistribution ,where isthesetof all butthe grouplabel
and all butthe authorlabel. In words,thisis theprobabilitythatthe  referencecomesfrom the

groupconsideringhe currentgroupandauthorassignmento all otherreferences.

We canderive this full conditionaldistributionas

The factorizationmalkesintuitive sense.The rst termis the probability of group in document , the
seconds the probability of author in group andthethird is the probability of the authorattribute
beingcorruptedntothe  reference.

Insteadof sampling and asablock,they canbesampledseparately:

(5)

(6)

7 Modeling Author Attrib utes

In the previous section,we assumedhat the authorattribute values  areknown. But in generalthe
authorattributeswill not be known andwill needto be inferred from the references.The conditional
distribution for samplinggroups is not directly affectedby the attributes. However, the attributes
in uence theassignmenof authorlabels , sinceareference is morelikely to beassignedo anauthor
with similar attributes. Corversely ary authorattribute  depend=n the referenceghat have author
label . Incorporatinga prior into the joint distribution in Eq. (2), we derive the
conditionaldistribution for assigningavalue to givenall authorlabelsandreferencess:

Intuitively, shouldbesetto themostlikely valuethatexplainsthegeneratiorof thereferencesssigned
to author . For example,if multiple “J.S.Smith” and“John Smith” referencesiave beenassignediuthor
label alongwith the reference'Jhon Smth”, thenthe authorattribute  is mostlikely to be “John S.

Smith”. The samplingalgorithm now also samplesthe authorattributes iteratively, conditionedon

the referencesand currentauthorassignmentsalongwith samplingthe groupandentity labelsfor each
reference. For “free authors'to which no referencesare currently assignedwe setthe attributesto a

specialvalue™ '. We would like our modelto preferfree authorsover assignediuthorsandaccordingly
we assigna higherprior probability thanall otherattributes.



8 NoiseModel

Thedifferentwaysfor distortingor modifying anauthorattributeto areferencen adocuments captured
by the noisemodel . It handlesrst, middle andlast namesindependently The rst namecanbe
initialed with probability  , droppedwith probability or retainedasawholewith probability ,
where . Therearesimilar parameters and for the middle name.
The probabilitiesfor the rst andmiddle initials beingincorrectare and . Theseareexpected
to be lowerthan . Last namesandretained rst or middle namesmay be corruptedby characters
beinginserteddeletedor replacedwith probabilities , and respectiely. The minimumnumbers
of insertion( ), deletion( )andreplacemen{ ) operationdor mutatingan authorattribute to a
reference are obtainedusing edit-distancefor strings. Thenthe mutationprobability is

9 Determining Number of Entities

In the developmentup until now, we have consideredhe numberof authors to be given, whenin
practicethis needsto be estimated. One of the contributions of this work is an unsupervisednethod
for determiningthe numberof entities. We will avoid formulating a separateslaborateprocedurefor
searchingver the numberof authorsandadaptit within our samplingframework.

9.1 Block Assignmentfor Entity Resolution

Insteadof assigningabelsto referencesndividually, we will jointly (re)assigrabelsfor a setof refer
ences.Speci cally, we will pick anauthorlabel andconsidertheset of referencandicesthathave
astheir authorlabel: . We will assignnew authorlabelsto all referencesndexed by
simultaneouslyUnfortunately the numberof possibleauthorassignmentso is exponentialin  and
it is virtually impossibleto enumeratall thesedifferentprobabilitiesandsamplefrom this distribution.

Instead,we restrict the spaceof candidatesuchthat that allow the set of referencesassignedo
a particularauthorlabel may (a) meige with a setcurrently assignedo anotherauthorlabel, (b) stay
unchangedar (c) split andhave a portionassignedo a currentlyunassignea@uthorlabel . In case(a),
the numberof authorsis effectively decreasetby one. In case(c), the numberof authorsis effectively
increasedy one. However, the numberof possiblepartitionsof into and isstill . Onesimple
but restrictedsolutionis splittingto the setthatlastmemgedinto label via option(a). Thisis alsothebest
partitionin termsof thereferenceattributes.

We will rst considerassigninga singleauthorlabelto all of . Thefull conditionaldistribution we
needto constructis which is the probability of all the labelsin  beingsetto
conditionedon all referencesindgrouplabelsandall otherauthorlabels.Let usdenote

(7)

where is the numberof timesauthor andgroup have beenjointly assignedo referencesn
and is the numberof suchassignmentsutside . Let  bethe setof groupscurrentlyassigned



to thereferencesndexedby . Thentheconditionaldistribution canbe derivedas

— (8)

9.2 An Interpretation of Block Assignment

Thetermsin this conditionalprobability canbe rearrangedothatthe resultmakesintuitive sense Let
beanindexinto and bethegrouplabelfor thatreference Also, consider to beanorderedsetand
denoteby thesetof elementsn  strictly beforeposition . Thenwe mayrewrite Eqn. 8 as

(9)
Here is the numberof timesauthorlabel andgrouplabel have occurredointly whenlooking
atjust thereferencesn . This may be interpretedasfollows. We are assigningauthorlabelsto the

referencesn in sequencekor eachassignmenthesecondermis the probabilityof thereferencegiven
theauthorandthe rst termis the probability of the authorlabelfor thereferencegivenits currentgroup
label,includingtheassignmentalreadymadein the sequencasaddedevidence It mustbestressedhat
this orderingis introducedsolely for interpretatiorpurposesindthe actualprobability is independentf
theordering.NotethatEqn. 9 reducego Eqn. 6 when hasasingleelement.

For the casewhenwe arepatrtitioning into and andassigningiwo differentauthorlabelsto
them,the conditionalprobabilitylooksvery similar:

In orderto explicitly incorporatea preferencdor “free authors'in our model,we obsene thatwhen
oneauthorlabelmemeswith anotheraccordingto Eqn. 8, the attribute of the freedauthor is setto’ .

Sothe meme probabilityin Egn 8 is augmentedvith an additionalterm: . Similarly, when
splitting the referencesassignedo author between andcurrentlyunassigned , we aretaking avay
onefree author This is re ected by augmentingthe split with the term . Obsenre thata

higherprior probabilityof * ' relative to otherattributesfavors merging anddiscouragesplits.
Puttingeverythingtogetheyour entity resolutionalgorithmstartsfrom aninitial assignmenof authors
andgroupsto all referencesinditeratesoverthreestepssequentiallyuntil corvergence First, it samples
grouplabelfor eachreferenceThis hascomplexity for referenceand grouplabels.Thenfor
eachassigneduthorlabel,it sampleghenext authorabelfor its currentreferencesThisrequires
operationdor authorlabelsandamaximumof potentialduplicategperauthor Finally, it samplesan
attribute for eachassignedauthorlabel, requiring operations.For eachroundof samplingauthors
andattributes,we do severaliterationsof groupsamplingto let the grouplabelsstabilizefor the current
authorassignmentsNote thatall stagedn aniterationarelinearin the numberof referencegandauthor
labelsallowing our modelto scaleto large datasetsiswe demonstratén the experimentakection.



10 Determining Model Parameters

We have describechow the numbersof authorscanbe determinedwithin the samplingprocedure.The
remainingaspect®f themodelarethenumberof groupsandthe Dirichlet hyperparameterg.heir choice
affectsperformancen differentways.

10.1 Number of Groups

Herewe considerthe effect of differentnumbersof groups.Recallthatour guidingintuition is to assign
the sameauthorlabel to setsof referencesvhenthey are similar and have similar group distributions.
Whenthe numberof groups is too small, misleadingsimilaritiesin groupdistributionsarelikely to
be obsened, leadingto falsepositives. If  is too high, referencego the sameauthorcanget split over
differentgroups,makingfalsenegativeslikely. In otherwords,lower favors higherrecall andlower
precisionwhile higher leadsto lower recallwith higherprecision.

10.2 Hyperparameters

To appreciateherolesof and , notefrom Eqgn. 5 thatwhen , areferences forcedto pick a
grouplabel from the otherreferencesn the samedocument.Similarly, when , areferencehasto
pick agrouplabelfrom otherreferenceso the sameauthor andalsoanauthorlabelfrom otherreferences
with thesamegrouplabel. In generalfor low valuesof and ,themodeltendsto over t thedata.This
is particularlyundesirabldor us, sincewe look to estimatethe numberof authorsandneedto generalize
from thecurrentauthorassignmentsTo getafeelfor whataregoodvaluesobsenethat  isthenumber
of pseudaeferencecountsaddedo eachdocumentSincein mostcaseslocumentsill have oneor two

authorsweset  to be . Similarly, is the numberof pseudareferencedor eachtopic. We set
accordingo thenumberof referenceén the dataseaindthe numberof topicsused.A typical valuefor
is .

10.3 NoiseModel Parameters

We iteratively estimatethe noiseparametersérom datain a unsupervisednanner We startfrom aninitial
valueof theparameterasingdomainknowledge andthenaftereachauthorsamplingstep we re-estimate
theparametevaluesooking ateachreferenceandits authorattribute. A weightedcombinatiorof theold
parameteraluesandthe newly estimatednesyieldsthe parametewaluesfor the next iteration.

11 Algorithm Re nements

Unlike the group labels,the authorlabelsfor referencesre sampledfrom a restrictedspace. Herewe
look attwo waysto improve the samplingalgorithmfor inferring theauthorlabels.

11.1 Bootstrapping Author Labels

Initialization of authorlabelsis anissueboth for corvergencetime andquality. Oneoptionis to assign
the sameinitial labelto ary two referenceghat have attributes and , whereeither or

is aninitialed form of . However, for domainswherelastnamesepeatvery frequently like Chinese,
Japaneser Indian names this canaffect the initial accurag quite adwersely from which it is hardto



recover. For the caseof suchcommonlastnames, we assignthe sameauthorlabel to pairsonly when
they have documentco-authorswith the sameinitial authorlabel. This improves bootstrapaccurag
signi cantly for oneof ourdatasetshathasfrequentlyrepeatinghamesin addition,bootstrappingllows
usto estimatethe maximumnumberof authorlabelsthatwe wantto use.

11.2 Group Evidencefor Author SelfLoops

In Eqn. 7, is thenumbermreferencesutside thathave authorlabel andgrouplabel . For ary
, Wwe may imaginethis to be the groupevidencefor transitionto authorlabel for . Considerthe set
of referencesvhosecurrentauthorlabelis andtheterm for reassignindabel to them. Since
includesall referencesvith authorlabel will be for all grouplabels . Thusself-loopsfor
authorlabelshave adistinctdisadwantagedo othertransitionsn termsof groupevidence.We mayremedy
this by consideringa smallfraction of asexternalgroupevidencefor . Thehigherthe valueof
, the strongerhasto be the evidenceto causean existing authorlabelto memge with anotherabel or to

splitinto two.

12 Experimental Evaluation

We beganby evaluatingour algorithmontwo citationdatasetérom differentresearctareas We compare
our collaboratve entity resolutionmodel(LD A-ER) with modelsbasedsolely on attributes.Next, to gain

further understandingf the conditionsunderwhich entity resolutionbene ts from collaboratve group

information, we evaluatedour algorithmon a broadrangeof syntheticdatasetsvith varying relational
structure.

12.1 Resultson Citation Data

We performedour rst setof experimentalevaluationson two citation datasetsThe rst is the CiteSeer
datasetontainingcitationsto paperdrom four differentareasn machineearning,originally createdoby
Gilesetal.[1(. This has2,892referenceso 1,165authorscontainedn 1,504documents.The second
datasets signi cantly larger; arXiv (HEP) containspapersrom high enegy physicsusedin KDD Cup
200%. This has58,515referenceso 9,200authors,containedn 29,555papers. The authorsfor both
datasethave beenhand-labeled.

To evaluateour algorithms,we measurethe performanceof our modelfor detectingduplicatesin
termsof precision,recallandF1 on pairwiseduplicatedecisions.lt is practicallyinfeasibleto consider
all pairs, particularlyfor HER, so as othershave done,we employ a “blocking' approachto extractthe
potentialduplicates This approactretains of thetrue duplicatedor bothdatasets.

We usea simpleschemdor attribute priors,wherelastnameghatoccurin thecommonnamedist are
settobe timesmorelikely thanothernamesand™ 'is  timesmorelikely thancommonnames.

When samplinggroup labels given the entity assignmentst eachstep, we iterate until the log-
likelihood corverges. Typically for the rst few steps,we perform 50 group samplingiterationsfor
eachauthoriteration. Thereafterwe proceedwith 20 groupiterationsfor eachauthoriteration. The

corvergesin about  authoriterationsfor CiteSeeiand  authoriterationsfor HER Ona 1GHzDell

1We usea list of commonlastnamesrom http://en.wikipedia.ay/wiki/List _of_mostpopularfamily_names

http:/iwwwcs.cornell.edu/profgs/kddaipindex.hml

SWe would like to thankAron CulottaandAndrev McCallumfor providing the authorlabelsfor the CiteSeedataseandDavid
Jenseror providing theauthorlabelsfor the HEP datasetWe performedadditionalcleaningfor both.
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PaverEdge2500Pentiumlll sener, this takes betweenl0 and 20 minutesfor CiteSeerand between8
and20 hoursfor HEP dependingon the numberof groups.As discussedn Section 11.2,we useasmall
fraction ( ) of groupevidencefor self probabilities.

As a baseling(ATTR), we comparewith the hybrid SoftTF-IDF measurg6] that hasbeenshown
to outperformotherunsupervisedpproachesor text-basedentity resolution. Essentially it augments
the TF-IDF similarity for matchingtokensetswith approximatedoken matchingusinga secondanstring
similarity measureJaro-Wnkler is reportedto be the bestsecondangimilarity measurdor SoftTF-IDFE
We alsoexperimentwith the Jaroandthe Scaled_evensteirmeasurestHowever, directly usinganoff-the-
shelf string similarity measurdor matchingnamesresultsin very poorrecall. Fromdomainknowledge
aboutnames,we know that rst and middle namesmay be initialed or dropped. A black-boxstring
similarity measurenould unfairly penalizesuchcases.To dealwith this, ATTR usesstring similarity
only for lastnamesandretainedrst andmiddlenameslin addition,it usesdropprobabilities and

for droppedrst andmiddlenamesinitial probabilites  and for correctinitials and
and for incorrectinitials. Theprobabilitieswve usedare and for correctlyinitialing,
incorrectlyinitialing anddroppingthe rst name while the valuesfor the middle nameare and
. We arrivedat thesevaluesby observingthe true valuesin the datasetandthenhand-tuninghem
for performance.Our obsenationis that baselineresolutionperformancedoesnot vary signi cantly as
thesevaluesarevariedover reasonableanges.

ATTR only reportspairwisematchdecisions.Sincethe duplicaterelationis transitve, we alsoeval-
uateATTR* whichremovesinconsistencies the pairwisematchdecisiondn ATTR by takingatransi-
tive closure.Notethatthis issuedoesnot arisewith LDA-ER; it doesnot make pairwisedecisions Both
ATTR andATTR* needasimilarity thresholdor decidingduplicatesanddeterminingheright threshold
is aproblemfor thesealgorithms.We consideithebest  thatcanbeachiezedoverall thresholds.

Tablel: Performancef ATTR andATTR* in termsof F1 usingvarioussecondansimilarity measures
with SoftTF-IDE The measuregsomparecdhre ScaledLevenstein(SL), Jaro(JA), JaroWnkler (JW) and
the generatie similarity modelusedwith LDA-ER (Gen).

CiteSeer
SL JA JW Gen
ATTR 0.980 0.981 0.980 0.982
ATTR* | 0.989 0.991 0.990 0.990
HEP
SL JA JW Gen
ATTR 0.976 0.976 0.972 0.975
ATTR* | 0.971 0.968 0.965 0.970

Table 1 recordsbaselineperformancewith variousstring similarity measuregoupledwith SoftTF-
IDF. Note thatthe bestbaselingperformances with Jaroassecondanstring similarity for CiteSeerand
ScaledLevensteinfor HER It is alsoworth noting that a baselinewithout initial anddrop probabilities
scoreshelow F1 usingJaroandJaro-Wnkler for both datasetslt is higherwith ScaledLevenstein
() butstill signi cantly below theaugmentethaseline Transitive closureaffectsthebaselinaifferently
in thetwo datasetsWhile it adverselyaffectsprecisionfor HER it improvesrecallfor CiteSeer

Table 2 shaws the bestperformanceof eachof the threealgorithmsfor eachdataset.Note that the
recall includesblocking, so that the highestrecall achievableis for CiteSeerand for HEPR
LDA-ER outperformsboth forms of the baselinefor both datasetsFor CiteSeerLDA-ER getscloseto
the highestpossiblerecall with very high accurag. Improvementover the baselinels greaterfor HERP
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While theimprovementmay not appeadargein termsof F1, notethatLDA-ER reduceserrorrate over
the baselineby for CiteSeemndby for HEPR Also, HEP hasmorethan trueduplicate
pairs,sothata  improvementin F1translateso morethan correctpairs.

Table 2: Performanceof LDA-ER, ATTR and ATTR* for CiteSeerand HEP datasets. The standard

deviationof theF1lis for CiteSeerand for HEP.
CiteSeer HEP
P R F1 P R F1

ATTR 0.990 0.971 0.981| 0.987 0.965 0.976
ATTR* 0.992 0.988 0.991| 0.976 0.965 0.971
LDA-ER | 0.997 0.988 0.993| 0.992 0.972 0.982
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0.05 0.04
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Figure3: Improvementof LDA-ER over ATTR* in termsof F1 for varying (a) ambiguityof references,
(b) averagenumberof referenceper authorand(c) averagenumberof referenceperdocument.Other
parameterareheld constanfor eachexperiment.

Looking morecloselyat the resolutiondecisionsfrom CiteSeerwe wereableto identify someinter-
estingcombinationof decisionshy LDA-ER thatwould be dif cult or impossiblefor an attribute-only
model. Thereareinstancesn thedatasewherereferencepairsarevery similar but correspondo different
authorentities. Examplesinclude(liu j, lu j) and(changc, chiangc). LDA-ER correctly predictsthat
thesearenot duplicates.At the sametime, thereareotherpairsthatarenot any moresimilar in termsof
attributesthanthe examplesabove andyet areduplicates.Thesearealsocorrectlypredictecby LDA-ER
by leveragingcommoncollaborationpatterns.The following areexamples:(john m f, john m st), (reis-
bed c, reisbek c k), (shortliffe e h, shortcliffe e h), (tawaratumidas, tawaratsumidasuloya), (elliott g,
elliot g I), (mahedgans, mahadeansridhar), (livezey b, livezyb), (brajinik g, brajnik g), (kaelbingl p,
kaelblingleslie pa), (littmannmichaell, littmanm), (sondegaard h, sndegaard h) and(dubnik cezary
dubnidi c). An exampleof a particularlypathologicalcaseis (mintons, mintonandrew b), which is the
resultof a parseerror. Theattribute-onlybaselinesannotmake theright predictionfor boththesesetsof
examplessimultaneouslywhatever the decisionthreshold sincethey considemamesalone.

We werealsointerestedn exploring how the numberof collaboratie groupsaffect the performance
of ourentity resolutionalgorithm.Table3 recordshe performancef thegroupmodelonthetwo datasets
with varying numberof groups. While we obsere a generaltrendwhereprecisionimprovesandrecall
sufferswith moregroupsnotethatthe s largely stableoverarangeof groups.
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Table3: LDA-ER Performancevervaryingnumberof groups

Num. CiteSeer HEP

Grps P R F1 P R F1
100 | 0.995 0.991 0.993| 0.986 0.972 0.979
200 | 0.997 0.988 0.993| 0.988 0.972 0.980
300 | 0.998 0.980 0.989| 0.990 0.971 0.980
400 | 0.999 0.980 0.989| 0.990 0.970 0.980
500 0.991 0.971 0.981
600 0.991 0.969 0.980

12.2 Propertiesof Collaborative Graphs

While the LDA-ER modelshavs improvementfor both citation datasetstheimprovementis muchmore
signi cant for the HEP dataset.On investigatingwhy our modelshaws a larger improvementfor HEP
thanfor CiteSeerwe foundsomenotabledifferencedbetweerthedatasetsWe call areferenceambiguous
if thereis morethanoneauthorentity with thatlastnameand rst initial. Thereis a signi cant difference
in referenceambiguitybetweerthetwo datasetsonly of thereferencein CiteSeerareambiguous
while of HEPreferencesreambiguousA secondlifferenceis in the densityof the authorcollabo-
rationgraph.The averagenumberof collaboratorgperauthoris in CiteSeerand  in HER Finally,
athird signi cant differencerelatesto the samplesize. While theratio of the numberof referenceso the
numberof authorsis  for CiteSeerfor HEPIt is . Onthe otherhand,oneof the featuresthatis
preseredfor bothdatasetss the averagenumberof referenceperdocumentwhichis  for both.

In orderto investigatewhich of thesefeaturess responsiblgor the performancelifference we ran
our algorithmon arangeof syntheticallygeneratedlatasetsThis allowedusto investigatehe conditions
underwhich our modelis mostlikely to leadto signi cant improvementsover algorithmswhich do not
take into accountcollaboratie structure. Due to spaceconstraintswe provide only the outline of the
datasetgenerator;it is reasonablysophisticated? It attemptsto mimic the way authorsof academic
papersaregeneratedy the underlyingcollaboratve patternamongresearchersTherearetwo phasesn
this generatie processFirst, a collaborative graphis createdn stepswherein eachstepa collaboratie
edgeis addedbetweentwo authors. Eachauthoris given a namesampledfrom US censusdata. By
samplingfrom the top of this distribution we cancontrolthe percentagef ambiguousiamesn the
data.Otherparameterallow usto controlthenumberof authorsandthe averagecollaborationdegree.In
thesecondstagedocumentarecreatedrom this collaboratve graphby rst samplinganinitiator author
who choosesandomlyfrom collaboratorgo selectco-authordor thatdocument.The authornamedor
eachdocumentrecorruptedoy a noisemodelto generatehereferencesVariousparameterallow usto
controlthe numberof documentgeneratedthe averagenumberof authorgperdocumenandthelevel of
noisein thereferences.

In our setupfor experimentswith syntheticdata,we vary the syntheticdataseparameteroneat a
time holdingtheothersconstant.Thedatasethave authorswith anaverageof  collaboratorsyWe
generate documentsvith anaverageof referenceperdocumentand ambiguougeferences.
We explore varying the fraction of ambiguougeferencesthe ratio of referenceso authorsthe average
numberof collaboratorsandaveragenumberof referenceperdocument.Sincethe resultsareaveraged
over differentdatasetsye presentonly the improvementin F1 measureobsened for the group model
over ATTR*.

“We planto male this generatoavailableto otherresearchers
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Figure 3 summarizeshe trendsthatwe obsene. Onesigni cant improvementtrendis over varying
ambiguityin the references.As showvn in Figure 3(a), it climbs sharplyfrom for ambiguity
(asin HEP) to for referenceambiguity Figure 3(b) shawvs that LDA-ER naturally bene ts
from highersamplesizesfor the authorreferences And Figure 3(c) shavs that LDA-ER bene ts from
a greaternumberof authorsper document. However, no statistically signi cant trendsemeged from
our experimentswith varying collaborationdegree keepingotherfactorslike samplesize x ed; some
experimentsshaved larger improvementswith higher degree, however the resultswere not consistent.
We believe thatmorethoroughlycharacterizingpropertiesof the collaborative graphstructurewhich will
leadto improvedentity resolution s aninterestingareafor futurework.

13 Conclusions

In this paperwe have developedanunsupervisegrobabilisticgeneratre modelfor entity resolutionthat
is inspiredby the LDA model. It is novel in thatit exploits collaboratve group structurefor making
resolutiondecisions.We have proposeda novel samplingalgorithmfor determiningthis groupstructure
from obsenedcollaboratiorrelationshipamongambiguouseferencesWe have demonstratethe utility
of theproposednodelontwo real-world citationdatasets\We haveidenti ed someof theconditionsunder
which thesemodelsareexpectedto provide greaterbene t. Areasfor future work includeextendingthe
modelsto resole multiple entity classesandbettercharacterizatioof collaboratve graphsamenabldo
thesemodels.
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