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Abstract

In this paper, we addressthe problemof entity resolution,wheregiven many referencesto un-
derlying objects,the task is to predictwhich referencescorrespondto the sameobject. We propose
a probabilisticmodel for collective entity resolution. Our approachdiffers from other recentlypro-
posedentity resolutionapproachesin thatit is a)unsupervised,b) generativeandc) introducesahidden
`group' variableto capturecollectionsof entitieswhich arecommonlyobserved together. Theentity
resolutiondecisionsarenotconsideredonanindependentpairwisebasis,but insteaddecisionsaremade
collectively. We focuson how the useof relationallinks amongthe referencescanbe exploited. We
show how we canuseGibbsSamplingto infer the collaborationgroupsandthe entitiesjointly from
theobserved co-authorrelationshipsamongentity referencesandhow this improvesentity resolution
performance.We demonstratetheutility of our approachon two real-world bibliographicdatasets.In
addition,we presentpreliminaryresultson characterizingconditionsunderwhich collaborative infor-
mationis useful.

1 Intr oduction

In many applications,therearea variety of waysof referring to the sameunderlyingobject. Given a
collectionof objects,we would like to a) determinethe collectionof ' true' underlyingentitiesandb)
correctlymapthe objectreferencesin the collectionto theseentities. This problemcomesup in many
guisesthroughoutcomputerscience. Examplesincludecomputervision, wherewe needto �gure out
whenregionsin two differentimagesrefer to thesameunderlyingobject(thecorrespondenceproblem);
naturallanguageprocessingwhenwe would like to determinewhich nounphrasesrefer to thesameun-
derlyingentity (co-referenceresolution);anddatabases,where,whenmerging two databasesor cleaning
a database,we would like to determinewhentwo recordsarereferringto thesameunderlyingindividual
(deduplication).

Thereis a long history of work in eachof theseresearchareas.Recently, generalprobabilisticap-
proacheshave beenproposed[15, 22] aswell asdiscriminative approaches[17, 21]. However, not all of
theseapproachesexplicitly capturelinks andcollaborative information.

We introducea generativeprobabilisticmodelfor entity resolution.Our modelbuilds on therecently
proposedLatentDirichlet Allocationmodel(LDA) [4]. While theLDA modelwasproposedfor modeling
documentsasmixturesof topics,we adaptthemodelto theentity resolutionproblem.We motivateour
approachon the taskof resolvingauthorreferences(which arethe observedauthornamesoccurringin
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documentsor documentcitations)in citation databases,but our modelandalgorithmsareapplicablein
moregeneralsettingswherenoisyreferencesto entitiesareobservedtogether. Examplesincludenames
of peopletraveling togetheron thesame�ight, namesappearingtogetherin thesameemailor groupsof
peopleattendingthesamemeeting.

Our approachdiffersfrom existing approachesin thatwe explicitly leveragetheunderlyingstructure
in the group interactionsto improve the entity resolutionperformance.The groupstructureis learned
from theobservedcollaborative relationshipsamongentity references.For thecaseof authorresolution,
this meanswemakeuseof co-authorrelationsto infer collaborativegroups.

Onecontributionof ourapproachis thatweproposeanunsupervisedcollectiveentity resolutionalgo-
rithm. It is unsupervisedbecausewe donotmakeuseof a labeledtrainingsetandit is collectivebecause
theresolutiondecisionsdependoneachotherthroughthegrouplabels.Wealsopresentanovel sampling
algorithmfor inferring theentities. Furthermore,unlike themajority of otherapproachesto entity reso-
lution, thecollaborative groupmodelthatwe proposedoesnot introducea separaterandomvariablefor
eachpairwiseresolutiondecision,but useslatententity andgrouplabelsassociatedwith eachreference.
We do not assumethat equivalentstringsnecessarilyrefer to the sameentity. In addition,part of the
outputof our algorithmis thesetof entitiesandtheir canonicaldescriptions.

2 Moti vating Example

A V Aho

J D Ullman

P3: Optimal partial-match retrieval when

A V Aho

J D Ullman

P4: Code generation for expressions
with common subexpressions

S C Johnson

P1: Code generation for machines with
multiregister operations

P2: The universality of database
languages

fields are independently specified

S Johnson

Alfred Aho

Jeffrey Ullman
Alfred V Aho

Jeffrey D Ullman

Figure1: An exampleauthor/paperresolutionproblem. Eachbox representsa paperreference(in this
caseunique)andeachoval representsanauthorreference.

In this section,we look at a concreteexampleof collective resolutionof authorreferences.Figure1
showsfour papers,eachwith its own authorreferences.For instance,PaperP1hasthreeauthorreferences
“Alfred Aho”, “Jeffrey Ullman” and“S C Johnson”.In all, wehavetenauthorreferencesthatcorrespond
to the threeauthorentities: “Alfred V. Aho”, “Jeffrey D. Ullman” and“S C Johnson”.For example,all
threereferences“A V Aho”, “Alfred V Aho” and“Alfred Aho” correspondto the authorentity named
“Alfred V Aho”. If we look atpairsof referencesindividually andtry to decideif they areduplicates,that
maynot bea dif�cult taskfor uncommonnameslike “A V Aho” and“Alfred V Aho”. But for frequently
occurringnameslike “S Johnson”and“S C Johnson”,it is a problem. While they will beduplicatesin
somecases,in othersthey will bedistinct. We canhowever make useof additionalevidenceif we make
thesedecisionscollectively. Consideringall the referencestogether, we maydecidethat all the “Aho”s
andthe“Ullman”s correspondto thesameentity, andtherefore thetwo “Johnson”sarevery likely to be
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referencesto thesameauthorsincethey collaboratewith thesamesetof authorentities.This is whatwe
would like to capturewith our model.We would like to infer thatthetwo “Johnson”sbelongto thesame
collaborative group involving “Aho” and“Ullman” andusethis additionalevidenceto predictthat they
correspondto thesameauthorentity.

3 RelatedWork

Thereis a large body of work on deduplication,recordlinkage,andco-referencedetection. Herewe
review someof themainwork, but thereview is notexhaustive; for anicesummaryreport,see[27].

Thetraditionalapproachto entity resolutionconsiderssimilarity of textual attributes.Therehasbeen
extensiveworkonapproximatestringmatchingalgorithms[19, 6] andadaptivealgorithmsthatlearnstring
similarity measures[3, 7, 26]. Beyondapplyingstandardmachinelearningtechniques,otherapproaches
useactive learning[25]. In addition,dataintegrationis anareaof active research[12, 19, 16].

Thegroundwork for posingrecordlinkageasa probabilisticclassi�cationproblemwasdoneby Fel-
legi andSunter[9]. Winkler[28] builds uponthis work by introducinga latentmatchvariableestimated
usingExpectationMaximization.More recently, hierarchicalgraphicalmodelshavebeenproposed[23].

Approachesthattake relationalfeaturesinto accountfor dataintegrationhavebeenproposed[8, 5, 1,
20, 2]. Chaudhurietal. [5] makeuseof join informationfor deduplicationbut assumethesecondarytables
themselvesto beclean. Thenotionof co-occurrencein dimensionalhierarchieshasalsobeenproposed
[1], while otherapproacheslook at weightedcombinationsof attributeandrelationaldistancemeasures
[2].

Probabilisticmodelsthat take into accountinteractionbetweendifferententity resolutiondecisions
have beenproposedfor namedentity recognitionin naturallanguageprocessingandfor citationmatch-
ing. McCallum et al.[17] employ conditionalrandom�elds (CRF) for nouncoreferenceanduseclique
templateswith tiedparameterswherethedecisionfor onepairaffectsanotherthroughtheiroverlap.Parag
et al.[21] extendtheCRFmodelto mergeevidenceacrossmultiple �elds. They areableto achieve sig-
ni�cant bene�t from generalizingthe mappingof attribute matchesto multiple references,for example
being able to generalizefrom onematchof the venue“Proc. of SIGMOD” with “Proceedingsof the
InternationalConferenceonManagementof Data” to otherinstances.

Pasulaet al.[22] proposea probabilisticrelationalmodel for the citation matchingproblem. This
capturesdependencebetweenidentitiesof co-authorsof thesamepaper, but doesnotmodelcollaborative
probabilitiesbetweenauthorsdirectly. Li etal.[15] proposeagenerativemodelfor disambiguatingentities
in text documentsthatcapturesjoint probabilitiesfor co-occurrence.They show impressivebene�tsover
a pairwisediscriminative model. They model pairwiseco-occurrenceprobabilitiesrather than group
membershipsandsearchingfor thesetof mostlikely entitiesis nota focusof theirwork.

WemodelcollaborativegroupsusingLDA [4] whichimprovesProbabilisticLatentSemanticIndexing
[13] asagenerativetopicmodelfor documents.Therelatedauthor-topicmodel[24] notestheproblemof
duplicateauthors;herewe proposea solutionfor it. Kubicaet al.[14] have proposedgenerative models
for links usingunderlyinggroups,but they donothandleidentity uncertainty.

4 LDA for Authors

In this sectionadaptthe LDA model for topicsandwords in documentsto a groupmixture model for
authorentities. We startwith the simplecasewherethereis no ambiguity in the authorreferences.In
thenext section,we will expandthemodelto handleambiguousauthorreferencesandproposeinference
algorithmssuitedto thenew model.
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Figure2: Platerepresentationfor (a) groupmixturemodelfor authorsand(b) groupmixturemodelfor
authorresolutionfrom ambiguousreferences.Observedvariablesareshaded.

Considera collection of
�

documentsanda set of � authorscorrespondingto the authorsof the
documents.We have a set of R authorreferences,�	��
	��
�
�
�������� . Eachdocumentcan have multiple
authorsandfor now, we assumetheauthorsof eachdocumentareobserved. For anauthorreference��� ,
we use ��� to denotethe documentin which it occurs. Furtherwe introducethe notion of collaborative
authorgroups.Thesearegroupsof authorswhich tendto co-authortogether. We will assumethat there
are � differentgroups.Eachauthorreference��� hasanassociatedgrouplabel ��� .

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

�! 

�#"%$'&(�)"+*�, of the $.-0/ authorin the databasebeingchosenfor the *�-0/ groupis �

�

�

. We have �

differentmultinomials,onefor eachgroup.Eachpaper� is modeledasamixtureover the � groups.The
distributionusedis againamultinomialwith parameters132 , sotheprobability

�

2

 

�4"#*�, of the *5-0/ group
beingchosenfor document� is 1�2

�

. Each 152 is drawn from a Dirichlet distribution with hyperparameters
6 ; similarly each�

� is drawn from aDirichlet distributionwith hyperparameters7 .

5 LDA for Author Resolution

Sofar, weassumedthattheauthoridentitycanbedeterminedunambiguouslyfrom eachauthorreference.
However, whenwe aredealingwith authornames,this is typically not thecase.The sameauthormay
berepresentedin a varietyof ways: 'JonathanElysiaSmith', 'JohnE. Smith', `J.Smith', etc.Theremay
be mistakesdueto typosor extractionerrors. Finally, two 'J. Smith's may not refer to thesameauthor
entity. Onemayreferto 'JohnSmith' andanothermayreferto 'JessicaSmith'. Theresultis thatwe are
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no longersureof themappingfrom theauthorreferenceto theauthorentity. We mustresortto inference
to identify thetrueauthorfor eachreference.

To capturethis, we will associatean attribute 8�9 with eachauthor � . In addition,we addan extra
level to themodelthatprobabilisticallycorruptstheauthorattributes :;9 to generatethe references<="

��> 
 �?>A@���
�
�
��?> � � . Eachreferenceis generatedby �rst samplinga group � andthenanauthorentity � as
before.Then,theauthorreference> is generatedfrom � by corruptingtheattribute 839 accordingto anoise
modelB . Weuseasophisticatednoisemodelthatweexplain in Section8. Theprobabilityof generating
anauthorreference> from a particularauthorentity is de�ned as

�! 

>�& 8 9 , . Theconditionalprobabilities
for eachreferencearenormalizedto sumto C overall authorentities.It is thereference> thatis observed,
while theentity � andgrouplabel � arehiddenvariables.This is representedin Figure2(b).

Theprobabilityof generatingtheset < of referencesfor acorpusgivenparameters6 , 7 and D canbe
expressedas
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6 Infer enceusingGibbs Sampling

In general,theintegral in Eq.(1) is intractabledueto couplingbetween1 and � . Dif ferentapproximations
havebeenproposed,includingvariationalmethods[4], GibbsSampling[11] andExpectationPropagation
[18].

We follow the approachproposedby [11] where 1 and � arenot directly estimatedasparameters.
Instead,theposteriordistribution

�! 0X

��NY&�<O, is �rst constructedandthen 1 and � areestimatedfrom this
posteriordistribution. Now, thejoint probabilitycanbederivedfrom Eq.(1) as:
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is theprobabilityof thejoint groupassignmentto all referencesand
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is theconditionalprobabilityof the referencesgiven thegroupsand
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is thenumberof times
referencesto author � havebeenobservedwith grouplabel t in all documents.
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We constructa Markov chainthat convergesto theposteriordistribution
�! 0X

��Nw&V<�, andthendraw
samplesfrom this Markov chain. Eachstatein the Markov chain is an assignmentof a group label
andan authorlabel to all x references.In the GibbsSamplingapproach,the labelsfor eachreference
aresequentiallysampledconditionedon thecurrentlabelsof all otherreferences.By construction,this
Markov chain convergesto the target posteriordistribution. However, we �rst needto de�ne the full
conditionaldistribution
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X3|
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���?<�, , where
X�|

� is thesetof all but the $}-0/ grouplabel
and N

|

� all but the $.-0/ authorlabel. In words,this is theprobabilitythatthe $m-0/ referencecomesfrom the
t}-0/ groupconsideringthecurrentgroupandauthorassignmentto all otherreferences.

We canderive this full conditionaldistributionas
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The factorizationmakesintuitive sense.The �rst term is theprobabilityof group t in document�\� , the
secondis theprobabilityof author � in group t andthethird is theprobabilityof theauthorattribute 8

9

beingcorruptedinto the $}-0/ reference.
Insteadof sampling�

� and �
� asa block, they canbesampledseparately:
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7 Modeling Author Attrib utes

In the previous section,we assumedthat the authorattribute values 8
9 areknown. But in general,the

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 theassignmentof authorlabels�

� , sinceareference>
� is morelikely to beassignedto anauthor

with similar attributes. Conversely, any authorattribute 8
� dependson the referencesthat have author

label $ . Incorporatinga prior
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, into the joint distribution in Eq. (2), we derive the
conditionaldistribution for assigningavalue 8 to 85� givenall authorlabelsandreferencesas:
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Intuitively, 8�� shouldbesetto themostlikelyvaluethatexplainsthegenerationof thereferencesassigned
to author$ . For example,if multiple “J.S.Smith” and“JohnSmith” referenceshavebeenassignedauthor
label $ alongwith the reference“Jhon Smth”, thenthe authorattribute 8

� is most likely to be “John S.
Smith”. The samplingalgorithmnow also samplesthe authorattributes 8

� iteratively, conditionedon
thereferencesandcurrentauthorassignments,alongwith samplingthegroupandentity labelsfor each
reference.For `free authors' to which no referencesare currentlyassigned,we set the attributesto a
specialvalue` — '. We would like our modelto preferfreeauthorsover assignedauthorsandaccordingly
we assigna higherprior probability

�! 

—�, thanall otherattributes.
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8 NoiseModel

Thedifferentwaysfor distortingor modifyinganauthorattributeto areferencein adocumentis captured
by the noisemodel B . It handles�rst, middle and last namesindependently. The �rst namecan be
initialedwith probability ˜�™(š , droppedwith probability ˜V™

`

or retainedasawholewith probability ˜V™�� ,
wherẽ ™�š

d

˜ ™

`

d

˜ ™�� "›C . Therearesimilar parameters̃Vœ š , ˜�œ

`

and ˜Vœ � for themiddlename.
Theprobabilitiesfor the �rst andmiddle initials beingincorrectare ˜ ™�šb• and ˜�œ šb• . Theseareexpected
to be lower than ˜ � . Last namesand retained�rst or middle namesmay be corruptedby characters
beinginserted,deletedor replacedwith probabilities̃ š , ˜

`

and̃ � respectively. Theminimumnumbers
of insertion( ž š ), deletion( ž

`

)andreplacement( ž � ) operationsfor mutatingan authorattribute 8 to a
reference8�Ÿ are obtainedusing edit-distancefor strings. Then the mutationprobability is
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9 Determining Number of Entities

In the developmentup until now, we have consideredthe numberof authors � to be given, when in
practicethis needsto be estimated.One of the contributionsof this work is an unsupervisedmethod
for determiningthe numberof entities. We will avoid formulatinga separateelaborateprocedurefor
searchingover thenumberof authorsandadaptit within oursamplingframework.

9.1 Block Assignmentfor Entity Resolution

Insteadof assigninglabelsto referencesindividually, we will jointly (re)assignlabelsfor a setof refer-
ences.Speci�cally, we will pick anauthorlabel * andconsidertheset ¥ of referenceindicesthathave *

astheir authorlabel: ¥¦"§�A$¨&����©"z*\� . We will assignnew authorlabelsto all referencesindexedby ¥

simultaneously. Unfortunately, thenumberof possibleauthorassignmentsto ¥ is exponentialin & ¥�& and
it is virtually impossibleto enumerateall thesedifferentprobabilitiesandsamplefrom this distribution.

Instead,we restrict the spaceof candidatessuchthat that allow the set of referencesassignedto
a particularauthorlabel may (a) merge with a setcurrentlyassignedto anotherauthorlabel, (b) stay
unchangedor (c) split andhave a portionassignedto a currentlyunassignedauthorlabel *\Ÿ . In case(a),
the numberof authorsis effectively decreasedby one. In case(c), the numberof authorsis effectively
increasedby one. However, thenumberof possiblepartitionsof ¥ into * and *

Ÿ
is still ª\« ¬i« . Onesimple

but restrictedsolutionis splittingto thesetthatlastmergedinto label * via option(a). This is alsothebest
partitionin termsof thereferenceattributes.

We will �rst considerassigninga singleauthorlabel to all of ¥ . Thefull conditionaldistribution we
needto constructis
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where e
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’09

-

is thenumberof timesauthor � andgroup t have beenjointly assignedto referencesin ¥ ,
and e
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is thenumberof suchassignmentsoutside¥ . Let
X

¬

bethesetof groupscurrentlyassigned
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to thereferencesindexedby ¥ . Thentheconditionaldistributioncanbederivedas
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9.2 An Inter pretation of Block Assignment

Thetermsin this conditionalprobabilitycanberearrangedsothattheresultmakesintuitivesense.Let *

beanindex into ¥ and t

�

bethegrouplabel for that reference.Also, consider¥ to beanorderedsetand
denoteby ¥W¹

�

thesetof elementsin ¥ strictly beforeposition * . Thenwemayrewrite Eqn.8 as
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Here e

l;_

‘

¬
º�»

’n�
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is thenumberof timesauthorlabel $ andgrouplabel t have occurredjointly whenlooking
at just the referencesin ¥

¹

�

. This maybe interpretedasfollows. We areassigningauthorlabelsto the
referencesin ¥ in sequence.For eachassignment,thesecondtermis theprobabilityof thereferencegiven
theauthorandthe�rst termis theprobabilityof theauthorlabelfor thereferencegivenits currentgroup
label,includingtheassignmentsalreadymadein thesequenceasaddedevidence. It mustbestressedthat
this orderingis introducedsolely for interpretationpurposesandtheactualprobability is independentof
theordering.NotethatEqn.9 reducesto Eqn.6 when ¥ hasasingleelement.

For the casewhenwe arepartitioning ¥ into ¥�½ and ¥	¾ andassigningtwo differentauthorlabelsto
them,theconditionalprobabilitylooksverysimilar:
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In orderto explicitly incorporatea preferencefor `freeauthors'in our model,we observe thatwhen
oneauthorlabelmergeswith anotheraccordingto Eqn. 8, theattributeof thefreedauthor* is setto ' — '.
So themergeprobability in Eqn8 is augmentedwith anadditionalterm:

�! 

—�,�Ä

�! 

8

�

, . Similarly, when
splitting thereferencesassignedto author* between* andcurrentlyunassigned*

Ÿ , we aretakingaway
onefree author. This is re�ected by augmentingthe split with the term

�! 

8

�

ÃZ,�Ä

�! 

—�, . Observe that a
higherprior probabilityof ` — ' relative to otherattributesfavorsmerginganddiscouragessplits.

Puttingeverythingtogether, ourentityresolutionalgorithmstartsfrom aninitial assignmentof authors
andgroupsto all referencesanditeratesoverthreestepssequentiallyuntil convergence.First, it samplesa
grouplabelfor eachreference.Thishascomplexity Å

 

x¨�Æ, for x referencesand � grouplabels.Thenfor
eachassignedauthorlabel,it samplesthenext authorlabelfor its currentreferences.ThisrequiresÅ

 

�¨ÇF,

operationsfor � authorlabelsandamaximumof Ç potentialduplicatesperauthor. Finally, it samplesan
attribute for eachassignedauthorlabel, requiring Å

 

�Æ, operations.For eachroundof samplingauthors
andattributes,we do several iterationsof groupsamplingto let thegrouplabelsstabilizefor thecurrent
authorassignments.Notethatall stagesin aniterationarelinear in thenumberof referencesandauthor
labelsallowing ourmodelto scaleto largedatasetsaswedemonstratein theexperimentalsection.
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10 Determining Model Parameters

We have describedhow thenumbersof authorscanbe determinedwithin thesamplingprocedure.The
remainingaspectsof themodelarethenumberof groupsandtheDirichlet hyperparameters.Theirchoice
affectsperformancein differentways.

10.1 Number of Groups

Herewe considertheeffect of differentnumbersof groups.Recallthatour guidingintuition is to assign
the sameauthorlabel to setsof referenceswhenthey aresimilar and have similar groupdistributions.
Whenthe numberof groups � is too small, misleadingsimilarities in groupdistributionsare likely to
beobserved,leadingto falsepositives. If � is too high, referencesto thesameauthorcangetsplit over
differentgroups,makingfalsenegativeslikely. In otherwords,lower � favors higherrecall andlower
precision,while higher � leadsto lower recallwith higherprecision.

10.2 Hyperparameters

To appreciatethe rolesof 6 and 7 , notefrom Eqn. 5 that when 6

"ÉÈ , a referenceis forcedto pick a
grouplabel from theotherreferencesin thesamedocument.Similarly, when 7w"+È , a referencehasto
pick agrouplabelfrom otherreferencesto thesameauthor, andalsoanauthorlabelfrom otherreferences
with thesamegrouplabel. In general,for low valuesof 6 and 7 , themodeltendsto over�t thedata.This
is particularlyundesirablefor us,sincewe look to estimatethenumberof authorsandneedto generalize
from thecurrentauthorassignments.To getafeelfor whataregoodvalues,observethat �

6 is thenumber
of pseudoreferencecountsaddedto eachdocument.Sincein mostcasesdocumentswill haveoneor two
authors,we set �

6 to be È�
ÊªWË . Similarly, �j7 is thenumberof pseudoreferencesfor eachtopic. We set
7 accordingto thenumberof referencesin thedatasetandthenumberof topicsused.A typical valuefor

�j7 is Ë .

10.3 NoiseModel Parameters

We iteratively estimatethenoiseparametersfrom datain a unsupervisedmanner. We startfrom aninitial
valueof theparametersusingdomainknowledge,andthenaftereachauthorsamplingstep,were-estimate
theparametervalueslookingateachreferenceandits authorattribute.A weightedcombinationof theold
parametervaluesandthenewly estimatedonesyieldstheparametervaluesfor thenext iteration.

11 Algorithm Re�nements

Unlike the grouplabels,the authorlabelsfor referencesaresampledfrom a restrictedspace.Herewe
look at two waysto improvethesamplingalgorithmfor inferring theauthorlabels.

11.1 Bootstrapping Author Labels

Initialization of authorlabelsis an issueboth for convergencetime andquality. Oneoption is to assign
the sameinitial label to any two referencesthat have attributes 83
 and 8

@ , whereeither 85
{"Ì8
@ or 8�


is an initialed form of 8
@ . However, for domainswherelastnamesrepeatvery frequently, like Chinese,

Japaneseor Indian names,this canaffect the initial accuracy quite adversely, from which it is hard to
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recover. For thecaseof suchcommonlastnames1, we assignthesameauthorlabel to pairsonly when
they have documentco-authorswith the sameinitial author label. This improvesbootstrapaccuracy
signi�cantly for oneof ourdatasetsthathasfrequentlyrepeatingnames.In addition,bootstrappingallows
usto estimatethemaximumnumberof authorlabelsthatwe wantto use.

11.2 Group Evidencefor Author SelfLoops

In Eqn. 7, e

l;_

‘

|

¬

’09

-

is thenumberreferencesoutside¥ thathave authorlabel � andgrouplabel t . For any
t , we mayimaginethis to bethegroupevidencefor transitionto authorlabel � for ¥ . Considertheset ¥

of referenceswhosecurrentauthorlabel is * andtheterm �

 

ts�Í*�, for reassigninglabel * to them. Since
¥ includesall referenceswith authorlabel * , e

l;_

‘

|

¬

’

�?-

will be È for all grouplabels t . Thusself-loopsfor
authorlabelshaveadistinctdisadvantageto othertransitionsin termsof groupevidence.Wemayremedy
this by consideringa small fraction – of e

l;_

‘

¬

’

�?-

asexternalgroupevidencefor * . Thehigherthevalueof
– , thestrongerhasto be theevidenceto causeanexisting authorlabel to mergewith anotherlabelor to
split into two.

12 Experimental Evaluation

Webeganby evaluatingouralgorithmontwo citationdatasetsfrom differentresearchareas.Wecompare
ourcollaborativeentity resolutionmodel(LDA-ER) with modelsbasedsolelyonattributes.Next, to gain
further understandingof the conditionsunderwhich entity resolutionbene�ts from collaborative group
information,we evaluatedour algorithmon a broadrangeof syntheticdatasetswith varying relational
structure.

12.1 Resultson Citation Data

We performedour �rst setof experimentalevaluationson two citationdatasets.The�rst is theCiteSeer
datasetcontainingcitationsto papersfrom four differentareasin machinelearning,originally createdby
Gileset al.[10]. This has2,892referencesto 1,165authors,containedin 1,504documents.Thesecond
datasetis signi�cantly larger;arXiv (HEP)containspapersfrom high energy physicsusedin KDD Cup
20032. This has58,515referencesto 9,200authors,containedin 29,555papers.The authorsfor both
datasetshavebeenhand-labeled.3

To evaluateour algorithms,we measurethe performanceof our model for detectingduplicatesin
termsof precision,recallandF1 on pairwiseduplicatedecisions.It is practicallyinfeasibleto consider
all pairs,particularlyfor HEP, so asothershave done,we employ a `blocking' approachto extract the
potentialduplicates.ThisapproachretainsÎÐÏ5Ï�Ñ of thetrueduplicatesfor bothdatasets.

Weuseasimpleschemefor attributepriors,wherelastnamesthatoccurin thecommonnameslist are
setto be C�È timesmorelikely thanothernames,and`— ' is CAÈ timesmorelikely thancommonnames.

When samplinggroup labels given the entity assignmentsat eachstep, we iterate until the log-
likelihood converges. Typically for the �rst few steps,we perform 50 group samplingiterationsfor
eachauthor iteration. Thereafterwe proceedwith 20 group iterationsfor eachauthor iteration. The

Ò

C convergesin aboutÓ5È authoriterationsfor CiteSeerand ÔWË authoriterationsfor HEP. Ona1GHzDell

1Weusea list of commonlastnamesfrom http://en.wikipedia.org/wiki/List of most popularfamily names
2http://www.cs.cornell.edu/projects/kddcup/index.html
3Wewould like to thankAron CulottaandAndrew McCallumfor providing theauthorlabelsfor theCiteSeerdatasetandDavid

Jensenfor providing theauthorlabelsfor theHEPdataset.Weperformedadditionalcleaningfor both.
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PowerEdge2500PentiumIII server, this takesbetween10 and20 minutesfor CiteSeerandbetween8
and20hoursfor HEPdependingon thenumberof groups.As discussedin Section 11.2,we useasmall
fraction( –;"”È�
ÊË5Ñ ) of groupevidencefor self probabilities.

As a baseline(ATTR), we comparewith the hybrid SoftTF-IDFmeasure[6] that hasbeenshown
to outperformotherunsupervisedapproachesfor text-basedentity resolution. Essentially, it augments
theTF-IDF similarity for matchingtokensetswith approximatetokenmatchingusinga secondarystring
similarity measure.Jaro-Winkler is reportedto bethebestsecondarysimilarity measurefor SoftTF-IDF.
Wealsoexperimentwith theJaroandtheScaledLevensteinmeasures.However, directlyusinganoff-the-
shelf stringsimilarity measurefor matchingnamesresultsin very poor recall. Fromdomainknowledge
aboutnames,we know that �rst and middle namesmay be initialed or dropped. A black-boxstring
similarity measurewould unfairly penalizesuchcases.To dealwith this, ATTR usesstring similarity
only for lastnamesandretained�rst andmiddlenames.In addition,it usesdropprobabilities̃

`

•bÕ}Öi™ and
˜

`

•bÕ.Ö œ for dropped�rst andmiddlenames,initial probabilities̃;™�š and̃ œ š for correctinitials and̃V™�šb•

and̃ œ
šb• for incorrectinitials. Theprobabilitiesweusedare È\
ÊÔWË3��È\
 È5È�C and È\
 È5È�C for correctlyinitialing,

incorrectlyinitialing anddroppingthe�rst name,while thevaluesfor themiddlenameare È\
 ª5Ë3��È\
ÊÔ and
È�
 ÈWÈ5ª . We arrivedat thesevaluesby observingthetruevaluesin thedatasetsandthenhand-tuningthem
for performance.Our observation is thatbaselineresolutionperformancedoesnot vary signi�cantly as
thesevaluesarevariedover reasonableranges.

ATTR only reportspairwisematchdecisions.Sincetheduplicaterelationis transitive,we alsoeval-
uateATTR* which removesinconsistenciesin thepairwisematchdecisionsin ATTR by takinga transi-
tive closure.Notethatthis issuedoesnot arisewith LDA-ER; it doesnotmake pairwisedecisions.Both
ATTR andATTR* needasimilarity thresholdfor decidingduplicatesanddeterminingtheright threshold
is a problemfor thesealgorithms.We considerthebest

Ò

C thatcanbeachievedoverall thresholds.

Table1: Performanceof ATTR andATTR* in termsof F1 usingvarioussecondarysimilarity measures
with SoftTF-IDF. ThemeasurescomparedareScaledLevenstein(SL), Jaro(JA), JaroWinkler (JW) and
thegenerativesimilarity 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

Table1 recordsbaselineperformancewith variousstring similarity measurescoupledwith SoftTF-
IDF. Notethatthebestbaselineperformanceis with Jaroassecondarystringsimilarity for CiteSeerand
ScaledLevensteinfor HEP. It is alsoworth noting that a baselinewithout initial anddrop probabilities
scoresbelow È\
 Ë F1 usingJaroandJaro-Winkler for both datasets.It is higherwith ScaledLevenstein
( È\
ÊÔ ) butstill signi�cantly below theaugmentedbaseline.Transitiveclosureaffectsthebaselinedifferently
in thetwo datasets.While it adverselyaffectsprecisionfor HEP, it improvesrecallfor CiteSeer.

Table2 shows the bestperformanceof eachof the threealgorithmsfor eachdataset.Note that the
recall includesblocking, so that the highestrecall achievableis È\
 Ï5ÏWÓ for CiteSeerand È�
 ÏWÏ�C for HEP.
LDA-ER outperformsboth formsof thebaselinefor bothdatasets.For CiteSeer, LDA-ER getscloseto
the highestpossiblerecall with very high accuracy. Improvementover the baselineis greaterfor HEP.

11



While the improvementmaynot appearlarge in termsof F1, notethatLDA-ER reduceserror rateover
thebaselineby ª5ª5Ñ for CiteSeerandby ª5Ë5Ñ for HEP. Also, HEPhasmorethan ×WØ\�U×WÈWÈ5È trueduplicate
pairs,sothata COÑ improvementin F1 translatesto morethan ×\�?Ø�ÈWÈ correctpairs.

Table 2: Performanceof LDA-ER, ATTR and ATTR* for CiteSeerand HEP datasets.The standard
deviationof theF1 is Ó

S

CAÈ

|�Ù

for CiteSeerand CW
°Ô

S

C�È

|�Ù

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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Figure3: Improvementof LDA-ER over ATTR* in termsof F1 for varying(a) ambiguityof references,
(b) averagenumberof referencesperauthorand(c) averagenumberof referencesperdocument.Other
parametersareheldconstantfor eachexperiment.

Looking morecloselyat theresolutiondecisionsfrom CiteSeer, we wereableto identify someinter-
estingcombinationof decisionsby LDA-ER that would be dif�cult or impossiblefor an attribute-only
model.Thereareinstancesin thedatasetwherereferencepairsareverysimilarbut correspondto different
authorentities. Examplesinclude(liu j, lu j) and(changc, chiang c). LDA-ER correctlypredictsthat
thesearenot duplicates.At thesametime, thereareotherpairsthatarenot any moresimilar in termsof
attributesthantheexamplesaboveandyetareduplicates.Thesearealsocorrectlypredictedby LDA-ER
by leveragingcommoncollaborationpatterns.The following areexamples:(john m f, john m st), (reis-
bech c, reisbeck c k), (shortliffe e h, shortcliffe e h), (tawaratumidas, tawaratsumidasukoya), (elliott g,
elliot g l), (mahedevans, mahadevansridhar), (livezey b, livezyb), (brajinik g, brajnik g), (kaelbingl p,
kaelblinglesliepack), (littmannmichaell, littmanm), (sondergaardh, sndergaardh) and(dubnickcezary,
dubnicki c). An exampleof a particularlypathologicalcaseis (mintons, mintonandrew b), which is the
resultof a parseerror. Theattribute-onlybaselinescannotmake theright predictionfor boththesesetsof
examplessimultaneously, whatever thedecisionthreshold,sincethey considernamesalone.

We werealsointerestedin exploring how thenumberof collaborative groupsaffect theperformance
of ourentityresolutionalgorithm.Table3 recordstheperformanceof thegroupmodelonthetwo datasets
with varyingnumberof groups.While we observe a generaltrendwhereprecisionimprovesandrecall
sufferswith moregroups,notethatthe

Ò

C is largelystableovera rangeof groups.
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Table3: LDA-ER Performanceovervaryingnumberof 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 CollaborativeGraphs

While theLDA-ER modelshows improvementfor bothcitationdatasets,theimprovementis muchmore
signi�cant for the HEP dataset.On investigatingwhy our modelshows a larger improvementfor HEP
thanfor CiteSeer, wefoundsomenotabledifferencesbetweenthedatasets.Wecall areferenceambiguous
if thereis morethanoneauthorentitywith thatlastnameand�rst initial. Thereis asigni�cant difference
in referenceambiguitybetweenthetwo datasets:only È�
ÊË5Ñ of thereferencesin CiteSeerareambiguous
while Ï�Ñ of HEPreferencesareambiguous.A seconddifferenceis in thedensityof theauthorcollabo-
rationgraph.Theaveragenumberof collaboratorsperauthoris ª3
ŠCAË in CiteSeerand Ø\
ÊË in HEP. Finally,
a third signi�cant differencerelatesto thesamplesize.While theratioof thenumberof referencesto the
numberof authorsis ª�
 Ë for CiteSeer, for HEP it is ×\
 Ó5× . On theotherhand,oneof the featuresthat is
preservedfor bothdatasetsis theaveragenumberof referencesperdocument,which is CW
 Ï for both.

In orderto investigatewhich of thesefeaturesis responsiblefor theperformancedifference,we ran
ouralgorithmonarangeof syntheticallygenerateddatasets.Thisallowedusto investigatetheconditions
underwhich our modelis mostlikely to leadto signi�cant improvementsover algorithmswhich do not
take into accountcollaborative structure. Due to spaceconstraints,we provide only the outline of the
datasetgenerator;it is reasonablysophisticated.4 It attemptsto mimic the way authorsof academic
papersaregeneratedby theunderlyingcollaborativepatternamongresearchers.Therearetwo phasesin
this generativeprocess.First,a collaborativegraphis createdin steps,wherein eachstepa collaborative
edgeis addedbetweentwo authors. Eachauthoris given a namesampledfrom US censusdata. By
samplingfrom the top Ú\Ñ of this distribution we cancontrol thepercentageof ambiguousnamesin the
data.Otherparametersallow usto controlthenumberof authorsandtheaveragecollaborationdegree.In
thesecondstage,documentsarecreatedfrom thiscollaborativegraphby �rst samplinganinitiator author,
who choosesrandomlyfrom collaboratorsto selectco-authorsfor thatdocument.Theauthornamesfor
eachdocumentarecorruptedby a noisemodelto generatethereferences.Variousparametersallow usto
controlthenumberof documentsgenerated,theaveragenumberof authorsperdocumentandthelevel of
noisein thereferences.

In our setupfor experimentswith syntheticdata,we vary the syntheticdatasetparametersoneat a
timeholdingtheothersconstant.Thedatasetshave CAÈWÈWÈ authorswith anaverageof Ø\
ÊË collaborators,We
generateÓWÈ5ÈWÈ documentswith anaverageof ª referencesperdocumentand CAË�Ñ ambiguousreferences.
We explorevarying the fractionof ambiguousreferences,the ratio of referencesto authors,theaverage
numberof collaboratorsandaveragenumberof referencesperdocument.Sincetheresultsareaveraged
over differentdatasets,we presentonly the improvementin F1 measureobserved for the groupmodel
overATTR*.

4Weplanto make this generatoravailableto otherresearchers
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Figure3 summarizesthe trendsthatwe observe. Onesigni�cant improvementtrendis over varying
ambiguity in the references.As shown in Figure3(a), it climbs sharplyfrom È�
 È�C for C�È�Ñ ambiguity
(as in HEP) to È�
 ÈW× for ª�ÔWÑ referenceambiguity. Figure3(b) shows that LDA-ER naturally bene�ts
from highersamplesizesfor theauthorreferences.And Figure3(c) shows thatLDA-ER bene�ts from
a greaternumberof authorsper document. However, no statisticallysigni�cant trendsemerged from
our experimentswith varying collaborationdegreekeepingother factorslike samplesize �x ed; some
experimentsshowed larger improvementswith higherdegree,however the resultswerenot consistent.
Webelievethatmorethoroughlycharacterizingpropertiesof thecollaborativegraphstructure,whichwill
leadto improvedentity resolution,is aninterestingareafor futurework.

13 Conclusions

In thispaper, wehavedevelopedanunsupervisedprobabilisticgenerativemodelfor entity resolutionthat
is inspiredby the LDA model. It is novel in that it exploits collaborative groupstructurefor making
resolutiondecisions.We have proposeda novel samplingalgorithmfor determiningthis groupstructure
from observedcollaborationrelationshipsamongambiguousreferences.Wehavedemonstratedtheutility
of theproposedmodelontworeal-worldcitationdatasets.Wehaveidenti�ed someof theconditionsunder
which thesemodelsareexpectedto provide greaterbene�t. Areasfor futurework includeextendingthe
modelsto resolve multiple entity classesandbettercharacterizationof collaborativegraphsamenableto
thesemodels.
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