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Abstract

Entity resolution has received considerableattention in recent
years. Given many referencesto underlyingentities, the goal is
to predictwhichreferencescorrespondto thesameentity. Weshow
how to extend the LatentDirichlet Allocation model for this task
andproposea probabilisticmodel for collective entity resolution
for relationaldomainswherereferencesareconnectedto eachother.
Ourapproachdiffersfrom otherrecentlyproposedentity resolution
approachesin that it is a) generative, b) doesnot make pair-wise
decisionsandc) capturesrelationsbetweenentitiesthrougha hid-
den group variable. We proposea novel samplingalgorithm for
collective entity resolutionwhich is unsupervisedand also takes
entity relationsinto account. Additionally, we do not assumethe
domainof entitiesto beknown andshow how to infer thenumber
of entitiesfrom thedata.Wedemonstratetheutility andpracticality
of our relationalentity resolutionapproachfor authorresolutionin
two real-world bibliographicdatasets.In addition,we presentpre-
liminary resultsoncharacterizingconditionsunderwhichrelational
informationis useful.

1 Intr oduction

In many applications,thereareavarietyof waysof referring
to the sameunderlyingentity. Given a collectionof entity
references,or referencesfor short, we would like to a)
determinethe collection of `true' underlying entities and
b) correctly map the referencesin the collection to these
entities.This problemcomesup in many guisesthroughout
computerscience.Examplesincludecomputervision,where
we needto �gure out whenregionsin two differentimages
refer to the sameunderlying object (the correspondence
problem); natural languageprocessingwhere we would
like to determinewhich noun phrasesrefer to the same
underlyingentity (co-referenceresolution);and databases,
where,whenmerging two databasesor cleaninga database,
we needto determinewhentwo recordsarereferringto the
sameunderlyingindividual (deduplication).

We areinterestedin resolvingreferenceswhenthey are
connectedto eachothervia relationallinks, asin thebiblio-
graphicdomainwhereauthornamesin papersareconnected
by co-authorlinks. Now entityresolutionbecomescollective
in thatresolutiondecisionsdependoneachotherthroughthe
relationallinks. Weshow thatcollectiveentityresolutionim-

provesperformanceover independentpair-wiseresolution.
There is a long history of work in both generaland

relationalentityresolution.Recently, generative[22, 29] and
discriminative [24, 28] probabilisticapproacheshave been
proposedas well as non-probabilisticalgorithms[20, 12].
Our model differs from most of the above in that it is
unsupervised,doesnot assumethe underlying entities to
be known, doesnot make pairwisedecisionsandexplicitly
modelsrelationsbetweenentitiesusinggroupmembership.

We introduceagenerativeprobabilisticmodelfor entity
resolutionthatbuildsontherecentlyproposedLatentDirich-
let Allocation model(LDA) [6]. Unlike mostexisting mod-
els,wedonotintroduceadecisionvariablefor eachpotential
duplicatepair of references,but insteadhave anentity label
for eachreference.To modelcollaborativerelationsbetween
entities,we introducea group label for eachreference,so
that entitiescoming from the samecollaborative groupare
morelikely to be observed in a relation. For authorresolu-
tion, this meansthat we modelcollaborative groupsto ex-
plain co-authorshiprelations.Thegenerative processin our
modelmay be viewed asan extensionof theDirichlet Pro-
cessmixturemodel:thegrouplabelsin our modelin�uence
thechoiceof entitiesfor eachauthorreferencein a paper.

Another contribution of this paperis an unsupervised
Gibbssamplingalgorithmfor collective entity resolution.It
is unsupervisedbecausewe do not make useof a labeled
training setandit is collective becausethe resolutiondeci-
sionsdependon eachother throughthe grouplabels. Fur-
ther, thenumberof entitiesis not �x edin ourmodel,andwe
proposeanovel samplingstrategy to estimatethemostlikely
numberof entitiesgiventhereferences.

Thepaperis organizedasfollows.Wepresentamotivat-
ing examplein Section2 andrelatedresearchin Section3.
In Section4, we �rst adaptthe LDA model for document
authorsandextendit for entity resolutionin Section5. The
samplingframework for inferenceis presentedin Section6.
In Section7 andSection8, wedescribehow entityattributes
aremodeled.Section9 describesournovelalgorithmfor de-
terminingthenumberof entitiesandin Section10 andSec-
tion 11 we explore parameterchoicesand algorithmic im-
provements. Finally, wepresentexperimentalresultsonreal
andsyntheticdatain Section12andconcludein Section13.



2 A Moti vating Example

In this section,we introducea concretebibliographicexam-
ple to explain theentity resolutionproblemfor authorsand
motivateour approach.Considerasanexamplesix realpa-
percitationsP1throughP6from CiteSeer:

P1: “JOSTLE:Partitioningof UnstructuredMeshesfor Massively
Parallel Machines” C. Walshaw, M. Cross, M. G. Everett, S.
Johnson
P2: “Partitioning Mapping of UnstructuredMeshesto Parallel
MachineTopologies”,C. Walshaw, M. Cross,M. G. Everett, S.
Johnson,K. McManus
P3: “Dynamic Mesh Partitioning: A Uni�ed Optimisationand
Load-BalancingAlgorithm”, C. Walshaw, M. Cross,M. G. Everett
P4: “Code Generationfor Machineswith Multiregister Opera-
tions”, Alfred V. Aho, StephenC. Johnson,Jefferey D. Ullman
P5: “DeterministicParsingof AmbiguousGrammars”,A. V. Aho,
S.C. Johnson,J.D. Ullman
P6: “Compilers: Principles,Techniques,andTools”, A. Aho, R.
Sethi,J.Ullman

Each of the 6 papershas its own author references.
For instance, the �rst paper P1 has four references̀ C.
Walshaw', `M. Cross',`M. G. Everett' and`S.Johnson'.In
all we have 21 referencesin the 6 papers. The goal is to
�nd out how many differentauthorentitiesthesereferences
correspondto and which referencemapsto which entity.
Groundtruth tells us that all of the Aho's mapto the same
authorentity, as do the Everret's and the Ullman's. The
interestingcasehereis that of Johnson.The four Johnson
referencescorrespondto two Johnsonentities: those in
papersP4 and P5 correspondto StephenC. Johnsonfrom
Bell Labs,while thosein papersP1andP2mapto Steve P.
Johnsonfrom Universityof Greenwich,London. However,
going by just the namesof the referencesit is not clear
why `StephenC. Johnson'is not `S.Johnson',when`Alfred
V. Aho' is the sameas `A. Aho'. Our goal will be to
make useof the collaborationrelationshipsto make these
contrastinginferencessimultaneously. We would like to
be able to infer from the collaborationsthat thereare two
different collaborationgroupsin this exampleand authors
aremorelikely to publishwith otherauthorsfrom thesame
group. As illustrated in Fig. 1, the �rst group G1 has
Aho, UllmanandSethiasmemberauthors.Theothergroup
G2 hasWalshaw, Cross,Everett and McManus. Stephen
C. Johnsonis associatedwith the �rst collaborationgroup,
while S Johnsonfrom papersP1andP2is a differentperson
sinceheis associatedwith thesecondcollaborationgroup.

In orderto make theseinferences,ourmodelintroduces
an entity label and a group label for eachreference,both
of which arehiddenandneedto be inferred. The inference
procedureis collective in thatthey cannotbemadeindepen-
dently for eachreference— their relationshipsto otherref-
erencesneedto beconsideredaswell. Also, thegroupand
the entity labelsare inter-dependent.The entity labelsfor

A. V. Aho S. C. Johnson

J. D. Ullman

G1 Alfred V. Aho

Jeffrey D. Ullman Ravi Sethi

Stephen C. Johnson

P5

S. Johnson

M. CrossC. Walshaw

M. G. Everett

G2 Chris Walshaw

Mark Cross Kevin McManus

Martin EverettSteve P. Johnson

P1

Figure 1: Author entities in two different collaboration
groupsandtwo generatedpapers.Theovalsaretheentities
belongingto groupsshown asencapsulatingrectangles.Dot-
tedrectanglesrepresentpaperswith authorreferencesshown
assmallersolid rectangles.Eachpaperis generatedby the
groupabove it.

the two Johnson's dependon their grouplabels,aswe just
saw. Also, the group labelsdependon the entity labelsin
turn. Sethifrom paperP6andJohnsonfrom paperP5belong
to thesamegroupsincethey aretied by the identicalentity
labelsfor theAho's andUllman's in the two papers.These
two hiddenvariablesare the key distinctionsof our model
in comparisonto someotherrecentonesthathavebeenpro-
posed.Most otherapproachesintroducea decisionvariable
for eachpotentialduplicatepair to infer whetheror not they
correspondto thesameentity, while we introducetwo vari-
ablesfor eachreferencein thedata.As datasizesgrow, we
believethatthis distinctionhasasigni�cant impact.

It is interestingto note the role of papersP3 and P6
in this collective inferencefor the Johnson's thoughnone
of them containa Johnsonreference. They help to rein-
forceourbelief thattherearetwo distincttightly knit groups
or communitieswherememberauthorscollaboratestrongly
with eachother. Observe that frequentcollaborationsbe-
tweenWalshaw andAho, andEverettandUllman for exam-
ple would have the oppositeeffect. Then we would think
there is one collaborationgroup, as opposedto two, and
thereforeall Johnson'saremorelikely to bethesameauthor.

Not surprisingly, inferringtheentity labelsexactly turns
out to be intractable.In this paper, we proposeaneffective
Gibbssamplingapproachfor approximateinference.Also,
onecritical aspectof the inferenceprocedureis discovering
thelikely numberof entity labels,sincetheactualentitiesare
hiddenfrom us.We show how thenumberof entitiescanbe
inferredaswell.

Thoughwe usethebibliographicdomainof papersand
authors,ourmodelis applicablein astraight-forwardmanner
for otherdomainswherenoisy referencesto personentities
are observed together. Examplesinclude namesof people
traveling togetheron the same�ight, namesappearingto-
getherin the sameemail or groupsof peopleattendingthe
samemeeting. Furthermore,our approachcanbe general-



izedto modelotherresolutionproblems.We areinvestigat-
ing averysimilarmodelfor wordsenseresolutionin natural
languagedocuments,wherethe referencesareword occur-
rencesandthesensesaretheentitiesto beresolved.

3 RelatedWork

Thereis a largebodyof work on deduplication,recordlink-
age,and co-referencedetection. The traditional approach
to entity resolutionconsiderssimilarity of textual attributes.
Therehasbeenextensivework onapproximatestringmatch-
ing algorithms[26, 8] and adaptive algorithmsthat learn
stringsimilarity measures[4, 9, 33]. Beyondapplyingstan-
dardmachinelearningtechniques,otherapproachesuseac-
tive learning[32]. In addition,dataintegrationis anareaof
active research[17, 26, 23].

The groundwork for posingrecordlinkage as a prob-
abilistic classi�cation problem was done by Fellegi and
Sunter[13]. Winkler [34] builds upon this work by intro-
ducinga latentmatchvariableestimatedusingExpectation
Maximization.More recently, hierarchicalgraphicalmodels
havebeenproposed[30].

Probabilisticmodelsthat take into accountinteraction
betweendifferententity resolutiondecisionshave beenpro-
posedfor namedentity recognitionin naturallanguagepro-
cessingand for citation matching. McCallum et al. [24]
employ conditionalrandom�elds (CRF) for nouncorefer-
enceand useclique templateswith tied parameterswhere
thedecisionfor onepair affectsanotherthroughtheir over-
lap. Paraget al. [28] extendthe CRF model to merge ev-
idenceacrossmultiple �elds. More recently, Culottaand
McCallum [10] have consideredrelationsbetweenmultiple
typesto deduplicatethemjointly. However, all of thesemod-
elsconsiderpairwisedecisionsbetweenpotentialduplicates
andaresupervisedin thattheirparametersrequiretrainingon
labeleddata.Our approachis distinct in that theparameters
donot requiretrainingandareestimatedautomaticallyfrom
unlabeleddata.Also, we do not considerpairwisedecisions
which becomesprohibitive for biggerdatasets.Instead,we
useanentity labelfor eachreference.

Pasula et al. [29] proposea probabilistic relational
modelfor thecitationmatchingproblem.This capturesde-
pendencebetweenidentitiesof co-authorsof the samepa-
per, but doesnot modelcollaborative probabilitiesbetween
authorsdirectly. Dauḿe andMarcu [19] have recentlypro-
posedanextensionto Pasulaet al.'s model,wherethenum-
berof clustersor entitiesis directly modeledby a Dirichlet
Processand is similar in spirit to ours. However, we pro-
posea threelevel modelwherethe selectionof authoren-
tities dependson the groupsthat they belongto. Li et al.
[22] proposea generative modelfor disambiguatingentities
in text documentsthat capturesjoint probabilitiesfor co-
occurrence.They show impressive bene�ts over a pairwise
discriminative model. They modelpairwiseco-occurrence

probabilitiesratherthangroupmembershipsandsearching
for thesetof mostlikely entitiesis nota focusof theirwork.

Kalashnikov etal. [20] enhancefeature-basedsimilarity
betweenanambiguousreferenceandthemany entitychoices
for it with relationshipanalysisbetweenthe entities, like
af�liation andco-authorship.This is in thesamespirit asour
work, however they focus on the entity matchingproblem
wherethe domainof entities is given and the right entity
needsto be identi�ed for eachnew reference.We focuson
a more dif�cult problemwhereneitherthe entitiesnor the
numberof entitiesis known.

Non-probabilisticapproachesthat take relational fea-
turesinto accountfor dataintegrationhave beenproposed
[11, 7, 1, 3, 20, 12]. Chaudhuriet al. [7] make useof join
informationfor deduplicationbut assumethe secondaryta-
blesthemselvesto beclean.Thenotionof co-occurrencein
dimensionalhierarchieshasalso beenproposed[1], while
otherapproacheslook at weightedcombinationsof attribute
andrelationaldistancemeasures[3]. Donget al. [12] adopt
a modelsimilar to Paraget al. [28] andresolve entitiesof
multiple typesby propagatingrelationalevidencesin a de-
pendency graph. They adopta pair-wise reconciliationap-
proachsothatthegraphhasnodesfor all potentialduplicate
pairsandall pairsof similar attributes.

We model collaborative groupsusing LDA [6] which
improvesProbabilisticLatent SemanticIndexing [18] as a
generative topic model for documents.The relatedauthor-
topic model [31] recognizesthe problemof duplicateau-
thors;herewe proposea solutionfor it. Kubicaet al. [21]
have proposedgenerative modelsfor links usingunderlying
groups,but they donothandleidentityuncertainty.

4 LDA Model for Authors

In this section,we show how theLDA modelfor topicsand
wordsin documentscanbeadaptedto agroupmixturemodel
for authorentities.Westartwith thesimplercasewherethere
is noambiguityin theauthorreferences.In thenext section,
weexpandthemodelto handleambiguousauthorreferences.

Considera collection of D documentsand a set of A
authorswho write thesedocuments. We have a set of R
authorreferences,f a1; : : : ; aR g in theseD documents.Each
documentcanhavemultipleauthorsandfor now, weassume
the authorsof eachdocumentare observed. For the i th

authorreference,ai indicateswhichauthorit correspondsto
anddi denotesthedocumentin which it occurs.Furtherwe
introducethe notion of collaborative authorgroups. These
aregroupsof authorswhich tendto co-authortogether. We
will assumethat thereareT differentgroups. Eachauthor
referenceai hasanassociatedgrouplabelzi .

The probabilisticmodel is shown using plate notation
in Figure2(a). Theprobabilitydistribution over authorsfor
eachgroupis representedasa multinomialwith parameters
� j , sotheprobabilityP(a = i j z = j ) of the i th authorin
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Figure2: Platerepresentationfor (a)LDA modelfor authors
and(b) LDA-ER modelfor authorresolutionfrom ambigu-
ousreferences.Observedvariablesareshaded.

thedatabasebeingchosenfor thej th groupis � j
i . WehaveT

differentmultinomials,onefor eachgroup. Eachpaperd is
modeledasa mixtureover T groups.Thedistribution used
is againamultinomialwith parameters� d, sotheprobability
Pd(z = j ) of the j th group being chosenfor document
d is � d

j . Each � d is drawn from a Dirichlet distribution
with hyper-parameters� ; similarly each� j is drawn from
aDirichlet distributionwith hyper-parameters� .

To illustrate this generative processin the model, we
show how the authors for paper P5 are chosenin Fig.
1. First, a distribution � d over collaborative groups is
chosenfor the paper. Thesearethe likely groupsthat will
contribute the authorsof the document. Eachgrouphasa
distribution � i over likely authors. In our example, � G1

hasequalprobability for Aho, Ullman, Sethi and Stephen
C. Johnsonand 0 otherwise,while � G2 choosesbetween
Walshaw, Cross,Everett,Steve JohnsonandMcManuswith
equalprobability. Note that our modelallows an authorto
belongto multiple groups,thoughnot illustratedhere. The
distribution � d that is chosenfor paperP1hasprobability1
for groupG1 and0 probability for all other groups. Now
eachauthoris chosenby �rst samplinga groupzi from � d

andthensamplinganauthorfrom groupzi . Since� d for P1
hasnon-zeroprobability only for groupG1, it is the group
that is chosenfor every authorin P1. Having selectedG1
asthegroupfor eachauthor, the �rst draw from � G1 yields
Aho asthe�rst author, thesecondyieldsStephenC Johnson
andthethird yieldsUllman. Theauthorsfor theotherpapers
areselectedsimilarly. Note that in generalmore thanone
groupmay have non-zeroprobability in the distribution � d

for apaper, sothatauthorsfor thesamepapercancomefrom
multiplegroupswith smallerprobability.

5 LDA-ER Model for Author Resolution

In theprevioussection,we assumedthat theauthoridentity
canbe determinedunambiguouslyfrom eachauthorrefer-
ence.However, whenwearedealingwith authornames,this
is typically not the case. The sameauthormay be repre-
sentedin a variety of ways: `Alfred V. Aho', `Alfred Aho',
`AV Aho', etc. Theremay be mistakesdueto typosor ex-
tractionerrors. Finally, two `S. Johnson's may not refer to
thesameauthorentity. Onemayrefer to `StephenC. John-
son' andanothermayreferto `Steve P. Johnson'.Theresult
is thatwe areno longersureof themappingfrom theauthor
referenceto theauthorentity. We mustresortto inferenceto
identify thetrueauthorfor eachreference.

To capturethis, we will associatean attribute va with
eachauthora. In addition, we add an extra level to the
model that probabilistically modi�es the author attributes
Va to generatethe referencesr = f r 1; r2; : : : ; rR g. Each
referenceis generatedby �rst samplinga groupz andthen
anauthorentity a asbefore.Then,theauthorreferencer is
generatedfrom a by modifying theattributeva accordingto
a noisemodel N . We usea relatively sophisticatednoise
model that we explain in Section8. The probability of
generatingan author referencer from a particularauthor
entity is de�ned asP(r jva ). The conditionalprobabilities
for eachreferencearenormalizedto sumto 1 overall author
entities. It is the referencer that is observed, while the
entitya andgrouplabelz arehiddenvariables.TheLDA-ER
modelis representedin Figure2(b).

Illustratingthis in thecontext of ourmotivatingexample
in Fig. 1, we have already seenhow the three author
entitiesarechosenfor paperP1. The attributesva for the
threeauthorsare`Alfred V. Aho', `StephenC. Johnson'and
`Jeffrey D. Ullman'. However the complete/correctnames
do not always appearin papersor citations. In this case,
thenoiseprocessmodi�es theattributesof thethreeselected
entitiesto generatèA. V. Aho', `S. C. Johnson'and`J. D.
Ullman' asthethreeauthorreferencesin thepaper.

Theprobabilityof generatingthesetr of referencesfor
acorpusgivenparameters� , � andV canbeexpressedas

P(r ; �; � ; V ) =
Y

d

P(r d; �; � ; V )(5.1)

=
Y

d

X

ad

P(r d j ad; V )P(ad ; �; � )

=
Z

�
P(� ; � )

Y

d

X

ad

P(r d j ad; V )

�
Z

�
P(� ; � )P(ad j � ; � )d� d�

6 Infer enceusingGibbsSampling

In general, the integral in Eq. (5.1) is intractabledue to
couplingbetween� and � . Differentapproximationshave



been proposed,including variational methods[6], Gibbs
sampling[16] andExpectationPropagation[25].

Weextendtheapproachproposedby Grif�ths etal. [16]
for our model. Now � and � are not directly estimated
as parameters. Instead, we �rst construct the posterior
distribution P(z; a j r ) andthenestimate� and� from this
posteriordistribution. We derive the joint probability from
Eq.(5.1)as:

P(z; a; r ) = P(z)P(a j z)P(r j a)(6.2)

where

P(z) = (
�( T � )
�( � )T )D

DY

d=1

Q
t �( � + CD T

dt )
�( T � + CD T

d� )
(6.3)

is theprobability of the joint groupassignmentto all refer-
encesand

P(a j z) = (
�( A� )
�( � )A )T

TY

t =1

Q
a �( � + CAT

at )
�( A� + CAT

� t )
(6.4)

is theconditionalprobabilityof theauthorsgiventhegroups
andP(r j a) =

Q
i P(r i j va i ) is theconditionalprobability

of the referencesgiven the authors.CD T
dt is the numberof

times group t hasbeenobserved for all the referencesin
documentd andCD T

d� =
P

t CD T
dt . Similarly, CAT

at is the
numberof timesreferencesto authora have beenobserved
with grouplabelt in all documents.

We constructa Markov chainthatconvergesto thepos-
terior distribution P(z; a j r ) andthendraw samplesfrom
this Markov chain. Eachstatein the Markov chain is an
assignmentof a group label and an author label to all R
references.In the Gibbssamplingapproach,the labelsfor
eachreferencearesequentiallysampledconditionedon the
currentlabelsof all otherreferences.By construction,this
Markov chainconvergesto the targetposteriordistribution.
However, we �rst needto de�ne the full conditionaldistri-
bution P(zi = t; ai = a j z� i ; a� i ; r ), wherez� i is theset
of all but thei th grouplabelanda� i of all but thei th author
label. In words,this is theprobability that the i th reference
comesfrom thet th groupandtheath authorconsideringthe
currentgroupandauthorassignmentto all otherreferences.

We canderive this full conditionaldistributionas

P(zi = t; ai = a j z� i ; a� i ; r )

/
C D T

( � i ) d i t + �

C D T
( � i ) d i �

+ T �

C AT
( � i ) at + �

C AT
( � i ) � t

+ A� P(r i j va )

The factorizationmakes intuitive sense. The �rst term is
the probability of group t in documentdi , the secondis
the probability of authora in group t and the third is the
probabilityof theauthorattributeva beingmodi�ed into the
i th reference.

Insteadof samplingzi andai asablock,wecansample
themseparately:

P(zi = t j z� i ; a; r )(6.5)

/
CD T

( � i )d i t + �

CD T
( � i )d i � + T�

CAT
( � i )a i t + �

CAT
( � i ) � t + A�

P(ai = a j z; a� i ; r ) /
CAT

( � i )at i
+ �

CAT
( � i ) � t i

+ A�
P(r i j va )(6.6)

7 Modeling Author Attrib utes

In the previous section,while the authorlabelswereunob-
served, we assumedthat the authorattribute valuesva are
known. But in general,the author attributes will not be
known andwe now show how to infer their valuesfrom the
references.Theconditionaldistribution for samplinggroups
zi is not directly affectedby theattributes.However, theat-
tributesin�uence the assignmentof authorlabelsai , since
a referencer i is more likely to be assignedto an author
with similar attributes. Conversely, any authorattribute vi

dependson thereferencesthathave authorlabel i . Incorpo-
ratinga prior P(v) =

Q A
i =1 P(vi ) into thejoint distribution

in Eq.(6.2),wederivetheconditionaldistributionfor assign-
ing avaluev to vi givenall authorlabelsandreferencesas:

P(vi = v j a; r ) / P(v)
RY

j =1

P(r j j v)� i (aj )(7.7)

Intuitively, vi should be set to the most likely value that
explainsthegenerationof the referencesassignedto author
i . For example,if multiple “A.V. Aho” and “Alfred Aho”
referenceshave beenassignedauthorlabel i alongwith the
reference“Alfred Ah”, then the authorattribute vi is most
likely to be “Alfred V. Aho”. The samplingalgorithmnow
alsosamplestheauthorattributesvi iteratively, conditioned
onthereferencesandcurrentauthorassignments,alongwith
samplingthegroupandentity labelsfor eachreference.For
`freeauthors'to whichno referencesarecurrentlyassigned,
their attributescannotbe estimated. They are assigneda
`free' attribute `?', that is equally likely to generateany
referenceattribute.

8 NoiseModel

The differentwaysof distortingor modifying an authorat-
tribute to an authorreferencein a paperis capturedby the
noisemodelN . The noisemodelhandles�rst, middle and
last namesindependently. The �rst namecan be initialed
with probability pF I , droppedwith probability pF D or re-
tainedasawholewith probabilitypF R , wherepF I + pF D +
pF R = 1. TherearesimilarparameterspM I , pM D andpM R

for themiddlename.Theprobabilitiesfor the�rst andmid-
dle initials beingincorrectarepF I r andpM I r . Last names



andretained�rst or middlenamesmaybecorruptedby char-
actersbeinginserted,deletedor replacedwith probabilities
pI , pD andpR respectively. The minimum numbersof in-
sertion(nI ), deletion(nD )andreplacement(nR ) operations
for modifying anauthorattributev to a referencev0 areob-
tainedusingedit-distancefor strings. Then the generation
probabilityis P(v0jv) = pn I

I � pn D
D � pn R

R .

9 Determining Number of Entities

In the developmentup until now, we have consideredthe
numberof authorsA to be given, when in practice this
needsto beestimated.Oneof thecontributionsof this work
is an unsupervisedmethodfor determiningthe numberof
entities. We proposeanovel approachthatavoidssearching
explicitly over the possiblenumberof authorentitiesand
insteadadaptsit within oursamplingframework.

9.1 Basic Infer enceWith Gibbs Sampling We �rst de-
scribea novel but simpleGibbssamplingalgorithmfor it-
eratively samplingthevaluesof thehiddengroupandentity
labelsfor eachreferenceconditionedon the existing labels
of all otherreferences.Equations6.5, 6.6 and7.7 form the
basisof this algorithm. We �rst samplea group label for
eachreferenceaccordingto Eq. (6.5). Next, we samplean
entity label for eachreferenceaccordingto Eq. (6.6). The
differencefor theentitiesis that thenumberof entity labels
is unknown andneedsto be inferredby the algorithm. So
we either choosean existing entity label or alternatively a
hithertounusedone.For a new entity label,its observedoc-
currencecountCAT

( � i )at i
is 0. But theparameter� ensuresa

non-zeroprobabilityof a new labelbeingchosen.Also, the
attributeva for a new entity is unknown. Sowe usea �x ed
valuefor theprobabilityP(r i jva) for anew entitya thatcon-
trolshow frequentlynew entity labelsaresampled.Onceall
the entity labelsaresampled,in the third stepthe attribute
valuesaresampledfor eachof theexistingentitiesaccording
to Eq. (7.7). Theiterationscontinuetill convergence.There
is a connectionbetweenthis �a vor of Gibbssamplinginfer-
encefor numberof entitiesandtheDirichlet processwhich
wedescribein thenext subsection.

9.2 Relation to the Dirichlet ProcessTheDirichlet pro-
cesswasintroducedby Ferguson[14] andAntoniak[2] asa
non-parametricstatisticalapproachthatallows thecomplex-
ity of the model to grow with increasingsize of the data.
In the context of our application,we would like the num-
ber of entitiesto be inferred in model ratherthan it being
a �x ed parameter, andwe would like the model to be able
to accommodatea greaternumberof entitiesas the num-
ber of referencesin the datagrows. The Dirichlet process
canbe imaginedasa distribution over discretedistributions
andis usedas follows for choosingthe numberof compo-
nentsin a mixture model. A distribution (or a component)

is �rst drawn from theDirichlet process,theparametersare
then sampledfrom this distribution and �nally the data is
drawn usingtheseparameters.Drawing a parallelwith our
application,wecansampleanentity �rst, choosetheparam-
eters(the attribute) for that entity andthen�nally generate
thereferenceusingtheentity parameters.WhentheDirich-
let processis integratedout,aclusteringeffect is observedin
theconditionaldistribution for choosingthen th component
givenn � 1 previouscomponentdraws. Theprobabilityof
choosingoneof the existing componentsis proportionalto
thenumberof timesit hasbeenchosenin thepreviousn � 1
draws,while a new componenthasa nonzeroprobabilityof
beingsampled.In particular, let G0 bethebaselineprobabil-
ity distributionoverdiscretecomponents� and� beascalar.
Then,giventhen � 1 draws � 1:n � 1, thedistribution for the
nth componentis givenby

� n =
�

� �
i with prob n i

n � 1+ �
� ; � � G0 with prob �

n � 1+ �

wheren i is thenumberof times� �
i hasoccurredin � 1:n � 1.

Exact inferenceis intractablein the Dirichlet process
mixture model but approximateinferencetechniqueshave
beenproposed[27, 5]. Of particular interestis the Gibbs
samplingstrategy proposedby Neal [27]. This algorithm
iteratively samplesthe componentlabel ai for the i th data
object r i from the conditionaldistribution given the other
labels:

P(ai = k j r ; a� i ; � )(9.8)

= P(ai = k j a� i ; � )P(r i j r � i ; a� i ; ai = k)

For anexistingcomponentk

P(ai = k j a� i ; � ) =
CA

( � i )k

� + N � 1
(9.9)

whereCA
( � i )k is thenumberof previousassignmentsto the

kth componentwithout countingthe i th assignment.For a
componentk thathasnotbeenusedbefore

P(ai = k j a� i ; � ) =
�

� + N � 1
(9.10)

We may imagine LDA-ER as the Dirichlet process
mixture model augmentedwith a group structureabove it
thatenablesit to capturerelationsbetweenthecomponents
or entities. In LDA-ER, a group zi = t is �rst sampled
for the i th referencefrom the distribution over groupsfor
the documentand then an entity is sampledfrom it. In
the Dirichlet process,any previously existing entity may
be chosenin this step dependingon their prior counts.
But in LDA-ER, the choice is controlled by the sampled
groupt. Entitiesthat have previously beenassociatedwith
this sampledgroup are much more likely to be chosen.



This distinctionallowsLDA-ER to modelrelationsbetween
entities. As in the Dirichlet process,alternatively a new
entitymaybeselectedin LDA-ER. However, thisnew entity
now becomesassociatedwith groupt andmaybechosenfor
futurereferencesfrom this group. This differenceis clearly
observable from the conditional distributions in Eq. (9.9)
and Eq. (6.6). While the probability for choosingthe k th

entity in Eq.(9.9)dependsonCA
( � i )a which is thenumberof

previousoccurrencesof entity a, in Eq. (6.6) it dependson
CAT

( � i )at which is thenumberof joint occurrencesof groupt
andentity a. This couplingof the groupandentity labels
distinguishestheLDA-ER modelfrom theDirichlet process
mixturemodel.

9.3 Block Assignment for Entity Resolution As has
beennotedin the caseof naive Gibbs samplingfor infer-
encein the Dirichlet processmixture model [5], iteratively
estimatingthegroupandentity labelfor eachreferencesepa-
rately, asdescribedin Sec.9.1canbeprohibitively slow. We
now describeanovel algorithmthatovercomesthisproblem
by reassigningentity labelsfor a setof entitiesat the same
time. This achieves an agglomerative clusteringeffect on
thereferences.Observe thatfor any assignmentof entity la-
belsto references,eachentity label de�nes a cluster— all
referencesthat have this entity label belongto this cluster.
Samplinga new labelfor eachreferenceseparatelyis equiv-
alent to an individual referencemigratingfrom onecluster
to another. Agglomerative clusteringis signi�cantly faster
sincepairsof clustersmergeinto one.We achieve thesame
effect with thenew samplingalgorithmthatwe propose.In
addition,we allow existingclustersto split. Theconditional
probabilitiesfor thesechoicesfor any particularentity clus-
ter giventheentity andgrouplabelsfor all otherreferences
are derived from the joint distribution in Eq. (6.2). As in
traditionalGibbssampling,theseprobabilitiesthenform the
transitionprobabilitiesin a Markov process.

We de�ne a clusterby picking an author label j and
considerthe set s of referenceindicesthat have j as their
author label: s = f i j ai = j g. We assignnew author
labelsto all referencesindexedby clusters simultaneously.
In general,the numberof possibleauthor assignmentsto
s is exponential in jsj and it is virtually impossibleto
enumerateall thesedifferentprobabilitiesandsamplefrom
this distribution.

Instead,in our algorithmwe restrict the spaceof can-
didatessuchthat theclusterof referencesassignedto a par-
ticular authorlabel may (a) merge with a clustercurrently
assignedto anotherauthorlabel, (b) stayunchangedor (c)
split andhaveapartassignedto ahithertounassignedauthor
label j 0. Case(a) is similar to two authorclustersmerging
andthe numberof authorsis effectively decreasedby one.
In case(c), an authorclustersplits into two and the num-
berof authorsis effectively increasedby one. However, the

numberof possiblepartitionsof s into j andj 0 is still 2j sj .
Thesimplebut restrictedsolutionthatwe useis splitting to
thesetthatlastmergedinto label j via option(a).

We �rst considerassigninga singleauthorlabel to all
of clusters. The full conditionaldistribution we needto
derive is P(as = i j z; a� s; r ) which is the probability of
all thelabelsas in clusters beingsetto i conditionedon all
referencesandgrouplabelsandall otherauthorlabels. Let
usdenote

T(t; i ) =

C AT
( s) itY

n =1

(� + CAT
( � s) it + CAT

(s) it � n)(9.11)

T(t; � ) =

C AT
( s) � tY

n =1

(A� + CAT
( � s) � t + CAT

(s) � t � n)

whereCAT
(s)at is the numberof timesauthora and group t

have beenjointly assignedto referencesin s, andCAT
( � s)at

is thenumberof suchassignmentsoutsides. Let zs be the
setof groupscurrentlyassignedto thereferencesindexedby
clusters. Thenthe conditionaldistribution is derived from
Eq.(6.2)as

P(as = i j z; a� s; r )(9.12)

/
Y

t 2 zs

T(t; i )
T (t; � )

Y

j 2 s

P(r j j vi )

wherethe �rst product term is the group evidencefor the
assignmentandthesecondis theattributeevidence.
An Inter pretation of Block Assignment: Herewe show
how the terms in this conditionalprobability can be rear-
rangedso that the resultmakesintuitive sense.Let j be an
index into clusters andt j be thegrouplabel for that refer-
ence. Also, considerclusters to be an orderedsetandde-
noteby s<j thesetof elementsin s strictly beforeposition
j . Thenwe canrewrite Eq.(9.13)as

P(as = i j z; a� s; r )(9.13)

/
Y

j 2 s

� + CAT
(s<j ) it j

+ CAT
( � s) it j

A� + CAT
(s<j ) � t j

+ CAT
( � s) � t j

P(r j jvi )

HereCAT
(s<j ) it is thenumberof timesauthorlabeli andgroup

label t have occurredjointly for just the referencesin s<j .
We interpretthis asfollows. We assignauthorlabelsto the
referencesin clusters in sequence.For eachassignment,
the secondterm is the probability of the referencegiven
theauthorandthe �rst term is theprobabilityof theauthor
labelfor thereferencegivenits currentgrouplabel,including
theassignmentsalreadymadein thesequenceasadditional
evidence. It mustbestressedthatthis orderingis introduced
solely for interpretationpurposesandtheactualprobability



is independentof theordering.NotethatEq. (9.13)reduces
to Eq.(6.6)asexpectedwhenclusters hasasingleelement.

For thecasewhenwe partitionclusters into s1 ands2

and assigntwo different author labels to them, the condi-
tionalprobabilitylooksverysimilar:

P(as1 = i; as2 = i 0 j z; a� s; r )

/
Y

t 2 zs

T(t; i )T (t; i 0)
T (t; � )

Y

j 2 s1

P(r j j vi )
Y

j 2 s2

P(r j j vi 0)

Observe that when one author label mergeswith an-
otheraccordingto Eq. (9.13), the attribute of the freedau-
thor j changesfrom vj to the free attribute ' ?'. The differ-
encein prior probabilitiesof the two attribute valuesleads
to anadditionaltermin themergeprobability in Eq. (9.13):
P(?)=P(vj ). Similarly, when splitting the referencesas-
signedto authorj betweenj and currentlyunassignedj 0,
theattributeof authorj 0changesto vj 0 from `?' andthesplit
probabilityhastheadditionaltermP(vj 0)=P(?). Therefore,
the higher the prior probability of `?' relative to other at-
tributes,the higherwill be the likelihoodof a merge com-
paredto a split.

Puttingeverythingtogether, our entity resolutionalgo-
rithm startsfrom aninitial assignmentof authorsandgroups
to all referencesanditeratesoverthreestepssequentiallyun-
til convergence.First, it samplesa grouplabel for eachref-
erence.This hascomplexity O(RT) for R referencesandT
grouplabels.Thenfor eachassignedauthorlabel,it samples
thenext authorlabelfor its currentreferences.This requires
O(AS) operationsfor A authorlabelsand a maximumof
S potentialduplicatesper author. Finally, it samplesan at-
tributefor eachassignedauthorlabel,requiringO(A) oper-
ations. For eachroundof samplingauthorsandattributes,
we do several iterationsof groupsamplingto let the group
labelsstabilizefor thecurrentauthorassignments.Notethat
all stagesin an iterationare linear in the numberof refer-
encesandauthorlabelsallowing our modelto scaleto large
datasetsaswe demonstratein theexperimentalsection.

10 Determining Model Parameters

We have describedhow the numbersof authorscanbe de-
terminedwithin thesamplingprocedure.Theremainingas-
pectsof themodelarethenumberof groupsandtheDirich-
let hyper-parameters.Their choiceaffects performancein
differentways.

10.1 Number of Groups We begin by observingthat the
choice of the numberof groups is subjective and not as
critical asthe numberof entities. Relationshipsamongthe
samesetof entitiescanbecapturedwith differentnumberof
groupsat differentlevelsof resolution.While it is possible
to estimatethelikely numberof groupsfrom thedata,it is an
areaof potentialfutureresearch.Hereweconsidertheeffect

of varyingnumberof groupsonentityresolution.Recallthat
ourguidingintuition is to assignthesameauthorlabelto sets
of referenceswhenthey aresimilar andhave similar group
distributions. When the numberof groupsT is too small,
misleadingsimilarities in group distributions are likely to
be observed, leading to falsepositives. If T is too high,
referencesto the sameauthor can get split over different
groups,makingfalsenegativeslikely. In otherwords,lower
T favors higherrecall and lower precision,while higherT
leadsto lower recallwith higherprecision.

10.2 Hyper-parameters To appreciatetherolesof � and
� , notefrom Eq.(6.5)thatwhen� = 0, areferenceis forced
to pick a grouplabel from the otherreferencesin the same
document.Similarly, when� = 0, a referencehasto pick a
group label from other referencesto the sameauthor, and
also an author label from other referenceswith the same
grouplabel. In general,for low valuesof � and� , themodel
tendsto over�t the data. This is particularly undesirable
for entity resolution,sincewe needto estimatethe number
of authorsand needto generalizefrom the currentauthor
assignments.To get a feel for what valuesareappropriate,
observe that T � is the numberof pseudoreferencecounts
addedto eachdocument.Sincein mostcasesdocumentswill
haveoneor two authors,wesetT � to be0:25. Similarly, A�
is thenumberof pseudoreferencesfor eachtopic. We set�
accordingto thenumberof referencesin thedatasetandthe
numberof topicsused.A typical valuefor A� is 5.

10.3 NoiseModel Parameters Weiterativelyestimatethe
noiseparametersfrom datain a unsupervisedmanner. We
startfrom aninitial estimatethat is typical of somedatasets
we explored. For instance,�rst namesare initialed and
droppedwith probabilities0:75 and 0:001 (0:25 and 0:7
for middle names)andis incorrectwith probability 0:0005
(0:001 for middle names). Charactersmay be dropped,
replacedor inserted,eachwith probability 0:0025. After
every authorsamplingstep,we re-estimatetheprobabilities
looking at eachreferenceattribute and the attribute of the
authorit hasbeenassignedto. However, theestimatesfrom
the initial iterationsmay not be good. For example,when
all referencesaredistinctentities,all corruptionprobabilities
areestimatedto be 0. To prevent this, estimatesaremade
to evolve slowly. A weightedcombinationof the current
probabilitiesand the new estimatesyields the probabilities
for thenext iteration. Typically, we retaincurrentestimates
with weight0:9.

11 Algorithm Re�nements

Unlikegrouplabels,authorlabelsfor referencesaresampled
from a restrictedspace.Herewe proposeimprovementsfor
thesamplingalgorithmfor inferring theauthorlabels.



11.1 Bootstrapping Author Labels Initialization of au-
thor labelsis anissuebothfor convergencetimeandquality.
Oneoptionis to assignthesameinitial label to any two ref-
erencesthathave attributesv1 andv2, whereeitherv1 = v2

or v1 is aninitialed form of v2. However, for domainswhere
lastnamesrepeatvery frequently, like Chinese,Japaneseor
Indian names,this can affect the initial accuracy quite ad-
versely, from whichit is hardto recover. For thecaseof such
commonlastnames1, weproposeanimprovedbootstrapping
scheme.We assignthesameauthorlabelto pairsonly when
they have documentco-authorswith thesameinitial author
label.This improvesbootstrapaccuracy signi�cantly for one
of ourdatasetsthathasfrequentlyrepeatingnames.

11.2 Group Evidencefor Author SelfLoops Recallthat
Eq.(9.11)shows thegroupevidencefor differenttransitions
for clusters. CAT

( � s)at is the numberof referencesoutside
clusters thathave authorlabela andgrouplabel t. For any
groupt, it is thegroupevidencefor mergingwith thecluster
for authorlabela. However, if s is theclusterof references
with authorlevel j , thenCAT

( � s) j t will be0 for all grouplabels
t, sincethereareno referencesoutsideclusters with author
label j . Therefore,clusters haslittle af�nity to itself when
consideringgroupevidenceandprefersmerging with other
clusters.Notehoweverthateveryclusterhashigherattribute
af�nity to itself thanto otherclusters.We introducea scalar
parameterthatallowsusto haveadditionalcontrolontherate
of clustermerges.Weconsiderasmallfraction� of CAT

(s) j t as
externalgroupevidencefor j . Thehigherthevalueof � , the
strongerhasto be the evidenceto causean existing author
labelto mergewith anotherlabelor to split into two.

12 Experimental Evaluation

We begin by evaluating our algorithm on two real cita-
tion datasets.We compareour collaborative entity resolu-
tion model(LDA-ER) with thebestattribute-basedmodels.
Next, to gain further understandingof theconditionsunder
whichentity resolutionbene�ts from collaborativegroupin-
formation,we evaluateour modelon a broadrangeof syn-
theticdatasetswith varyingrelationalstructure.

12.1 Results on Citation Data We �rst perform experi-
mentalevaluationson two citation datasets.The �rst is the
CiteSeerdatasetcontainingcitationsto papersfrom four dif-
ferentareasin machinelearning,originally createdby Giles
et al. [15]. This has2,892referencesto 1,165authors,con-
tainedin 1,504documents.The seconddatasetis signi�-
cantlylarger;arXiv (HEP)containspapersfrom highenergy
physicsusedin KDD Cup20032. Thishas58,515references
to 9,200authors,containedin 29,555papers.Theauthorsfor

1http://en.wikipedia.org/wiki /List of mostpopularfamily names
2http://www.cs.cornell.edu/projects/kddcup/index.html

bothdatasetshavebeenhand-labeled.
To evaluateouralgorithms,wemeasuretheperformance

of our modelfor detectingduplicatesin termsof precision,
recall andF 1 on pairwiseduplicatedecisions.It is practi-
cally infeasibleto considerall pairs,particularlyfor HEP, so
asothershavedone,weemploy a`blocking' approachto ex-
tract thepotentialduplicates.This approachretains� 99%
of thetrueduplicatesfor bothdatasets.

We use a simple schemefor attribute priors, where
commonlast namesaresetto be 10 timesmorelikely than
otherlastnames,andthe freeattribute `?' is 10 timesmore
likely thancommonnames. Whensamplinggrouplabels
giventheentityassignmentsateachstep,we iterateuntil the
log-likelihoodconverges. Typically for the �rst few steps,
we perform 50 group samplingiterationsfor eachauthor
iteration. Thereafterwe proceedwith 20 group iterations
for eachauthor iteration. The F 1 convergesin about30
author iterationsfor CiteSeerand 50 author iterationsfor
HEP. Ona3.2GHzDell Precision670Intel Xeonserver, this
takesbetween2.5and10 minutesfor CiteSeerandbetween
2 and12hoursfor HEPdependingon thenumberof groups.
As discussedin Section 11.2, we use a small fraction
(� = 0:5%) of groupevidencefor selfprobabilities.

As a baseline(ATTR), we comparewith the hybrid
SoftTF-IDFmeasure[8] thathasbeenshown to outperform
other unsupervisedapproachesfor text-basedentity reso-
lution. Essentially, it augmentsthe TF-IDF similarity for
matchingtoken setswith approximatetoken matchingus-
ing a secondarystring similarity measure.Jaro-Winkler is
reportedto be the best secondarysimilarity measurefor
SoftTF-IDF.Wealsoexperimentwith theJaroandtheScaled
Levensteinmeasures.However, directly using an off-the-
shelf string similarity measurefor matchingnamesresults
in very poor recall. From domainknowledgeaboutnames,
we know that �rst and middle namesmay be initialed or
dropped. A black-boxstring similarity measurewould un-
fairly penalizesuchcases. To deal with this, ATTR uses
string similarity only for last namesand retained�rst and
middlenames.In addition,it usesdropprobabilitiespD r opF

and pD r opM for dropped�rst and middle names,initial
probabilitiespF I andpM I for correctinitials andpF I r and
pM I r for incorrect initials. The probabilitieswe usedare
0:75; 0:001and0:001for correctlyinitialing, incorrectlyini-
tialing anddroppingthe �rst name,while thevaluesfor the
middle nameare 0:25; 0:7 and 0:002. We calculatedthe
probabilitiesfrom the labeleddatasetsandthenhand-tuned
themfor performance.Our observationis thatbaselineres-
olutionperformancedoesnotvarysigni�cantly astheseval-
uesarevariedover reasonableranges.

ATTR only reportspairwisematchdecisions,whichare
ofteninconsistentglobally. We alsoevaluatea secondbase-
line ATTR* which takesa transitive closureover the pair-
wise decisionsin ATTR. Both ATTR andATTR* needa



similarity thresholdfor decidingduplicatesanddetermining
theright thresholdis a problemfor thesealgorithms.Oneof
thestrengthsof LDA-ER is thatit doesnot requireany sim-
ilarity threshold.For comparison,we considerthe bestF 1
thatcanbeachievedby thebaselinesoverall thresholds.

Table1: Performanceof ATTR andATTR* in termsof F 1
using varioussecondarysimilarity measureswith SoftTF-
IDF. The measurescomparedare ScaledLevenstein(SL),
Jaro (JA), JaroWinkler (JW) and the generative 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

Table1 recordsbaselineperformancewith variousstring
similarity measurescoupledwith SoftTF-IDF. Notethat the
bestbaselineperformanceis with Jaroassecondarystring
similarity for CiteSeerand ScaledLevensteinfor HEP. It
is also worth noting that a baselinewithout initial and
dropprobabilitiesscoresbelow 0:5 F 1 usingJaroandJaro-
Winkler for bothdatasets.It is higherwith ScaledLevenstein
(0:7) but still signi�cantly below the augmentedbaseline.
Transitive closureaffectsthebaselinedifferently in the two
datasets. While it adverselyaffects precisionfor HEP, it
improvesrecallfor CiteSeer.

Table2 showsthebestperformanceof eachof thethree
algorithmsfor eachdataset. Note that the recall includes
blocking, so that the highestrecall achievable is 0:993 for
CiteSeerand 0:991 for HEP. LDA-ER outperformsboth
formsof thebaselinefor bothdatasetsfor all stringsimilarity
measuresandthe improvementsarestatisticallysigni�cant.
For CiteSeer, LDA-ER gets close to the highestpossible
recall with very high accuracy. This meansthat it is able
to retrievealmostall duplicatescorrectly. Improvementover
thebaselineis greaterfor HEPin termsof F 1. Also, LDA-
ER reduceserrorrateover thebaselineby 22%for CiteSeer
(from 0.9% to 0.7%) and by 20% for HEP (from 2.4% to
1.9%). Also, HEP hasmore than 64; 6000 true duplicate
pairs, so that a 1% improvementin F 1 translatesto more
than6; 400correctpairs.

Looking morecloselyat the resolutiondecisionsfrom
CiteSeer, we wereableto identify someinterestingcombi-
nation of decisionsby LDA-ER that would be dif�cult or
impossiblefor an attribute-onlymodel. Thereareinstances
in thedatasetwherereferencepairsareverysimilar but cor-
respondto differentauthorentities. Examplesinclude(liu

Table 2: Performanceof LDA-ER, ATTR and ATTR* for
CiteSeerandHEP datasets.The standarddeviation of the
F 1 is 3 � 10� 4 for CiteSeerand1:7 � 10� 4 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 0.991 0.971 0.981

j, lu j) and(changc, chiangc). LDA-ER correctlypredicts
that theseare not duplicates. At the sametime, thereare
otherpairsthatarenotany moresimilar in termsof attributes
thanthe examplesabove andyet areduplicates.Theseare
alsocorrectlypredictedby LDA-ER by leveragingcommon
collaborationpatterns. The following are examples: (john
m f, john m st), (reisbech c, reisbeck c k), (shortliffe e h,
shortcliffe e h), (tawaratumidas, tawaratsumidasukoya),
(elliott g, elliot g l), (mahedevan s, mahadevan sridhar),
(livezey b, livezy b), (brajinik g, brajnik g), (kaelbingl p,
kaelblinglesliepack), (littmannmichael l, littman m), (son-
dergaard h, sndergaard h) and(dubnick cezary, dubnicki c).
An exampleof a particularlypathologicalcaseis (mintons,
mintonandrew b), which is the resultof a parseerror. The
attribute-onlybaselinescannotmake theright predictionfor
boththesesetsof examplessimultaneously, whateverthede-
cisionthreshold,sincethey considernamesalone.

We were also interestedin exploring how the number
of collaborativegroupsaffectstheperformanceof ourentity
resolutionalgorithm.Table3 recordstheperformanceof the
group model on the two datasetswith varying numberof
groups. While we observe a generaltrendwhereprecision
improvesandrecall sufferswith moregroups,notethat the
F 1 is largelystableovera rangeof groups.

Table 3: LDA-ER Performanceover varying number of
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 Properties of Collaborative Graphs While the
LDA-ER model shows improvement for both citation
datasets,the improvementis muchmoresigni�cant for the
HEPdataset.Oninvestigatingwhy ourmodelshowsalarger
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Figure3: Improvementof LDA-ER overATTR* for varying(a)ambiguityof references,(b) avg. numberof referencesper
authorand(c) avg. numberof referencesperdocument.Otherparametersareheldconstantfor eachexperiment.

improvementfor HEPthanfor CiteSeer, we foundsomeno-
tabledifferencesbetweenthe datasets.We call a reference
ambiguousif thereis morethanoneauthorentity with that
lastnameand�rst initial. Thereis asigni�cant differencein
referenceambiguitybetweenthetwo datasets— only 0:5%
of the referencesin CiteSeerare ambiguouswhile 9% of
HEPreferencesareambiguous.A seconddifferenceis in the
densityof theauthorcollaborationgraph.Theaveragenum-
berof collaboratorsperauthoris 2:15 in CiteSeerand4:5 in
HEP. Finally, athird signi�cant differencerelatesto thesam-
ple size. While the ratio of thenumberof referencesto the
numberof authorsis 2:5 for CiteSeer, for HEPit is 6:36. On
theotherhand,oneof thefeaturesthat is preservedfor both
datasetsis theaveragenumberof referencesper document,
which is 1:9 for both.

In orderto investigatewhichof thesefeaturesis respon-
siblefor theperformancedifference,weranouralgorithmon
a rangeof syntheticallygenerateddatasets.This allowedus
to investigatetheconditionsunderwhich our modelis most
likely to lead to signi�cant improvementsover algorithms
which do not take into accountcollaborative structure.Due
to spaceconstraints,we provide only theoutlineof thedata
generator;it is reasonablysophisticated.It attemptstomimic
thewayauthorsof academicpapersaregeneratedby theun-
derlyingcollaborativepatternamongresearchers.Thereare
two phasesin this generative process.First, a collaborative
graphis createdin steps,wherein eachstepa collaborative
edgeis addedbetweentwo authors. Eachauthor is given
a namesampledfrom US censusdata. By samplingfrom
the top k% of this distribution we cancontrol the percent-
ageof ambiguousnamesin thedata.Otherparametersallow
us to control thenumberof authorsandtheaveragecollab-
orationdegree. In the secondstage,documentsarecreated
from this collaborative graphby �rst samplingan initiator
author, who choosesrandomlyfrom collaboratorsto select
co-authorsfor that document. The authornamesfor each
documentaremodi�ed by anoisemodelto generatetheref-
erences.Variousparametersallow us to control thenumber
of documentsgenerated,theaveragenumberof authorsper

documentandthelevel of noisein thereferences.
In oursetupfor experimentswith syntheticdata,wevary

the syntheticdatasetparametersone at a time holding the
othersconstant. The default valuesof the parametersare
set to re�ect the featuresof the real datasets.The datasets
have 1000authorswith anaverageof 4:5 collaborators.We
generate3000 documentswith an averageof 2 references
per documentand15% ambiguousreferences.We explore
varying the fraction of ambiguousreferences,the ratio of
referencesto authors,the averagenumberof collaborators
and averagenumberof referencesper document. Since
the resultsareaveragedover differentdatasets,we present
only theimprovementin F 1 measureobservedfor thegroup
modeloverATTR*.

Figure3 summarizesthe trendsthat we observe. One
signi�cant improvementtrendis over varying ambiguity in
the references.As shown in Figure3(a), it climbs sharply
from 0:01 for 10% ambiguity(asin HEP) to 0:06 for 27%
referenceambiguity. Figure3(b) shows that LDA-ER nat-
urally bene�ts from highersamplesizesfor the authorref-
erences. Figure 3(c) shows that LDA-ER bene�ts from a
greaternumberof authorsper document.However, no sta-
tistically signi�cant trendsemerged from our experiments
with varyingcollaborationdegreekeepingotherfactorslike
samplesize�x ed;someexperimentsshowedlargerimprove-
mentswith higherdegree,however theresultswerenot con-
sistent.Morethoroughlycharacterizingpropertiesof thecol-
laborative graphstructurethat leadto improvedentity reso-
lution is aninterestingareafor futurework.

13 Conclusions

In this paper, we have developeda probabilisticgenerative
model for collectively resolvingentities in relationaldata.
It is novel in that it doesnot make pair-wise decisionsand
introducesa groupvariableto capturerelationshipsbetween
entities.OurmodelmaybeviewedasextendingtheDirichlet
processmixturemodelto capturerelationsbetweenentities
or components.We proposean unsupervisedapproachfor
collective inferencein our model that doesnot requireany



labeledtraining data. In addition,we presenta novel sam-
pling strategy to estimatethe numberof entitiesautomati-
cally from thereferences.We have demonstratedtheutility
of the proposedmodelon two real-world citation datasets.
Additionally, we have identi�ed someof theconditionsun-
derwhich thesemodelsareexpectedto providegreaterben-
e�t. Areasfor futurework includeextendingthemodelsto
resolve multiple entity classesandbettercharacterizationof
collaborativegraphsamenableto thesemodels.
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