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Abstract

Entity resolution has received considerableattention in recent
years. Given mary referencedo underlyingentities, the goal is

to predictwhichreferencesorrespondo the sameentity. We shav

how to extendthe LatentDirichlet Allocation modelfor this task
and proposea probabilisticmodel for collective entity resolution
for relationaldomainswvherereferencesreconnectedo eachother

Ourapproactdiffersfrom otherrecentlyproposecentity resolution
approachedn thatit is a) generatre, b) doesnot make pairwise
decisionsandc) captureselationsbetweerentitiesthrougha hid-

dengroup variable. We proposea novel samplingalgorithm for

collective entity resolutionwhich is unsupervisednd also takes
entity relationsinto account. Additionally, we do not assumehe
domainof entitiesto be known andshav how to infer the number
of entitiesfrom thedata.We demonstrat¢heutility andpracticality
of our relationalentity resolutionapproactfor authorresolutionin

two real-world bibliographicdatasetsin addition,we presenfre-
liminary resultson characterizingonditionsunderwhichrelational
informationis useful.

1 Intr oduction

In mary applicationstherearea variety of 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 referencedn the collection to these
entities. This problemcomesup in mary guisesthroughout
computerscience Examplesncludecomputewision,where
we needto gure outwhenregionsin two differentimages

refer to the same underlying object (the correspondence

problem); natural languageprocessingwhere we would
like to determinewhich noun phrasesrefer to the same

underlying entity (co-referenceesolution); and databases
where,whenmeiging two databasesr cleaninga database,

we needto determinewhentwo recordsarereferringto the
sameunderlyingindividual (deduplication).

We areinterestedn resolvingreferencesvhenthey are
connectedo eachothervia relationallinks, asin thebiblio-

graphicdomainwhereauthornamesn papersareconnected

by co-authotinks. Now entity resolutionbecomegollective
in thatresolutiondecisiongdependn eachotherthroughthe
relationallinks. We shav thatcollective entity resolutionim-

provesperformanceverindependenpairwiseresolution.
Thereis a long history of work in both generaland
relationalentity resolution.Recentlygeneratre[22, 29] and
discriminative [24, 28] probabilisticapproachehave been
proposedas well as non-probabilisticalgorithms[20, 12].
Our model differs from most of the above in that it is
unsuperviseddoes not assumethe underlying entities to
be known, doesnot make pairwisedecisionsand explicitly
modelsrelationsbetweerentitiesusinggroupmembership.
We introducea generatie probabilisticmodelfor entity
resolutionthatbuilds ontherecentlyproposed_atentDirich-
let Allocation model(LDA) [6]. Unlike mostexisting mod-
els,wedonotintroduceadecisionvariablefor eachpotential
duplicatepair of referencesbut insteadhave an entity label
for eachreferenceTo modelcollaborativerelationsbetween
entities, we introducea group label for eachreferenceso
that entitiescoming from the samecollaboratve group are
morelikely to be obseredin arelation. For authorresolu-
tion, this meansthat we model collaboratve groupsto ex-
plain co-authorshipelations. The generatie processn our
modelmay be viewed as an extensionof the Dirichlet Pro-
cesamixture model:the grouplabelsin our modelin uence
thechoiceof entitiesfor eachauthorreferencen apaper
Another contritution of this paperis an unsupervised
Gibbssamplingalgorithmfor collective entity resolution. It
is unsupervisedecauseve do not make useof a labeled
training setandit is collective becausehe resolutiondeci-
sionsdependon eachotherthroughthe grouplabels. Fur-
ther, thenumberof entitiesis not x edin our model,andwe
proposeanovel samplingstratayy to estimatehemostlikely
numberof entitiesgiventhereferences.
Thepapelis organizedasfollows. We presenamotivat-
ing examplein Section2 andrelatedresearchn Section3.

"In Section4, we rst adaptthe LDA modelfor document

authorsandextendit for entity resolutionin Section5. The
samplingframework for inferenceis presentedn Section6.
In Section7 andSection8, we describehow entity attributes
aremodeled.Section9 describe®ur novel algorithmfor de-
terminingthe numberof entitiesandin Section10 andSec-
tion 11 we explore parameteichoicesand algorithmicim-
provements Finally, we presenexperimentatesultsonreal
andsyntheticdatain Section12 andconcludein Sectionl13.



2 A Motivating Example

In this section,we introducea concretebibliographicexam-
ple to explain the entity resolutionproblemfor authorsand
motivateour approach.Considerasan examplesix real pa-
percitationsP1throughP6from CiteSeer:

P1: “JOSTLE: Partitioning of UnstructuredMeshesor Massvely
Parallel Machines” C. Walshav, M. Cross, M. G. Everett, S.
Johnson

P2: “Partitioning Mapping of UnstructuredMeshesto Parallel
Machine Topologies”, C. Walshav, M. Cross,M. G. Everett, S.
JohnsonK. McManus

P3: “Dynamic Mesh Partitioning: A Unied Optimisationand
Load-BalancingAlgorithm”, C. Walshav, M. Cross M. G. Everett
P4: “Code Generationfor Machineswith Multiregister Opera-
tions”, Alfred V. Aho, StepherC. JohnsonJeferey D. Ullman

P5: “DeterministicParsingof AmbiguousGrammars”A. V. Aho,
S.C.Johnson).D. Ullman

P6: “Compilers: Principles,Techniquesand Tools”, A. Aho, R.
Sethi,J. Ullman

Each of the 6 papershasits own authorreferences.
For instance,the rst paperP1 has four references’C.
Walshav', "M. Cross',"M. G. Everett' and’S. Johnson'.In
all we have 21 referencesn the 6 papers. The goal is to

nd out how mary differentauthorentitiesthesereferences
correspondo and which referencemapsto which entity.
Groundtruth tells usthatall 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: thosein
papersP4 and P5 correspondo StephenC. Johnsonfrom
Bell Labs,while thosein papersP1andP2mapto Steve P.
Johnsorfrom University of Greenwich,London. However,
going by just the namesof the referencest is not clear
why “StepherC. Johnsonis not 'S. Johnson'when Alfred
V. Aho' is the sameas 'A. Aho'. Our goal will be to
make use of the collaborationrelationshipsto make these
contrastinginferencessimultaneously We would like to
be ableto infer from the collaborationsthat there are two
different collaborationgroupsin this example and authors
aremorelikely to publishwith otherauthorsfrom the same
group. As illustratedin Fig. 1, the rst group G1 has
Aho, Ullman andSethiasmemberauthors.The othergroup
G2 hasWalshav, Cross,Everettand McManus. Stephen
C. Johnsornis associatedvith the rst collaborationgroup,
while S Johnsorfrom paperdPlandP2is a differentperson
sinceheis associateavith the seconcdcollaborationgroup.

In orderto malke theseinferencespur modelintroduces
an entity label and a group label for eachreference both
of which arehiddenandneedto beinferred. The inference
procedures collective in thatthey cannotbe madeindepen-
dently for eachreference— their relationshipgo otherref-
erenceqeedto be consideredaswell. Also, the groupand
the entity labelsare inter-dependent.The entity labelsfor

Gl Alfred V. Aho

Stephen C. Johnson Steve P. JohnspnC_ Martin Everetl

. P5[ A V.Aho| [.C.Johnshn P1 [C.Walshaj | M. Cross |
| M. G. Evere]t [ S. Johnsor

Figure 1. Author entities in two different collaboration
groupsandtwo generategbapers.The ovals arethe entities
belongingto groupsshavn asencapsulatingectanglesDot-
tedrectanglesepresenpaperswith authorreferenceshavn
assmallersolid rectangles.Eachpaperis generatedy the
groupaboveit.

the two Johnsors dependon their group labels,aswe just
sav. Also, the grouplabelsdependon the entity labelsin

turn. Sethifrom paperP6andJohnsorfrom paperP5belong
to the samegroupsincethey aretied by the identicalentity
labelsfor the Aho's andUliman's in the two papers.These
two hiddenvariablesarethe key distinctionsof our model
in comparisorto someotherrecentonesthathave beenpro-

posed.Most otherapproachemtroducea decisionvariable
for eachpotentialduplicatepair to infer whetheror not they

correspondo the sameentity, while we introducetwo vari-

ablesfor eachreferencdan the data. As datasizesgrow, we

believe thatthis distinctionhasa signi cant impact.

It is interestingto note the role of papersP3 and P6
in this collective inferencefor the Johnsors thoughnone
of them containa Johnsonreference. They help to rein-
forceour beliefthattherearetwo distincttightly knit groups
or communitiesvherememberauthorscollaboratestrongly
with eachother Obsene that frequentcollaborationsbe-
tweenWalshav andAho, andEverettandUlIman for exam-
ple would have the oppositeeffect. Thenwe would think
thereis one collaborationgroup, as opposedto two, and
thereforeall Johnsorsaremorelik ely to bethe sameauthor

Not surprisingly inferringthe entity labelsexactly turns
outto beintractable.In this paper we proposean effective
Gibbssamplingapproachfor approximatenference.Also,
onecritical aspecbf the inferenceprocedurés discovering
thelikely numberof entity labels sincetheactualentitiesare
hiddenfrom us. We shov how the numberof entitiescanbe
inferredaswell.

Thoughwe usethe bibliographicdomainof papersand
authorspurmodelis applicablen astraight-forvardmanner
for otherdomainswherenoisy referencedo personentities
are obsened together Examplesinclude namesof people
traveling togetheron the same ight, namesappearingto-
getherin the sameemail or groupsof peopleattendingthe
samemeeting. Furthermore pur approachcanbe general-



izedto modelotherresolutionproblems.We areinvestigat-
ing avery similar modelfor word senseesolutionin natural
languagedocumentswherethe referencesre word occur

rencesandthe sensesirethe entitiesto beresohed.

3 RelatedWork

Thereis alargebody of work on deduplicationyecordlink-
age, and co-referencedetection. The traditional approach
to entity resolutionconsiderssimilarity of textual attributes.
Therehasbeenextensive work onapproximatestringmatch-
ing algorithms[26, 8] and adaptve algorithmsthat learn
string similarity measure$4, 9, 33]. Beyondapplyingstan-
dardmachinelearningtechniquesptherapproachesiseac-
tive learning[32]. In addition,dataintegrationis an areaof
activeresearchl7, 26, 23].

The groundwork for posingrecordlinkage as a prob-
abilistic classi cation problem was done by Fellegi and
Sunter[13]. Winkler [34] builds uponthis work by intro-
ducinga latentmatchvariableestimatedusing Expectation
Maximization.More recently hierarchicalgraphicalmodels
have beenproposed30].

Probabilisticmodelsthat take into accountinteraction
betweerdifferententity resolutiondecisionshave beenpro-
posedfor namedentity recognitionin naturallanguagepro-
cessingand for citation matching. McCallum et al. [24]
employ conditionalrandom elds (CRF) for noun corefer
enceand use clique templateswith tied parameteravhere
the decisionfor one pair affectsanotherthroughtheir over
lap. Paragetal. [28] extendthe CRF modelto meige ev-
idenceacrossmultiple elds. More recently Culottaand
McCallum[10] have consideredelationsbetweenmultiple
typesto deduplicatehemjointly. However, all of thesemod-
elsconsidempairwisedecisionsbetweerpotentialduplicates
andaresupervisedn thattheirparametersequiretrainingon
labeleddata. Our approacthis distinctin thatthe parameters
do notrequiretrainingandareestimatedautomaticallyfrom
unlabeleddata.Also, we do not considempairwisedecisions
which becomesrohibitive for biggerdatasetsinstead we
useanentity labelfor eachreference.

Pasulaet al. [29] proposea probabilistic relational
modelfor the citation matchingproblem. This capturede-
pendenceéetweenidentitiesof co-authorsof the samepa-
per, but doesnot model collaboratie probabilitiesbetween
authorsdirectly. Daumé andMarcu [19] have recentlypro-
posedan extensionto Pasulaet al's model,wherethe num-
ber of clustersor entitiesis directly modeledby a Dirichlet
Processaandis similar in spirit to ours. However, we pro-
posea threelevel modelwherethe selectionof authoren-
tities depend=on the groupsthat they belongto. Li et al.
[22] proposea generatie modelfor disambiguatingentities
in text documentsthat capturesjoint probabilitiesfor co-
occurrence.They shav impressie bene ts over a pairwise
discriminatve model. They model pairwise co-occurrence

probabilitiesratherthan group membershipsnd searching
for thesetof mostlikely entitiesis notafocusof theirwork.

Kalashnilov etal. [20] enhancdeature-basedimilarity
betweeranambiguouseferencendthemary entity choices
for it with relationshipanalysisbetweenthe entities, like
afliation andco-authorshipThisis in thesamespirit asour
work, however they focus on the entity matchingproblem
wherethe domainof entitiesis given and the right entity
needgo beidenti ed for eachnew reference.We focuson
a moredif cult problemwhereneitherthe entitiesnor the
numberof entitiesis known.

Non-probabilisticapproacheghat take relational fea-
turesinto accountfor dataintegration have beenproposed
[11, 7,1, 3,20,12]. Chaudhurietal. [7] make useof join
informationfor deduplicationbut assumehe secondaryta-
blesthemselesto be clean. The notion of co-occurrencén
dimensionalhierarchieshasalso beenproposed1], while
otherapproachefook at weightedcombinationf attribute
andrelationaldistancemeasure$3]. Dongetal. [12] adopt
a modelsimilar to Paraget al. [28] andresole entitiesof
multiple typesby propagatingelationalevidencesin a de-
pendenyg graph. They adopta pairwise reconciliationap-
proachsothatthe graphhasnodesfor all potentialduplicate
pairsandall pairsof similar attributes.

We model collaborative groupsusing LDA [6] which
improves ProbabilisticLatent Semanticindexing [18] asa
generatie topic modelfor documents.The relatedauthor
topic model [31] recognizesthe problem of duplicateau-
thors; herewe proposea solutionfor it. Kubicaetal. [21]
have proposedyeneratie modelsfor links usingunderlying
groups,but they do nothandleidentity uncertainty

4 LDA Model for Authors

In this section,we shav how the LDA modelfor topicsand
wordsin documentganbeadaptedo agroupmixturemodel
for authorentities.We startwith thesimplercasewherethere
is no ambiguityin theauthorreferencesln the next section,
we expandthemodelto handleambiguousuthorreferences.
Considera collectionof D documentsand a setof A
authorswho write thesedocuments. We have a setof R

documentanhave multiple authorsandfor now, we assume
the authorsof eachdocumentare obsened. For the it
authorreferenceg; indicateswhich authorit correspondso
andd; denoteghe documenin which it occurs.Furtherwe
introducethe notion of collaboratve authorgroups. These
aregroupsof authorswhich tendto co-authortogether We
will assumehatthereareT differentgroups. Eachauthor
references; hasanassociategrouplabelz;.

The probabilisticmodelis shavn using plate notation
in Figure2(a). The probability distribution over authorsfor
eachgroupis represente@sa multinomial with parameters

I', sothe probabilityP(a = i j z = j) of thei!" authorin
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Figure2: Platerepresentatiofor (a) LDA modelfor authors
and(b) LDA-ER modelfor authorresolutionfrom ambigu-
ousreferencesObsenedvariablesareshaded.

thedatabaseeingchoserfor thej " groupis |. WehaveT

differentmultinomials,onefor eachgroup. Eachpaperd is

modeledasa mixture over T groups. The distribution used
is againamultinomialwith parameters?, sotheprobability
Pa(z = j) of thej™ group being chosenfor document
dis f. Each ¢ is drawn from a Dirichlet distribution
with hyperparameters ; similarly each | is dravn from

aDirichlet distribution with hyperparameters.

To illustrate this generatre processin the model, we
shav how the authorsfor paper P5 are chosenin Fig.
1. First, a distribution 9 over collaboratve groupsis
chosenfor the paper Thesearethe likely groupsthat will
contribute the authorsof the document. Eachgroup hasa
distribution ' over likely authors. In our example, ©!
hasequalprobability for Aho, Ullman, Sethiand Stephen
C. Johnsonand 0 otherwise,while ©2 choosesbetween
Walshav, Cross Everett,Steve JohnsorandMcManuswith
equalprobability. Note that our modelallows an authorto
belongto multiple groups,thoughnot illustratedhere. The
distribution ¢ thatis choserfor paperP1 hasprobability 1
for group G1 and 0 probability for all othergroups. Now
eachauthoris choserby rst samplinga groupz; from ¢
andthensamplinganauthorfrom groupz;. Since ¢ for P1
hasnon-zeroprobability only for groupG1, it is the group
thatis chosenfor every authorin P1. Having selectedG1
asthe groupfor eachauthor the rst draw from €1 yields
Aho asthe rst authorthe secondyields StepherC Johnson
andthethird yieldsUllman. Theauthordor theotherpapers
are selectedsimilarly. Note thatin generalmore thanone
group may have non-zeroprobability in the distribution ¢
for apapersothatauthorsfor thesamepapercancomefrom
multiple groupswith smallerprobability.

5 LDA-ER Model for Author Resolution

In the previous section we assumedhatthe authoridentity
can be determinedunambiguouslyfrom eachauthorrefer
ence.However, whenwe aredealingwith authornamesthis
is typically not the case. The sameauthormay be repre-
sentedn a variety of ways: "Alfred V. Aho', "Alfred Aho',
AV Aho', etc. Theremay be mistalesdueto typosor ex-
tractionerrors. Finally, two °S. Johnsors may not refer to
the sameauthorentity. Onemay referto “StepherC. John-
son' andanothemayreferto “Steve P. Johnson'.Theresult
is thatwe areno longersureof the mappingfrom theauthor
referenceo the authorentity. We mustresortto inferenceto
identify thetrue authorfor eachreference.

To capturethis, we will associatean attribute v, with
eachauthora. In addition, we add an extra level to the
model that probabilistically modi es the author attributes
V, to generatethe references =
references generatedy rst samplinga groupz andthen
anauthorentity a asbefore. Then,the authorreference is
generatedrom a by modifying the attribute v, accordingto
a noisemodelN . We usea relatively sophisticatechoise
model that we explain in Section8. The probability of
generatingan authorreferencer from a particular author
entity is de ned asP (rjva). The conditionalprobabilities
for eachreferencearenormalizedto sumto 1 overall author
entities. It is the referencer thatis obsered, while the
entitya andgrouplabelz arehiddenvariables. TheLDA-ER
modelis representeth Figure2(b).

lllustratingthisin thecontext of our motivatingexample
in Fig. 1, we have already seenhow the three author
entitiesare chosenfor paperP1. The attributesv, for the
threeauthorsare Alfred V. Aho', “StepherC. Johnson'and
“Jefrey D. Ullman'. However the complete/correchames
do not always appearin papersor citations. In this case,
thenoiseprocessnodi es theattributesof thethreeselected
entitiesto generateA. V. Aho', °S. C. Johnson'andJ. D.
Ullman' asthethreeauthorreferenceén the paper

The probability of generatinghe setr of referencegor
acorpusgivenparameters, andV canbeexpresseds

Y
G.LP(r;; V) = P(ra;; V)
Y X
= P(rajaq;V)P(aq;; )
Z' oy x
= P(;) P(rajaq;V)
z d ag
P(; )P(agj ; )dd

6 Inferenceusing Gibbs Sampling

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



been proposed,including variational methods[6], Gibbs
sampling[16] andExpectatiorPropagatiorj25].

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

(6.2) P(z;a;r) = P(z2)P(ajz)P(rja)

where

o pye (TP 2 ey
©3) PG 7 ran

is the probability of the joint groupassignmento all refer
encesand

Q

a ( *Cal
(A +CAT)

(A)
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is thecondition@probabilityof theauthorggiventhegroups
andP(r ja) = ~; P(r; j va ) istheconditionalprobability
of the referencegiventhe authors.C5 T is the numberof
timesgroupt has beenop,ser\ed for all the referencesn
documentd andC?T = =, CRT. Similarly, C4" is the
numberof timesreferencego authora have beenobsened
with grouplabelt in all documents.

We constructa Markov chainthatcorvergesto the pos-
terior distribution P(z;a j r) andthendrav samplesrom
this Markov chain. Eachstatein the Markov chainis an
assignmenbf a group label and an authorlabel to all R
references.In the Gibbs samplingapproachthe labelsfor
eachreferenceare sequentiallysampledconditionedon the
currentlabelsof all otherreferences.By construction this
Markov chaincorvergesto the target posteriordistribution.
However, we rst needto de ne the full conditionaldistri-
butionP(z = t;a = ajz j;a j;r), wherez ; istheset
of all butthei™™ grouplabelanda ; of all butthei" author
label. In words, this is the probability thatthei™ reference
comesromthet™ groupandthea™ authorconsideringhe
currentgroupandauthorassignmento all otherreferences.

We canderive thisfull conditionaldistribution as

)TYT

t=1

(6.4) P(ajz)=(

P(zi=ta=ajz ar)
/ C(DTi)dit+ C(ATi)at+
t+A

P(rijva)

The factorizationmakes intuitive sense. The rst termis
the probability of groupt in documentd;, the secondis
the probability of authora in groupt andthe third is the
probability of theauthorattribute v, beingmodi ed into the
i™ reference.

Insteadof samplingz; anda; asablock, we cansample
themseparately:

(6.5) P(zi=tjz i;ar)
/ Clhat*  Cllhyart
Clla, +T CTy +A
AT
6.6)P(a = ajz;a i:r)/ CCha, * P(ri jVa)
. | l [} C?T-)t + A IJ a
1 i

7 Modeling Author Attrib utes

In the previous section,while the authorlabelswere unob-
sened, we assumedhat the authorattribute valuesv, are
known. But in general,the author attributes will not be
known andwe now shov how to infer their valuesfrom the
referencesThe conditionaldistribution for samplinggroups
z; is notdirectly affectedby the attributes. However, the at-
tributesin uence the assignmenbf authorlabelsa;, since
a referencer; is more likely to be assignedto an author
with similar attributes. Corversely ary authorattribute v;

dependonthe refere@e$hat have authorlabeli. Incorpo-
ratingaprior P(v) = iA:l P (v;) into thejoint distribution
in Eq.(6.2),we derivetheconditionaldistributionfor assign-
ing avaluev tov; givenall authorlabelsandreferencess:

\§
77 Pvw=vijan/ P P@jjv)i(a)

j=1

Intuitively, vi should be setto the mostlikely value that
explainsthe generatiorof the referencesassignedo author
i. For example,if multiple “A.V. Aho” and“Alfred Aho”

reference$have beenassignechuthorlabeli alongwith the
reference‘Alfred Ah”, thenthe authorattribute v; is most
likely to be “Alfred V. Aho”. The samplingalgorithm now

alsosampleghe authorattributesy; iteratively, conditioned
onthereferencesindcurrentauthorassignmentsalongwith

samplingthe groupandentity labelsfor eachreference For

“freeauthors'to which no referencesrecurrentlyassigned,
their attributes cannotbe estimated. They are assigneda

“free' attribute *7?', that is equally likely to generateary

referenceattribute.

8 NoiseModel

The differentways of distortingor modifying an authorat-
tribute to an authorreferencen a paperis capturedby the
noisemodelN . The noisemodelhandlesrst, middleand
last namesindependently The rst namecan be initialed
with probability pg,, droppedwith probability psp or re-
tainedasawholewith probabilitypg g, wherepg| + prp +
pPrr = 1. Therearesimilarparametergy |, pmp andpu r
for themiddle name.The probabilitiesfor the rst andmid-
dle initials beingincorrectarepg |, andpy r. Lastnames



andretainedrst or middlenamesnaybecorruptecby char

actersbeinginserted,deletedor replacedwith probabilities
pi, pp andpr respectrely. The minimum numbersof in-

sertion(n, ), deletion(np )andreplacemenfnr) operations
for modifying anauthorattribute v to a referencev® areob-

tained using edit-distancefor strings. Thenthe generation
probabilityis P (viv) = p'" p3° pg"-

9 Determining Number of Entities

In the developmentup until now, we have consideredthe

numberof authorsA to be given, when in practice this

needdo be estimated Oneof the contritutionsof this work

is an unsupervisednethodfor determiningthe numberof

entities. We proposea novel approachhatavoidssearching
explicitly over the possiblenumberof authorentitiesand
insteadadaptst within our samplingframework.

9.1 BasicInferenceWith Gibbs Sampling We rst de-
scribea novel but simple Gibbs samplingalgorithm for it-

eratively samplingthe valuesof the hiddengroupandentity
labelsfor eachreferenceconditionedon the existing labels
of all otherreferencesEquations6.5,6.6 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 the entitiesis thatthe numberof entity labels
is unknovn and needsto be inferred by the algorithm. So
we either choosean existing entity label or alternatvely a
hithertounusedone. For a new entity label, its obsenedoc-
currencecountC",) . is 0. Butthe parameter ensures
non-zeroprobability of a new labelbeingchosen.Also, the
attribute v, for a new entity is unknovn. Sowe usea x ed
valuefor theprobabilityP (rijva) for anew entity a thatcon-
trols how frequentlynew entity labelsaresampled Onceall

the entity labelsare sampled,n the third stepthe attribute
valuesaresampledor eachof theexisting entitiesaccording
to Eq. (7.7). Theiterationscontinuetill convergence.There
is a connectiorbetweerthis avor of Gibbssamplinginfer-

encefor numberof entitiesandthe Dirichlet processwhich
we describdn the next subsection.

9.2 Relation to the Dirichlet ProcessThe Dirichlet pro-

cesswasintroducedby Ferguson[14] andAntoniak[2] asa

non-parametristatisticalapproactthatallows the complec-

ity of the modelto grow with increasingsize of the data.
In the context of our application,we would like the num-
ber of entitiesto be inferredin model ratherthanit being
a x ed parameterandwe would like the modelto be able
to accommodate greaternumberof entities as the num-
ber of referencesn the datagrows. The Dirichlet process
canbeimaginedasa distribution over discretedistributions
andis usedasfollows for choosingthe numberof compo-
nentsin a mixture model. A distribution (or a component)

is rst drawn from the Dirichlet processthe parameterare
then sampledfrom this distribution and nally the datais
drawn usingtheseparametersDrawing a parallelwith our
applicationwe cansampleanentity rst, chooseheparam-
eters(the attribute) for that entity andthen nally generate
thereferenceausingthe entity parametersWhenthe Dirich-
let processs integratedout, a clusteringeffectis obsenedin
the conditionaldistribution for choosingthen™ component
givenn 1 previouscomponendraws. The probability of
choosingone of the existing componentss proportionalto
thenumberof timesit hasbeenchoserin thepreviousn 1
draws, while a new componentasa nonzeroprobability of
beingsampledln particularlet Gy bethebaselingorobabil-
ity distribution overdiscretecomponents and beascalar
Then,giventhen 1draws 1., 1,thedistribution for the
n" components givenby

Nij
n 1+
n 1+

with prob
with prob

; Go

wheren; is thenumberof times ; hasoccurredn 1.5 1.

Exact inferenceis intractablein the Dirichlet process
mixture model but approximateinferencetechniqueshave
beenproposed?27, 5]. Of particularinterestis the Gibbs
samplingstrateyy proposedby Neal [27]. This algorithm
iteratively samplesthe componentabel a; for thei" data
objectr; from the conditional distribution given the other
labels:

(9.8) P(a

= P(ai =

kjr;a i; )
kja i; )P(rijr i;a i;a = k)

For anexisting componenk
A
C( ik

(9.9) N 1

P@=kjai; )=

whereC(* ;,, is the numberof previous assignmentso the
k™ componenwithout countingthei™ assignment.For a

componenk thathasnotbeenusedbefore

(9.10) Pla=kja i )=

+N 1

We may imagine LDA-ER as the Dirichlet process
mixture model augmentedwvith a group structureabove it
thatenablest to capturerelationsbetweenthe components
or entities. In LDA-ER, agroupz; = t is rst sampled
for the i referencefrom the distribution over groupsfor
the documentand then an entity is sampledfrom it. In
the Dirichlet process,ary previously existing entity may
be chosenin this step dependingon their prior counts.
But in LDA-ER, the choiceis controlled by the sampled
groupt. Entitiesthat have previously beenassociatedvith
this sampledgroup are much more likely to be chosen.



This distinctionallows LDA-ER to modelrelationsbetween
entities. As in the Dirichlet process,alternatvely a new
entity maybeselectedn LDA-ER. However, this new entity
now becomesssociateavith groupt andmaybechoserfor
future referenced$rom this group. This differenceis clearly
obsenable from the conditional distributions in Eq. (9.9)
and Eq. (6.6). While the probability for choosingthe k™
entityin EqQ.(9.9)depend®n C(A Ha whichis thenumberof
previous occurrence®f entity a, in Eq. (6.6) it dependon
C{Tiya Whichis thenumberof joint occurrencesf groupt
andentity a. This couplingof the groupand entity labels
distinguisheghe LDA-ER modelfrom the Dirichlet process
mixture model.

9.3 Block Assignment for Entity Resolution As has
beennotedin the caseof naive Gibbs samplingfor infer-
encein the Dirichlet processmixture model [5], iteratively
estimatinghegroupandentity labelfor eachreferencesepa-
rately asdescribedn Sec.9.1canbeprohibitively slow. We
now describea novel algorithmthatovercomeshis problem
by reassigningentity labelsfor a setof entitiesat the same
time. This achieses an agglomeratie clusteringeffect on
thereferencesObsene thatfor arny assignmenof entity la-
belsto referenceseachentity label de nes a cluster— all
referenceghat have this entity label belongto this cluster
Samplinga new labelfor eachreferenceseparatelys equiv-
alentto an individual referencemigrating from one cluster
to another Agglomeratve clusteringis signi cantly faster
sincepairsof clustersmemgeinto one. We achieve the same
effect with the new samplingalgorithmthatwe propose.In
addition,we allow existing clustersto split. The conditional
probabilitiesfor thesechoicesfor ary particularentity clus-
ter giventhe entity 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 authorlabelj and
considerthe sets of referenceindicesthat have j astheir
authorlabel: s = fi j a4 = jg. We assignnen author
labelsto all referencesndexed by clusters simultaneously
In general,the numberof possibleauthor assignmentso
s is exponentialin jsj and it is virtually impossibleto
enumerateall thesedifferentprobabilitiesand samplefrom
this distribution.

Instead,in our algorithmwe restrictthe spaceof can-
didatessuchthatthe clusterof referencesssignedo a par
ticular authorlabel may (a) merge with a clustercurrently
assignedo anotherauthorlabel, (b) stay unchangedr (c)
splitandhave apartassignedo a hithertounassigneauthor
labelj°. 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 increasedy one. However, the

numberof possiblepartitionsof s into j andj ®is still 211,
The simplebut restrictedsolutionthatwe useis splitting to
thesetthatlastmemedinto labelj via option(a).

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

e
(911) T(ti)=  ( +C{gu +Cgu N
n=1
iy
T( )= (A +CHy (+CH N
n=1
WhereC(’gat is the numberof times authora and groupt

have beenjointly assignedo referencesn s, and CATS at
is the numberof suchassignmentsutsides. Let zs bethe
setof groupscurrentlyassignedo thereferenceindexedby
clusters. Thenthe conditionaldistribution is derived from
Eq.(6.2)as
(9.12) Plas=ijz;a s;r)
YoTi) Y
t2zs T(t; ) j2

P(rj jvi)

S

wherethe rst producttermis the group evidencefor the
assignmenaéndthe seconds the attributeevidence.

An Inter pretation of Block Assignment: Herewe shov
how the termsin this conditional probability can be rear
rangedso thatthe resultmakesintuitive sense.Letj bean
index into clusters andt; bethe grouplabelfor thatrefer
ence. Also, considerclusters to be an orderedsetandde-
noteby s thesetof elementdn s strictly beforeposition
j - Thenwe canrewrite Eq.(9.13)as

(9.13) Plas=ijz;a s;r)
AT AT
/ Y + Cisonn, T CC 9, P(r,iv)
AT AT
j2s A F Gy T
HereCAT | isthenumberof timesauthorlabeli andgroup

Sq )it
label't (halv)e occurredjointly for just the referencesn s .
We interpretthis asfollows. We assignauthorlabelsto the
referencesn clusters in sequence.For eachassignment,
the secondterm is the probability of the referencegiven
the authorandthe rst termis the probability of the author
labelfor thereferencegivenits currentgrouplabel,including
theassignmentalreadymadein the sequencasadditional
evidence It mustbe stressedhatthis orderingis introduced
solely for interpretationpurposesandthe actualprobability



is independentf the ordering.NotethatEq. (9.13)reduces
to Eq. (6.6) asexpectedvhenclusters hasa singleelement.

For the casewhenwe partition clusters into s; ands;
and assigntwo different authorlabelsto them, the condi-
tional probabilitylooksvery similar:

P(as, = i;as, = i% z;a s;r)
Y T Tt Y Y

7 TERER T e w) e i)
t22s ! j2s; j2s2

Obsene that when one author label memgeswith an-
otheraccordingto Eq. (9.13), the attribute of the freed au-
thorj changedrom v; to thefreeattribute'?". The differ-
encein prior probabilitiesof the two attribute valuesleads
to anadditionaltermin the memge probabilityin Eq. (9.13):
P(?)=P(vj). Similarly, when splitting the referencesas-
signedto authorj betweenj and currently unassigneg®,
theattributeof authorj ®changeso v;o from *?" andthesplit
probability hasthe additionaltermP (vj0)=P(?). Therefore,
the higher the prior probability of *?' relative to other at-
tributes, the higherwill be the likelihood of a merge com-
paredto a split.

Putting everythingtogethey our entity resolutionalgo-
rithm startsfrom aninitial assignmentf authorsandgroups
to all referenceanditeratesoverthreestepssequentiallyun-
til convergence.First, it samplesa grouplabelfor eachref-
erence.This hascompleity O(RT) for R referencesindT
grouplabels.Thenfor eachassigneduthorlabel,it samples
the next authorlabelfor its currentreferencesThis requires
O(AS) operationsfor A authorlabelsand a maximumof
S potentialduplicatesper author Finally, it samplesan at-
tribute for eachassignedauthorlabel, requiringO(A) oper
ations. For eachround of samplingauthorsand attributes,
we do several iterationsof groupsamplingto let the group
labelsstabilizefor the currentauthorassignmentsdNotethat
all stagesn an iterationarelinear in the numberof refer
encesandauthorlabelsallowing our modelto scaleto large
datasetsiswe demonstratén the experimentakection.

10 Determining Model Parameters

We have describedchow the numbersof authorscanbe de-
terminedwithin the samplingprocedure Theremainingas-
pectsof the modelarethe numberof groupsandthe Dirich-
let hyperparameters.Their choice affects performancen
differentways.

10.1 Number of Groups We begin by observingthatthe
choice of the numberof groupsis subjectve and not as
critical asthe numberof entities. Relationshipsamongthe
samesetof entitiescanbe capturedvith differentnumberof
groupsat differentlevels of resolution. While it is possible
to estimatethelik ely numberof groupsfrom thedata,it is an
areaof potentialfutureresearchHerewe considerthe effect

of varyingnumberof groupson entity resolution.Recallthat
ourguidingintuition is to assigrnthesameauthorlabelto sets
of referencesvhenthey are similar and have similar group
distributions. Whenthe numberof groupsT is too small,
misleadingsimilarities in group distributions are likely to
be obsened, leadingto false positives. If T is too high,
referencedo the sameauthor can get split over different
groups,makingfalsenegativeslikely. In otherwords,lower
T favors higherrecall andlower precision,while higherT

leadsto lower recallwith higherprecision.

10.2 Hyper-parameters To appreciateherolesof and
, hotefrom Eq. (6.5)thatwhen = 0, areferences forced
to pick a grouplabel from the otherreferencesn the same
document.Similarly, when = 0, areferencehasto pick a
group label from otherreferencego the sameauthor and
also an authorlabel from other referenceswith the same
grouplabel.In generalfor low valuesof and ,themodel
tendsto overt the data. This is particularly undesirable
for entity resolution,sincewe needto estimatethe number
of authorsand needto generalizefrom the currentauthor
assignmentsTo geta feel for what valuesare appropriate,
obsenethatT is the numberof pseudoreferencecounts
addedo eachdocumentSincein mostcaseslocumentsvill
have oneortwo authorswe setT tobe0:25. Similarly, A
is the numberof pseudaeferencegor eachtopic. We set
accordingto the numberof referencesn the datasetandthe
numberof topicsused.A typical valuefor A is5.

10.3 NoiseModel Parameters Weiteratively estimatehe
noiseparametergrom datain a unsupervisednanner We
startfrom aninitial estimatethatis typical of somedatasets
we explored. For instance, rst namesare initialed and
droppedwith probabilities 0:75 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-estimatehe probabilities
looking at eachreferenceattribute and the attribute of the
authorit hasbeenassignedo. However, the estimategrom
the initial iterationsmay not be good. For example,when
all referencesredistinctentities,all corruptionprobabilities
are estimatedo be 0. To preventthis, estimatesare made
to evolve slowly. A weightedcombinationof the current
probabilitiesand the new estimatesyields the probabilities
for the next iteration. Typically, we retaincurrentestimates
with weight0:9.

11 Algorithm Re nements

Unlike grouplabels,authorlabelsfor referencearesampled
from arestrictedspace.Herewe proposeimprovementsfor
thesamplingalgorithmfor inferring the authorlabels.



11.1 Bootstrapping Author Labels Initialization of au-
thor labelsis anissuebothfor corvergencetime andquality.
Oneoptionis to assignthe sameinitial labelto any two ref-
erenceghathave attributesv, andv,, whereeithervy = v»
or vy is aninitialed form of v,. However, for domainswvhere
lastnamegepeatvery frequently like Chinese Japaneser
Indian names this can affect the initial accurag quite ad-
versely from whichit is hardto recover. For the caseof such
commonlastnames, we proposeanimprovedbootstrapping
schemeWe assigrnthe sameauthorlabelto pairsonly when
they have documentco-authorswith the sameinitial author
label. Thisimprovesbootstrapaccurag signi cantly for one
of our datasetshathasfrequentlyrepeatinghames.

11.2 Group Evidencefor Author SelfLoops Recallthat
Eq. (9.11)shavs the groupevidencefor differenttransitions
for clusters. C}',,, is the numberof referencesutside
clusters thathave authorlabela andgrouplabelt. For ary
groupt, it is thegroupevidencefor memging with thecluster
for authorlabela. However, if s is the clusterof references
with authorlevelj , thenCA',, , will beO for all grouplabels
t, sincethereareno referencesutsideclusters with author
labelj . Thereforeclusters haslittle af nity to itself when
consideringgroup evidenceand prefersmerging with other
clusters Note howeverthatevery clusterhashigherattribute
afnity to itself thanto otherclusters.We introducea scalar
parametethatallowsusto haveadditionalcontrolontherate
of clustermerges.We considetasmallfraction of CASTj . as
externalgroupevidencefor j. The higherthevalueo% , the
strongerhasto be the evidenceto causean existing author
labelto memgewith anothedabelor to splitinto two.

12 Experimental Evaluation

We bggin by evaluating our algorithm on two real cita-
tion datasets.We compareour collaboratve entity resolu-
tion model(LDA-ER) with the bestattribute-baseadnodels.
Next, to gain further understandingf the conditionsunder
which entity resolutionbene tsfrom collaboratie groupin-
formation,we evaluateour modelon a broadrangeof syn-
theticdatasetsvith varyingrelationalstructure.

12.1 Resultson Citation Data We rst perform experi-
mentalevaluationson two citation datasets.The rst is the
CiteSeedatasetontainingcitationsto paperdrom four dif-
ferentareasn machinelearning,originally createdby Giles
etal. [15]. Thishas2,892referenceso 1,165authorscon-
tainedin 1,504 documents. The seconddatasets signi -
cantlylarger;arXiv (HEP) containgpaperdrom highenegy
physicsusedin KDD Cup200%. Thishas58,515references
t09,200authorsgcontainedn 29,555papersTheauthorsfor

Thttp://en.wikipedia.ayiwiki/List_of_mostpopulatfamily_names
2http://wwwcs.cornell.edu/prejts/kddcup/index.html

bothdatasetfiave beenhand-labeled.

To evaluateouralgorithmswe measurgheperformance
of our modelfor detectingduplicatesin termsof precision,
recallandF 1 on pairwiseduplicatedecisions.lt is practi-
cally infeasibleto considerall pairs,particularlyfor HER, so
asothershave done we employ a blocking' approacho ex-
tractthe potentialduplicates.This approactretains  99%
of thetrue duplicatedor bothdatasets.

We use a simple schemefor attribute priors, where
commonlastnamesaresetto be 10 timesmorelikely than
otherlastnamesandthe free attribute *?' is 10 timesmore
likely thancommonnames. Whensamplinggrouplabels
giventheentity assignmentat eachstep,we iterateuntil the
log-likelihood corverges. Typically for the rst few steps,
we perform 50 group samplingiterationsfor eachauthor
iteration. Thereafterwe proceedwith 20 group iterations
for eachauthoriteration. The F1 corvergesin about30
authoriterationsfor CiteSeerand 50 author iterationsfor
HEPR Ona3.2GHzDell Precisior670Intel Xeonsener, this
takesbetweer2.5and10 minutesfor CiteSeemandbetween
2 and12 hoursfor HEPdependingon the numberof groups.
As discussedn Section 11.2, we usea small fraction
( = 0:5%) of groupevidencefor self probabilities.

As a baseline(ATTR), we comparewith the hybrid
SoftTF-IDFmeasurd8] thathasbeenshavn to outperform
other unsupervisedapproachedor text-basedentity reso-
lution. Essentially it augmentshe TF-IDF similarity for
matchingtoken setswith approximatetoken matchingus-
ing a secondarystring similarity measure.Jaro-Wnkler is
reportedto be the best secondarysimilarity measurefor
SoftTF-IDF. We alsoexperimentwith the Jaroandthe Scaled
Levensteinmeasures.However, directly using an off-the-
shelf string similarity measurefor matchingnamesresults
in very poorrecall. From domainknowledgeaboutnames,
we know that rst and middle namesmay be initialed or
dropped. A black-boxstring similarity measurenould un-
fairly penalizesuchcases. To dealwith this, ATTR uses
string similarity only for last namesandretained rst and
middlenamesIn addition,it usesdrop probabilitiespp r opr
and ppropm for dropped rst and middle names, initial
probabilitiespr; andpy for correctinitials andpg,, and
pm - for incorrectinitials. The probabilitieswe usedare
0:75; 0:001and0:001for correctlyinitialing, incorrectlyini-
tialing anddroppingthe rst name while the valuesfor the
middle nameare 0:25; 0:7 and 0:002 We calculatedthe
probabilitiesfrom the labeleddatasetandthenhand-tuned
themfor performance Our obsenationis thatbaselineres-
olution performancealoesnotvary signi cantly astheseval-
uesarevariedover reasonableanges.

ATTR only reportspairwisematchdecisionswhichare
ofteninconsistenglobally. We alsoevaluatea secondbase-
line ATTR* which takesa transitive closureover the pair
wise decisionsin ATTR. Both ATTR and ATTR* needa



similarity thresholdfor decidingduplicatesanddetermining
theright thresholds a problemfor thesealgorithms.Oneof
thestrengthof LDA-ER is thatit doesnotrequireary sim-
ilarity threshold. For comparisonwe considerthe bestF 1
thatcanbeachievedby the baselinesverall thresholds.

Tablel: Performancef ATTR andATTR* in termsof F 1
using various secondarysimilarity measuresvith SoftTF-
IDF. The measuresomparedare ScaledLevenstein(SL),
Jaro (JA), JaroWnkler (JW) and the generatie similarity
modelusedwith LDA-ER (Gen).

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

Tablel recordshaselingperformancevith variousstring
similarity measuresoupledwith SoftTF-IDE Notethatthe
bestbaselineperformances with Jaroas secondarystring
similarity for CiteSeerand ScaledLevensteinfor HEPR It
is also worth noting that a baselinewithout initial and
drop probabilitiesscoresbelov 0:5 F 1 usingJaroandJaro-
Winkler for bothdatasetslt is higherwith Scaled_evenstein
(0:7) but still signi cantly belov the augmentedaseline.
Transitve closureaffectsthe baselinedifferentlyin the two
datasets. While it adwersely affects precisionfor HER it
improvesrecallfor CiteSeer

Table2 shavs the bestperformancef 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 thebaselindor bothdataset$or all stringsimilarity
measuresindthe improvementsare statisticallysigni cant.
For CiteSeer LDA-ER getscloseto the highestpossible
recall with very high accurag. This meansthatit is able
to retrieve almostall duplicatescorrectly Improvementover
thebaselines greaterfor HEPin termsof F 1. Also, LDA-
ER reduceserrorrateoverthe baselindoy 22%for CiteSeer
(from 0.9%to 0.7%) and by 20% for HEP (from 2.4%to
1.9%). Also, HEP has more than 64; 6000 true duplicate
pairs, so that a 1% improvementin F 1 translatedo more
than6; 400correctpairs.

Looking more closely at the resolutiondecisionsfrom
CiteSeerwe were ableto identify someinterestingcombi-
nation of decisionsby LDA-ER that would be dif cult or

Table 2: Performanceof LDA-ER, ATTR and ATTR* for
CiteSeerand HEP datasets.The standarddeviation of the
Flis3 10 “forCiteSeeandl:7 10 *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 moresimilarin termsof attributes
thanthe examplesabove andyet are duplicates. Theseare
alsocorrectlypredictecby LDA-ER by leveragingcommon
collaborationpatterns. The following are examples: (john
m f, john m st), (reisbet c, reisbek c k), (shortliffe e h,
shortclife e h), (tawaratumidas, tawaratsumidasuloya),
(elliott g, elliot g I), (mahedgan s, mahad&an sridhar),
(livezey b, livezy b), (brajinik g, brajnik g), (kaelbingl p,
kaelblingleslie pa), (littmannmichaell, littman m), (son-
demaard h, sndegaard h) and(dubnidk cezary dubnidi c).
An exampleof a particularlypathologicalcaseis (mintons,
mintonandrew b), which is the resultof a parseerror. The
attribute-onlybaselinecannotmake theright predictionfor
boththesesetsof examplessimultaneouslywhateverthede-
cisionthresholdsincethey considemamesalone.

We were also interestedin exploring how the number
of collaboratve groupsaffectsthe performancef our entity
resolutionalgorithm.Table3 recordshe performancef the
group model on the two datasetswith varying numberof
groups. While we obsere a generaltrendwhereprecision
improvesandrecall sufers with more groups,notethatthe
F 1is largely stableover arangeof 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

impossiblefor an attribute-onlymodel. Thereareinstances LDA-ER model shovs improvement for both citation

in the datasetvherereferencepairsarevery similar but cor-
respondto differentauthorentities. Examplesinclude (liu

datasetsthe improvementis muchmore signi cant for the
HEPdatasetOninvestigatingvhy ourmodelshovsalarger
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Figure3: Improvementof LDA-ER over ATTR* for varying(a) ambiguityof references(b) avg. numberof referenceper
authorand(c) avg. numberof referenceperdocumentOtherparameterareheldconstanfor eachexperiment.

improvementior HEPthanfor CiteSeerwe foundsomeno-
table differenceshetweenthe datasets.We call a reference
ambiguousdf thereis morethanone authorentity with that
lastnameand rst initial. Thereis asigni cant differencen
referenceambiguitybetweerthetwo datasets— only 0:5%
of the referencesn CiteSeerare ambiguouswhile 9% of
HEPreferencesreambiguousA secondlifferences in the
densityof theauthorcollaborationgraph. The averagenum-
berof collaboratorgperauthoris 2:15in CiteSeeland4:5in
HER Finally, athird signi cant differencerelatego thesam-
ple size. While theratio of the numberof referenceso the
numberof authordgs 2:5 for CiteSeerfor HEPIt is 6:36. On
the otherhand,oneof the featureghatis preseredfor both
datasetss the averagenumberof referencegper document,
whichis 1:9 for both.

In orderto investigatenvhich of thesefeaturess respon-
siblefor theperformancelifferenceweranouralgorithmon
arangeof syntheticallygeneratedlatasetsThis allowed us
to investigatethe conditionsunderwhich our modelis most
likely to lead to signi cant improvementsover algorithms
which do not take into accountcollaboratve structure.Due
to spaceconstraintsye provide only the outline of thedata
generatorit is reasonablgophisticatedlt attemptgo mimic
theway authorsof academigapersaregeneratedby the un-
derlying collaboratie patternamongresearchersThereare
two phasesn this generatie process.First, a collaboratve
graphis createdn steps,wherein eachstepa collaboratve
edgeis addedbetweentwo authors. Eachauthoris given
a namesampledfrom US censusdata. By samplingfrom
the top k% of this distribution we cancontrol the percent-
ageof ambiguousiamesn thedata.Otherparametersallow
usto controlthe numberof authorsandthe averagecollab-
orationdegree. In the secondstage,documentsare created
from this collaboratve graphby rst samplingan initiator
author who choosegandomlyfrom collaboratorgo select
co-authorsfor that document. The authornamesfor each
documentiremodi ed by anoisemodelto generateheref-
erencesVariousparameterallow usto controlthe number
of documentgeneratedthe averagenumberof authorsper

documentndthelevel of noisein thereferences.

In oursetupfor experimentsith syntheticdata,wevary
the syntheticdatasetparameter®ne at a time holding the
othersconstant. The default valuesof the parametersre
setto re ect the featuresof the real datasets.The datasets
have 1000authorswith anaverageof 4.5 collaborators We
generate3000 documentswith an averageof 2 references
per documentand 15% ambiguouseferences.We explore
varying the fraction of ambiguousreferencesthe ratio of
referencego authors,the averagenumberof collaborators
and averagenumber of referencesper document. Since
the resultsare averagedover differentdatasetswe present
only theimprovementn F 1 measure@bsenedfor thegroup
modelover ATTR*.

Figure 3 summarizeghe trendsthat we obsere. One
signi cant improvementtrendis over varying ambiguityin
the references.As shavn in Figure 3(a), it climbs sharply
from 0:01 for 10% ambiguity (asin HEP) to 0:06 for 27%
referenceambiguity Figure 3(b) shavs that LDA-ER nat-
urally bene ts from higher samplesizesfor the authorref-
erences. Figure 3(c) shows that LDA-ER bene ts from a
greatemumberof authorsper document.However, no sta-
tistically signi cant trendsemeged from our experiments
with varying collaborationdegreekeepingotherfactorslike
samplesize x ed;someexperimentshaovedlargerimprove-
mentswith higherdegree howevertheresultswerenot con-
sistent.Morethoroughlycharacterizingropertiesof thecol-
laborative graphstructurethatleadto improvedentity reso-
lution is aninterestingareafor futurework.

13 Conclusions

In this paper we have developeda probabilisticgeneratie
model for collectively resolvingentitiesin relationaldata.
It is novel in thatit doesnot make pair-wise decisionsand
introducesa groupvariableto capturerelationshipdbetween
entities.OurmodelmaybeviewedasextendingtheDirichlet
procesamixture modelto capturerelationsbetweenentities
or components.We proposean unsupervisedpproachfor
collective inferencein our modelthat doesnot requireary



labeledtraining data. In addition, we presenta novel sam-
pling stratgy to estimatethe numberof entitiesautomati-
cally from the referencesWe have demonstratedthe utility

of the proposedmodelon two real-world citation datasets.

Additionally, we have identi ed someof the conditionsun-
derwhichthesemodelsareexpectedo provide greaterben-
et. Areasfor future work include extendingthe modelsto
resole multiple entity classeandbettercharacterizatiorf
collaboratie graphsamenabldo thesemodels.
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