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Abstract

Link detectionand analysishas long beenimportant
in the social sciencesand in the governmentintelli-
gencecommunity. A signi�cant effort is focusedon
the structuraland functionalanalysisof “known” net-
works. Similarly, the detectionof individual links is
importantbut is usuallydonewith techniquesthatresult
in “known” links. More recentlythe internetandother
sourceshave led to a �ood of circumstantialdatathat
provide probabilisticevidenceof links. Co-occurrence
in news articlesandsimultaneoustravel to thesamelo-
cationaretwo examples.
We proposea probabilistic model of link generation
basedon membershipin groups.Themodelconsiders
bothobservedlink evidenceanddemographicinforma-
tion abouttheentities.Theparametersof themodelare
learnedvia a maximumlikelihoodsearch.In this paper
we describethe model and then show several heuris-
tics that make the searchtractable.We testour model
andoptimizationmethodson syntheticdatasetswith a
known groundtruthanda databaseof news articles.

Intr oduction
Link detectionandanalysishaslong beenimportantin the
socialsciences(WassermanandFaust1994)andin thegov-
ernmentintelligencecommunity. Recentlythe internetand
othersourceshave led to botha �ood of circumstantialdata
andandincreasedinterestin new link detectionmethods.

Considera databasethat logs the international �ights
taken by many travelers. Most of the peopleon a particu-
lar �ight areunrelatedto eachother. However, with a large
amountof datawe may observe that certainpairsof trav-
elers �y togethermore often than would be expectedby
chance.Consideringn-tuples(n � 2) of travelerscanyield
evenstrongerevidence.Extendingthe ideafurther, we can
hypothesizetheexistenceof groups(or cells)wherenot all
membersof thegroupinteractdirectly but theaccumulated
evidenceof all their observedinteractionsclearly identi�es
thegroup'sexistenceandmembership.

Oursystemtakestwo typesof inputdata:1) adatabaseof
entitiesandtheirdemographicinformationand2) adatabase
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of link data. By searchingfor maximumlikelihoodparam-
etersin our model,thesystemoutputsa setof groupmem-
berships,whichcanthenbeusedto answerqueriessuchas:

1. List all themembersof groupG1.

2. List all thegroupsfor whichE1andE2arebothmembers.

3. List asetof suspectedaliases(entitiesthatarein thesame
group(s),but neverappearin thesamelink).

After discussingsome related work, we describeour
modelandthemethodswe useto learnits parameters.We
testour systemon syntheticdatasinceit allows us to com-
parewith aknown groundtruth. Wealsoshow theoutputof
runningit ona largenewsarticledatabaseto demonstrateits
scalability. Finally we discussextensionsto themodeland
the additionalquerieswe expectto be ableto answerwith
them.

RelatedWork
Many of thesocialsciencesusenetwork analysisin theirat-
temptsto understandorganizationalstructureand function
(WassermanandFaust1994).A signi�cant effort is focused
on the structuraland functional analysisof “known” net-
works. Similarly, the detectionof individual links is im-
portantbut is usually done with techniquesthat result in
“known” links. Link analysiscontinuesto expandinto new
domainsincluding criminal intelligence (Sparrow 1991),
large databases(Goldberg and Senator1995), and the in-
ternet(Kautzet al. 1997). Our maindistinctionfrom these
approachesis theprobabilistictreatmentof thedataandthe
queriesandthehandlingof n-arylinks.

Recentlythe�elds of computerscienceandstatisticshave
alsoseena signi�cant interestin link andgroupdetection.
In (CohnandHofmann2001)CohnandHoffmanpresenta
model for documentandhypertext connectivity, wherethe
documenttermsplay a role similar to our demographicin-
formation. Their modelexplicitly assumesthat documents
aregeneratedby a mixture of sources.In contrast,we as-
sumethat links aregeneratedeitherrandomlyor by a mix-
ture of a single group and noise. In (Taskaret al. 2001)
Taskaret. al. proposea clusteringapproachbasedon the
relationalaspectsof thedata. Despitetheadditionalpower
thatmaybeyieldedby incorporatingtherelationalstructure
of thedata,it is not immediatelyclearhow to bestadaptthis



Figure1: Probabilisticmodelof groupmembershipandlink
generation. Dashedbordersindicatedhiddeninformation
andsolidbordersindicateobserveddata

probleminto a well-de�ned andpowerful relationalstruc-
ture. In (Gibsonet al. 1998)Gibsonet. al. discusstheuse
of hyperlink informationto �nd “web communities”.Their
techniquemakesuseof theinherentdirectionalityof hyper-
links to de�ne hubsandauthorities.In contrast,weexamine
links without this directionalpropertyandthusdonot make
useof theconceptof hubsandauthorities.For example,the
conceptof aauthoritydoesnothaveawell de�ned meaning
whentalkingabouta list of peopleseenat lunchtogether.

While our approachis similar to thoseabove, the main
differenceis in how we structurethegenerative model. We
assumelinks ageneratedasnoisysubsetsof groupmembers
whohavede�nite groupmembership.To thisend,ourmodel
is designedto easilyanddirectlycapturethegroupmember-
shipnatureof thedata,including the fact thata personcan
bea memberof many groups.

Oneapproachwehaveelectedto avoid is amixturemodel
in whicheachpersonis assumedto belongto asinglehidden
groupthat mustbe inferredfrom data. This model(which
couldbeimplementedasasimplemixturemodel)wouldal-
low evidenceto associateapersonprobabilisticallywith any
group(causedfor exampleby apolitical partyaf�liation, for
example). But as the evidencefor that groupmembership
increasedit would by de�nition pushdown the probabili-
ties for competinggroups(e.g. a coffee-shopthey mayfre-
quent).In thelimit of in�nite dataeveryonewouldeachbea
memberof only onegroup.In contrast,themodelpresented
herewill allow simultaneoushigh con�dencemembership
in many groups.

A Probabilistic Model of Group Membership
and Link Generation

The goal of the algorithm is to �nd groupingsof people
given demographicsandlink data. Here,as in many clus-
teringalgorithms,thenumberof groupsis givenby theuser
andthe groupingsare then“discovered” so as to optimize
somecriteria. To this end,our proposedmodelis designed
to captureafairly diverseandnoisylink generationprocess.
Giventhis generative model,thealgorithmattemptsto �nd
thegroupingsthatmaximizetheprobabilityof having seen
the input. Figure1 shows themodel,which takesthe form
of a Bayesiannetwork.

Ourproblemis simplystated:Givenevidencein theform
of observeddemographicdataandobservedlink data, �nd
the most likely valuesof the three remainingdata struc-
turesin thethreeremainingnetworknodes:thedemographic
model,thelink model,andmostimportantly, thechart.

We will now proceedto describeeachcomponentof the
network.

� DemographicData (DD). DD containsall thepeopleun-
derconsiderationandtheirdemographicinformation.The
word “demographic”shouldnot be interpretedtoo nar-
rowly as it can include any information available about
thatperson.In fact,neitherthealgorithmnoroursoftware
implementationassumesa pre-speci�cationof its �elds.
DD is anobservednode.

� Demographic Model (DM). DM is a model predicting
groupmembershipfor eachof

���

possiblegroups.Note
that insteadof oneclassi�er predictinga

�
�

-valuedout-
put, we have

�
�

classi�ers, the � ' th of which predicts
the True/False-valuedoutputof whetherthe personis in
Group � . This allows peopleto be in multiple groups.
Our currentmodelis very simple: we assumethatgroup
membershipsareconditionallyindependentof eachother
givendemographics.Further, our classi�ersarealsosim-
ple: they aremerelynaiveBayesclassi�ers.In laterwork
bothof theprecedingassumptionsmay be relaxed if the
statisticswarrant.
DM is a hiddennode.

� Chart (CH). The Chart representswhich peopleare in
which groups.Thegenerative modelassumesthatmem-
bershipsof peoplein groupswithin thecharthasbeende-
terminedby, for eachgroup � andeachperson� :

1. Look up � 's demographicsin DD.
2. UseDM to predict �	�
���
����� 's demographics� .
3. Randomlychoosewhether ����� accordingto this

probability.

We canthuseasilyde�ne �������	������� ���! "�#��� as:

�������	������� ���! "�#���%$

&(')&

�+*

�,�����	�-����.#� DM , � 's dems� ����.

�,���/�10324�	�-���5.#� DM , � 's dems�6�7�98 ��.

CH is ahiddennode.
� Link Model (LM). LM consistsof variousparameters

(introducedwhenwede�ne Link Data)usedto determine



theprobabilitiesof variousobserved links. LM is a hid-
dennode.

� Link Data (LD). The secondpiece of input, the link
database(

�

� ), is a setof recordsspecifyingn-tuplesof
entitiesthat are linked by someevent. Again, the word
“link” shouldnotbeinterpretedtoonarrowly astheevent
may be ascircumstantialastheir having simultaneously
traveledto thesamecountry.
Further, our de�nition of a link is asan inherentlynoisy
pieceof information. We explicitly provide for two dif-
ferenttypesof noise.Speci�cally, links aregeneratedas-
sumingthatit is possibleto havebothcompletelyrandom
links (InnocentLink Assumption)and group generated
links that containrandomnon-groupmembers(Innocent
Link MemberAssumption).We interchangeablyusethe
terms“innocent”and“guilty” to mean“coincidental”and
“indicative of a true linkage.” Thesetwo typesof inno-
cencearecapturedby theprobabilities��� and ��� , which
representtheprobabilityof aninnocentlink andtheprob-
ability of a innocent(random)link memberrespectively.
Another importantaspectof the model is the incorpora-
tion of different link types. Eachlink type is assumed
to haveadifferentsetof properties,thevalues��� and ���

whicharerecordedin theLink Model(LM). For example,
thelink thatcapturespeoplebeingin thesamecity canbe
expectedto have signi�cantly higher ��� thena link that
capturesa monetarytransaction.

�	�

�

�+�

�

�! "��� � is de�ned generatively by declaring
thata link

�

between� peoplefrom a link typewith pa-
rameters��� and ��� is generatedas:

– With probability ��� : place � random,uniquepeople
into

�

.
– Elsewith probability � 0 29�

�
���

	 Randomlychoosea group . from the setof groups
thathaveat least � people.

	 While �

�

��
��


 With probability �
� addarandompersonwhois not

a memberof . , ��� �5. and��� �

�

, to
�

.

 Elsewith probability � 0 2��

�
� addarandommember

of . , ���5. and��� �

�

, to
�

.

We make the simplifying assumptionthat the priors for
eachgroupgeneratinga link areequal.This allows usto
calculate�������	�

�

� �
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(1)

where �	�

�

�

�

�! ���� � is theprobabilityof an individual
link given the link model and the chart and, under the
abovegenerativeassumptions,is:
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� � is theprobabilitythatlink
�

wasgenerated
given that group . generatedit andis de�ned asbelow
in (2). Note in theequationbelow, 021 is the numberof
peoplein thelink thataremembersof group . and 043 is

thenumberof peoplein the link thatarenot membersof
. .

�	�

�

� .  

�

� � $

#

�,� � �6587 � 0329� � �65:9

$

5:96;<5=7

5:9

)

$

(

�

(

5:9

)

$&%?>

(

�

(

5=7

)

. (2)

One importantpossibleapproximationis shown in (3).
This allows the conceptof a group“owning” a link and
can lead to signi�cant computationalspeedupsas dis-
cussedbelow. It makestheassumptionthat for eachlink

�

, thereis usuallyoverwhelmingevidenceof whichgroup
generatedthelink, or elseoverwhelmingevidencethatthe
link wasgeneratedrandomly. Thustheapproximationas-
sumesthatjust oneof theprobabilitiesin 2 dominatesall
theothers.
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Fitting the hidden nodes
We wish to �nd

argmax
�SR+T&U,V�T&W8R
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wherethesecondstepis justi�ed by noticingthatP(DD,LD)
is constantwithin theargmax.By notingthatP(DD) is also
constant,andby assumingauniformprioroverLM andDM,
weseeweneedto �nd

argmax
�SR+TKUYV�T&W8R
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Thustheouterloopof oursearchis overcharts,andfor each
new chartwe quickly computethevalueof LM thatmaxi-
mizesthe likelihoodof theLD thevalueof DM thatmaxi-
mizesthelikelihoodof CH.

At eachiteration of optimization,one or more changes
are made to the chart. The MLE ��� is then calcu-
lateddirectly from thenew chartandthe �`_ —this is very
fast for a naive Bayes LM. The

�

� can also be opti-
mizedusing a simple EM update,althoughfor the exper-
imentsdescribedbelow the

�

� was held �x ed. Finally,
�,�����	�

�

�! "���  6��� � �#�� 

�

��� is calculated. The differ-
encebetweenthe two log-likelihoodsrepresentsthe im-
provement,or lack thereof, in makingthatchange.

In future work we will evaluatethe extent to which our
currentdirectoptimizationapproachcouldbeacceleratedby
anEM algorithm.



Stochastichill-climbing wasusedfor optimization.In ad-
dition, themodeldescribedabove wasdesignedto be opti-
mizationfriendly. For example,by allowing links generated
by group� to probabilisticallyhavesomenon-� participants,
theoptimizationis ableto �ll in groupsonepersonata time
andseeincrementalimprovementsin likelihood.

The optimization methodusedwas a noisy hill climb-
ing method. Speci�cally, at each iteration a bit

�
�  � � in the chart was �ipped and the new score
�,��� �	�

�

�! ����� 6�
� � �#�  

�

�
� wascalculated.Movesre-
sulting in improvementwerealwaysacceptedandall other
moveswereacceptedwith someprobability �

�������

�

. It was
found that looking at a numberof neighborsbefore“com-
mitting” one, greatly improves performance. Looking at
moreneighborsperiterationallows thesearchto morethor-
oughly explore the immediateneighborhood.At the limit
wherethe searchexaminesall neighbors,the optimization
becomesgradientdescent.

It is also importantto notethat whenusingsuchan op-
timization method, the max approximationshown in (3)
can lead to signi�cant computationalspeedups. These
speedupsresult from the fact that for a given �
�  1�  

�

� �ip
�

�,�����	�
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� �
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�! ���� � canbeapproximatedby looking at
�,��� �	�

�

� .  

�

� � for only a few groupsinsteadof all of the
groups.Speci�cally, for eachlink
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where .

R
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was the most probablegroup to have gen-
eratedlink

�

before the �ip and �	�
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was its scorebeforethe �ip. In other words, the change
in theprobabilityof a link canbeapproximatedby thethree
cases:theformer .

R�	��

still “owns” thelink, group � now
“owns” the link, or it is moreprobablethat the link is now
“innocent”. Thus, approximating

�

�������	�

�

� �

�

�! "��� �

for multiple neighborscanbe donein time independentof
the numberof groups,

� �

. This independencecan lead
to an � �

�
�

� speedupfor examining neighbors. Addi-
tional speedupscanalsobe gainedby caching.

R�	��

and
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� .

R
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for eachlink.

Empirical results
Tubeworld
Initial testswere performedon a simulatedworld called
Tubeworld. Tubeworld, shown in Figure2, consistsof a �-
nite two dimensionalworld wherepeopleoccupy randomly
generatedpoints. Eachgroupis de�ned by a parallelogram
and consistsof all peoplewhoselocation falls within this
parallelogram.Groupscanoverlapandareassumedto con-
tain at leasttwo members.The small rectanglesin Figure
2 representthepeopleandarecolor-codedaccordingto the
groupsto which a personbelongs. The real-valued(x,y)-
coordinatesof the peopleare hidden from the algorithm.
Demographicinformation consistsof breakingthe X and
Y world coordinatesinto � discreteblocks,giving a total
of �

3 possibledemographiclabelings.Finally, the
�

�

links

Figure2: Exampletubeworld with 100peopleand4 groups.

aregeneratedbasedonthegroupsandaccordingthethegen-
eratingassumptiongivenabove.

Tubeworld Results
The testsconsistedof 50 randomlygeneratedtubeworlds,
eachcontaining100people,4 groups,and1000links. Runs
usingtheInnocentLink Assumption(ILA) and/orInnocent
Link MemberAssumption(ILMA) usedthe values ��� $

���

0 and ��� $

���

0 . Thechartsproducedaretheresultof set
numberof optimizationiterations.

In orderto comparetheperformanceof thealgorithmus-
ing variouscombinationsof theILA andthe ILMA, a 4 by
4 testwasused.For eachtubeworld the linkbasewasgen-
eratedusingeachpossiblecombinationof ILA andILMA,
namely: ILA + ILMA, ILA, ILMA, none. In addition,for
eachsuchlinkbasethechartwaslearnedusingeachpossible
combinationof ILA andILMA. For eachgenerating/learned
pair, error in the learnedchartwascalculatedasthe differ-
encein the log-likelihoodof the learnedchartandthe log-
likelihoodof the generatingchart. The averageerrorsare
shown in Table1. Thecolumnsrepresentthedifferentlearn-
ing methodsandtherows representthedifferentgeneration
methods.Note that larger, lessnegative, numbersindicate
betterperformance.

In addition,we examinedasecondperformancemetric,a
pairedmembershiperror test. This testlookedat all possi-
ble pairsof peopleandall groups. The error betweentwo
chartsfor eachpair of people,�

1 and �
3 , is de�ned asthe

absolutevalueof thedifferencebetweenthenumbergroups
in eachchartthatcontainboth �<1 and��3 . Thetotalerrorbe-
tweentwo chartsis thesumof errorsfor eachpairof people.
Thus, if two chartsare identical this error would be zero,
becauseeachpair of peoplewould belongto thesamenum-
berof groupsin bothcharts.This testhastheadvantagesof



Model Model Model Model
True assumes assumes assumes assumes

World: ILA/ILMA ILA ILMA neither
ILA/ILMA -89.0 -543.7 -159.2 -3134.0

ILA -84.5 -338.9 -186.1 -3194.6
ILMA -36.7 -602.9 -101.7 -3271.6

- -169.6 -336.2 -306.1 -1505.4

Table1: Log-likelihooderror ratesfor chartslearned.The
rowsandcolumnsrepresenttheprobabilityassumptionsfor
generationandlearningrespectively.

beingsimple,computationallycheap,andproviding a good
measureof thedifferencebetweentwo charts.Theaverage
errorfor eachof the16probabilityassumptionsaregivenin
Table2 below.

Model Model Model Model
True assumes assumes assumes assumes

World: ILA/ILMA ILA ILMA neither
ILA/ILMA 316.5 2102.3 930.1 7700.0

ILA 132.5 877.2 626.7 4940.1
ILMA 91.4 1576.5 165.6 5836.1

- 34.1 160.3 47.8 813.0

Table2: Pairedpersonerror ratesfor chartslearned. The
rowsandcolumnsrepresenttheprobabilityassumptionsfor
generationandlearningrespectively.

While theresultsof the16x16pairwisesigni�cancetests
areomittedfor spaceconsiderations,wedoexaminethesig-
ni�cance in thesuccessof thelearnersusingtheILMA/ILA
versusother learners. Speci�caly, we examinethe statis-
tical signi�cance of the differencein meanpairedperson
error ratesbetweencolumn1 andthe othercolumnsfor a
givenrow. With two exceptions,thedifferencesin themean
pairedpersonerrorsbetweenthe modelslearnedusingthe
ILMA/ILA andall otherassumptionswerestatisticallysig-
ni�cant, using �

$

� � ���

. The two exceptionswere that
whenthe True World was“ILMA ” or “Neither” thenthere
is no signi�cant differencebetweenthescoresfor “Learner
ILMA” andLearner“ILMA/ILA ”.

From Table 1 and Table 2 we can seethe relative per-
formanceof the different learnerson linkbasesgenerated
by differentmethods.On average,learnersusingboth the
ILMA and ILA performedbetter than the other learners.
This supportsthebelief thatincorporatingbothformsof in-
nocenceallows themodelto representa wider rangeof un-
derlyinggenerationmodelswhile not harmingperformance
onsimplermodels.

Theresultsreveal thatassumingonly guilty links but in-
nocentlink membersleadsto superiorperformanceoveras-
suminginnocentlinks andnoguilty link members.Onerea-
son for this might be the fact that underthe ILMA if link
sizesare small, randomlinks may still be attributed to a
group to which one of the link membersbelongs. Thus,
althoughthe link is innocent,the ILMA canaccountfor it
as a guilty link with a few innocentmembers. This may

beimportantin caseswherea searchis addingmembersto
a group. Another importanttrend is the poor performance
of the learnersthatdo not assumeeithertypeof innocence.
Sincethey donotmakeeitherassumption,thelink datais as-
sumedto benoiseless.Thisassumptionis inherently�a wed
whenworking with realworld data.

It is also interestingto note the extent to which the op-
timizationfriendly assumptionof the previous sectionwas
important. On averagethe learnersusing both the ILMA
andILA outperformedtheotherlearnersregardlessto how
thelinkbasesweregenerated.Oneexampleof thisbene�t is
asfollows. A pair of peoplemight be in a grouptogether,
but initially be placedin the wrong group. Assumingthey
have a large numberof links in common,removing oneof
themmayresultin a drasticworseningin score.Using the
ILMA andtheILA mightreducethisproblem,becausesome
of theselinks cantemporarilybeaccountedfor by innocent
interactionsuntil bothpeoplearemoved.

Finally, it is interestingto note that performanceof all
learnerson chartsgeneratedusingILMA andILA is worse
thanon chartsgeneratedwith otherassumptions.This sug-
gestsan increaseddif�culty of theseproblemsarisingfrom
thelargeramountof noisein thelinkbase.

Newsarticle experiments
In orderto testscalabilityandperformanceon realdata,we
ranour algorithmson a databaseof news articles.Thedata
is partof a benchmarkevaluationcollectionnamedReuters
CorpusVolume I and containsover 800,000news stories
from ReutersbetweenAugust1996andAugust1997. The
corpushasbeenusedby the2001Text Retrieval Conference
(TREC-10)for the evaluationof document�ltering meth-
ods. For our testswe selecteda subsetof approximately
35,000articles.

Automatedextractionof namedentities,suchasPerson,
Organization, Location, Date andTime, hasbeensuccess-
fully appliedto many informationextractionproblemssince
its initial successin the MessageUnderstandingConfer-
ences(MUC) (Borthwick et al. ). A HiddenMarkov Model
(HMM) approachby BBN is one of the most successful
methods,which obtaineda performanceof 96% on the �81

measure(the harmonicaverageof recall andprecision)on
Englishdocumentsin a MUC evaluation(Bikel et al. 1997).
Weappliedapre-trainedBBN HMM modelto automatically
extractperson'spropernamesfrom thearticles.

We thentreatedeacharticle asa link betweenall of the
peoplementionedin thearticle.Wepreprocessedtheresults
by excludingall articlesthatreferredto lessthantwo people.
Following that,we alsoeliminatedany peoplethatwerenot
referredto by any articleswith at leasttwo peoplein them.
The�nal resultwasa databaseof 9000entitiesanda setof
9913(2-aryor higher)links relatingthemto eachother.

Sample results. After somemanualexperimentationwe
found30 to bea goodnumberof groupsfor this dataset. It
turnedoutthatmostof the9000entitieswerenotmentioned
frequentlyenoughto merit their inclusionin groups.After
abouttwo hoursof optimizationon a 1 GigahertzPentium,
someexamplesof thegroupsfoundare:



G2 (john major,dick spring,ernesto
zedillo,zedillo,richard alston,sabah, abdus samad
azad,stella mapenzauswa,finmin,mccurry,viktor
klima,ron woodward, alexander smith,iss price,glenn
somerville,yevgeny primakov,washington, joan
gralla,bernie fraser,stahl,danka,sally,palladium,van
der biest,fausto)

G22 (clinton,blair,tom brown,ernesto

zedillo,leon,neumann,h.d. deve gowda, rob davies,karmen

korbun,fran,consob,saharan blend,englander,garcia,

bruce dennis,jonathan lynn,laurence lau,h. carl mc-

call,fraser, anne vleminckx,delphis,collin co,elaine

hardcastle,alain van der biest, david martin)

Thesegroupsillustratesomesuccessesandremainingis-
sues.ThenameWashingtonappearsin groupG2,but in fact
wasmisidenti�ed asa person's nameby the namedentity
extractionsoftware.Similarly, ISSpriceis a technicallabel
usedin quotingvarious�nancial instruments.A largerprob-
lem is the frequentoccurenceof singlenameentities. This
happenswhenthewriter usesonly a �rst or lastnameto re-
fer to a personandeffectively resultsin numerousaliases
appearingin the database.In somecasestheconnectionis
found.For example,ErnestoZedillo appearswith Zedillo in
G2. However, thematchis notmadein G22andBill Clinton
is alsonot includedin G22with Clinton.

Despitethesedif�culties, several interestingpatternsap-
pear in the groups. G22 containsthe leadersof the US,
the UK, and Mexico. It also illustratesan unintendedre-
sult. Tom Brown andJonathanLynn arewriters. Many of
thegroupsendedup consistingof a combinationof various
writersandthesubjectsthey mostoftenwroteabout.Writ-
ersendedupbeinglinkedby writing aboutcommonsubjects
andsubjectsendedup beinglinked even whennot appear-
ing in thesamearticle,by beingwritten aboutby thesame
person.

Detecting aliases. As alreadymentioned,the intentional
or unintentionaluseof aliasespresentsa seriousproblem
for link detectionalgorithms.As a�rst steptowardidentify-
ing aliaseswe considera speci�c type: singleuser, non-co-
occurringaliases.Thesearealiasesusedby only oneindi-
vidualandhavethepropertythatthey neverappeartogether
in thesamelink. This typeof aliasis apoormodelfor what
happensin newsarticles,but maybea verygoodmodelfor
the useof fake passportsfor example. Provided the fake
passportis not sharedwith others,you do not expectto see
therealandthefakepassportto beusedfor entryto thesame
countryin ashortperiodof timeor for thembothto beused
to boardthesamecommercial�ight.

We proposea simple algorithmto detectthesetypesof
aliases. We searchfor pairsof individuals that areplaced
in the samegroup, but never appeartogetherin any link.
We rankthesehypothesizedaliasesaccordingto thesizeof
thegroupin which they appear. In general,membershipin
smallergroupsis astrongerindicationof a link betweentwo
entities.

Ideally, we could testour algorithmby identifying some
of the aliasesalreadyexisting in the news article dataand
checkingif our algorithm can �nd them. Since the only
methodwe know of doing this is the manualidenti�cation

of thealiaseswechoseanalternative test.We automatically
generatedaliasesfor arandomsetof 450of the9000entities
in thedatabase.In eachcase,we wentthroughthelink data
referringto eachof those450.For eachlink, with probabil-
ity 50%,we substitutedthenameof theentitywith its alias.
In this case,we wererarely ableto detectthe aliases.The
problemis thatmostof the9000entitiesappearin very few
links. Takingthesmallnumberof links andcuttingthemin
half (by relabelinghalf of themto bethenewly createdalias)
madeit dif�cult to even get theseentitiesinto appropriate
groups,muchlessidentify whichwerealiasesfor eachother.
Unfortunately, this is exactly the realproblemencountered
whendoinglink detectionin thefaceof aliases.

To simplify the task, we selectedonly the entitieswith
at least10 links in the database(thereare 273) andmade
aliasesfor them. The following tableshows the resultsof
thealiasdetectionalgorithm:

True aliases: 273
Hypothesized aliases: 57849
Group rank False Negatives False Pos

0 272 76
1 272 190
2 271 628
3 269 2579
4 268 5318
5 263 12536
6 263 21251
7 260 30741
8 258 44141
9 256 57832

The i' th row speci�es the numberof falsepositivesand
falsenegativesfoundwhenconsideringthealiasesfoundin
only thegroupswhicharesmallerthanthei' thgroup(ranked
accordingto size). Using all of the groupswe seethat out
of 273truealiases,only 17werefoundand57832falsedis-
coveriesweremade.The high numberof falsepositivesis
notnecessarilybad.Someof theoriginalnamesin thenews
articlesreally arealiasesaswe observed earlier. Also, the
whole purposeof the groupmodel is to identify members
of thesamegroupeven thoughtheremaybe no direct link
evidencebetweenthem.Many of thefalsepositivesarejust
theresultof thealgorithmdoingits job. Finally we observe
that a randomselectionof 57832pairs would not expect
to �nd any of the 273 aliasesby chance.Usually an alias
detectionalgorithmwould beusedto generatehypothetical
aliasesthatwouldbecheckedby othermeans.

Research Ar eaGroupingsfrom Web Pages
A third sourceof testdatacamefrom theCarnegie Mellon
University Robotics' Institute webpages.Speci�cally, we
looked at the groupingsof peoplewithin the Robotics' In-
stitutebasedpurely on their publicly declaredresearchin-
terests.Eachpersonwith anof�cial webpagewastreatedas
anentity. Eachlink wasde�ned by a singleresearchinter-
est,suchasmachinelearning,andincludedall peoplewho
listed that intereston their of�cial page. Note that in this
caseno demographicinformationwasused,but onecould
considerusing suchinformation as whethera personis a
facultymemberor astudent.



The algorithm was run with 8 groups. We expectedto
�nd groupingsthat roughlymatchedprojectgroupsandlab
groups. The resultsreturnedwere largely consistentwith
people's declaredinterests,but wereoften noisy combina-
tionsof severalrelatedlabgroupsandpeoplewith similarin-
terests.This is mostlikely dueto thefactthattheRobotics'
Institutecontainssigni�cantly morethan8 lab groupsanda
signi�cant numberof membersof theRobotics'Institutedid
notdeclareany researchinterests.

A moreilluminating examplereversestheabove rolesof
peopleandresearchinterests.In this caseeachresearchin-
terestis treatedasaseparateentity. A link is thende�ned as
all of theentitiesthatappeartogetherunderasingleperson's
researchinterests.Again, no demographicinformationwas
used.Thealgorithmwasthenrun with 5 groupsandfound
resultsthat agreewith intuition. For example,two of the
groupswere:

G0 (actuators, control, field robotics, legged loco-
motion, manipulation, mechanisms, mechatronics, mobile
robots, motion planning, multi-agent systems, space
robotics)

G4 (animation, graphics, computer vision, visualiza-

tion, geometric modeling, human-computer interaction,

image compression, image processing, machine learning,

object recognition, pattern recognition, sensor fusion,

stereo vision, video systems, visual tracking)

Note that both of thesegroupsagreewith intuition for
a groupingof researchareaswithin the �eld of robotics.
It is also important to note that many of the items in the
groups,while intuitively similar, did not appeartogetheron
a page.In otherwords,while somepeople'swebpagescon-
tainmany consistentinterestssuchas”3-D perception,com-
putervision,mobilerobots,andrangedata”,a largenumber
of people's interestscontaineddiversetopicssuchas”com-
putervision,entertainmentrobotics,machinelearning,mo-
bile robots,and obstacleavoidance”or only a incomplete
list of whatbeconsideredrelatedinterests,suchas”machine
learning”without ”arti�cial intelligence”.

Discussion
Thealgorithmdescribedin thispaperis only thecoreof the
link detectionandanalysissystemcurrentlyunderdevelop-
ment.We areworking on thefollowing extensions:

Posterior probability distribution of charts. Ulti-
mately, the discovery of the maximumlikelihood instanti-
ationof modelparameters(even if it couldbe found),may
notbethemostusefulresult.A moredesirablealternativeis
a posteriordistribution of parameterinstantiations.We will
useMarkov ChainMonte Carlo (MCMC) methodsto gen-
eratedistributionsfrom whichwewill beableto answerthe
following additionalqueries:

1. What is the probability that entity E1 is a memberof
groupG1? This is answeredby countingthe frequency
of samplesfor whichE1 is in G1.

2. What is the probability that E1 and E2 are in the same
group?Again,simplecountingis used.

Dynamic group membership. In reality, we expecten-
tities' membershipsin groupsto evolve rather than being

staticacrossall time coveredby the link data. A straight-
forward extensionto the chart allows it to representeach
entity's membershipin groupsat eachdiscretetime step.
The modelis extendedsuchthat membershipat time

�

de-
pendsprobabilisticallyon the demographicmodel, the de-
mographicdata,andthemembershipattime

�

2�0

�

Theresult
is signi�cantly moreparametersin themodel,thusmaking
the optimizationmore dif�cult. By solving the computa-
tional challengewe hopeto obtainmorereliableanswersto
thequeriesandtheir time-basedanalogs.

Conclusion
Wehaveproposedagenerativemodelfor groupmembership
andlink generation.Thestrengthof this modelis its ability
to processprobabilisticlink dataandreasonprobabilistically
aboutlinks andgroupmemberships.Thisapproachsimulta-
neouslyprovidestheability to incorporateinformationabout
n-ary( �

�

�

) links.
We have developeda searchmethodto optimizethe pa-

rametersof thatmodelgivenobservationaldata.Ourexperi-
mentalresultsshow theability of theoptimizationto identify
groupsandlinks,aswell asgeneratingaliashypotheses.The
experimentalresultsandthecomputationrequiredto gener-
ate them show that the performanceof the systemis still
constrainedby the ability of the optimizer to �nd the best
parametersettingsandour futurework will focuson scala-
bility. Finally, we have describedour plansfor a complete
systemcapableof answeringa broadarrayof probabilistic
queriesaboutlinks, membershipin groups,andaliases.
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