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Abstract

Link detectionand analysishaslong beenimportant
in the social sciencesand in the governmentintelli-
gencecommunity A signi cant effort is focusedon
the structuraland functional analysisof “known” net-
works. Similarly, the detectionof individual links is
importantbut is usuallydonewith techniqueshatresult
in “known” links. More recentlythe internetandother
sourceshave led to a ood of circumstantialdatathat
provide probabilisticevidenceof links. Co-occurrence
in news articlesandsimultaneousravel to the samelo-
cationaretwo examples.

We proposea probabilistic model of link generation
basedon membershipn groups. The modelconsiders
bothobseredlink evidenceanddemographiénforma-
tion aboutthe entities. The parametersf themodelare
learnedvia a maximumlik elihoodsearch.In this paper
we describethe model and then shav several heuris-
tics that male the searchtractable. We testour model
andoptimizationmethodson syntheticdatasetswith a
known groundtruth anda databasef news articles.

Intr oduction

Link detectionandanalysishaslong beenimportantin the
socialsciencegWassermamndFaust1994)andin thegov-
ernmentintelligencecommunity Recentlythe internetand
othersourceshave ledto botha ood of circumstantiallata
andandincreasednterestin new link detectionmethods.

Considera databasethat logs the international ights
taken by mary travelers. Most of the peopleon a particu-
lar ight areunrelatedo eachother However, with alarge
amountof datawe may obsene that certainpairs of trav-
elers y togethermore often than would be expectedby
chance. Consideringn-tuples(n 2) of travelerscanyield
evenstrongerevidence. Extendingthe ideafurther, we can
hypothesizéhe existenceof groups(or cells) wherenot all
memberof the groupinteractdirectly but the accumulated
evidenceof all their obsenedinteractionsclearlyidenti es
thegroup's existenceandmembership.

Our systentakestwo typesof inputdata:1) a databasef
entitiesandtheirdemographiinformationand2) adatabase
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of link data. By searchingor maximumlik elihood param-
etersin our model,the systemoutputsa setof groupmem-
bershipswhich canthenbeusedto answergueriessuchas:

1. List all thememberof groupG1.
2. List all thegroupsfor whichE1andE2arebothmembers.

3. List asetof suspectedliaseqentitiesthatarein thesame
group(s) but neverappeain the samdink).

After discussingsome related work, we describeour
modelandthe methodswe useto learnits parameters\We
testour systemon syntheticdatasinceit allows usto com-
parewith aknown groundtruth. We alsoshaw the outputof
runningit onalargenews articledatabaséo demonstratés
scalability Finally we discussextensiongto the modeland
the additionalquerieswe expectto be ableto answerwith
them.

RelatedWork

Many of the socialsciencesisenetwork analysisn their at-
temptsto understandrganizationalstructureand function
(WassermamandFaust1994). 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 resultin
“known” links. Link analysiscontinuego expandinto new
domainsincluding criminal intelligence (Sparrav 1991),
large database$Goldbeg and Senator1995), and the in-
ternet(Kautz etal. 1997). Our maindistinctionfrom these
approachefs the probabilistictreatmenbf the dataandthe
queriesandthe handlingof n-arylinks.

Recentlythe elds of computeiscienceandstatisticchave
alsoseena signi cant interestin link and groupdetection.
In (CohnandHofmann2001)CohnandHoffmanpresenta
modelfor documentand hypertext connectvity, wherethe
documentermsplay a role similar to our demographian-
formation. Their modelexplicitly assumeshatdocuments
aregeneratedy a mixture of sources.In contrastwe as-
sumethatlinks are generateeitherrandomlyor by a mix-
ture of a single group and noise. In (Taskaret al. 2001)
Taskaret. al. proposea clusteringapproachbasedon the
relationalaspectof the data. Despitethe additionalpower
thatmaybeyieldedby incorporatingherelationalstructure
of thedata,it is notimmediatelyclearhow to bestadaptthis
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Figurel: Probabilisticmodelof groupmembershi@andlink
generation. Dashedbordersindicatedhiddeninformation
andsolid bordersindicateobserneddata

probleminto a well-de ned and powerful relationalstruc-
ture. In (Gibsonetal. 1998)Gibsonet. al. discusghe use
of hyperlinkinformationto nd “web communities”. Their
techniquemakesuseof theinherentdirectionalityof hyper

links to de ne hubsandauthorities.In contrastwe examine
links without this directionalpropertyandthusdo not make

useof the conceptof hubsandauthorities.For example the
concepiof aauthoritydoesnot have awell de ned meaning
whentalking abouta list of peopleseenatlunchtogether

While our approachis similar to thoseabove, the main
differenceis in how we structurethe generatre model. We
assumdinks ageneratedsnoisysubset®f groupmembers
whohavede nite groupmembershipTo thisend,ourmodel
is designedo easilyanddirectly capturethegroupmember
ship natureof the data,including the factthata personcan
beamemberof mary groups.

Oneapproactwe have electedo avoid is amixturemodel
in which eachpersons assumedo belongto asinglehidden
groupthatmustbe inferred from data. This model (which
couldbeimplementedasa simplemixturemodel)would al-
low evidenceto associate persorprobabilisticallywith any
group(causedor exampleby a political partyaf liation, for
example). But asthe evidencefor that group membership
increasedt would by de nition pushdown the probabili-
tiesfor competinggroups(e.g. a coffee-shopthey may fre-
guent).In thelimit of in nite dataeveryonewouldeachbea
memberf only onegroup.In contrastthemodelpresented
herewill allow simultaneoushigh con dence membership
in mary groups.

A Probabilistic Model of Group Membership
and Link Generation

The goal of the algorithmis to nd groupingsof people
givendemographicandlink data. Here,asin mary clus-
teringalgorithms the numberof groupsis givenby theuser
andthe groupingsare then “discovered” so asto optimize
somecriteria. To this end,our proposedmodelis designed
to captureafairly diverseandnoisylink generatiorprocess.
Giventhis generatie model, the algorithmattemptsto nd
the groupingsthat maximizethe probability of having seen
theinput. Figure 1 shavs the model,which takesthe form
of aBayesiametwork.

Ourproblemis simply stated:Givenevidencein theform
of observeddlemaraphicdataandobservedink data, nd
the most likely valuesof the three remainingdata struc-
turesin thethreeremainingnetwork nodesthedemographic
model,thelink model,andmostimportantly thechart.

We will now proceedo describeeachcomponenbf the
network.

DemographicData (DD). DD containsall the peopleun-
derconsideratiomndtheirdemographiinformation.The
word “demographic”should not be interpretedtoo nar
rowly asit caninclude ary information available about
thatperson.In fact,neitherthealgorithmnor our software
implementatiorassumes pre-speci cationof its elds.

DD is anobsenednode.

Demographic Model (DM). DM is a model predicting
groupmembershigor eachof possiblegroups.Note
thatinsteadof oneclassi er predictinga  -valuedout-
put, we have classi ers, the 'th of which predicts
the True/False-waluedoutputof whetherthe personis in

Group . This allows peopleto be in multiple groups.
Our currentmodelis very simple: we assumehat group
membershipareconditionallyindependentf eachother
givendemographicskurther our classi ersarealsosim-

ple: they aremerelynaive Bayesclassi ers. In laterwork

both of the precedingassumptionsnay be relaxedif the
statisticawarrant.

DM is ahiddennode.
Chart (CH). The Chartrepresentsvhich peoplearein
which groups. The generatie modelassumeshat mem-

bershipof peoplein groupswithin the charthasbeende-
terminedby, for eachgroup andeachperson :

1. Lookup 'sdemographicén DD.

2. UseDM to predict 'sdemographics
3. Randomlychoosewhether accordingto this
probability.
We canthuseasilyde ne as:
DM, 'sdems
DM, 'sdems

CH is ahiddennode.

Link Model (LM). LM consistsof various parameters
(introducedvhenwe de ne Link Data)usedto determine



the probabilitiesof variousobsenedlinks. LM is a hid-
dennode.

Link Data (LD). The secondpiece of input, the link
databas€ ), is a setof recordsspecifyingn-tuplesof
entitiesthat arelinked by someevent. Again, the word
“link” shouldnotbeinterpretedoo narronly asthe event
may be as circumstantialastheir having simultaneously
traveledto the samecountry

Further our de nition of alink is asaninherentlynoisy
pieceof information. We explicitly provide for two dif-
ferenttypesof noise.Speci cally, links aregenerateds-
sumingthatit is possibleto have bothcompletelyrandom
links (InnocentLink Assumption)and group generated
links that containrandomnon-groupmembergInnocent
Link MemberAssumption).We interchangeablyisethe
terms‘innocent” and“guilty” to mean‘coincidental’and
“indicative of a true linkage” Thesetwo typesof inno-
cencearecapturedoy theprobabilities and , which
representhe probabilityof aninnocentink andtheprob-
ability of ainnocent(random)link memberespectiely.
Anotherimportantaspectof the modelis the incorpora-
tion of differentlink types. Eachlink type is assumed
to have adifferentsetof propertiesthevalues and
whicharerecordedn theLink Model (LM). For example,
thelink thatcapturepeoplebeingin the samecity canbe
expectedto have signi cantly higher  thenalink that
capturesa monetarytransaction.

is de ned generatiely by declaring
thatalink between peoplefrom alink type with pa-
rameters and is generateds:
— With probability : place
into
— Elsewith probability
Randomlychoosea group
thathave atleast people.

random,unique people

from the setof groups

While
With probability  addarandompersonwhois not
amembemnf and ,to
Elsewith probability addarandommember
of , and ,to

We malke the simplifying assumptiorthat the priors for
eachgroupgeneratinga link areequal. This allows usto
calculate as:

@)

where is the probability of anindividual
link given the link model and the chartand, underthe
above generatie assumptionds:

is the probabilitythatlink  wasgenerated
giventhatgroup generatedt andis de ned asbelow
in (2). Notein the equationbelaw, is the numberof
peoplein thelink thatarememberf group and s

the numberof peoplein thelink thatarenot membersof

)

One important possibleapproximationis shavn in (3).
This allows the conceptof a group“owning” a link and
can lead to signi cant computationalspeedupsas dis-
cussedelow. It makesthe assumptiorthatfor eachlink

, thereis usuallyoverwhelmingevidenceof whichgroup
generatethelink, or elseoverwhelmingevidencethatthe
link wasgeneratedandomly Thustheapproximatioras-
sumeghatjust oneof the probabilitiesin 2 dominatesall
theothers.

®3)

Fitting the hidden nodes
Wewishto nd

argmax

argmax

argmax

argmax

wherethesecondstepis justi ed by noticingthatP(DD,LD)
is constanwithin the algmax. By notingthatP(DD) is also
constantandby assuminguniformprior overLM andDM,

we seewe needto nd

argmax

algmax max max

Thustheouterloop of oursearchis overcharts andfor each
new chartwe quickly computethe valueof LM that maxi-
mizesthe likelihoodof the LD the valueof DM that maxi-
mizesthelikelihoodof CH.

At eachiteration of optimization,one or more changes
are madeto the chart. The MLE is then calcu-
lateddirectly from the new chartandthe =~ —thisis very
fast for a naive BayesLM. The can also be opti-
mized using a simple EM update,althoughfor the exper
imentsdescribedbelow the was held x ed. Finally,

is calculated. The differ-
ence betweenthe two log-likelihoodsrepresentghe im-
provementor lack thereof, in makingthatchange.

In future work we will evaluatethe extentto which our
currentdirectoptimizationapproacttouldbeacceleratethy
anEM algorithm.



Stochastidill-climbing wasusedfor optimization.In ad-
dition, the modeldescribedabore wasdesignedo be opti-
mizationfriendly. For example,by allowing links generated
by group to probabilisticallyhave somenon- participants,
theoptimizationis ableto Il in groupsonepersoratatime
andseeincrementalmprovementsn likelihood.

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

in the chart was ipped and the new score
wascalculated Movesre-
sulting in improvementwerealwaysacceptedndall other
moveswereacceptedvith someprobability . It was
found thatlooking at a numberof neighborsbefore“com-
mitting” one, greatly improves performance. Looking at
moreneighborgeriterationallows the searchto morethor-
oughly explore the immediateneighborhood. At the limit
wherethe searchexaminesall neighborsthe optimization
becomegradientdescent.

It is alsoimportantto notethatwhenusing suchan op-
timization method, the max approximationshavn in (3)
can lead to signi cant computationalspeedups. These
speedupsesultfrom the fact that for a given ip

canbe approximatecy looking at

for only afew groupsinsteadof all of the

groups.Speci cally, for eachlink can
beapproximateds:

where was the most probablegroup to have gen-
eratedlink  beforethe ip and

was its scorebeforethe ip. In otherwords, the change
in the probabilityof alink canbeapproximatedy thethree
casestheformer still “owns” thelink, group now
“owns” thelink, or it is moreprobablethatthe link is now
“innocent”. Thus, approximating

for multiple neighborscanbe donein time independenbf
the numberof groups, . This independencean lead

to an speedupfor examining neighbors. Addi-
tional speedupg€analsobe gainedby caching and
for eachlink.
Empirical results
Tubeworld

Initial testswere performedon a simulatedworld called
Tubeworld. Tubeworld, shavn in Figure2, consistsof a -
nite two dimensionalvorld wherepeopleoccupy randomly
generateghoints. Eachgroupis de ned by a parallelogram
and consistsof all peoplewhoselocationfalls within this
parallelogram Groupscanoverlapandareassumedo con-
tain at leasttwo members.The small rectanglesn Figure
2 representhe peopleandare color-codedaccordingto the
groupsto which a personbelongs. The real-valued(x,y)-
coordinatesof the peopleare hiddenfrom the algorithm.
Demographicinformation consistsof breakingthe X and
Y world coordinatesnto  discreteblocks, giving a total
of  possibledemographitabelings.Finally,the  links

Figure2: Exampletubeworld with 100peopleand4 groups.

aregeneratethasednthegroupsandaccordinghethegen-
eratingassumptiorgivenabove.

Tubeworld Results

The testsconsistedof 50 randomly generatedubeworlds,
eachcontainingl00people 4 groups,and1000links. Runs
usingthe InnocentLink Assumption(ILA) and/orlnnocent
Link MemberAssumption(ILMA) usedthe values

and . Thechartsproducedaretheresultof set
numberof optimizationiterations.

In orderto comparehe performancef the algorithmus-
ing variouscombinationof the ILA andthe ILMA, a4 by
4 testwasused. For eachtubeworld the linkbasewasgen-
eratedusingeachpossiblecombinationof ILA andILMA,
namely: ILA + ILMA, ILA, ILMA, none. In addition,for
eachsuchlinkbasethechartwaslearnedusingeachpossible
combinatiorof ILA andILMA. For eachgenerating/learned
pair, errorin the learnedchartwas calculatedasthe differ-
encein the log-likelihoodof the learnedchartandthe log-
likelihood of the generatingchart. The averageerrorsare
shavnin Tablel. Thecolumnsrepresenthedifferentlearn-
ing methodsandthe rows representhe differentgeneration
methods. Note that larger, lessnegative, numbersindicate
betterperformance.

In addition,we examineda secondperformancenetric,a
pairedmembershigerror test. This testlooked at all possi-
ble pairs of peopleandall groups. The error betweentwo
chartsfor eachpair of people, and , is de ned asthe
absolutevalueof the differencebetweerthe numbergroups
in eachchartthatcontainboth and . Thetotal errorbe-
tweentwo chartsis the sumof errorsfor eachpair of people.
Thus, if two chartsare identical this error would be zero,
becaus@achpair of peoplewould belongto the samenum-
berof groupsin bothcharts.Thistesthasthe advantageof



Model Model Model Model
True assumes | assumeg 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-likelihooderrorratesfor chartslearned. The
rows andcolumnsrepresenthe probability assumptionor
generatiorandlearningrespectiely.

beingsimple,computationallycheapandproviding a good
measuref the differencebetweenwo charts. The average
errorfor eachof the 16 probabilityassumptionaregivenin

Table2 below.

Model Model Model Model

True assumes | assumeg assumes assumes
World: ILA/ILMA ILA ILMA neither
ILA/ILMA 316.5 2102.3 930.1 7700.0
ILA 1325 877.2 626.7 4940.1
ILMA 91.4 1576.5 165.6 5836.1
- 34.1 160.3 47.8 813.0

Table 2: Paired personerror ratesfor chartslearned. The
rows andcolumnsrepresenthe probability assumptionsor
generatiorandlearningrespectiely.

While theresultsof the 16x16pairwisesigni cancetests
areomittedfor spaceconsiderationsye do examinethesig-
ni cance in thesucces®f thelearnerausingthe ILMA/ILA
versusother learners. Speci caly, we examinethe statis-
tical signi cance of the differencein meanpairedperson
error ratesbetweencolumn 1 andthe othercolumnsfor a
givenrow. With two exceptionsthedifferencesn themean
pairedpersonerrorsbetweenthe modelslearnedusingthe
ILMA/ILA andall otherassumptionsverestatisticallysig-
ni cant, using . The two exceptionswere that
whenthe True World was“ILMA " or “Neither” thenthere
is no signi cant differencebetweenhe scoresfor “Learner
ILMA” andLearnerILMA/ILA .

From Table 1 and Table 2 we can seethe relative per
formanceof the differentlearnerson linkbasesgenerated
by differentmethods. On average,learnersusing both the
ILMA andILA performedbetterthan the other learners.
This supportghe belief thatincorporatingooth forms of in-
nocenceallows the modelto represent wider rangeof un-
derlying generatiormodelswhile not harmingperformance
onsimplermodels.

The resultsreveal thatassumingonly guilty links but in-
nocentlink memberdeadsto superiorperformancever as-
suminginnocentinks andno guilty link membersOnerea-
sonfor this might be the fact that underthe ILMA if link
sizesare small, randomlinks may still be attributedto a
group to which one of the link membersbelongs. Thus,
althoughthe link is innocent,the ILMA canaccountfor it
asa guilty link with a few innocentmembers. This may

beimportantin casesvherea searchis addingmembergo
a group. Anotherimportanttrendis the poor performance
of the learnerghat do not assumeeithertype of innocence.
Sincethey donotmake eitherassumptionthelink datais as-
sumedo benoiselessThis assumptiors inherently a wed
whenworking with realworld data.

It is alsointerestingto note the extentto which the op-
timization friendly assumptiorof the previous sectionwas
important. On averagethe learnersusing both the ILMA
andILA outperformedhe otherlearnersregardlesgo how
thelinkbasesveregeneratedOneexampleof thisbene tis
asfollows. A pair of peoplemight bein a grouptogether
but initially be placedin the wrong group. Assumingthey
have a large numberof links in common,removing one of
themmay resultin a drasticworseningin score. Usingthe
ILMA andthelLA mightreducehisproblem becaussome
of theselinks cantemporarilybe accountedor by innocent
interactionauntil bothpeoplearemoved.

Finally, it is interestingto note that performanceof all
learnerson chartsgeneratedisingILMA andILA is worse
thanon chartsgeneratedvith otherassumptionsThis sug-
gestsanincreasedlif culty of theseproblemsarisingfrom
thelargeramountof noisein thelinkbase.

Newsarticle experiments

In orderto testscalabilityandperformanceon realdata,we
ranour algorithmson a databasef news articles. The data
is partof a benchmarlevaluationcollectionnamedReuters
CorpusVolume | and containsover 800,000news stories
from ReutersbetweenAugust1996and August1997. The
corpushasbeenusedby the2001Text Retrieval Conference
(TREC-10)for the evaluationof documentltering meth-
ods. For our testswe selecteda subsetof approximately
35,000articles.

Automatedextractionof namedentities,suchas Person
Organization Location Date and Time, hasbeensuccess-
fully appliedto mary informationextractionproblemssince
its initial successn the MessageUnderstandingConfer
encegMUC) (Borthwick etal. ). A HiddenMarkov Model
(HMM) approachby BBN is one of the most successful
methods which obtaineda performanceof 96% on the
measurgthe harmonicaverageof recall and precision)on
Englishdocumentsn a MUC evaluation(Bilel etal. 1997).
Weappliedapre-trained3BBN HMM modelto automatically
extractpersons propernamesrom thearticles.

We thentreatedeacharticle asa link betweenall of the
peoplementionedn thearticle. We preprocessetheresults
by excludingall articlesthatreferredto lessthantwo people.
Following that,we alsoeliminatedary peoplethatwerenot
referredto by ary articleswith at leasttwo peoplein them.
The nal resultwasa databasef 9000entitiesanda setof
9913(2-aryor higher)links relatingthemto eachother

Sampleresults. After somemanualexperimentationwe

found 30 to bea goodnumberof groupsfor this dataset. It

turnedoutthatmostof the 9000entitieswerenot mentioned
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
zedillo,leon,neumann,h.d.
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)

Thesegroupsillustrate somesuccesseandremainingis-
sues.ThenameWashingtorappearsn groupG2, butin fact
was misidenti ed asa persons nameby the namedentity
extractionsoftware. Similarly, ISS priceis atechnicallabel
usedin quotingvarious nancial instrumentsA largerprob-
lem is the frequentoccurencenf single nameentities. This
happensvhenthewriter usesonly a rst or lastnameto re-
fer to a personand effectively resultsin numerousaliases
appearingn the databaseln somecaseshe connections
found. For example ErnestaZedillo appearsvith Zedillo in
G2. However, thematchis notmadein G22andBill Clinton
is alsonotincludedin G22with Clinton.

Despitethesedif culties, severalinterestingpatternsap-
pearin the groups. G22 containsthe leadersof the US,
the UK, and Mexico. It alsoillustratesan unintendedre-
sult. Tom Brown and JonatharlLynn arewriters. Many of
the groupsendedup consistingof a combinationof various
writers andthe subjectshey mostoftenwrote about. Writ-
ersendedup beinglinkedby writing aboutcommonsubjects
and subjectsendedup beinglinked even whennot appear
ing in the sameatrticle, by beingwritten aboutby the same
person.

brown,ernesto
deve gowda, rob davies,karmen

Detecting aliases. As alreadymentionedthe intentional
or unintentionaluse of aliasespresentsa seriousproblem
for link detectioralgorithms.As a rst steptowardidentify-

ing aliaseswe considera speci ¢ type: singleuser non-co-
occurringaliases.Thesearealiasesusedby only oneindi-

vidual andhave the propertythatthey never appeatogether
in thesamdink. Thistypeof aliasis a poormodelfor what
happensn news articles,but maybe a very goodmodelfor

the use of fake passportdor example. Provided the fake

passports not sharedwith others,you do not expectto see
therealandthefake passporto beusedfor entryto thesame
countryin ashortperiodof time or for thembothto beused
to boardthe samecommercialight.

We proposea simple algorithmto detectthesetypesof
aliases. We searchfor pairs of individualsthat are placed
in the samegroup, but never appeartogetherin ary link.
We rankthesehypothesizedliasesaccordingto the size of
the groupin which they appear In generalmembershipn
smallergroupsis astrongeiindicationof alink betweertwo
entities.

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

of thealiaseswve choseanalternatve test. We automatically
generatedliasedor arandomsetof 4500f the9000entities
in the databaseln eachcase we wentthroughthelink data
referringto eachof those450. For eachlink, with probabil-
ity 50%,we substitutedhe nameof the entity with its alias.
In this case,we wererarely ableto detectthe aliases.The
problemis thatmostof the 9000entitiesappeatin very few
links. Takingthe smallnumberof links andcuttingthemin
half (by relabelinghalf of themto bethenewly createdilias)
madeit dif cult to even gettheseentitiesinto appropriate
groupsmuchlessidentify whichwerealiasedor eachothet
Unfortunately this is exactly the real problemencountered
whendoinglink detectionin the faceof aliases.

To simplify the task, we selectedonly the entitieswith
at least10 links in the databasdthereare 273) and made
aliasesfor them. The following table shaws 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

Thei'th row speci esthe numberof falsepositvesand
falsenegativesfound whenconsideringhe aliasedoundin
onlythegroupswhicharesmallerthanthei' th group(ranked
accordingto size). Using all of the groupswe seethat out
of 273truealiasespnly 17 werefoundand57832falsedis-
coveriesweremade. The high numberof falsepositivesis
notnecessarilypad. Someof the originalnamesn thenews
articlesreally are aliasesaswe obsened earlier Also, the
whole purposeof the group modelis to identify members
of the samegroup eventhoughtheremay be no directlink
evidencebetweerthem.Many of thefalsepositvesarejust
theresultof thealgorithmdoingits job. Finally we obsene
that a randomselectionof 57832 pairs would not expect
to nd ary of the 273 aliasesby chance. Usually an alias
detectionalgorithmwould be usedto generaténypothetical
aliaseghatwould bechecledby othermeans.

Reseach AreaGroupingsfrom Web Pages

A third sourceof testdatacamefrom the Carngyie Mellon
University Robotics' Institute webpages. Speci cally, we
looked at the groupingsof peoplewithin the Robotics' In-
stitute basedpurely on their publicly declaredresearchn-
terestsEachpersonwith anof cial webpagevastreatedas
anentity. Eachlink wasde ned by a singleresearchnter-
est,suchasmachinelearning,andincludedall peoplewho
listed that intereston their of cial page. Note thatin this
caseno demographidgnformationwas used,but one could
considerusing suchinformation as whethera personis a
facultymemberor a student.



The algorithmwas run with 8 groups. We expectedto
nd groupingsthatroughly matchedprojectgroupsandlab

groups. The resultsreturnedwere largely consistentwith
peoples declaredinterests but were often noisy combina-
tionsof severalrelatedab groupsandpeoplewith similarin-
terests.This is mostlikely dueto thefactthatthe Robotics'
Institutecontainssigni cantly morethan8 lab groupsanda
signi cant numberof memberof theRobotics'Institutedid
notdeclareary researchinterests.

A moreilluminating examplereverseshe above rolesof
peopleandresearctinterests.In this caseeachresearchn-
terestis treatedasa separatentity. A link is thende ned as
all of theentitiesthatappeatogethemunderasinglepersons
researchnterests.Again, no demographiénformationwas
used. The algorithmwasthenrun with 5 groupsandfound
resultsthat agreewith intuition. For example,two of the

groupswere:

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

robotics)

G4 (animation,
tion, geometric  modeling,
image compression, image processing,
object  recognition, pattern  recognition, sensor fusion,
stereo  vision, video systems, visual tracking)

Note that both of thesegroupsagreewith intuition for
a grouping of researchareaswithin the eld of robotics.
It is alsoimportantto note that mary of the itemsin the
groups,while intuitively similar, did not appeatogetheron
apage.In otherwords,while somepeoples webpagegon-
tainmary consisteninterestsuchas”3-D perceptioncom-
putervision, mobilerobots,andrangedata”,alargenumber
of peoplesinterestcontaineddiversetopicssuchas”com-
putervision, entertainmentobotics,machinelearning,mo-
bile robots, and obstacleavoidance”or only a incomplete
list of whatbeconsideredelatedinterestssuchas’machine
learning”without"arti cial intelligence”.

graphics, computer vision, visualiza-
human-computer interaction,

machine learning,

Discussion

Thealgorithmdescribedn this paperis only the coreof the
link detectionandanalysissystemcurrentlyunderdevelop-
ment.We areworking on the following extensions:

Posterior probability distribution of charts. Ulti-
mately the discovery of the maximumlik elihood instanti-
ation of modelparametergevenif it could be found), may
notbethemostusefulresult. A moredesirablealternatveis
a posteriordistribution of parameteinstantiations.We will
useMarkov ChainMonte Carlo (MCMC) methodsto gen-
eratedistributionsfrom which we will beableto answerthe
following additionalqueries:

1. What is the probability that entity E1 is a memberof
groupG1? This is answereddy countingthe frequengy
of sampledor whichElisin G1.

2. Whatis the probability that E1 and E2 arein the same
group?Again, simplecountingis used.

Dynamic group membership. In reality, we expecten-
tities' membershipsn groupsto evolve ratherthan being

staticacrossall time coveredby the link data. A straight-
forward extensionto the chartallows it to represeniach
entity's membershipgn groupsat eachdiscretetime step.
The modelis extendedsuchthat membershi@ttime de-
pendsprobabilisticallyon the demographianodel, the de-
mographialata,andthemembershittime Theresult
is signi cantly more parametersn the model,thusmaking
the optimizationmore dif cult. By solving the computa-
tional challengewe hopeto obtainmorereliableanswergo
thequeriesandtheirtime-basednalogs.

Conclusion

We have proposedgeneratie modelfor groupmembership
andlink generationThe strengthof this modelis its ability
to procesgprobabilisticlink dataandreasorprobabilistically
aboutlinks andgroupmembershipsThis approachsimulta-
neouslyprovidestheability toincorporaténformationabout
n-ary ( ) links.

We have developeda searchmethodto optimizethe pa-
rameter®f thatmodelgivenobsenationaldata.Our experi-
mentalresultsshav theability of theoptimizationto identify
groupsandlinks, aswell asgeneratingliashypothesesThe
experimentakesultsandthe computatiorrequiredto gener
ate them shaw that the performanceof the systemis still
constrainedby the ability of the optimizerto nd the best
parametesettingsandour future work will focuson scala-
bility. Finally, we have describedour plansfor a complete
systemcapableof answeringa broadarray of probabilistic
queriesaboutlinks, membershipn groups,andaliases.
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