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Abstract

Real-world social networksare often hierarchical, re-
ecting the fact that somecommunitiesare composedf
a few smaller sub-communities.This paper describesa
hierarchical Bayesianmodelbasedscheme namelyHSN-
PAM (Hierarchical Social Network-Rchinko Allocation
Model), for discovering probabilistic, hierarchical com-
munitiesin social networks. This schemeis poweed by
a previously developedhierarchical Bayesianmodel. In
this scheme communitiegre classi edinto two categories:
supercommunitiesand regularcommunities Two differ-
ent networkencodingapproadesare exploredto evaluate
this schemeon reseach collaborative networks,including
CiteSeerand NanoSCI The experimentalresultsdemon-
stratethat HSN-FAM s effectivefor discoveringhierarchi-
cal communitystructuresin large-scalesocialnetworks.

1 Intr oduction

Socialnetworkshave beenstudiedfor decadesln recent
years,this line of researcthasgainedeven more momen-
tum with the prevalenceof online social networking sys-
tems,suchasMySpaceLivedurnal, Friendsterandinstant
messagingystems.Despitethe vastnumberof nodes the
heterogeneityf the userbasesandthe variety of interac-
tions amongthe membersmostof thesenetworks exhibit
somecommonpropertiessuchasthesmall-world property
power-law degreedistribution, and community structures.
An importanttaskin theseemeping networks is commu-
nity discovery, whichis to identify subset®f networkssuch
thatconnectionswithin eachsubsetaredenseandconnec-

tions amongdifferentsubsetsare relatively sparse. Since
large-scalecomplex networks basedapplicationsexist in

mary disciplines,communitydiscovery is appealingo re-

searcherfrom avariety of areassuchascomputerscience,
biology, socialscienceandsoon.

Although a wide array of approachesave beendevel-
opedoveryearsfor nding communitiesthe currentdom-
inant communitydiscovery algorithmstendto de ne vari-
ousdistance-basetheasuresnd clusternetworks accord-
ingly. However, suchstratgiesfail to capturethe overlap
amongcommunitiesidentify themultiple membershiphe-
nomenonanddiscover inherenthierarchicalcommunities.
In orderto addresghe aforementionegroblems,we de-
velopanHSN-FRAM(HierarchicalSocialNetwork-Pachinko
Allocation Model) schemeby applyingthe Pachinlo Allo-
cationModel(PAM) [3], a DAG-structurednixturemodels,
toidentify anddiscoverprobabilistichierarchicacommuni-
tiesin comple, large-scalesocialnetworks. Thistechnique
is alignedwith two previously developedgraphicalmodel
approachesnamely SSN-LIA (Simple Social Network-
Latent Dirichlet Allocation) [9] and GWN-LDA(Generic
WeightedNetwork-LatentDirichlet Allocation) [8], which
discover hiddencorrelationsamongsocialactorsusing hi-
erarchicalBayesiannetwork models. However, the HSN-
PAM modelis ableto discorer not only correlationsamong
socialactorsin networks but also correlationsamonghid-
dengroupsthusmakingit possibleto uncosercomplicated,
hierarchicacommunitystructures.

In therestof thispaper Section? introduceselatedstud-
ies; Section3 introducegelatedterminologyandnotations
for theHSN-PAM modelandits correspondindearningpro-
ceduresSectiord describegxperimentalesults;Sections
concludeghe paper



2 RelatedWork

Probabilistic graphical models such as Bayesiannet-
works have beenwidely usedas an important machine
learning techniqueto representdependeng relationsbe-
tweenvisible and hiddenrandomvariables. As a well-
recevedprobabilisticgraphicaimodel,LDA(LatentDirich-
let Allocation) modelwas rst introducedby Blei for mod-
eling the generatie processof a documentcorpus[1]. Its
ability of modeling topics using latent variableshas at-
tractedsigni cant interestsandit hasbeenappliedto mary
domainssuchasdocumenmodeling[1], text classi cation
[1], collaboratve Itering [1], topic modelsdetection7, 6],
andcommunitydiscovery[9, 8]. Thetwo topologicalcom-
munity discovery approaches$SN-LIA [9] andGWN-LDA
[8], attemptto discover at communitiesfrom social net-
works by utilizing only topologicalinformationin social
networks. Thesetwo modelsencodethe structuralinfor-
mation of networks into pro les and discovzer community
structuregurely from thesesocial connectionsamongthe
nodes.With the only input informationbeingthe topologi-
cal structureof asocialnetwork, thesemodelscanbe easily
extendedio complex networkswhereno semantianforma-
tion is available. PAM is DAG-structuredmixture model
thatwasproposedo capturethe correlationsamongtopics
by introducinga DAG-structurednixture models[3]. This
paperdescribesa community discovery approach,HSN-
PAM, basedon this hierarchicalgraphicalmodel.

3 HSN-PAM model

In the hierarchicalcommunitystructurethatwill be de-
scribedin this section,namely HSN-RAM, the conceptof
communitiesis extendedto includetwo differenttypesof
communitiesnamelyregular communitiesandsupercom-
munities The two typesof communitiesaredenotedas
(supercommunitiey and " (regular communities A reg-
ular communityis de ned asadistribution onthesocialac-
tor spacewhile a supercommunityis consideredasa dis-
tribution on theregular communitie®r supercommunities
Therecanbearbitrarynumberof supercommunitylevelsin
HSN-RAM. In thissectionweintroducerelatedterminology
andnetwork encodingschemedor socialnetworksin Sec-
tions3.1and3.2respectiely andthendescribeasimpli ed
HSN-RAM model,namelyTLC-HSN-RAM, with atwo-level
communitystructure Finally, the Gibbssampleffor solving
TLC-HSN-RAM modelis presentedn Section3.4.

3.1 Terminology and de nitions
A typical social network G, as shown in Figure 1,

is composedof a pair of sets, including the social ac-
tor set V. = fvg;vy;:i;vmg and social interaction
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Figure 1. A typical social network

setE(ep; e;::1;en ), togetherwith a Social Interaction
Weight function: SIW : (V V) ! |, wherel repre-
sentstheinteger set. The element®f socialactorsetV are
the verticesof G andthe elementf socialinteractionset
E aretheedgesf G, representinghe occurrencesf social
interactionsbetweenthe correspondingsocial actors. The
numberof the socialactorsin the network is denotedasM .
Eachsocial interactiong; in setE is consideredas a bi-
naryrelationbetweertwo socialactors,.e. g (vi, ; vi,) and
SIW function describeshe strengthof suchinteraction.
Notethatsocialinteractionweightis speci ed asintegerin
orderto be processedy the HSN-FAM model. Through-
outthis papertermsnode vertex, andsocialactor areused
interchangeablandsoare; edge andsocialinteraction

A nodev;'s neighboringagentsare encodedby vector
k and eachelement! ; 2 V in the vector represents
nodev;'s " neighbor The connectity of v; in the net-
work is characterizedby its socialinteractionpro le (SIP),
which is de ned asa sequencef all v;'s neighbors{j ).
In this sequencethe frequeny of a neighbor! j; is set
asthe correspondingocialinteractionweight information
(SIW (vi; ! )). Formally, vi's socialinteractionpro le is:

si= (i Shintias stizs b ating)
where N; is the numberof v;'s neighboringnodesand
the count of a particular neighboringnode! j; in s; is

SIW (v;; !5 ). Throughoutthis paper the variablesin se-
guences; is speci ed ass; , wheres; 2 & V. Note
thatwe assumehesaocialinteractionelementsn thispro le

areexchangeablendthereforetheir orderwill notbe con-
cerned.This exchangeabilityallows thesegraphicaimodels
beusedin this applicationdomain[1].

3.2 Network encoding scheme

The setof socialinteractionpro les collectively deter
minesthe topological structureof a social network. The



Table 1. Notation for quantities in HSN-FRAM
hiddencommunityvariable

s supercommunityvariable

' regularcommunityvariable
therootnode

i communityfor thej th socialinteractionin s;
p( js; )communitymixture proportionfor s;

k | p(skij k) themixturecomponenbf communityk

HSN-RAM model dependson the pro le information to

learnthe graphicalmodelandidentify hiddencommunities
in the pertainingsocialnetworks. In this paperwe explore
astraightforvardencodingschemenamelyDNES, to gen-
eratesocialinteractionpro les. In the DNESschemea so-

cial actorv;'s socialinteractionpro le containsall directly
connectedheighborsandthe countof eachneighborin the
pro le is 1. Hence the socialinteractionpro les of all the
socialactorsconstituteheadjacentnatrix of thesocialnet-
work. More formally, the SIW functionis de ned as:

1 ife(vi,;vi,) 2 E;
0 otherwise

SIWp (vi,;Vi,) = (1)

o=

, supercomn

Figure 2. Graphical Model for TLC-HSN-RAM

3.3 TLC-HSN-P AM Mo del

This paperfocuseson a simpli ed, two-level commu-
nity structure,i.e TLC-HSN-RAM model, which is shaovn
in Figure 3. The two level community structure con-
sists of two types of communities: super communities
= = f3; 355 §,9 and regular communities ¥ =
f 1, % &, 9. Figure3 demonstratethat the root com-
munity is connectedo all supercommunitiesandall su-
per communitiesare fully connectedo regular communi-
ties. Finally, regular communitiesare fully connectedo
all the socialactorsin the socialnetwork. associateavith
communitiesareDirichlet componentnultinomials(DCM),

Dir , [5]. A DCM distribution is de ned as a distribu-
tion hierarchy including a multinomial distribution and a
Dirichlet prior. Dirichlet is often usedasthe prior distri-
butionsfor multinomial distributionsin Bayesianstatistics
in orderto obtain close-formsolutions. In the context of
HSN-RAM, This meanshatthe socialinteractionpro le is
generatedy a multinomial distribution whoseparameters
aregeneratedby its Dirichlet prior distribution.

Two differenttypesof distributionsareusedin this two-
level community structure. We specify that the distribu-
tions of root and supercommunitiesare Dirichlet compo-
nent multinomial (DCM) distributions while the distribu-
tionsof regularcommunitiesaremodeledwith x ed multi-
nomial distributions 1, sampledoncefor the whole so-
cial network from asingleDirichlet distributionDir ( ). A
DCM distribution is de ned asa distribution hierarchyin-
cludinga multinomialdistribution anda Dirichlet prior [5].
Dirichlet is often usedasthe prior distributionsfor multi-
nomialdistributionsin Bayesiarstatisticsn orderto obtain
close-formsolutions. The correspondinggraphicalmodel
is shavn in Figure2; The multinomialsfor theroot andsu-
per communitiesare sampledindividually for eachsocial
interactionpro le. Eachcommunity ; is associateavith a
Dirichlet distribution.

Basedonthegraphicalmodelin Figure2, thegeneratie
procesdor asocialactor's socialinteractionpro le s; is a
two-stepprocess:

1. Sampleafr fromtherootDir ¢ ( t),where‘{ isamulti-
nomialdistribution over supercommunities.

2. For each supercommunity §, sample s from

Diri( i), where™ s is amultinomial distribution over
regularcommunities.

3. For eachsocialactorin thesocialinteractionpro le,

(a) Samplea supercommunity ; from 7;
(b) Samplearegularcommunity | from~, ;

(c) Sampleword! from T

The modelstructureandthe generatie procesdor this
specialsettingare similar to SSN-LIA approach.The ma-
jor differenceis that it hasone additionallayer of super
topics modeledwith Dirichlet multinomials, which is the
key componentapturingcorrelationsamongcommunities
here.Anotherway to interpretthisis thatgiventheregular
communitiesgachsupercommunityis essentiallyanindi-
vidual SSN-LIA structure. Therefore,this can be viewed
asamixtureover a setof SSN-LIA models.Following this
processthe joint probability of generatinga socialinterac-
tion pro le, the communityassignment, andthe multino-
mial distribution ~is:
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Integratingout ~ and summingover ~, we calculatethe
mauginal probability of a socialinteractionpro le as:
z Y
P(sij; ) = P o P(TI0)
i=1
X
PCIOIPGITHPC) Dd™ @)

Theprobabilityof generatingheentiresocialnetwork S
is the productof the probabilityfor every socialinteraction
pro le s;, integratingout the multinomial distributionsfor
regularcommunities :

Zy Y
)= PC )

j S

P(Sj;

P(sij; ) d

Figure 3. Tree structure of a two-level com-
munity structure TLC-HSN-RAM model, includ-
ing K, super comm unities, K, regular com-
munities, and M social actors.

3.4 Gibbs Samplers for HSN-P AM

Exactinferences generallyintractablefor eventhetwo-
level communityHSN-FAM model.We employ Gibbssam-
pling tolearnHSN-FAM modelsbecausé oftenyieldsrela-
tively simplealgorithmsfor approximatenferencen high-
dimensionalmodels. Gibbs samplingis a specialcaseof
Markov-chainMonte Carlo (MCMC) simulation[4] where
thedimensiorK of thedistribution aresampledalternately
oneatatime, conditionedon the valuesof all otherdimen-
sions[2].

For anarbitraryDAG, we needto samplea community
pathfor eachsocialactorgiven othervariableassignments
enumeratingall possiblepathsand calculatingtheir con-
ditional probabilities. In the two-level community struc-
ture HSN-FAM model,eachpathcontaingheroot, a super
community and a regular community Sincethe root is
x ed,we only needto jointly samplethe supercommunity
and regular communityassignment$or eachsocial actor,
basedon their conditional probability given obsenations
andotherassignmentdntegratingout the multinomial dis-
tributions. ; (thusthetime for eachsamplées in thenum-
ber of possiblepaths). The following equationshawvs the
conditionalprobability given the assignmenbf otherreg-
ular and supercommunities. For socialactor! ; in social
interactionpro le s;, we have:

P( w2 = K2; wa = ksjD; w;; )/
0

(d)
N~ + o

n(@ + kp Now + w

n(kd)+ 0 0 np+ mm.

1k° p- kp

Herewe assumehatthe root communityis k;, w2 and
w3 correspondo supercommunity and regular commu-
nity assignmentsespectrely.  , is the communityas-
signmentdor all othersocialactors.Excludingthe current

socialactor n{”) is the numberof occurrencesf commu-
nity kx in socialinteractionpro le sip; n§§’,) is the number
of times communityky is sampledfrom its parentky in
socialinteractionpro le; ny is the numberof occurrences
of regularcommunityky in the whole network and ny,
is the numberof occurrence®f socialactor! in regular
communityky . Furthermore, ,y is theyth componenin
x and  isthecomponenfor socialactor! in

Note thatin the Gibbs samplingequation,we assume
that the Dirichlet parametersare given. While SSN-LA
can produce reasonableresults with a simple uniform
Dirichlet, we have to learntheseparametergor the super
communitiesn TLD-HSN-RAM sincethey capturedifferent
correlationsamongregularcommunities. As for the root,
weassumea x edDirichlet parameterTolearn , wecould
usemaximumlik elihood or maximuma posteriorestima-
tion. However, sincethereareno closed-formsolutionsfor
thesemethodsandwe wish to avoid iterative methodsfor
the sale of simplicity andspeedwe approximatét by mo-
ment matching. In eachiteration of Gibbs sampling,we
update
1 n&y

d ROk

Xy N

Xy 2.
d(— xy) )
n(d)



log(myy )
y xyJy.
ex :
=, 1)
For eachsupercommunityky and regularcommunity
ky,we rst calculatethesamplemean ,, andsamplevari-

ance yy . nsg,) andnf(d) arethesameasde nedabove. Then
we estimate ,, the yth componentn , from sample
meanandvariance. N is the numberof socialactorsand
s, is thenumberof regularcommunities.

Smoothingis importantwhen we estimatethe Dirich-
let parametersvith momentmatching.Fromthe equations
aborve,we canseethatwhenoneregularcommunityy does
not get sampledfrom supercommunityx in oneiteration,

xy Will become0. Furthermore,from the Gibbs sam-
pling equation,we know that this regularcommunitywill
never have the chanceto be sampledagainby this super
community We introducea prior in the calculationof sam-
plemeanssothat ,, will notbeO evenif nﬁg) is O for every
socialinteractionpro le sip.

1
y( xy)= 5

4 Experimentsand Evaluation

We evaluatetwo-level community structureHSN-RAM
on CiteSeer CiteSeelis a free public resourcecreatedby
Kurt Bollacker, Lee Giles, and Steve Lawrencein 1997-
98 at NEC Researchinstitute (now NEC Labs), Prince-
ton, NJ. It containsrich information on the citation, co-
authorship semantidnformationfor computersciencdlit-
erature. In this paperwe only considerthe co-authorship
informationwhich constitutesa large-scalesocial network
regardingacademiaollaborationwith diversitiesspanning
in time, researchelds, and countries. CiteSeercontain
unconnectedubnetvorks and the size of the largestcon-
nectedsubnetverk of CiteSeelis 249866 In this paperwe
areonly interestedn discovering communitiesin the two
largestsubnetverks. Thereforepunlessspeciallyspecify we
alwaysmeanthetwo subnetvoerkswhenreferringCiteSeer

Throughoutthe experimentswe assumea x ed Dirich-
let distribution with parametef:01 for the root node. We
canchangethis parameteto adjustthevariancen the sam-
pled multinomial distributions. We choosea smallvalueso
thatthe varianceis high and eachdocumentcontainsonly
asmallnumberof supercommunitieswhich tendsto make
thesupercommunitiesmoreinterpretable We treatthereg-
ularcommunitiesn the sameway asSSN-LIA andassume
that they are sampledoncefor the whole corpusfrom a
given Dirichlet with paramete:01. Sothe only parame-
terswe needto learn are the Dirichlet parametergro the
supercommunitiesandmultinomial parameter$or thereg-
ular communities. For cross-alidation purposes,10% of

Table 2. An illustration of 4 regular comm uni-
ties that belong to the 48th super comm unity

(3s)

Community63 Community19
SignalProcessing LearningRobot
Marc Moonen ManuelaVeloso
RobertW Dutton PeterStone
BrianL Evans Anthory Skjellum
ThomasH Lee Boi Faltings
Jungsuk Goo EdmundBurke
Community140 Community185
Medical,Imaye Multimedia,learning
RonKikinis ThomasS Huang
FerencA. Jolesz Shihfu Chang
SimonK. War eld, AnoopGupta
Mark A. Musen GonzaloNavarro
MarthaShenton || KathleenR Mckeown

the original datasetss held out astestsetandwe run the
Gibbssamplingproces®onthetrainingsetfor i iteration.In

particular in generatingheexemplarycommunitiesyve set
the numberof the communitiesas 50, the iterationtimesi

as100Q is setasKi and issetas0:01, whereK isthe
numberof the communities.

Tables2, 3 demonstratesomeexemplary communities
that are discoveredby TLC-HSN-RAM algorithm for the
CiteSeerdatasetwith socialinteractionpro les beingcre-
atedusing DNES encondingscheme. Eachcommunityis
shavn with thetop 5 researcherthathave thehighestprob-
ability conditionedon the community Note that CiteSeer
datasetvas crawvled from Web and someauthorswerenot
recoveredcorrectly we keepthe resultsin an“as is” fash-
ion. In this datasetthe numberof supercommunitiesis
setas 50 while the numberof regular communitiesis set
as200. Theseresultsillustrate that researcherfrom the
regular communitiesthat belongto the samea supercom-
munity areofteninterestedn relatedsubjects For instance,
the four top regular communitiesin 35, asshown in Fig-
ure 2, includeresearcherthatareworking on “Signal pro-
cessing”( §3), “Robot and learning” ( }4), “Medical and
image processing”( 140), and “Multimedia and learning”
( %g5) topics. Similarly, Figure3 lists four regularcommu-
nities that belongto supercommunity 3¢, including four
relevant areassuchas “Agentand Al” ( §,4), “Algorithm
theory”( 53), “Multi-Agent anddistributedsystems’( 145),
and“Multimedia andlearning” ( g5). Notethata regular
communitycanbelongto mary relatedsupercommunities.
For instanceregularcommunity ' 55 belongsto bothsuper



Table 3. An illustration of 4 regular comm uni-
ties that belong to the 36th super comm unity

Community179 Community33
AgentAl AlgorithmTheory
NicholasR Jennings Micha Sharir
SimonParsons PankajK Agarwal
MichaelWooldridge JohnH Reif
PeterMcburney Boris Aronov
Timothy J. Norman Leonidas]) Guibas
Community165 Community185
Multi-Agent,distributed || Multimedia,Learning
Victor Lesser ThomasS Huang
ThomasWagner Shihfu Chang
David Kotz AnoopGupta
Michael Gerndt GonzaloNavarro
Heinz Stockinger KathleenR Mckeown

community 35 and 5.

In additionto empiricalanalysison discoreredcommu-
nities, we also provide quantitatve measurements com-
pare HSN-FAM with SSN-LIA approach. In Figure 4,
SSNLIB, S-4-HSNRM, and S-10-HSNRM illustrate the
likelihood for SSN-LIA and HSN-FAM modelswhen the
numberof supercommunitiesis setas4 and 10 respec-
tively. Likelihoodvaluesindicatetheuncertaintyin predict-
ing the occurrenceof a particularsocial interactiongiven
the parametesettings,andhencethey re ect the ability of
amodelto generalizainseerdata. Thex axisrepresentthe
numberof regular communities. This gure demonstrates
thatin generalHSN-FAM is ableto producebetterhigher
likelihoodvalue. Thesecurvescanbeusedto detectthe ap-
proximateoptimal regular communitiesgiven the number
of supercommunities.

Likelihood versus number of regular communities
-8500 T

'SSNLDA —+—
S-4-HSNPAM

-9000 ; “10-HSNPAM -
*

-9500

-10000

-10500

-11000
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-12000

-12500

-13000

-13500

20 40 60 80 100 120 140 160 180 200
the number of regular communities

Figure 4. Likelihood versus the number of
comm unities.

5 Conclusionsand Futur e Work

Real-world social networks are often hierarchical,re-
ecting thefactthatsomecommunitiesarecomposedf a
few smaller sub-communitiesThis paperdescribes hier-
archicalBayesianmodelbasedschemenamelyHSN-RAM
(HierarchicalSocialNetwork-Pachinlo Allocation Model),
for discovering probabilistic, hierarchicalcommunitiesin
social networks. In this scheme communitiesare classi-
ed into two cateyories: supercommunitiesand regular-
communities Two differentnetwork encodingapproaches
are exploredto evaluatethis schemeon researchcollabo-
rative networks, including CiteSeerand NanoSCl The ex-
perimentalresultsdemonstratéhat HSN-FAM is effective
for discoveringhierarchicalcommunitystructuresn large-
scalesocialnetworks.
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