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Abstract

Real-worldsocial networksare often hierarchical, re-
�ecting the fact that somecommunitiesare composedof
a few smaller, sub-communities.This paper describesa
hierarchical Bayesianmodelbasedscheme, namelyHSN-
PAM (Hierarchical Social Network-Pachinko Allocation
Model), for discovering probabilistic, hierarchical com-
munitiesin social networks. This schemeis powered by
a previously developedhierarchical Bayesianmodel. In
thisscheme, communitiesareclassi�edinto twocategories:
super-communitiesand regular-communities. Two differ-
entnetworkencodingapproachesare explored to evaluate
this schemeon research collaborativenetworks,including
CiteSeerand NanoSCI. The experimentalresultsdemon-
stratethat HSN-PAM is effectivefor discoveringhierarchi-
cal communitystructuresin large-scalesocialnetworks.

1 Intr oduction

Socialnetworkshavebeenstudiedfor decades.In recent
years,this line of researchhasgainedeven moremomen-
tum with the prevalenceof online social networking sys-
tems,suchasMySpace, LiveJournal,Friendsterandinstant
messagingsystems.Despitethevastnumberof nodes,the
heterogeneityof theuserbases,andthevariety of interac-
tions amongthe members,mostof thesenetworks exhibit
somecommonproperties,suchasthesmall-world property,
power-law degreedistribution, andcommunitystructures.
An importanttask in theseemerging networks is commu-
nity discovery, whichis to identify subsetsof networkssuch
thatconnectionswithin eachsubsetaredenseandconnec-

tions amongdifferentsubsetsare relatively sparse.Since
large-scalecomplex networks basedapplicationsexist in
many disciplines,communitydiscovery is appealingto re-
searchersfrom a varietyof areassuchascomputerscience,
biology, socialscienceandsoon.

Although a wide arrayof approacheshave beendevel-
opedover yearsfor �nding communities,thecurrentdom-
inant communitydiscovery algorithmstendto de�ne vari-
ousdistance-basedmeasuresandclusternetworks accord-
ingly. However, suchstrategiesfail to capturethe overlap
amongcommunities,identify themultiplemembershipphe-
nomenon,anddiscover inherenthierarchicalcommunities.
In order to addressthe aforementionedproblems,we de-
velopanHSN-PAM(HierarchicalSocialNetwork-Pachinko
Allocation Model) schemeby applyingthePachinko Allo-
cationModel(PAM) [3], a DAG-structuredmixturemodels,
to identify anddiscoverprobabilistichierarchicalcommuni-
tiesin complex, large-scalesocialnetworks.This technique
is alignedwith two previously developedgraphicalmodel
approaches,namely SSN-LDA (Simple Social Network-
Latent Dirichlet Allocation) [9] and GWN-LDA(Generic
WeightedNetwork-LatentDirichlet Allocation) [8], which
discover hiddencorrelationsamongsocialactorsusinghi-
erarchicalBayesiannetwork models. However, the HSN-
PAM modelis ableto discovernotonly correlationsamong
socialactorsin networks but alsocorrelationsamonghid-
dengroups,thusmakingit possibleto uncovercomplicated,
hierarchicalcommunitystructures.

In therestof thispaper, Section2 introducesrelatedstud-
ies;Section3 introducesrelatedterminologyandnotations
for theHSN-PAM modelanditscorrespondinglearningpro-
cedures;Section4 describesexperimentalresults;Section5
concludesthepaper.



2 RelatedWork

Probabilistic graphical models such as Bayesiannet-
works have been widely used as an important machine
learning techniqueto representdependency relationsbe-
tween visible and hidden randomvariables. As a well-
receivedprobabilisticgraphicalmodel,LDA(LatentDirich-
let Allocation) modelwas�rst introducedby Blei for mod-
eling the generative processof a documentcorpus[1]. Its
ability of modeling topics using latent variableshas at-
tractedsigni�cant interestsandit hasbeenappliedto many
domainssuchasdocumentmodeling[1], text classi�cation
[1], collaborative�ltering [1], topicmodelsdetection[7, 6],
andcommunitydiscovery [9, 8]. Thetwo topologicalcom-
munitydiscoveryapproaches,SSN-LDA [9] andGWN-LDA
[8], attemptto discover �at communitiesfrom socialnet-
works by utilizing only topological information in social
networks. Thesetwo modelsencodethe structuralinfor-
mationof networks into pro�les anddiscover community
structurespurely from thesesocialconnectionsamongthe
nodes.With theonly input informationbeingthetopologi-
calstructureof asocialnetwork, thesemodelscanbeeasily
extendedto complex networkswherenosemanticinforma-
tion is available. PAM is DAG-structuredmixture model
thatwasproposedto capturethecorrelationsamongtopics
by introducinga DAG-structuredmixturemodels[3]. This
paperdescribesa community discovery approach,HSN-
PAM, basedon this hierarchicalgraphicalmodel.

3 HSN-PAM model

In thehierarchicalcommunitystructurethatwill bede-
scribedin this section,namelyHSN-PAM, the conceptof
communitiesis extendedto includetwo different typesof
communities,namelyregular communitiesandsupercom-
munities. The two typesof communitiesaredenotedas� s

(supercommunities), and� r (regular communities). A reg-
ular communityis de�ned asadistributionon thesocialac-
tor spacewhile a supercommunityis consideredasa dis-
tributionon theregular communitiesor supercommunities.
Therecanbearbitrarynumberof supercommunitylevelsin
HSN-PAM. In thissection,weintroducerelatedterminology
andnetwork encodingschemesfor socialnetworks in Sec-
tions3.1and3.2respectively andthendescribeasimpli�ed
HSN-PAM model,namelyTLC-HSN-PAM, with atwo-level
communitystructure.Finally, theGibbssamplerfor solving
TLC-HSN-PAM modelis presentedin 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 = f v1; v2; :::; vM g and social interaction
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Figure 1. A typical social netw ork

set E(e1; e2; :::; eN ), togetherwith a Social Interaction
Weight function: SI W : (V � V ) ! I , whereI repre-
sentstheintegerset.Theelementsof socialactorsetV are
theverticesof G andtheelementsof socialinteractionset
E aretheedgesof G, representingtheoccurrenceof social
interactionsbetweenthe correspondingsocialactors. The
numberof thesocialactorsin thenetwork is denotedasM .
Eachsocial interactionei in set E is consideredas a bi-
naryrelationbetweentwo socialactors,i.e. ei (vi 1 ; vi 2 ) and
SI W function describesthe strengthof such interaction.
Notethatsocialinteractionweight is speci�edasintegerin
order to be processedby the HSN-PAM model. Through-
out this paper, termsnode, vertex, andsocialactor areused
interchangeably, andsoare; edgeandsocialinteraction.

A nodevi 's neighboringagentsare encodedby vector
~! i and eachelement! ij 2 V in the vector represents
nodevi 's j th neighbor. The connectivity of vi in the net-
work is characterizedby its socialinteractionpro�le (SIP),
which is de�ned asa sequenceof all vi 's neighbors(! ij ).
In this sequence,the frequency of a neighbor! ij is set
asthe correspondingsocialinteractionweight information
(SI W (vi ; ! ij )). Formally, vi 's socialinteractionpro�le is:

~si = (! i 1; � � � ; ! i 1; ! i 2; � � � ; ! i 2; � � � ; ! iN i ; � � � ; ! iN i )

where N i is the numberof vi 's neighboringnodesand
the count of a particular neighboringnode ! ij in ~si is
SI W (vi ; ! ij ). Throughoutthis paper, the variablesin se-
quence~si is speci�ed assij , wheresij 2 ~! i � V . Note
thatweassumethesocialinteractionelementsin thispro�le
areexchangeableandthereforetheir orderwill not becon-
cerned.Thisexchangeabilityallowsthesegraphicalmodels
beusedin this applicationdomain[1].

3.2 Net work encoding scheme

The setof social interactionpro�les collectively deter-
minesthe topologicalstructureof a social network. The



Table 1. Notation for quantities in HSN-PAM
� hiddencommunityvariable
�s supercommunityvariable
� r regularcommunityvariable

 therootnode
� i;j communityfor thej th socialinteractionin ~si
~� p(� j~sj )communitymixtureproportionfor ~sj
~� k p(sk i j�k ) themixturecomponentof communityk

HSN-PAM model dependson the pro�le information to
learnthegraphicalmodelandidentify hiddencommunities
in thepertainingsocialnetworks. In this paperwe explore
astraightforwardencodingscheme,namelyDNES, to gen-
eratesocialinteractionpro�les. In theDNESscheme,a so-
cial actorvi 's socialinteractionpro�le containsall directly
connectedneighborsandthecountof eachneighborin the
pro�le is 1. Hence,thesocialinteractionpro�les of all the
socialactorsconstitutetheadjacentmatrixof thesocialnet-
work. More formally, theSIW functionis de�ned as:

SI WD (vi 1 ; vi 2 ) =
�

1 if e(vi 1 ; vi 2 ) 2 E ;
0 otherwise:

(1)

No

�

!

M

�
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Figure 2. Graphical Model for TLC-HSN-PAM

3.3 TLC-HSN-P AM Mo del

This paperfocuseson a simpli�ed, two-level commu-
nity structure,i.e TLC-HSN-PAM model, which is shown
in Figure 3. The two level community structurecon-
sists of two types of communities: super communities
~�s = f �s

1; �s
2; :::; �s

k1
g and regular communities ~� r =

f � r
1; � r

2; :::; � r
k2

g. Figure3 demonstratesthat the root com-
munity 
 is connectedto all supercommunitiesandall su-
per communitiesarefully connectedto regular communi-
ties. Finally, regular communitiesare fully connectedto
all thesocialactorsin thesocialnetwork. associatedwith
communitiesareDirichlet componentmultinomials(DCM),

D ir � i [5]. A DCM distribution is de�ned as a distribu-
tion hierarchy, including a multinomial distribution and a
Dirichlet prior. Dirichlet is often usedas the prior distri-
butionsfor multinomial distributionsin Bayesianstatistics
in order to obtain close-formsolutions. In the context of
HSN-PAM, This meansthat thesocialinteractionpro�le is
generatedby a multinomial distribution whoseparameters
aregeneratedby its Dirichlet prior distribution.

Two differenttypesof distributionsareusedin this two-
level communitystructure. We specify that the distribu-
tions of root andsupercommunitiesareDirichlet compo-
nent multinomial (DCM) distributions while the distribu-
tionsof regularcommunitiesaremodeledwith �x edmulti-
nomial distributions � � r

i
, sampledoncefor the whole so-

cial network from asingleDirichlet distributionD ir (� ). A
DCM distribution is de�ned asa distribution hierarchy, in-
cludingamultinomialdistributionandaDirichlet prior [5].
Dirichlet is often usedasthe prior distributionsfor multi-
nomialdistributionsin Bayesianstatisticsin orderto obtain
close-formsolutions. The correspondinggraphicalmodel
is shown in Figure2; Themultinomialsfor theroot andsu-
per communitiesare sampledindividually for eachsocial
interactionpro�le. Eachcommunity� i is associatedwith a
Dirichlet distribution.

Basedon thegraphicalmodelin Figure2, thegenerative
processfor a socialactor's socialinteractionpro�le ~sj is a
two-stepprocess:

1. Sample~� j
r from therootD ir t (� t ), where~� j

t is amulti-
nomialdistributionoversuper-communities.

2. For each super-community � s
i , sample ~� � s

i
from

Dir i (� i ), where~� � s
i

is a multinomialdistributionover
regularcommunities.

3. For eachsocialactorin thesocialinteractionpro�le,

(a) Samplea super-community� ! from ~� r ;

(b) Samplea regularcommunity� r
j from ~� � ! ;

(c) Sampleword ! from ~� � r
j
.

The modelstructureandthe generative processfor this
specialsettingaresimilar to SSN-LDA approach.The ma-
jor differenceis that it hasone additionallayer of super-
topics modeledwith Dirichlet multinomials,which is the
key componentcapturingcorrelationsamongcommunities
here.Anotherway to interpretthis is thatgiventheregular
communities,eachsuper-communityis essentiallyan indi-
vidual SSN-LDA structure. Therefore,this canbe viewed
asa mixtureovera setof SSN-LDA models.Following this
process,thejoint probabilityof generatinga socialinterac-
tion pro�le, thecommunityassignment~� , andthemultino-
mial distribution ~� is:



P(~si ;~�; ~� j�; � ) = P(~� t j� t )

sY

i =1

P(~� � i j� i ) �
Y

!

(P(� ! j~� r )P(� r
j j~� � ! )P(! j� � r

j
)) (2)

Integratingout ~� andsummingover~� , we calculatethe
marginalprobabilityof a socialinteractionpro�le as:

P(~si j�; �) =
Z

P(~� t j� t )
sY

i =1

P( ~� � i j� i )

�
Y

!

X

� !

(P(� ! j~� t )P(� r
j j~� � s

!
)P(! j� � r

j
)d~� (3)

Theprobabilityof generatingtheentiresocialnetwork ~S
is theproductof theprobabilityfor everysocialinteraction
pro�le ~si , integratingout themultinomial distributionsfor
regularcommunities� :

P( ~Sj�; � ) =
Z Y

j

P(� � r
j
j� )

Y

~si

P(~si j�; �) d�
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Figure 3. Tree structure of a two-level com-
munity structure TLC-HSN-PAM model, inc lud-
ing K 2 super comm unities, K 1 regular com-
munities, and M social actor s.

3.4 Gibbs Samplers for HSN-P AM

Exactinferenceis generallyintractablefor eventhetwo-
level communityHSN-PAM model.Weemploy Gibbssam-
pling to learnHSN-PAM modelsbecauseit oftenyieldsrela-
tively simplealgorithmsfor approximateinferencein high-
dimensionalmodels. Gibbssamplingis a specialcaseof
Markov-chainMonteCarlo(MCMC) simulation[4] where
thedimensionK of thedistributionaresampledalternately
oneat a time,conditionedon thevaluesof all otherdimen-
sions[2].

For an arbitraryDAG, we needto samplea community
pathfor eachsocialactorgivenothervariableassignments
enumeratingall possiblepathsand calculatingtheir con-
ditional probabilities. In the two-level communitystruc-
tureHSN-PAM model,eachpathcontainstheroot,a super-
community, and a regular community. Since the root is
�x ed,we only needto jointly samplethesuper-community
andregular communityassignmentsfor eachsocialactor,
basedon their conditionalprobability given observations
andotherassignments,integratingout themultinomialdis-
tributions.� ; (thusthetime for eachsampleis in thenum-
ber of possiblepaths). The following equationshows the
conditionalprobability given the assignmentof other reg-
ular andsupercommunities.For socialactor ! j in social
interactionpro�le ~si , we have:

p(�w2 = k2; �w3 = k3jD ; � � w ; �; � ) /

n(d)
1k + � ak

n(d)
1 + � k 0 � 1k 0

�
n(d) + � kp

n(d)
k + � p0 � kp0

�
npw + � w

np + � m � m
:

Herewe assumethat theroot communityis k1, �w2 and
�w3 correspondto supercommunityand regular commu-
nity assignmentsrespectively. � � w is the communityas-
signmentsfor all othersocialactors.Excludingthecurrent
socialactor, n(d)

x is thenumberof occurrencesof commu-
nity kx in socialinteractionpro�le sip; n(d)

xy is thenumber
of times communityky is sampledfrom its parentkx in
social interactionpro�le; nx is the numberof occurrences
of regular-communitykx in the whole network and nxw

is the numberof occurrencesof socialactor ! in regular-
communitykx . Furthermore,� xy is theyth componentin
� x and� w is thecomponentfor socialactor! in � .

Note that in the Gibbs samplingequation,we assume
that the Dirichlet parametersare given. While SSN-LDA
can produce reasonableresults with a simple uniform
Dirichlet, we have to learntheseparametersfor thesuper-
communitiesin TLD-HSN-PAM sincethey capturedifferent
correlationsamongregular-communities.As for the root,
weassumea�x edDirichletparameter. To learn� , wecould
usemaximumlikelihoodor maximuma posteriorestima-
tion. However, sincethereareno closed-formsolutionsfor
thesemethodsandwe wish to avoid iterative methodsfor
thesake of simplicity andspeed,we approximateit by mo-
ment matching. In eachiteration of Gibbs sampling,we
update

� xy =
1
N

� � d
n(d)

xy

n(d)
x

;

� xy =
1
N

� � d(
nd

xy

n(d)
x

� � xy )2;



mxy =
� xy � (1 � � xy )

� xy
� 1;

� xy / � xy ;

� y (� xy ) =
1
5

� exp(
� y log(mxy )

s2 � 1
):

For eachsuper-communitykx and regular-community
ky , we �rst calculatethesamplemean� xy andsamplevari-
ance� xy . n(d)

xy andn(d)
x arethesameasde�nedabove.Then

we estimate� xy , the yth componentin � x from sample
meanandvariance. N is the numberof socialactorsand
s2 is thenumberof regularcommunities.

Smoothingis importantwhen we estimatethe Dirich-
let parameterswith momentmatching.Fromtheequations
above,wecanseethatwhenoneregular-communityy does
not get sampledfrom super-communityx in oneiteration,
� xy will become0. Furthermore,from the Gibbs sam-
pling equation,we know that this regular-communitywill
never have the chanceto be sampledagainby this super-
community. We introduceaprior in thecalculationof sam-
plemeanssothat� xy will notbe0 evenif n(d)

xy is 0 for every
socialinteractionpro�le sip.

4 Experimentsand Evaluation

We evaluatetwo-level communitystructureHSN-PAM
on CiteSeer. CiteSeeris 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,semanticinformationfor computersciencelit-
erature. In this paperwe only considerthe co-authorship
informationwhich constitutesa large-scalesocialnetwork
regardingacademiccollaborationwith diversitiesspanning
in time, research�elds, and countries. CiteSeercontain
unconnectedsubnetworks and the size of the largestcon-
nectedsubnetwork of CiteSeeris 249866. In this paper, we
areonly interestedin discovering communitiesin the two
largestsubnetworks.Therefore,unlessspeciallyspecify, we
alwaysmeanthetwo subnetworkswhenreferringCiteSeer.

Throughouttheexperiments,we assumea �x edDirich-
let distribution with parameter0:01 for the root node. We
canchangethisparameterto adjustthevariancein thesam-
pledmultinomialdistributions.We choosea smallvalueso
that the varianceis high andeachdocumentcontainsonly
asmallnumberof supercommunities,which tendsto make
thesupercommunitiesmoreinterpretable.Wetreatthereg-
ularcommunitiesin thesamewayasSSN-LDA andassume
that they are sampledonce for the whole corpusfrom a
given Dirichlet with parameter0:01. So the only parame-
terswe needto learn are the Dirichlet parametersfro the
supercommunitiesandmultinomialparametersfor thereg-
ular communities. For cross-validationpurposes,10% of

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

48)

.

Community63 Community19
SignalProcessing Learning,Robot

MarcMoonen ManuelaVeloso
RobertW Dutton PeterStone

BrianL Evans Anthony Skjellum
ThomasH Lee Boi Faltings
JungsukGoo EdmundBurke

Community140 Community185
Medical,Image Multimedia,learning

RonKikinis ThomasS Huang
FerencA. Jolesz Shihfu Chang

SimonK. War�eld, AnoopGupta
Mark A. Musen GonzaloNavarro
MarthaShenton KathleenR Mckeown

the original datasetsis held out astestsetandwe run the
Gibbssamplingprocessonthetrainingsetfor i iteration.In
particular, in generatingtheexemplarycommunities,weset
thenumberof thecommunitiesas50, the iterationtimesi
as1000. � is setas 1

K and� is setas0:01, whereK is the
numberof thecommunities.

Tables2, 3 demonstratesomeexemplarycommunities
that are discoveredby TLC-HSN-PAM algorithm for the
CiteSeerdatasetwith social interactionpro�les beingcre-
atedusingDNESencondingscheme.Eachcommunityis
shown with thetop5 researchersthathavethehighestprob-
ability conditionedon the community. Note that CiteSeer
datasetwascrawled from Web andsomeauthorswerenot
recoveredcorrectly, we keepthe resultsin an “as is” fash-
ion. In this dataset,the numberof supercommunitiesis
set as50 while the numberof regular communitiesis set
as 200. Theseresultsillustrate that researchersfrom the
regularcommunitiesthatbelongto the samea supercom-
munityareofteninterestedin relatedsubjects.For instance,
the four top regular communitiesin � s

48, asshown in Fig-
ure2, includeresearchersthatareworking on “Signal pro-
cessing”(� r

63), “Robot and learning” (� r
19), “Medical and

imageprocessing”(� r
140), and “Multimedia and learning”

(� r
185) topics. Similarly, Figure3 lists four regularcommu-

nities that belongto supercommunity� s
36, including four

relevant areassuchas “Agent and AI” (� r
179), “Algorithm

theory”(� r
33), “Multi-Agent anddistributedsystems”(� r

165),
and“Multimedia andlearning” (� r

185). Note that a regular
communitycanbelongto many relatedsupercommunities.
For instance,regularcommunity� r

185 belongsto bothsuper



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

Community179 Community33
AgentAI AlgorithmTheory

NicholasR Jennings MichaSharir
SimonParsons PankajK Agarwal

MichaelWooldridge JohnH Reif
PeterMcburney Boris Aronov

TimothyJ.Norman LeonidasJGuibas
Community165 Community185

Multi-Agent,distributed Multimedia,Learning
Victor Lesser ThomasSHuang

ThomasWagner Shihfu Chang
David Kotz AnoopGupta

MichaelGerndt GonzaloNavarro
HeinzStockinger KathleenR Mckeown

community� s
48 and�36.

In additionto empiricalanalysison discoveredcommu-
nities,we alsoprovide quantitative measurementsto com-
pare HSN-PAM with SSN-LDA approach. In Figure 4,
SSNLDA, S-4-HSNPAM, and S-10-HSNPAM illustrate the
likelihood for SSN-LDA and HSN-PAM modelswhen the
numberof supercommunitiesis set as 4 and 10 respec-
tively. Likelihoodvaluesindicatetheuncertaintyin predict-
ing the occurrenceof a particularsocial interactiongiven
theparametersettings,andhencethey re�ect theability of
amodelto generalizeunseendata.Thex axisrepresentsthe
numberof regular communities.This �gure demonstrates
that in generalHSN-PAM is able to producebetterhigher
likelihoodvalue.Thesecurvescanbeusedto detecttheap-
proximateoptimal regular communitiesgiven the number
of supercommunities.
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oo

d

the number of regular communities

Likelihood versus number of regular communities

SSNLDA
S-4-HSNPAM

S-10-HSNPAM

Figure 4. Likelihood versus the number of
comm unities.

5 Conclusionsand Future Work

Real-world social networks are often hierarchical,re-
�ecting the fact thatsomecommunitiesarecomposedof a
few smaller, sub-communities.This paperdescribesa hier-
archicalBayesianmodelbasedscheme,namelyHSN-PAM
(HierarchicalSocialNetwork-Pachinko AllocationModel),
for discovering probabilistic,hierarchicalcommunitiesin
social networks. In this scheme,communitiesare classi-
�ed into two categories: super-communitiesand regular-
communities. Two differentnetwork encodingapproaches
areexplored to evaluatethis schemeon researchcollabo-
rative networks, includingCiteSeerandNanoSCI. The ex-
perimentalresultsdemonstratethat HSN-PAM is effective
for discoveringhierarchicalcommunitystructuresin large-
scalesocialnetworks.
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