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Abstract

Complex networks exist in a wide array of diverse do-
mains, ranging from biology, sociology, and computer
science. These real-world networks, while disparate in
nature, often comprise of a set of loose clusters(a.k.a
communities), whose members are better connected to
each other than to the rest of the network. Discov-
ering such inherent community structures can lead to
deeper understanding about the networks and there-
fore has raised increasing interests among researchers
from various disciplines. This paper describes GWN-
LDA(Generic weighted network-Latent Dirichlet Allo-
cation) model, a hierarchical Bayesian model derived
from the widely-received LDA model, for discovering
probabilistic community profiles in social networks. In
this model, communities are modeled as latent variables
and defined as distributions over the social actor space.
In addition, each social actor belongs to every com-
munity with different probability. This paper also pro-
poses two different network encoding approaches and
explores the impact of these two approaches to the com-
munity discovery performance. This model is evaluated
on two research collaborative networks:CiteSeer and
NanoSCI. The experimental results demonstrate that
this approach is promising for discovering community
structures in large-scale networks.

Intr oduction
Complex networksexist in a wide rangeof realworld sys-
tems, suchas communicationnetworks, ecologicalwebs,
proteininteractionnetworks, andsocialnetworks. Despite
their disparatenature,thesenetworksoftenexhibit common
topologicalproperties,including the small-world property,
andpower-law degreedistribution. In addition,somemem-
bersin thenetworksform looseclusters,makingthembetter
connectedto eachotherthanto therestof thenetwork. Dis-
coveringandidentifyingtheseclustersis referredascommu-
nity discoveryproblemwhich hasraisedsigni�cant interest
amongresearchersfrom a varietyof disciplines.

While theconceptof communityis self-explanatory, there
is no quantitative, rigorousde�nition that is commonlyac-
cepted. This is partly due to the fact that membersin the
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network can potentially belongto more than onecommu-
nities and the boundariesbetweencommunitiesare often
blurry anddif�cult to draw. Thecurrentdominantcommu-
nity discovery algorithmstend to de�ne variousdistance-
basedmeasuresandclusternetworksaccordingly. However,
suchstrategiesfail to capturetheoverlapamongcommuni-
tiesandmultiple membershipphenomenon.Therefore,the
outcomeof suchalgorithmsis oftenarti�cial anddif�cult to
explain. In order to addressthis problem,we designa hi-
erarchicalBayesiannetwork basedapproach,namelyGWN-
LDA(Generic-WeightedNetwork-LDA), to discover proba-
bilistic communitiesfrom complex networks. This model
is inspiredby thesuccessof theapplicationof LDA(Latent
Dirichlet Allocation) models in information retrieval and
imageanalysisdomains. In the GWN-LDA model, com-
munitiesaremodeledaslatentvariablesandareconsidered
asdistributionson theentiresocialactorspace.Therefore,
eachsocialactor contributesa part, big or small, to every
communityin the society. In addition,this paperproposes
andcomparestwo differentapproachesto encodethe net-
works in order to be processedby the GWN-LDA model.
Finally, this latentprobabilisticmodelandthe two pertain-
ing network encodingapproachesareevaluatedon two co-
authorshipnetworks from two distinctacademiccommuni-
ties,i.eNanoSCI from thenanotechnologydomainandCite-
Seer from the computersciencedomain. Note that while
thisapproachis evaluatedin thesocialnetwork domainwith
co-authorshipnetworks, it canbe easilyextendedto other
complex network-basedapplications.

In conclusion,thecontributionsof this paperinclude:(1)
anLDA-basedprobabilisticcommunitydiscovery modelin
large-scalegeneric-weightednetworkswhich only requires
thetopologicalstructureof networks;(2) theexplorationof
the impactof differentnetwork encodingstrategieson the
communitydiscovery.

The restof this paperis organizedas follows. We �rst
introducesrelatedstudiesandthenpresentthetechnicalde-
tailsof GWN-LDA modelandthecorrespondingGibbssam-
pler. In the experimentandresultsection,we describethe
two co-authorshipnetworks andtwo encodingapproaches,
followed by the experimentalsettingsandresultsanalysis.
Finally we concludethepaperwith a brief summaryof this
model.



Background and RelatedWorks
Community discovery problemshave been studied in a
variety of networks, including World Wide Web(Flake,
Lawrence, & Giles 2000), distributed information re-
trieval(Zhanget al. 2004),socialnetworks(Clauset,New-
man, & Moore 2004; Girvan & Newman 2002; Newman
2004b;Palla et al. 2005;Scott 2000;Zhou et al. 2006b;
Newman2004a),andbiological networks(Girvan & New-
man 2002; Palla et al. 2005; Wilkinson & Huberman
2004). Most of theseapproachesarecharacterizedby the
use of distance-basedmeasures,including Centrality in-
dices(a.k.abetweeness)(Freeman1977;Girvan & Newman
2002;Wilkinson & Huberman2004;Ruan& Zhang2006)
or Minimum cut approaches(Flake, Lawrence, & Giles
2000). The commongroundfor thesestudiesis thede�ni-
tion of communitydistancemeasuresand(iterative)cluster-
ing processfor minimizing suchmeasures.This paperde-
scribesa probabilisticcommunitydiscovery model,GWN-
LDA, basedon mixture-modelbasedapproach.LDA model
was�rst introducedby Blei for modelingthegenerativepro-
cessof a documentcorpus(Blei,Ng, & Jordan2003). Its
ability of modelingtopicsusinglatentvariableshasattracted
signi�cant interestandit hasbeenappliedto many domains
including documentmodeling (Blei, Ng, & Jordan2003;
?), text classi�cation(Blei, Ng, & Jordan2003),imagepro-
cessing(Sudderthet al. 2005), contextual communitydis-
covery(Zhouet al. 2006b;2006a).

GWN-LDA, similar to a previously developed model
(SSN-LDA), encodesthestructuralinformationof networks
into pro�les and discovers community structurespurely
basedon the social connectionsamongthe social actors.
Thesetwo modelsdo not dependon semanticinformation
asdoesin (Zhouet al. 2006b;2006a).However, themajor
drawbackof SSN-LDA approachis its inability of modeling
theweightof socialinteractionssincethecommunitycom-
ponentdistribution is speci�ed asmultinomial distribution
with a Dirilet prior andunableto handlethesituationwhen
weight is real number. GWN-LDA modelusesa Gaussian
distributionwith inverse-Wishartprior to modelthearbitrary
weightsthatareassociatedwith thesocialinteractionoccur-
rences.

LDA Model for Generic-WeightedNetworks
This sectiondescribestheGWN-LDA model.Beforediving
into thedetails,we introducethetechnicaldetailsof GWN-
LDA modelandthecorrespondingGibbssampler.

GWN-LD A Model Description

A typical socialnetwork is composedof a pair of sets,in-
cluding thesocialactorsetV = f v0; v1; :::vM g andsocial
interactionsetE = f e0; e1; :::; eNg, togetherwith a Social
Interaction Weight function: SI W : (V � V ) ! R. The
numberof thesocialactorsis denotedasM . Theelements
of socialactorsetV aretheverticesof thenetwork andthe
elementsof socialinteractionsetE aretheedgesof G, rep-
resentingthe occurrenceof social interactionsbetweenthe
correspondingsocial actors. Eachsocial interactionei in

set E is consideredas a binary relation betweentwo so-
cial actors, i.e. ei(vi1 ; vi2) and SI W function describes
the strengthof suchinteraction. Different from SSN-LDA,
SI W function in GWN-LDA functioncantake on arbitrary
realnumber. In thispaper, vertex andsocial actor, edge and
social interaction areusedinterchangeably.

A nodevi 's neighboringagentsareencodedby thevari-
able ~! i and! ij 2 V meansnodevi 's j th neighbor. Each
actoris characterizedby its social interaction profile (SIP),
which is de�ned as a set of neighbor(! ij) and the corre-
spondingweight(SI W (vi; ! ij)) pair. Formally,

SI P (vi) = f (! i1; SI W (vi; ! i1)); � � � ; (! iNi
; SI W (vi; ! iNi

))g

whereN i is thesizeof vi 'ssocialinteractionpro�le. Note
thatwe considerthesocialinteractionelementsin this pro-
�le are exchangeableand thereforetheir orderwill not be
concerned.It is this exchangeabilitythatpermitstheappli-
cationof LDA model(Blei,Ng, & Jordan2003).

Subsequently, we specify that a socialnetwork contains
K communities�(�1; �2; :::; �k) and eachcommunity in �
is de�ned as a distribution on the social actor space. In
GWN-LDA, communityassignmentsaremodeledasa latent
variable(� ) in thegraphicalmodel. Thecommunitypropor-
tion variable(� ) is regulatedby a Dirichlet distributionwith
a known parameter� . Meanwhile, eachsocial actor be-
longs to every communitywith differentprobabilitiesand
thereforeits social interactionpro�les can be represented
asrandommixturesover latentcommunitiesvariables.The
graphicalmodelis illustratedin Figure1, whereeachsocial
interactionpro�le is consideredasa multinomial distribu-
tion of communityvariablesandeachcommunityis mod-
eledasamultivariateGaussiandistributionof socialinterac-
tion weightvariables.Theparametersetsfor thetwo distri-
butionsarespeci�edasΘ = f ~� mgM

m=1 andΩ = f ~� k; ~Σkg
respectively.

Given ~� i andΩ, theprobabilityof ! i,j = r is:

p(! i,j = r j~� i; Ω) =

K
∑

j=1

p(! i.j = r j ~� k ; ~Σk)p(� i,j = kj~� i)

(1)

p( ~! mj ~� m; ~Σm) / jΣmj− exp(�
1

2
tr (Σ−1

m S0)) (2)

whereS0 =
∑n

i=1(! mi � � m)T (! mi � � m)
In order to obtain a close-form distribution, the prior

distribution for the social interaction pro�les is set as a
Dirichlet prior with hyperparameter� and the prior for
community componentdistribution is set as Multivariate
Gaussian/inverse-Wishartdistribution. For thesake of sim-
plicity, we denotethehyperparameterfor theprior distribu-
tion is Ψ = f ~� 0; ~� 0g andΥ = f ~� ; � g respectively. Accord-
ing to thisprior distributionde�nition, thejoint prior density
is (Gelmanet al. 2004):

p(Ω) / jΣj−(
(υ0+d)

2 +1)�

exp
(

� 1

2
tr (Λ0Σ

−1) �
� 0

2
(� � � 0)

T Σ−1(� � � 0)

)



Theparameters� 0 andΛ0 describethedegreeof freedom
andthescalematrix for the inverse-Wishartdistribution on
Σ. The remainingparametersare the prior mean,� 0, and
thenumberof prior measurements,� 0 on theΣ scale.

Speci�cally,

Σ � W−1(� 0; Λ−1
0 ) (3)

� jΣ � N (� 0;
Σ

� 0
); (4)

where W−1 represents inverse-Wishart distribution,
which is a multivariategeneralizationof thescaledinverse-
� 2 distribution. The pdf function and more information
aboutthe Wishart distribution can be referredto (Gelman
et al. 2004).

Fromthe topologyof theBayesiannetwork, we canfur-
therspecifythatthecomplete-datalikelihoodof a socialin-
teractionpro�le (thejoint distributionof all known andhid-
denvariablesgiventhehyperparameters:

p( ~! i; ~� i; ~� i; Ωj~�; ~� ; ~Λ; ~�; ~� 0) =
Ni
∏

j=1

p(! i,j j ~� k; Σk)p(� i,j = kj~� i)p(~� ij~� )p(~�; ~Σj~� ; ~Λ; ~� ; ~� 0)

Finally the likelihood of the completenetwork W =
f ~! mgM

m=1 is determinedby the productof the likelihoods
of theindependentnodes:

p(W j~�; Ψ; Υ) =

M
∏

m=1

p( ~! mj~�; Ψ; Υ)

The generative processcan be explained as that the
Bayesiannetwork of GWN-LDA modelgeneratesa stream
of observableedges! m,n, partitionedinto nodepro�le ~! m.
For eachof thesenodepro�les, a pro�le proportion� i is
drawn, and from this, pro�le-speci�c edgesare emitted.
That is, for eachconnection,a communityindicator�m,n is
sampledaccordingto thenode-speci�cmixtureproportion,
andthenthecorrespondingcommunity-speci�cnodedistri-
bution ! m usedto draw a connectionandits corresponding
weight. Thecommunities� i aresampledoncefor theentire
network.

No

M
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Figure1: GraphicalModel for GWN-LDA

GibbsSamplersfor GWN-LD A

Thedesireddistribution for solvingtheGWN-LDA modelis
theposteriorprobabilitygivenevidencep(� j! ).

p(� j! ) =
p(! ; �)

∑

ι p((! ); �)
(5)

However, the computationcomplexity of the the denomi-
nator part is prohibitively high. Analogousto the deriva-
tion in SSN-LDA model,in orderto derive theposteriordis-
tribution over communityassignmentin GWN-LDA model,
p(� j j ~�¬j ; ~! ), we startfrom thejoint distribution:

p(~! ;~� j~�; Υ; Ψ) = p(~! j~� ; Υ; Ψ)p(~� j~� ) (6)

And

p(~! j~�; Υ; Ψ) =

∫

p(~! j~�; Ω)p(ΩjΥ; Ψ)dΩ (7)

p(~! j~� ; Ω) is determinedby Formula 2 and p(ΩjΥ; Ψ)
is determinedby Formula1. Integratingover the parame-
tersof the normal-inverse-Wishartposteriordistribution in
equation7, the predictive likelihoodof a new observation
is a multivariateStudent-twith (� � d + 1) degreeof free-
dom.Suchadistributioncanbeapproximatedby amoment-
matchedGaussian(Sudderthet al. 2005)distribution:

p(! i,j j� ij = k; ~�¬i.j ; ~! ; Ψ; Υ) � N (xi,j ; � k; Σk) (8)

where

� k =
1

n(.)
k

M
∑

i=1

∑

l|zi,l=k

! i,l (9)

� j =
nk + 1

nk(nk + � p � 3)
(10)

Σk = � k



∆p +
M
∑

i=1

∑

l|ιm,l=k

(! il � � k)(! il � � k)T





(11)
Finally,

p(� ij = kj! i,j ; ~�¬i.j ; ~! ¬i,j ; ~� ; Ψ; Υ) /
p(! i,j j� ij = k; ~�¬i.j ; ~! ; Ψ; Υ) � p(� i,j = kj~� )(12)

where

p(� i,j = kj~� ) =

∫

p(~� jΘ)p(Θj~(� ))dΘ (13)

=

M
∏

m=1

∆( ~nm + ~� )

∆(~� )
(14)

TheGibbssamplingprocessis analogousto theSSN-LDA
modelandthedetailedalgorithmis elaboratedin (Zhanget
al. 2007).



Table 1: Statisticsfor datasetsCiteSeer and NanoSCI,PN
denotesthe numberof papers;EN denotesthe numberof
edges;AAP denotesthe averageauthornumberper paper,
andSLC denotesthesizeof thelargestcomponent

Dataset Size PN EN AAP SLC
CiteSeer 398831 716793 1181133 1.65 249866
NanoSCI225313 195997 877609 4.48 203762

Experiments and Evaluation
Two Co-Authorship Networks
In co-authorshipnetworks,theverticesrepresentresearchers
andtheedgesin thenetwork representthecollaborationrela-
tion betweenresearchers.In this sectionwe evaluateGWN-
LDA modelon two co-authorshipnetworks collectedfrom
computerscience(CiteSeer) andnanotechnology(NanoSCI).
Note thatno namedisambiguationhasbeendoneon either
dataset.

CiteSeerDataset CiteSeeris a free public resourcecre-
atedby Kurt Bollacker, C. Lee Giles, andSteve Lawrence
in 1997-98at NEC ResearchInstitute (now NEC Labs),
Princeton,NJ. It containsrich informationon the citation,
co-authorship,semanticinformation for computerscience
literature. In this paperwe only considertheco-authorship
informationwhich constitutesa large-scalesocialnetwork
regardingacademiccollaborationwith diversitiesspanning
in time,research�elds, andcountries.

NanoSCI NanoSCI is a collection of nanotechnology
related articles published and indexed by SCI(Science
Citation Index) in 2000-2006 period. The records
are acquired by inquiring Thomson Scientific website
(http://scienti�c.thomson.com/products/sci/)directly. The
queryusedin this paperis generatedusinganiterative rele-
vancefeedbacktechnique(Kostoff et al. 2006).Theessen-
tial ideaof thisapproachis to augmentthekeywordsetuntil
thereturnedresultsconverges.

Table. 1 lists the statisticsfor the two datacollections.
Both CiteSeer and NanoSCI containunconnectedsubnet-
works. In particular, CiteSeer contains31998 subgraphs
andNanoSCI contains5241 unconnectedsubnetworks.The
size of the largest connectedsub-network of CiteSeer is
249866 while the sizeof the largestconnectedsubnetwork
in NanoSCI is 203762. In this paper, we are only inter-
estedin discoveringcommunitystructuresin thetwo largest
sub-networks. Therefore,unlessspeciallyspecify, we al-
ways meanthe two sub-networks when referring CiteSeer
andNanoSCI.

EncodingSocialInteraction Pro�les
The social interactionpro�les of the social actorscollec-
tively determinesthestructureanddynamicsof asocialnet-
work. In this paper, we explore two different typesof so-
cial interactionpro�le representationsfor socialnetworks,
namely01-SIP, and Real-SIP. It is worth to mentionthat
suchexplorationis by no meanscomprehensive. Neverthe-
lessit providesvaluableinsightsfor designingmoresophis-

ticatedsocialinteractionpro�le encodingschemes.

01-SIP In the01-SIP approach,anedgeis drawn between
a pair of scientistsif they coauthoredone or more arti-
cles. Collaboratingmultiple times doesnot make a dif-
ferencein this model. Therefore, the social interaction
pro�les of the social actors constitute the adjacentma-
trix of the social network. Many previous studieson so-
cial networksusethis typeof representation(Freeman1977;
Wilkinson & Huberman2004). More formally, the SIW
functionis de�ned as:

SI W01(vi1 ; vi2) =

{

1 if e(vi1 ; vi2) 2 E ;
0 else: (15)

Real-SIP However, oneof the disadvantageof 01-SIP is
that the social interactionpro�les give no considerationto
the nodesother than their direct neighborsand fall short
of consideringthe frequency of collaboration. In order to
mitigatethis problem,we proposea Real-SIP modelwhich
takesanode'sneighbors'neighborsinto consideration.This
way, the social interactionpro�les re�ect the proximity of
the nodesin the network more accurately. Furthermore,
the�nal matrix de�ned by thesocialinteractionpro�les are
lesssparsewhich canimprove theperformanceof theLDA
model(Si& Jin2005).In thismodel,wedistinguishanode's
directneighborsfrom its neighbors'neighborsby givingdif-
ferentweightsto them. TheSIW functionfor a nodeis de-
�ned asfollows:

SI WR(vi1 ; vi2) =



















pin,i2 � ci1,in
if (e(vi1 ; vin

) 2 E)
&&( e(vin

; vi2) 2 E)
&&( e(vi1 ; vi2) 62E);

ci1,i2 if e(vi1 ; vi2) 2 E;
0 else:

(16)
whereci1,i2 is the frequency of the collaborationbetween
researchersvi1 and vi2 ; andpin,i2 , a normalizeddiscount
coef�cient, is de�ned as

pin,i2 =
cin,i2

∑

j cin; i j

Therefore,Real-SIP encodingapproachtakes into ac-
countnotonly thestrengthof thecollaboration,but alsothe
second-orderneighbors.

Experimental Settingsand Evaluation
In evaluatingthe modelanddifferentSIP constructionap-
proaches,we �rst build up SIPin thetwo differentwaysfor
the researchersin the two networks. And then,10% of the
originaldatasetsis heldout astestsetandwe run theGibbs
samplingprocesson the training setfor i iteration. In par-
ticular, in generatingtheexemplarycommunities,wesetthe
numberof the communitiesas50, the iteration times i as
1000. In perplexity computation,i is setas300 in orderto
shortenthecomputationtime.

We evaluatethis model in both descriptive and quanti-
tative ways: �rst, we demonstratethe exemplarycommu-
nities discoveredby the algorithmsandbrie�y discussthe



Table 2: An illustration of 4 communitiesfrom a 50-
communitysolution for the CiteSeer datasetafter 1000 it-
erationsbasedon Real � SI P approach. Eachcommu-
nity is shown with the10 researchersandthecorresponding
� m,n(magnitudeis 10−2) that have the highestprobability
conditionedon thattopic

Community8 Community19
H. V Jagadish(2.2) SebastianThrun(2.3)

RakeshAgrawal(2.0) TomMitchell(1.7)
ChristosFaloutsos(1.9) ManuelaVeloso(1.7)

David Lomet(1.8) ReidSimmons(1.6)
DiveshSrivastava(1.7) TakeoKanade(1.6)

Krithi Ramamritham(1.7) DieterFox(1.5)
SharadMehrotra(1.6) Milind Tambe(1.5)
KennethA Ross(1.6) FrankDellaert(1.4)
SergeAbiteboul(1.5) PeterStone(1.3)

Jiawei Han(1.5) Andrew Moore(1.2)
Community22 Community36

David Culler(2.1) Alex Waibel(2.6)
Eric Brewer(2.0) NelsonMorgan(1.9)
Ion Stoica(1.9) LynetteHirschman(1.8)

GarthGibson(1.8) JohnLafferty(1.8)
Y.H Katz(1.8) Stanley Osher(1.6)

StevenGribble(1.8) M. J. Irwin(1.6)
David Patternson(1.7) Lori Levin(1.5)

ScottShenker(1.7) RobertFrederking(1.4)
SrinivasanSeshan(1.7) JieYang(1.4)

Amin Vahdat(1.7) R. G. Mamahon(1.2)

results. Therefore,we comparethe perplexity valuesfor a
setof communitynumbersfor threedifferentSIPencoding
approaches.Furthermore,we investigatethe quality of the
discoveredcommunitiesfrom aclusteringperspective.

Examplesof Communities
Table 2 shows 4 exemplary communities from a 50-
communitysolutionfor theCiteSeer datasetwith socialin-
teractionpro�les beingcreatedusingReal-SIP representa-
tion. Eachcommunityis shown with thetop 10 researchers
that have the highestprobability conditionedon the com-
munity. Note that CiteSeer datasetwascrawled from Web
andsomeauthorswerenot recoveredcorrectly, we keepthe
resultsin an“as is” fashion.

These exemplary communities give us some �a vor
on the communitiesthat can be discovered by this ap-
proach.Speci�cally, we observethatsomecommunitiesare
“institution-based”,someothersare“topic-based'. For in-
stance,community22 is clearly a Berkeley communityal-
thoughtheir researchinterestspana variety of areas. and
mostresearchersin community36 arefrom CMU. Thesec-
ond type of community is“topic-based”,as illustrated by
Community8 and19, wheremostresearchersin thesetwo
communitiesfall into databaseandAI domainsrespectively;
Notethat thesetwo typesof communitiesarenot exclusive,
meaningthatmany communitiesareactually“hybrid”, with
somemembersbeingfrom thesameinstitutionsandothers

Table3: Perplexity Resultson CiteSeer after300 iterations
with thetwo SIP approaches

SIP K=20 K=30 K=50
0-1 19473.3 16812.9 9752.9
Real 8763.1 7989.7 6289.3

work onthesamearea.Thisobservationrevealsthefactthat
researchersfrom sameinstitution or with similar research
interesttend to collaboratetogethermore andbuild closer
socialties.

Perplexity Analysis
Perplexity is is a commoncriterion for measuringthe per-
formanceof statisticalmodelsin informationtheory. It in-
dicatestheuncertaintyin predictingtheoccurrenceof apar-
ticular social interactiongiven the parametersettings,and
henceit re�ects theability of a modelto generalizeunseen
data.

Perplexity PP is de�ned as

PP (W̃ ) =
M
∏

m=1

p( ~! m)−
1

Nm (17)

= exp
−

ΣM
m=1

logp( ~ωm)

ΣM
m=1

Nm (18)

where ~! i is the social interactionpro�les in the test set
and

p( ~! i) =

Ni
∏

j=1

ΣK
k=1p(! i,j j�n = k)p(�n = kjd = m) (19)

Note that the p(! i,j j�n = k) canbe determinedby the
trainingset,but hyperparameterp(�n = kjd = m) for the
unseendocumentsin the testsetshasto be estimated.The
estimationcan be achieved by conductinganotherGibbs
samplingprocess.

Table 3 lists the perplexity results for a selectedset
of topic numbersfor the two different representationap-
proaches.It shows that theperplexity valueis high initially
anddecreaseswhenthe numberof communitiesincreases.
In addition,theresultsshow thattheReal-SIP approachhas
lowerperplexity valuethanthe0-1, whichimpliesthatReal-
SIP leadsto moreaccurateprediction.

Clustering Analysis
In this section,we evaluatethe quality of the communi-
tiesdiscoveredby GWN-LDA by comparingtheir compact-
ness. Compactnessof a community is measuredthrough
the averageshortestdistanceamongthe top-rankedNr re-
searchersin this community. Short averagedistanceindi-
catesa compactcommunity. In particular, Nr is setas1000
in this paper. Both CiteSeer andNanoSCI have morethan
200; 000 nodesin thenetwork. In orderto reducethecom-
putationalcomplexity andmemoryusagein calculatingthe
shortestdistancesamongthe researchers,we pre-process
the two networks by conductinga graph reductionalgo-
rithm to reducethenumberof thenodesin thenetwork. In



Table 4: CompactnessResultsfor CiteSeer and NanoSCI
with thetwo SIP approaches

SIP CiteSeer(K=50) NanoSCI(K=50)
mean deviation mean deviation

0-1 5.82 1.52 4.30 1.04
Real 4.74 1.69 3.57 0.98

this graph-reductionalgorithm,we iteratively eliminatethe
nodeswhosedegreeis 1 (i.e, only oneco-author). Subse-
quently, we run Johnson's algorithmfor calculatingall-pair
shortestpathsfor the processednetworks. Sincewe focus
on the top rankedresearchers,this preprocessinghasmini-
mal impactonconcernedresearchers.

Table 4 demonstratesthe compactnessand well-
separatenessmeasuresfor 01-SIP andReal-SIP approaches
for datasetsCiteSeer andNanoSCI respectively. In this ex-
periment,thenumberof communitiesK is setas50. Thet-
testresultsshow that theReal-SIP approachis signi�cantly
bettertheothertwo approachesfor bothdatasets.

Conclusions
Communitydiscovery hasdrawn signi�cant researchinter-
est amongresearchersfor its increasingapplicationsin a
wide rangeof areas,including computerscience,biology,
socialscienceandsoon. ThispaperdescribesanLDA(latent
Dirichlet Allocation)-basedhierarchical Bayesian algo-
rithm, namelyGWN-LDA, to discover communitystructure
from large-scalecomplex networks. In this model,commu-
nitiesaremodeledaslatentvariablesin thepertaininggraph-
ical model and de�ned as distributions over social actor
space.This model is evaluatedon two researchcollabora-
tive networks:CiteSeer andNanoSCI. The experimentalre-
sultsdemonstratethatthisapproachis promisingfor discov-
eringcommunitystructuresin large-scalenetworks. While
this approachis developedandevaluatedin socialnetwork
domain,themodelis genericandcanbenaturallyextended
to othercomplex network researchareas.
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