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ABSTRACT

This paper aims atiscoveing community structure in rich media
social networks, through analysis of &warying multi-relational
data.Community structureepresents th&atent social context of
user actionslt has important applications imformation tasks
such as search and recommendati®acial media haseveral
uniquechallenges(a) In social medi, the context of user actions
is constantly changing and -evolving; hence the social context
contains timeevolving multidimensional relationgb) The social
context is determined by the available system feataras is
unique in each social media veite. In this paper we propose

MetaFac (MetaGraph Factorization), a framework that extracts

community structures from various social contexts and

interactions. Our work has three key contributions: (1) metagraph,

a novel relational hypergraph representatior modeling mult
relational and multdimensional social data; (2) an efficient
factorization method for community extraction on a given
metagraph; (3) an eline method to handle tiraearying relations
through incremental metagraph factorization. Bsiee
experiments on realorld social datacollected fromthe Digg
socialmedia websitesuggest that our technique is scalable and is

able to extract meaningful communities based on the social media

contexs. We illustrate theusefulnessf our frameworkthrough
prediction task We outperformbaseline methodsincluding
aspect modedndtensoranalysi$ by an order of magnitude

Categories and Subject Descriptors
H.2.8 [Database Managemerjt Database Applicatiods Data
mining H.3.3 [Information Storage and Retrieval]: Information
Search and Retriev@linformation filtering 1.5.3 [Pattern
Recognitior]: Clustering; J.4Computer Applications]: Social
and Behavioral Scienc&@sEconomics

General Terms
Algorithms, Experimentation, MeasurementTheory

Keywords

MetaFac, metagraph factorization, relational hypergramn- n
negative tensor factorization, community discovery, dynamic
social networkanalysis

1. INTRODUCTION

This paper aimat discoveing community structure in rich media
social networks, through analysisf the timevarying multi
relational datdrom social media websiteSocial media websites
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Figure 1: The social context of user actions vary across so
mediawebsitesi we propose a metagraph representation
model various social contexta) primary actions and relate:
media objects in Diggs; (b) primary actions and relal
objects in Flickr; (c) anetagraph representation for Digg; (¢
ametagraph for Flick

such as Flickr, Digg and Facebook allow a wide array of actions
on media objectsi e.g. uploading photos, bmitting and
commenting omews stories, bookmarking arnagging, posting
documentscreatingwebrlinks, as well as actions with respect to
other users (e.g. sharing media and links wittiesnd). The keyto
social media information tasks such media recommendation
relies inunderstanding the context of tleeactionsi how they
relate to other actions, users and media objéais examplea
user might be motivated to search a story afterewing her
friendds. bookmarks

The problem haswo challenges(1) in social media, the context
of user actionss consantly changing and eevolving, e.g.with
respect toot her us eene@entach ¢ ®emtss and
historic preferencesHence the social context contains time
evolving multi-dimensional relations(2) the social contexis
determined by thavailabk system featurethat allowinteractiors

on media objectand among people. Hence the social context is
unique in each social media websker exampleFigurel shows

the main actions available in Digg and Flicks well as related
media objects. In Digg, users might subnitvote (digg) /
comment on a story, replp a comment, replyo a reply, etc.
Flickr useramight post, tag and commeo a photo, make friend

: {register-in}



contacts label a photo asa favorite, join a oto sharing group
(pool), etc. There are some common actidnst mae site
specific actions catdo the purpose of each sifEhe discovery of
social contexneeds to deal with the diverse and dynanature
of actions in social media.

In this paper weropose MetaGraph Factorizati¢MetaFac) a
framework that extracts community structur@s. the latent

social context)from various social interactions. Our work has

three key contributions: (1)metagraph a novel relational
hypergraph representatiofor modeling multirelational and

multi-dimensional social data; (2) an efficient factorization

tensor representscomplete interactions among all involved
entities, which isa very strongassumptionin social mediasince
there might be events involving some but not all dimensions
Multi-graph mining considefjsint factorization over two or more
matrices.The combination ofuch matrices is domaispecifig
e.g. h text mining, Zhu et al[15] propose ajoint matrix
factorizationcombining both linkage andocumentterm matrices
to improve the Wpertext classificationin social media, relations
depend on the system features, which might vary asvebsites.
Moreover, the ystem featuresnay change over time im social
media websitewhich requiredlexible relational learning.

method for community extraction on a given metagraph; (3) an Relational learning. Relational techniques such &RMs [6]

ortline method to handle timearying
incremental metagraph factorization.

relations through

Extensve experiments on reavorld social media data suggest
that our technique is scalable and is able to extract ingfah
communities based omocial media contextWe illustrate the
usefulnes®f our framework thoughprediction tasgi to predict

u s e wterd intdrests on voting or commentiag Digg stories
Our
(frequency counts, tensanalysis, etg, suggestinghe utility of
leveraging metagraph to handletime-varying sodal relational
contexts.

The rest of the paper is organized as follows. Se@ioeviews
the related work. Sectiodiintroduces preliminaries and sectién
formalizes the problem. Sectidhand6 presents our community
extraction methodon both static and dynamic mutilational
data. SectiofT present&xperiments andection8 concludes

2. RELATED WORK

Community discovery in rich media social networks deals with
constantly changingmishmasb of interrelated userand media
objects The problem has threeaspects (1) evolutionary
characterization of communities time-varying social networks
(2) analysis of multidimensional dataand(3) relational learning
adaptable to different social contexts. The best ofour
knowledge, ourwork is the first unified attemptto address all
three aspects within a single problem

Evolutionary community characterization. Social interactions
among peopldave been studied through a unipartitebiartite

graph, in whichthe community structure can be characterized by

clustering methosl [14], and the evolution of community
structure is captured in terms of various criteikiamar et al.[9]

study the evolution of the blogosphere in terms of the change of;

graph statistics and the burstinegsextracted communitieSun
et al. [14] use theMinimum Description Lengthprinciple to
extract communities and to detect their changés.et al. [11]
use an evolutionary clustering criterip] to extract community
structures based on both observed networked dad historic
community structureAll these works restridhemselvego pair
wise relations between entities (e.g. usser or usepaper). In
rich onlinesocial medianetworked data consists of multipte-
evolving dimensions, e.gusers tags feeds, comments, etc.
Collapsing such multiway networksinto pairwise networks
results in the loss ofaluable information, and the analysis of
temporal correlatiommongmulti-dimensions iglifficult.

Multi -dimensional mining. In multi-dimensional Btwork
analysis networks havemore than two types of entitieExisting
techniques include tensor based analysi¢4] or multi-graph
mining. Tensor factorization is a generalizeapproach for
analyzing multiway interactions among entitiedNote thata

prediction significantly outperforms baseline methods

extendgenerative models to deal with various combinations of
probabilistic dependency among entitiSach techniquesan be
computationally expensive, amsay not scale to the large amount
of data typically collected by sotianedia websitesThere have
been relational learning techniqubsoughpairwise relationships
among entities, e.g3,12], which involve loss of information
when data has higheorder interactionsOur work shares the
same advantages Kemp el at[8] and Banerjee et g2], which

deal with multiple tensors, but their static settings are different

from ourproblem

In sum, social media analysis requires a flexible and scalable

framework that exploits relational contekefinedby the system
featuresf individual social mediaites. Such relational contest

multi-dimensional, sparse (not all dimensions are involved in an

event), specific, and evolvingover time. We propose a unified
approach to analyze the dynamics of rich medigial networks.

3. PRELIMINAR IES ON TENSOR

This section provides notations andminimal backgroundon
tensorsand some basic operations usedthiis work We refer
readers t¢1] for amorecompehensive review on tensors

3.1 Tensors

A tensor isa mathematical representation of a mulay array.
The order of a tensor is the number of modes way9. A first-
order tensor is a vector, a secegrder tensor is a matrix, aral
higherorder tensor hasitee or more modesVe usex as a vector,

X as a matrix, ani¥l as a tensor. Théimensionalityof a mode is
the number of elements in that mode. We Lsto denote the
dimensionality of modey. E.g, the tensorMi Ar':*s has 3
modes withdimensionalities ofl;, 1, and I5, respectively.A+
ndicates all elements of the tenddrhave nonnegative values,
which is usually the cader a data tensor. Theé,{i,,i3)-element of
a thirdorder tensor is denoted by;; . Indices typically range
from 1 to their capital version, eig= 1 , I¢ ,

3.2 Basic Operations

Moded matricizationor unfolding Matricization is the process of
reordering the elements of avi-way array into a matrix. The

moded matricization of a tensoM [ A*® ' is denoted by g,

i.e. unfold(M, d) =X, | A Ouumads, Unfolding a tensor on

mode d results in a matrix with heighty and its width is the
product of dimensionalities of all other modes.

The inverse operation is denotedMs= fold(X ,) 1 A® .

In general the unfolding operation can be defined on multiple

modes. For example, we can define m¢cd) unfolding as
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Figure 2: CP decomposition of tareewaytensor.
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UnfOld(M,(Q CD) = Mc,d) i &”d) {OG"(L..M),wch “) .
tensor on two modesandd results in a cube (thregay tensor).
Similarly, we can define avectorization operation x=veqM),

which linearizes the tensor into a vector.
Moded product The moded matrix product of a tensor

Mi A’ with a matrix UT A”' is denoted byM3 U and
results in a tensoof sizel3é 3143 B g3 € 3ly. Elementwise,

Unfolding a

lq
we haVe(M 3d U)h3 ig-dig $3im :a i‘j:l)$.h23i ML]{ da "

Moded accumulation A moded accumulation or summation is
defined asacqM, d)=X1 I A. The operation sums up all
entries across all modes except for matievhich results in a
vector of lengthly. Accumulating a tensor on modkcan be

obtained by unfolding the tensor on mati@to a matrix and then

multiplying the ma#ix with an altone vector. Likeunfolding
operation, accumulation can be defined on multipteles, e.g. a

mode(c,d) accumulationacoM, (G d) = M., 31 [ 'A*. This

will result in a matrix of sizé2 |,.
Tensor decompositioar factorizationis a form of higheorder

4.1 Metagraph Representation

We introdice metagrapha relational hypergraph foepresenting
multi-relational and multdimensional social data.We use a
metagraphto configure the relational contextspecific to the
system features this is the key to makg our community
analysis adaptabl® tvarious social media contexts, eligg and
Flickr (Figure 1). We shall use the Diggxample to illustrate
three conceptdacet relation, andrelational hypergraph

As shown inFigure 1(a), Digg allows variousactions for news
sharingi users might submiindicatedbythel i ne | ahel
news storyassociatedvith a particulartopic. They mightvote (or
digg,l i ne A@ADO) are didcCrame notn (tlhie subnm
reply (line AROQ) t o a ,ooeauene nt cr
reply to a reply (not shown in the figuregtc. To descrile the
context of actionswe call asetof objects or entities of the same

type afacet e.g. a user facet is a set of users, a &mst is a set

of stories, etc. We call the interactions among facetdadion; a

relation can involve two (i.e. binary relation) or more facets, e.g.
the #fAdiggod rel at i @ser siorg,vand thee s ¢
i ma-& @ mmein a way relation ¢ser story, commeny. A

facet can be implicit, depending on whether the facet entities
interact with other facets, e.g. the set of digg objects might be
omitted due to no interactions with other facets.
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Formally, we denote the-th facet as/¥ and the setfaall facets
asV. A set of instantiations ofraM-way relatione on facets/?,
v, é ™ is a subset of the Cartesian produée é 3vi¥). We
denote a particular relation & wherer is the relation index.
The observations of avi-way relatione” is represented amn M-

principal component analysis. It decomposes a tensor into a corgyay data tensavi®.

tensor multipliedby a matrix along each mode. Thus, in the three
way case whereMi A"FK we haveM°03,A3,B3;C, which
means each element of the tenddris the product of the
corresponding matrix elements multiplied by weigfy, i.e.

X ° a E=1 équ ﬁtzpq,ap b, ¢ . Here, Al AP, Bl A”? and
Ci AR are calledfactor matricesor factorsand can be thought
of as theprincipal componesstof the original tensor along each
mode. The tenso®i A™ PR is called thecore tensorand its
elements show the level of interaction betweeiiferknt

Now we introducea multi-relational hypergraph (denoted as
metagraph in this papery describe the combination of relations
and facets in a social media context. A hypergraph is a graph

where edges, calledchyperedges connect to any number of
vertices.The idea is to usenaM-way hyperedge to represeihie

interactions oM facets each facet as a vertex and each relation as
a hyperedge on a hypergraph.metagraph defines a particular
structure of interaatins among facets, natnongfacet elements.

Formally, for a set of facety={V¥} and a set of relations
E={"}, we construct anetagrapiG=(V,E). To reduce notatiai

components. A special case of tensor decomposition is referred agomplexity,V andE also represerthe set of all vertex and edge

CP or PARAFAC decompositiofil], where the core tensor is
superdiagonal anB=Q=R. (A tensorM| A3 ' is diagonal if
%3i, » 0 only if i;= € #,.) The CP decomposition of a third

order tensor is then simplified ag, °© é_ilz,qlg g , as

illustrated in Figure 2. We use #] to denote a superdiagonal
tens@, where theoperation [-] transforms a vectar to a
superdiagonal tensor by settitensor element,s =z, and other
elements as 0. Thus the CP decomposition of a-ihagetensor

can be written asM°[Zz]3,A3,B3,C, where k] denotes a
corresponding supeiabonal core tensor

4. PROBLEM FORMULATION

This sectiordefinesthe problem ofliscovering latent community

structure that represents the context of user actions in social

networks. The problemhas three parts(1) how to represent
multi-relational social da (section4.1), (2) how to reveal the
latentcommunities constenty across multiple relations, ar(@)
how to track the communities over tir(eection4.2).

indices respectivgl A hyperedge/relatione” is said to be
incidentto a facet/vertex/? if V@ &, which is represented by

V@~ or é)~@ E g, in Figure 1(c) V¥ representshe user

facet, ¥={VW V@V repr esent scobmmerfimakeel at

We summarizeur notations inTablel.

Symbol  Description
X a vector (boldface lowerase letter)
a matrix (boldface capital letter)
M a tensor (boldface Euler script et
l;, éim t he di mensionaMity of mode

v a vertex @] V represents the facef’

e a hyperedge®i V represents the relatief

Y, the set of all facetg={V{¥}, or the set of all vertex indices

E the set of all relationg={e"} or all hyperedge indices

G ametagraplG=(V,E), whereV is a set of facefgerticesandE

is a set of relatiorlbyperedges

K, L constants

Table 1: Description of notations.



4.2 Community Discovery on Metagraph Gl g e ) g
We formalize the commity discovery problem atatent space ] ¢a'@/ " \“*da; I
extraction from multirelational social dataepresented by a : - - Ty
metagraph Our goal is to discover latent community structure JARE VT N K{}Kr,- Ll x®
that represent the context of user actions in social media 1, I
networks.We are interested in dters of people who interact 12

with each other in a coherent manner. Some of the interaction can

be implicit, e.g.two users may comment on the same stpdes i ) K L
the interactionscan befurther enhanced by other interactions. ~ Figure 3: An example of the metagraph factorization (MF

Hence we considea community asa latent space ofconsistent Given observed data tensd®® M®} and a metagrapts
interactions or relations among users and ohjects that describe the interaction among facegs®, V@, V&3,
By assuming consistent interactions in a community, the  find & consistent commun(llt)y s(guctgre expressed by c
interactionbetween any two entities (users or media objéciajl tensor{Z] andfacet factord U™, U®, U},

j in acommunityk, written asx;, can beviewedas a function of observeddata tensor§ M} ¢ defined onG for timet=1, 2, é,
the relationship between community with entity i, andk with j.

If we consider the function to be stochastic, i.e.plet; indicate
how likely an interaction in thk-th community involves théth
entity and p, is the probability of aninteraction in thek-th We will present our method in two ste|f) present a solution to
community,we can express; by x;° &y pe P j(“pk- Likewise a MF (sectionb); (2) extendthe solutiorto solve MFT (sectio).

3-way interaction among entity i;, i, and iz is
;. °a.nr 9. RO p.O. A set of such interactions 5', METAGRAPH FACTORIZATION o
i kTR YD) a3 . This section presents our solution to the metagraph factorization
amongentities in facet”, vV andv® can be written by problem (MF). Our method relies on formulating MF as a
0 A @ A2 a®d ) optimization problengsection5.1). We then provide an algorithm
M kagl P AL B *2191 T <> to solve the optimization objectisection5.2) and discuss its
computational complexity (sectidh?3).

find a nonnegative core tensorz] and factors{Ut(q)}qiv
correspondingo facetsvV={v{¥} for each time.

whereM [ Ar':"s is the data tensor representitige observed o o
threeway interactions amongaéet V9, V@ and V@, p,_, is 5.1 Optimization Objectlye o

. _ @ @ ¢ The MF problen can be stated in terms of optimizatidret us
written as an igk)-element ofU for g=1,2,3 U is al@K first consider a simple metagraph case. Assume we are given a
matrix, where I is the size of . The probabiliies of  metagraphG=(V,E) with three vertice&/={v®, v® v} and two
communitiesare elements o, i.e. p=z. This is similar to the CP 2-way hyperedgesE={e®,&”} that describe the interactions
decompsition of a tensor(section 3.2), except that the core  amongthesethree facetsasshownin Figure3. The observed data
tensor{z] and the factor matrices X%} are constrainedo contain corresponihg to the hyperedgesare two secondrder data

nonnegativeprobability valuesUnder the nonnegative constraints, tensors (i.e. matricegM®@ M®} with facets 2, v@} and {V?,
the 3-way tensor factorization is quivalent to the threway

3) : 2)
aspect model in a thremensional cebccurrence datf 3]. v} respectively The facet/” is shared by both tensors

The nonnegative tensor decomposition can \ewed as The goal isto extract community structurom data tensors,
community discovery in a single relation. The interactions in throughfinding a nonnegative core tensfz] and factors Y@,
social media networks ermore comlex i usually involving U@, U®} correspondingo the three facets.HE core tensor and
multiple two- or multi-way relations. By using metagraphwve factors needto consistently exgain the data, i.e.we can

represent a derse set of retinal contexs in the same form and approximately express thedata by M®°[z]3,U®3,U®@ and
definethe community discovery problem on a metagraph, with the

following two technical issues M®o[Z]3,U@3,UP, as in egl>. The core tensorz] and facet

o . _ U®@ are $ared by te two approximations, and the lengthza
Thefirst issue ishow to extraccommunitystructureas coherent determined by the number Gitentspaces (communities) to be
interactionlatent space from observedsocial data defined on a 1 oted.Since both the left- and the righhand side of the

metagraph, which is formally stated as follows. approximation are probabiligistributions,it is natural to use the

Problem (Metagraph Factorization, or MF): givenametagraph KL-divergence(denoted ad({))) as a measuref approximation

G=(V,E) and a set obbserved data tensorst{’} ;  defined onG, cost. To simutaneously reduce two approximatioosts we can

find a nonnegative core tensdez] and factors{U(q)}q;V for definea cost function as:

corresponding facet¢={V(¥}. (SinceE also represents the set of DM@ ||[z]3,U® 3U®) B(M®||[Z] ,8® ,U®), <2>
all edge indices, the notations E and e E are exchangeable. . ) _ _
Likewise,qgi V andv@ V are exchangeable.) where D(6 [[7)=4; (a log a/b; T & + bj) is the Kl-divergence

The second issusoncerns the dynamic nature of human activities between tens® and7 anda=ved6 ), b =ved7).
i those interactions might be consistent during a short time period
but are unlikely to be consistent all the time. The probleow to
extract community stictureas coherent interaction latespaces
from timeevolving data given a metagraptidefinedas follows

The solution to eg2> will be an MF solution fothe metagraph

in Figure 3. We observehreethingsin this example:n eq<2>,
each D(GI® correspond to ahyperedge, each tensor product
correspond to how facets are incident to an hyperedge and the
Problem (Metagraph Factorization for Time evolving data, or summation corresposdo all hyperedges on the grapie can
MFT): given a metagraphG=(V,E) and a sequential set of generalize eg2>to any metagrapfs, asfollows.



Given a metagrapt®=(V,E), the objective is to factorize all data

can be rewritten as follows. First, for eagh, compute a tensor

tensors such that all tensors can be approximated by a commorH®Oj AY, py:

nonnegativecore tensor[z] and a sharedset of nonnegative

factors{ U@}, i.e. to minimize tk following cost function:

3(G)= min & DM Il O 3U™)
2{U% e mm™ ~ &0

48, U 1=q%
where K is the number of communitiesnd D(G) is the KL=

divergence as describatiove The constraint that each column of
{U9} must sum to onés addeddue to the modeling assumption

<3>
stzi A U@ [ A

that the probability of an occurrence of a relation on an entity is

independent of other entities in a communiBg<3> can be
easily extended to incorporate weights on relations.

5.2 Algorithm

We provide a solution to the objectiftenction definedn eq<3>.

It is difficult to guarantee a global minima solution,ep<3> is
not convex in all variables. Bsmploying the concavity of the log
function (in the KL-divergence), we derive a local minima
solution to eg3>. The solution can be found by the following
updating algorithm:

1. .
(r) )
zZ.« —a a.Mi”Mr ni?r“iM,k ) <4>
M Eiy.dy,
1 .. ..
() ) )
Uiqk « — a a Mil..jw n.?'..iwk ) <5>

q 1) ~D g dg i "

wherez is a lengthK vector, L=|E| denotes the total nhumber of
hyperedges onG, Lg=|{l:€"~V¥}| denotes the number of
hyperedges incident 1%, and

A\ (m)
r) « Zko ™ ~ dn Uimk
. .
e ([Z]Om:\/m)_énamu(m)) i3 i,

After updates, each column of? are normalized to sum to one.
Because of this normalization step, we can omit dividing.Joiyn

<6>

eq<5>. This iterative update algorithm is a generalization of the

algorithm proposed by Lee et diL0] for solving the single
nonnegative matrix factorization problem. In
factorization, the update for core tensa [depends on all

hyperedges on theetagraph, and the update for each facet factor

U@ depends on the hyperedges incident to the fade. proof

for the convergence of our algorithm is omitted due to space limit.

The computation in eg4>i <6> can be timeconsumingdue to
the high dimensionalities of tensoré/e nowdiscuss an efficient

implementation of the update rulds. eq.<4>i <6>, 71f3,  is an
element of al,;33 31, R tersor. LetB ®i A”,denote this

tensor, wherey denotes the dimensionalitids®3 9, R in

short. Becaus® © is expensive to compute and operate, we

want to reduce computation that invoh@s®. By observing the

shared part for updatindgné core tensor and all facet factors in
eq<4> and <5>, we can use the following stratedo achieve

efficient computation: Instead of computiy @ explicitly, we
compute an intermediate tengdd? of the same dimensionalities

asB . HOwill save the repeating part of multiplication Bf ©
with {U@} andzin eq<4> and<5>. Thus, the above update rules

<7>

S(T) « vec(M(’)# ([ K)m\}m)Néf)3m (’U))
H(r)=f0|d(8(r) 4( 7 *(w) 3 * (1)t)JT)

where# denotes the elememtise division, and® denotes the

Khatri-Rao product The Khatri-Rao productof two matricesA
and B, denoted by A*B, is  defined by

A*B fa, B a, BB 3 a  bl], wherea andby ae
the k™ column vectors oA andB respectively, anavherealsb is

the Kronecker producdf a andb.
The second step is to updatand{ U@} by:

<8>

Z« ia acqH”, M, +1) <9>
rE

U@ « <10>

a acqH”,(M +1,q)

1) @
whereM,+1 is the last mode di”. The multiplication of8
andM® in eq<4> and <5> is now precomputed in ee&7> and
<8> by utilizing the KhatriRao product. To obtaim and{ U},
we only need to accumulatd®” on the corresponding mes.

{U9} obtained from ea:10> will be equivalent to those from
eq<5> after normalizéion. Eq<7>i <10> yield exactly the same
results as eg4>i <6>. The algorithmshares the same form thfe
expectatiormaximization algorithm, whereeq<7> and <8>
correspond to the-Btep andeq<9> and<10> correspond to the
M-step.Note that he information contained in eactata tensor
with respect to a hyperedgeaggregated through theepand
is shared bythe core tensor andll facet factors in the Mtep,
thus the extracte@ommunites will be coherentlatent spaces.
Table2 summarizeshte whole proces® solve an MF problem

Algorithm 1: MF

metagraph

Input: metagraplG = (V,E) and data tensors{("} on G
Output:z and{ U@}
Method: Initialize z, { U@}
Repeat untitonvergence
For eachri E, computeH® by eq<7> and<8>
updatez by eq.<9>
For eachyi V, updateU@ by eq.<10>

Table 2: The MF (metagraph factorization) algorithm

We refer thesolution core tensor and facet matrices as a
community model from which we infer theprobabilistic (soft)
membership of entities in each facAs describedn section4.2,
each(i,k)-element of a facet matrid is p(ik) (i.e. px. i, how likely
an interaction in the community involves entityi), and each
element z=p(k) (i.e. p,, the probability of an interaction in
communityk). Thus wecompute the conditional probabilip(k|i)
to indicate the soft membership of entitywith respect to
community k by p(i[K)p(k)/p(i), wherep(i)=a4(ikép(kd )s the
probaility of an interaction involvingentityi.

5.3 Computational Complexity

We now discuss the time complexity for the updates. The most

time-consuming step in the algorithm is to compHié for each
hyperedgee®. As can be seen ieq<7>, we can take advantage
of the sparseness of the data ter®8! and compute only the



nonzero elements (total number of tuples)M{). Let n denote

the largest number of nerero elementof the involved data
tensors. This step has time complexitynRiIL), whereK is the
number of clustersyl is themaximal number oincident facets of
arelation, and. is the total number of input relations. Usualy,
M, L are much smaller than. If we considerK, M andL are

bounded by some constants, the time complexity per iteration is

z« (1- a)§ accH”, M 4) = _, <14>
rME
U« (-a) & acoH"”,(M 4,q) #J

12600~

<15

whereM,+1 is the last mode ¢i. The whole process of finding
solutionsto theMFT problem is summarized rable3.

linear in Og), the number of nomero elements in all data tensors. _Algorithm 2: MFT

6. TIME EVOLVING EXTENSION

This section presents our solution to the problem of metagraph pmethod:

factorizatbn with time evolving data (MFT).

6.1 Optimization Objective

In the MFT problem, the relational data is constantly changing as
evolving tensor sequence®/e propose an online version of MF

to handle dynamic dat&ince historidnformation is contained in
the community model extracted based opreviously observed

Input: hypergraphG = (V,E), the data tensofgv} on G observed at
Output: new modet and{ U@}
Initialize z,{ U}
Repeat untitonvergence
For eachri E, computeH® by eq<7> and<8>
updatez by eq.<14>
For eachyi V, updateU@ by eq.<15>

Table 3: The MFT algorithm.

For time evolving social data, changes khtighappen in

data, the new community structure to be extracted should beinteractions among entities, or even in interactions among facets

consistent with previous commuypitnodelandnew observations
which is similar tothe evolutionary clustering discussed [thl].
To achieve this, & extendhe objective in eg3> as follows

A communitymodelfor a particular time is defined uniquely by
the factors {J{?} and core tensorZ]. (To avoid notation clutter,
we omit the time indicefor t.) For each timé, the objective is to
factorize the observed data into the nonnegative faft#f§ and
core tensorZ] which are close to thgrior communitymodel| [z.4]
and {U.;®}. We introduce a costy, to indicatehow thenew

community structure deviates from the previous structure in terms

of the KL -divergence The new objective is definexs follows:

mau(m) ) &

prior

3,(0)= min @ -2)8 DM ] O
z{U™} rE mv™ ~ "

lior =D(z.1112) 48 D (U9 [JU) <11>
q

stzi A% U9 1 A% 43 U 1=q'k "

whereUis a real positive number between 0 and 1 to spéacify
much the prior community model contributes to the new
community structurelyge iS a regularizer used to find similar
pairs of core tensors and pairs of facet factors donsecutive
times. The new community structurewill be a solution
incrementally updatébasel on a prior communitymodel

6.2 Algorithm

Based on a derivation similar the discussion irsection5, we
provideasolution to eq<11> as follows

7, « (1- a)a éMaf.'.ﬁMr ’.ﬁiwk t3,. <12
M Eip.dy,
Ui(:k) « (1-a) a a Mig.)le (?.’.‘ka + '(;);-11 <13

16D~V ipdg i g i
where nf), | is defined as in eg6>. After updates, each

column of U@ and the vectoz are normalized to sum to one.

Because of this normalization step, we have dropped thegcali

constant for updatingandU®@.
It can be shown that the parameters inghevious model#., and

{U19Y) act as Dirichlet prior distribution to inform the solution

(e.g. due tothe evolution of system featujesvhich lead to
changs in metagraphOne advantage of our MFT algorithm is it
only requires new observed data defined on any givetagraph,
so it is straightforward to incorporatestichanges cd metagraph

7. EXPERIMENTS

This section reports our experimental studyagealworld social
media dataset collected from Dig¢ye first describe the dasat
(section7.1) and presenthe extractedcommunities(section7.2).
We evaluateour technique througprediction taskgsection7.3).
Finally, we evaluatethe scalability of oufactorizationmethodon
synthetic datase(section7.4).

7.1 Digg Dataset

We havecollected data from large set of user actions from Digg.

Digg is a popularsocial news aggregator that allows users to

submit vote (i.e. digg)and comment on news stesi It also

allows users to create social networks by designating other users

as friends and tragbkgf r i ends 6 acti viti
experiments includstories users and their actions (submit, digg,
commentand reply with respectto the sories, as well as the
explicit friendship (contact) relation among these usérs.

analyze

stories and extract keywords
Relation Tensor/ incident facets #Tuples
(R1)content dynamic(story, keyword, topi¢ 151,779
(R2) contact static(user,use) 56,440
(R3) submit dynamic (user, story) 44,005
(R4) digg dynamic(user,story) 1,157,529
(R5) comment dynamic(user,story, comment 241,800
(R6) reply dynamic(user,commen) 94,551

Table 4: Summary of the relations in Digg dataset

From this dataset, we select 5 facetasér, story, comment,
keyword and tojg) and build 6 relations among them. The
relations are summarized ihable 4, which correspond to the
metagraph showim Figure 1(c). Except for the contact relation,
all relationshavetimestampsWe assume the contact relation is
static and considethe other relatiors as dpamic. For dynamic
relations, we extract tuplegith timestampsanging from August

search (_ref.[ll]), thus the solution is consistent wiFh previous 1 to August27, 2008. To study thdataevolution, we segment
community structure.The update rules can be rewritten as the the duration into 9 time slot&€. every three days), and construct

following operations wittH® pre-computed by eg7> and<8>:

a sequence of data tensors for each ayoarelation. In the

es.

Th

us er s O0e aso netiiegeathe topias bfehee st s,

from
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Flgure 4: Communlty extracted based on user dlgglng actlvmes for tnﬁe(August 69 2008) and number of communltllﬁsz 4
and 12.The most likely keyword and topic terngshown within brackets)n each communityare projected based on their tsc
membership. The size of each term indicates its probability and each term is colored based on its most likely cAmenuesylts
showcoherentopical preference in communities, as the terms with the same colors are located closely
following we shall usdl [1,9] to denote a time slot indeXhe (@) communlty popularrty (b) concept evolution
total number of tuples in each tensor sequepee relationis 05
listed in Table 4. Our datasetand code areavailable online
(http://www.public.as.edu/~ylin56kdd09sup.html
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7.2 Community Analysis
We present a qualitative analysis of the communities extracted b 2
our method which demonstrates an advantage of probabilistic
interpretation given by our method. We first show all e IV - LS
communities extracted fa particular time and then examine the i

community evolution within two of these communities.

ter probability
o
w

o
o

0.1

keyword dissimilarity

o
Q

Figure 5: The community evolution characterized based ¢

(a) change in size of communities, and (b) change in keyw

To illustrate what kinds of s distributiod 1 eaBhrcemmiindyu g g0 by what ki
communities, wetrack the atent communities based dhe four communities over time, anfligure 5(b) shows the keyword
digging activities whichinvolve relationR1 and R4 Figure 6(a) dissimilarity across time where the dissimilarity is computed
and (e) shows the corresponding metagraph and the number of,seq on the cosine similarity of keyword distribution in each
tuples in the two relationdn our factorization algorithm, we community of conecutive timestamps.(We use a cosine
assume that the number of communitiésjs given beforehand.  gimilarity measure in order to emphasize the differences at the
Here we show commutiés extracted giveK=2, 4 and 12. iheado of t h We absese two tritical itimes
Based on relation R1 and Réur facetsare involveduser, story, Figure5(b): for community C2 and G3he keyworddistribution
keyword and topicWe present thekeyword and topic facets  change drastically a3 (August 69) andt=8 (August 2124). To
because they are more informative to the reaithens other facets examine the events occurring during these times, we look at the
Figure 4 shows the most likely keywords and topics in each keyword distributions of the two communitieBable 5 lists the
community We present the results tf3 (August 69, 2008).We top 10 keywords thare mostly likelyto appear in @ and , at
project those keyword and top{shown within brackets)erms t=2,3 and t=7,8 respectively At t=3, the newpoppedkeywords

nd

onto a 2D planeThe location of the-th keyword or topic term Aol ympi cso and wWgeeros Gy i aod tvor retf il cerc

indicates its relative proximityo other terms and isomputed significant world newstems the 2008SummerOlympicsbegan
based on its soft membershifkji). (The position is determined  on August 8 and the2008 RussigGeorgiaconflict started on
by standard multidimensional scaling with the soft membemhip  August 7 At t=8, the new popedk ey wor ds fj oe o,
input) The size ofthe i-th term indicates how likely theerm correspond to the time whepresiderial candidate Barack Obama
appears in a story and is determined based on the probatfility announced that Joe Bidevould behis running matéon August
Each term is colored based on its most likely community, i.e. by 22). Another critical time is captureoly the change in community
choosingk with maximal p(kji). In the figure we canseethe size. In Figure 5(a), we see the community C3 keeps growing
communities based on havecegherend  diitilg=s,iwhey thddussiaGeprgia dordlist ended with a ceasefire
topical preference, as the terms with the same colors are locatecagreement signed on August 15 and 16.

closely. The 2 4 and 12community resuls show the =) o)

communities at different resolution.The 2community result T e [ L e
distinguishes political interests from the OIyrnpies ne{ﬁ/i:gur_e ge‘“i?i‘;g : 0-008 g‘ev"fi"nl;"c : o001 ﬁ)b;:"a 0.099|pbam= F0I043
4(a)). The 4community shows four topicalinterests in anthrax [0.005|china  [0.007| |google | 0.006|john 0.01
communities C1: gamingindustry news, C2: US election news, s | bo0t|sergia £ oo0s| |oame ! 0006l 0000
C3: world newsand C4: general political newsigure4(b)). The woman 1 0.004fwortd 1 0000 [war | 0.004{bereck | 0.005
two majortopics ( i 0 | y mp i cosrog iima@iare furgher werld | ooaitied | 0004 |convemtiol 0.00almews | 0005

splitin the 12community resultgigure4(c)).
Table 5. The keyword distribution of community C2 and C3

Community Evolution. We select the 4ommunity result and . - -
during two critical timest=3 andt=8.

examine its evolutionFigure 5(a) shows the probabilés ofthe

fibi



The characterization of community evolution based on change in (a) (b) L 10° (e)
the probability of a cluster and on change in the distribution of keyword keyword T e e o
entities such as keyword@Bigure5 and Table5) demonstrates the RO g RS s 4. " e
advantagef our soft clustering methodhe presenteatase study user story user | story g 2 st
suggests that our method is able to generate meaningful mining topic comment  topic S 0% 2 3 4 5 6 7 8 9
results from dynansi multi-relational social networks. () (d) g im,»., JRET S

. . L user keyword user keyword S 3. e R
7.3 Evaluation via Prediction o e N ]
We use a prediction task to demondrahe utility of our ) o ) %% s 4 5 & 7 & 9

story  topic story topic time

techniquesBased on the Digg scenario, we design prediction F(isgure 6: Relations used by different methocts for digg a

tasksito predict userso future i nlfbesditiontal’Rl Grid RY lsfd%n obirmethiod 1V O L 1 N9
and commenting on Digg storie§Ve study threaaspects of our digg prediction; (b) R1 and R5 used in our method fc

method throggth the dpr_ediction task(1) Hofw does our i 0 ment prediction; (¢).TD tensors used in PARAFAC a
community discovery frarmareork W) figg Rebidish! @ Tc 1ehsdiE istdtn PARAFA

{/r\l/tr(]e_rehstsi(%) HQW rlm\;;ht hlztonc ljn_f(:_rr;atlon do we nee®) and MWA for comment prediction; (g)umberof tuples in
Ich refation 1S relevit to the predictio each relation over time.

Prediction setting. There are two tasks: (a) digg prediction The ability to handle relational contextis the keyto our
what stories a user will digg, and (b) comment predictiavhat comparisonWe choose specific relations illustrate the utility of
stories a user will comment on. Both tasks are evaluated on datgeveraging a specific context laymetagrapli relation R1 and R4
from each time slotWe use storiesthat have digging or  for digg prediction and R1 and R5 for comment prediction (ref.
commenting events in time sled [2,9] as testing setand the Figure 6(a) and (b), and we shalevaluate the effect of other
availablerelational datgref. Table4) in time slotts-1 as training relations later in this sectiofsince PARAFAC and MWA ply

ses. The prediction results are compared with the actual diggs dealwith a single high dimensionaglation, we construdivo 4-

and comments earring in slot t;. This is aconstrainedsetting way tensors per time that contains digg actions and comment
because there might be more digging or commenting activities actions with respect to stories. The téemsors, denoted by TD
occuring afterts. In our predictiorexperimentave only consider and TC are shown iffigure 6(c) and (d).Figure 6(e) shows the
diggs and comments each single sldt as ground truth. number of norzero entries (tuples) of these data tensors over time.
Evaluation metrics. We use two metrics adopted in Information ~1he number of tuples ian RS tensor corresponds the number
Retrieval (1) iP@1® (the precision of the top 10 results): For Of stories per time.

each user we compute the precision based on the top 10 storiegxcept for the FREQ method, all methods are tested with number

retrievedfor the user. The overall P@10 ftire set of users is of clustersor latentspacek= 4 é RoDMFT, we usér0.2.
computed by takinghe mean of P@10 per user, per tishat. (2)

metric digg prediction comment prediction
fNDCGO (Normalized Discount Cumulative Gaifi’]): One method P@I0 NDCG P@10 NDCG
advantage of the measugeiis sensitivity to the prediction order. FREQ 0.1750.061 0.0350.016 0.0150.007 0.00#0.002
The NDCG isproportional toSid(i)/log(l-i-i), wherei is the rank PARAFAC 0.3690.004 0.1450.002 0.0490.002 0.0180.001
ofpr edi ct e di)=Iiftthe predicton of th¢ rankstoryis MWA 0.1950.002 0.0690.001 0.0670.001 0.020'0.000
correct and 0 otherwise. MF 0.529°0.008 0.2120.002 0.1170.001 0.0380.000

MFT 0.5430.007 0.215 0.004 0.1350.001 0.0430.000

Our prediction method. We generate predictions basen the Table 6. The average prediction performance for digg and

community structure extracted by our method, denoted by MF and -gmment prediction, evaluated by P@10 and NDCG metrics
MFT. The MF algorithm outpst community stucture from

relational data of each time sigtl. The MFT algorithm usethe Results and Discussin. The overall prediction performance is
same data as MF, with tléd ofa communitymodelextracted for obtained by takinghe averageof prediction performancen data
time t-2 as an informative prior. Hence MFT givessults for eachtime slot (= 1 & ®r training and t= 2 & fr testing
incrementally.From an extracted community moaeé obtain the over differentk values Theresults(meanand standard deviatipn
probability of a community, p(k), and the probability of a usar are given |n_'|_'able 6. There areseveralob_servatlons. Flrst,_ our
a keywordw and a topig, given communityk, i.e. p(ulk), p(wik) meth_od&gnlflcantly outperform all baseline m_ethcx:i In digg
andp(k). To predict if a usen will digg or comment on a stony prediction, ourMF method outperformthg_basellne by 43% to
we first use a foldingn technique fef. e.g.[13]) to compute 5X on the average. In comment prdiio, the MF method

p(r|k), the probability of a story given each commutkitpased on outperforms the baseliseby 73% to 10X Second, the MFT
the story topic and keywordsh@na prediction is made based on ~ Performs the besit slightly ouperforms MF in digg prediction

the conditionprobability p(r|u)” p(u,r)° Skp(K)p(ulkd prikd .) and improves_ MF by 15%n comm_ent predictio.rNe>_(t we sh0\_/v
) ) how our prediction can be further improved by (a) incorporating a
Baseline methods. Three baseline methodare used (1) historic modé and (b) leveraging other relations through a

Frequency based heuristics (FREQredictingstories based on metagraph.
the frequencies ddtory topic and keywordsit t-1. (2) Standard

tensor analysi{PARAFAC) i predicting stories by using the Effect pf historic information. We vary the weight of thg prior
CPIPARAFAC tensor decompatibn [1] for datain slotts1. The model in MFT and report the average P@10 diealues(Figure

stories to be predicted are first projectetthe latentspacesand 7(a)). The results suggest that incorporatigtoric information

the prediction is made based on that productof the user and S Prior knowledge woekbetter than no priorlg0). Note for

story projected vectorg3) Multi-way aspect model (MWA) comment prediction, the perfor_mg_nce increasatil UI:Q.S. Thls_
predicting stories by using the muitiay aspect mode13], a Sl_Jgge_sts that th_e comment activities are more consistent with the
special case of our model (ref. sectibg). historic community structure than the diadtivities
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Figure 7: Effect of (a) prior communitymodel (historic
information)and (b)differert input relations.

Effect of various relational context.For comment prediction, ev
evaluate the prediction performance owdifferent relational
contexts.Figure 7(b) shows theaverage prediction resaltThe

label R* indicates whichealations are used in the training set, e.g.
R125 denoteselation R1, R2 and R3\e observe that different
combinatiors of the relations affect the prediction performance.

werethree key ideas: (1) metagraph relational hypergraph for
representingmulti-relational social data; (2MF algorithm, an
efficient nonnegative multitensor factorization methodfor
community extraction on a given metagraph; N8jT, an online
factorization method to handle timearying relations We
conduced extensive experiments orealworld data collected
from Digg. Our case studgemonstrate that meaningul mining
resultscan begenerated by our method. We evaldater method
by predicting digg’ comment actiosion stories. We generatdhe
predictions based on the extracted communitpdels and
compare results with baselines. Our method outperformed
baselinemeasuresip to an order of magnitudedur method can
be further improved by (a) incorporatiaghistoric model and (b)
leveraging other relations throughmetagraph As part of our
future work, we plan to investigate the following open issues: (1)
the resolution (ineiding number of communities) of community
structures; (2kernel based representation of facet relationships

For example, incorporating the contact relation R2 with R1 and 9. REFERENCES
R5 significantly helspr edi ct user s6 commenf @ BabekadT KoA (2006).Algorithm 862: MATLAB

7.4 Scalability Evaluation

We use synthetic datasets to illustrate the scalability of our
algorithms We study how the computational time of our

algorithm increasewith four variables, includinglifferent types
of data gowth i (a) nonzero elements ira data tensor(b)

number of tensor modes (dimensign§&) number of relations

(tensors)on a given metagraphas well as(d) the algorithm
parameter, i.e. number of clustelrs.the simulation w randomly
generate tensorgy varying oneof the abovevariables(e.g. the
number of norzero elemenjsand fixing all remainingariables

@ (b) (© (d)

y /
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Figure 8: Running time per iteration (sec.) for different type
of data growth (len denote the value on theaxis of each
plot): (&) number of nozero elements (one-\Bay tensor
with n nonzero elements), (b) number of tensor modes (o
n-way tensor), (c) number of relations §-way tensors) in a
metagraph, and (d) fodifferent algorithm parameter, the
number of clustersK).

Figure8 shows the simulation results, indicatitigat the running

time per iteation scales linearlwith the data sizethe number of
tensor modes, the total number of relations and the number of
clusters. Note that the slope for increasing tensor modes is steeper
than increasing relationEmpirically the norzero elements in a
higher mode tensor areswally much more than lower mode
tensors (as irfrigure 6(e)). Therefore by leveraging a metagraph
we can efficiently combine multiple Iedimensional relations

instead of constructing a higlimensional tensor. The

experimental reults on the synthetic datasets correspond to our

analysis in section5.3 and suggest that our algorithiwan
efficienty deal with large sparse mulglational data.

8. CONCLUSION

We proposd the MetaFac frameworkto extract cormunity
structures from various social contexts and interactidinere
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