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Abstract—Community detection has emerged rapidly as an
important problem for many years. Although a large number
of methods for this problem have been proposed, none of
them address directly the problem for multiplex Online Social
Networks (OSNs) in which a user can have multiple accounts in
different networks. In this paper, we propose and compare two
classes of approaches named Unifying Approach and Coupling
Approach for community detection in multiplex OSNs. Moreover,
we develop for each class a specialized NMF-based algorithm.
For testing purposes, we extend the LFR benchmark to generate
multiplex OSNs. Our intensive experiments show the significant
improvement of our methods over the naive approach of finding
community structure (CS) in each network separately.

I.

I NTRODUCTION

Online social networks (OSNs) have become ubiquitous in
everyday settings for decades. Many popular OSNs now have
millions of users such as Twitter, Google+ or even billions
of users as in the case of Facebook [1]. Despite their distinct
natures, social networks exhibit several common topological
properties, such as small-world [2], scale-free phenomenon [3]
and the crucial feature known as community structure (CS) [4].
Communities can be defined intuitively as groups of nodes
that are more densely connected to each other than to the rest
of the network. For example, a community in Facebook may
correspond to a group of users who share a common interest,
such as cooking, fashion, music, etc. The goal of community
detection, consequently, is to partition meaningfully networks
into groups of nodes. Thus, it lends itself into a wealth
of applications, such as forwarding and routing strategies in
communication networks [5], [6]. Such structures give us
insight into how the network function and topology affect
each other. A large number of methods has been proposed
for community detection (see [7] and the reference therein),
however, there is no study on the problem in multiplex OSNs
where a user can participate in multiple networks at once.
In multiplex social networks, the participant of users across
multiple networks requires us to analyze all the networks (also
referred to as the layers) simultaneously. The connections in a
layer may reveal latent relationship in other layers and, therefore, provide additional information to unveil the underlying
structure of those networks. As is illustrated in Fig. 1 of a set
of users in Facebook, Twitter and LinkedIn, by intuition, we
should have two communities, {1,2} and {3,4,5,6,7}. However,
if finding CS in each layer separately, we will obtain several
distinct CSs which are usually not the one from our intuition.
Community detection in multiplex OSNs exposes several
challenges. First, multiplex OSNs are often heterogeneous, i.e.,
they can be directed vs. undirected, weighted vs. unweighted or
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have different degree densities. Moreover, the diverse topological wirings of networks make the problem very complicated.
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Fig. 1.
A toy example of 7 users participating in three OSNs, namely
Facebook, Twitter and LinkedIn. If we analyze each layer separately, node
3 can be grouped with node 1 and 2 or with 4 and 5 in Facebook network.
However, with the information from Twitter, we can surely assign node 3 to
the same community with nodes 1, 2. From LinkedIn, we obtain one more
structural information that nodes 3, 4, 5, 6, 7 should be in the same group.

Despite a large amount of research on CS detection, CS
in multiplex OSNs remains unaddressed at large. The closest
works are the ones on CS detection in multi-relational networks [8], however, these methods cannot be applied directly
for multiplex social networks. The reason for that lies in an
unique feature that multiplex OSNs has only one entity type,
i.e., user, each entity is present in several layers and existing
approaches ignore this important phenomenon.
In this paper, we address CS detection problem in multiplex
OSNs, where the networks can be directed, undirected or
weighted, unweighted. Our main contributions are:
1 We proposed and compare two classes of approaches.
The first class, named unifying approach, finds a
consistent CS in the networks by aggregating multiple
accounts of the same users. The second class finds
mostly consistent CSs in the network using coupling
techniques. We also develop specialized NMF-based
method for each class.
2 We extend the LFR benchmark [7] to create a new
benchmark for community detection in multiplex
OSNs. The new extension is capable of generating
layers with varying node’s degree distribution and the
fraction between links inside and outside communities.
3 We carry intensive experiments on synthesized data.
The results suggest that our approaches outperform
the naive approach of finding CS in each network
separately.
Related works. CS detection has attracted enormous attention from network sciences. Inspired by the work of Newman and Girvan [4], various algorithms have been developed
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for the problem including clique-based, degree-based, matrixpertubation-based [8] in social network perspective. Louvain
[9] and Infomap [10] are among the top favored methods
according to the benchmark in [7]. The scientific community
has been developing tools for temporal networks [11], although
much more work remains to be done. An increasingly large
numbers of researchers with diverse expertises have turned
their attention to studying multiple layer networks [12].
Nonnegative matrix factorization (NMF) was first introduced by Paatero and Tapper and popularized by Lee and Seung [13]. The main idea is to approximate a nonnegative matrix
V by the product of two nonnegative matrix factors W and H.
Due to natural nonnegative property of the factorization, those
works started a massive flow of researches covering a wide
range of area, i.e., text mining, spectral data analysis, speech
denoising, bioinformatics and many more [12]. Recently in
social science, Lin et al. presented MetaFac [8] which uses
relational hypergraph representation and tensor factorization.
Wang et al. subsequently used NMF algorithm and proposed
three NMF solutions [14] for undirected, directed networks and
compound networks of different entities (users and movies).
Unfortunately, the method cannot be adapted for multiplex
OSNs which have single entity type and multiple entities in
different networks may refer to a same person.
Recently, several problems in single social networks have
been generalized to multiple network settings. Brodka et
al. [15] proposed two separate algorithms for evaluation of
shortest paths in the multi-layered social network. The diffusion processes across multiple networks were investigated in
[16]. Kazienko et al. studied multidimensional social networks
model and application in social recommender systems [17].
In [18], the authors studied the user matching between social
networks problem. However, CS detection in multiplex OSNs
has not been systematically investigated.
Organization. The rest of the paper is organized as follows. Section II states the problem definition and introduces
two classes of methods. Sections III and IV present in details of
two classes of approaches including the detailed formulations,
the update rules and the proof for convergence. Experimental
results are presented in Section V and followed by some
conclusion remarks in Section VI.
II. P ROBLEM FORMULATION
We model multiplex OSNs as a collection G of graphs. G
consists of p layers or p single networks. Layer i is abbreviated
by Gi = (Vi , Ei ) where Vi and Ei are the set of nodes and the
set of edges, respectively in that layer. Note that a node
Sp can
appear in one or multiple layers. We define set V = i=1 Vi
and n = |V | - the capacity of set V . Now, we can represent
each layer in matrix form: Ai is an n ⇥ n adjacency matrix of
Gi . A three layer OSN is illustrated in Fig. 1.
Assume there exist k communities in layer i. We model
the interaction (Ai )uv between nodes u and v in layer i
by a mixture model of combined effect due to all the k
communities.
That is, we approximate (Ai )uv using (Ai )uv =
P
p
p
pl!v where pml is the interaction density
ml
m!u
m,l
between communities m and l, pm!u and pl!v are the
probabilities that an interaction with communities m and l
involves node u and v, respectively. Written in matrix form,
we have Ai = Xi Si XTi where Xi is a non-negative matrix
with (Xi )um = pm!u , Si is also a non-negative matrix with
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(Si )ml = pml . Our goal is to find the CS which can be
represented as a n ⇥ k matrix Xi for each layer i where each
row reflects the community membership for an user. (Xi )um
reveals the strength of participation of user u to community
m. This representation can be used for either overlapping or
disjoint CS. The latter, disjoint CS, is the focus of this paper.
Central assumption. If nodes u, v are in the same community in a layer, they are more likely to belong a community
in the other layers. Based on how strictly we enforce this
assumption, we derive two classes of approaches:
Unifying approach: We force the instances of an user in
different layers to be in the same community by aggregating
all the layers into a single network where multiple instances
appear as a node in aggregated network.
Coupling approach: We relax the enforcement by using
coupling schema. Instead of forcing instances of a node, we
suggest them to be in the same community by creating a
coupling edges between matching pairs of instances.
III. U NIFYING APPROACH
In this section, we present the unifying approach which
finds a single CS for all layers. We consider two directions:
1) Convert multiple layers to one layer network and apply
existing algorithms and 2) Adapt NMF algorithm on the
original networks.
A. Network aggregation
To apply existing algorithms for multiplex OSNs, we need
to: 1) Aggregate all layers into a single network Gc , 2) Apply
existing CS algorithms, e.g., Louvain [9], Infomap [10], to find
CS in Gc , 3) Project the found CS back onto each layer to find
their CSs.
Given a multiple layer network G as defined in problem
formulation section, the aggregated network [12] is denoted
as Gc = (V, Ec ) where Ec = (E1 [ E2 [ ... [ Ep ) and
E1 , E2 , ..., Ep are edge sets in the layers.
Now, we can obviously use algorithms for single networks
on aggregated networks. However, the aggregation discloses
itself several shortcomings, i.e., the edge types in the layers
may be different from each other or some layers are weighted
but the others are unweighted. Those characteristics make it
difficult to aggregate the layers. Therefore, we propose the
NMF-based algorithm on the original multiple layer networks.
B. NMF-based algorithm on the original networks
We present NMF-based algorithms for both directed and
undirected networks.
1) Directed networks: We attempt to find a community
membership matrix X that agrees with the structures of the
given networks. Specifically, we want to minimize the sum
of difference between XSXT and the matrices Ai , i = 1..p.
Here S shows the connectivity between communities. Then,
the community detection problem can be cast to a nonnegative matrix factorization problem. Therefore, we obtain the
following objective functionp
X
min
d(Ai kXSXT ),
(1)
X 0,S 0

i=1

where d(AkB) is the measure for difference between two
matrices. In the literature, we have seen two most popular and
well-studied measures, the former is called the square of the
Euclidean distance [13]
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kA

Bk2F =

X

(Aij

Bij )2 .

(2)

i,j

Similarly, the second measure named Kullback-Leibler
divergence (KL-divergence) [13] of A from B is defined as
X
Aij
D(AkB) =
(Aij log
Aij + Bij ).
(3)
B
ij
i,j
a) Using KL-divergence: The cost function using KLdivergence is as follows
p
X
min L =
D(Ai kXSXT ).
(4)
X 0,S 0

i=1

We derive the update rules following the framework in [13]
Pp P
(Ai )lj (XS)lk /(XSXT )lj
i=1
Xjk = Xjk
Pl
T
p
t ((XS)tk + (SX )kt )
!
Pp P
T
T
i=1
l (Ai )jl (SX )kl /(XSX )jl
+
,
(5)
P
T
p
t ((XS)tk + (SX )kt )
!
Pp P
T
i=1
s,t (Ai )st Xsj Xtk /(XSX )st
P
Sjk = Sjk
. (6)
p ( st Xsj Xtk )

Algorithm 1 NMF-based algorithm for directed networks
using KL-divergence
Input: Adjacency matrices {Ai |i = 1..p}, max iterations T .
Output: Membership matrix X.
Assign Xij , Sij (uniformly) random values in [0,1].
repeat
Update Xjk following Eq. 5
Update Sjk following Eq. 6
until Convergence or after T iterations
For each row i, argmaxj {Xij } is the community that node
i is assigned to.
Return the list of communities corresponding to the nodes.
Alg. 1 depicts NMF-based algorithms for directed networks
using KL-divergence in unifying approach. The main segment
is the updating procedure where Xjk and Sjk gets updated
in each iteration until convergence or after T updates. Row
i of matrix X shows the participation of user i in all the
communities. Therefore, we assign user i to the community
corresponding to the largest value in Xi , if there several such
communities, choose the first one.
To find the number of communities k, we adopt one of the
most popular approaches used in [19]. We choose k at which
the modularity function Q achieves the maximum (see [4] for
more details).
Theorem 1: The value of the objective function in Eq. 4 is
non-increasing and converged to an local minimum under the
updates rules in Eq. 5 and Eq. 6.
Proof: We will show that X and S converge and the
convergence point is a local minimum.
Convergence: To prove the convergence, we need to find
the auxiliary functions for X and S that lead to the update
rules. We define the following auxiliary functions Q(X, X̃) and
Q(S, S̃):
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p ⇣X
X

Q(X, X̃) =

i=1

(Ai )jk (log(Ai )jk

jk

+

1)

⌘⌘
1 X⇣
T
(YSX̃ )jk + (X̃SYT )jk
2
jk

p ⇣X
X

(Ai )jk

X

⌘jkuv (log(Xjv Svu Xku )

uv
jk p
X⇣X

i=1

Q(S, S̃) =

(Ai )jk (log(Ai )jk

i=1

p ⇣X
X
i=1

1) +

jk

(Ai )jk

X

X

⌘
log(⌘jkuv )) ,

(XSXT )jk

jk

jkuv

(log(Xjv Svu Xku )

log(

⌘

jkuv ))

uv

jk

where

⌘

.

Xjv S̃vu Xku
Xjv Svu X̃ku
=P
, ⌘jkuv = P
,
s,t Xjt S̃ts Xks
s,t Xjt Sts X̃ks
Xij
Yij =
.
X̃ij
Then, we only need to verify that Q(X, X̃)
F (X) and
Q(S, S̃) F (S). The second summation of these inequalities
are equivalent (with substitution of jkuv to ⌘jkuv ) to
X
X
Xjv Svu Xku
Xjv Svu Xku
log(
)
),
jkuv
jkuv log(
jkuv

jkuv

u,v

jkuv

u,v

which holds due to Jensen’s inequality [13] and the convexity of logarithmic function. So, we can verify Q(S, S̃) F (S).
T
We also have 12 (YSX̃ )jk + 12 (X̃SYT )jk
(XSXT )jk and that
makes the inequality Q(X, X̃) F (X) satisfied. Then, taking
the derivatives of Q(X, X̃) and Q(S, S̃), we get the update
rules.
Local minimum: We need to point out that the update
rules satisfy the KKT slackness conditions [13].
Introducing the Lagrangian multipliers ↵jk and jk to the
loss function L , we have
p
p X
X
X
(Ai )jk
J=
D(Ai kXSXT ) =
((Ai )jk log
T
(XSX
)jk
i=1
i=1 j,k
X
X
(Ai )jk + (XSXT )jk ) +
↵jk Xjk +
jk Sjk .
j,k

j,k

Take the derivatives of J in terms of Xjk and Sjk
p ⇣
X
X (Ai )lj (XS)lk X (Ai )jl (XS)kl
J
=
Xjk
(XSXT )lj
(XSXT )jl
i=1
l
⌘l
X
+
((XS)tk + (SXT )kt )
↵jk ,
t

X⇣
J
=
Sjk
i=1
p

X (Ai )st Xsj Xtk
s,t

(XSXT )st

+

X

Xsj Xtk

st

⌘

jk .

Following pthe KKT slackness conditions, we get
X
X (Ai )lj (XS)lk X (Ai )jl (XS)kl
J
=
Xjk
(XSXT )lj
(XSXT )jl
i=1
l
l
!
X
T
+
((XS)tk + (SX )kt ) ↵jk Xjk = 0,
t

J
=
Sjk

p
X
i=1

X (Ai )st Xsj Xtk
s,t

(XSXT )st

+

X
st

Xsj Xtk

jk

!

Sjk = 0.
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Then, we can see that the update rules satisfy the above
conditions or X and S will converge to a local minimum. Since
matrices Ai , S, and X are all nonnegative during the updating
process, the final X and S will also be nonnegative.
b) Using Euclidean distance: We can also use the
Euclidean distance and obtain
the corresponding cost function
p
X
min (
kAi XSXT k2F ).
(7)
X 0,S 0

i=1

Theorem 2: The value of the objective function in Eq. 7 is
non-increasing and converged to an local minimum under the
following updates rules
!1/4
Pp
T
T
i=1 [Ai XS + Ai XS ]jk
Xjk = Xjk
, (8)
p[XSXT XST + XST XT XS]jk
!
Pp
T
i=1 [X Ai X]jk
Sjk = Sjk
.
(9)
p[XT XSXT S]jk
We omit the proof of the Theorem 2 due to space limit.
2) Undirected networks: The problem in undirected networks is actually a special case of that problem in directed
network. The adjacency matrix for each layer is symmetric,
we, therefore, factorize Ai = XXT and then formulate the
resulting problem as:
a) KL-divergence version:
min
X 0

p
X
i=1

D(Ai kXXT )

with the simplified update rule only for matrix X
!
Pp P
T
i )lj Xlk /(XX )lj
i=1
l (AP
Xjk = Xjk
.
p ( t Xtk )
b) Euclidean distance version:
min

X 0,S 0

p
X
i=1

kAi

XXT k2F

with the corresponding update rule
!1/4
Pp
T
i=1 [Ai X]jk
Xjk = Xjk
.
p[XXT X]jk

(10)

(11)

Categorical coupling [12]: For any pair of layers Gi and
Gj , if two nodes u 2 Gi and v 2 Gj belong to an entity, there
exists a coupling edges (u, v).
Star coupling [12]: We add another intermediate layer
Gp+1 = (V, E 0 ) in which E 0 is empty and we connect each
node in Gp+1 to all nodes belonging to the same entity in all
other layers.
Full coupling [12]: For two adjacent layers Gi = (V, Ei )
and Gi+1 = (V, Ei+1 ), if there is an edge (u, v) 2 (Ei [Ei+1 ),
we have coupling edges (ui , vi+1 ) where ui 2 Gi , vi+1 2
Gi+1 and (ui+1 , vi ) where ui+1 2 Gi+1 , vi 2 Gi .
With the knowledge of coupling, besides matrices Ai with
i = 1..p, we introduce matrices Aij representing coupling
connections between layers i and j.
B. Directed networks
To find CS in multiplex OSNs using coupling approach,
we do: 1) build coupled network by a coupling scheme, then
2) apply a CS detection algorithm on coupled network and 3)
extract CS.
After constructing the coupled networks, we can simply
apply existing algorithms for single networks that have an
apparent advantage of requiring less effort. Let us take NMF
as an example with the cost function
min (AkXSXT ),

where A is the giant (n ⇥ p) ⇥ (n ⇥ p) adjacency matrix
for the coupled network. However, we observe that matrix A is
very sparse because it only contains Ai and Aij as its’ building
blocks. Therefore, we can take advantage of that structure and
have the following NMF problem under KL-divergence
X
X
min
D(Ai kXi SXTi ) +
D0 (Aij kXi SXTj ), (15)
Xi 0 8i,S 0

(12)

(13)

IV. C OUPLING APPROACH
A. Coupling techniques
To suggest instances of a node in multiple networks being
in the same community, we create coupling edges between
them and construct coupled networks. We investigate four
basic coupling schema [12], namely diagonal, categorical, star
and full couplings. In the article [20], the authors apply two
variants of star and aggregated couplings in the context of
least cost influence problem. They named lossless and lossy
coupling schema for two variants, the former is constructed
by creating gateway vertices as an intermediate layer similar
to star coupling, whereas aggregation is used for the latter.
However, they made some modifications to adapt in diffusion
process, i.e. defining weights and thresholds.
Diagonal coupling [12]: Given two layers Gi and Gi+1 , if
two nodes u 2 Gi and v 2 Gi+1 belong to an entity, there
exists a coupling edges (u, v).
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(14)

X 0,S 0

i

⇣

i,j

⌘
Ast
where D0 (AkB) =
A
log
A
+
B
.
st
st
st
Ast 6=0
Bst
The first summation corresponds to each layer separately,
whereas the second one takes into account the couplings.
Theorem 3: The value of the objective function in Eq. 15
is non-increasing and converged to an local minimum under
the following updates
✓ Xrules
⇣ (A )
i uk
(Xi )uv = (Xi )uv
(SXTi )vk
T
(X
SX
)
i
uk
i
k
⌘ X ⇣ (A )
(Ai )ku
ij uu
+
(X
S)
(SXTj )vu
i kv +
T
(Xi SXTi )ku
(X
SX
)
i
j uu
j
⌘ ◆. ✓ X ⇣
⌘
(Aji )uu
+
(X
S)
(SX
)
+
(X
S)
j
uv
i
vk
i
kv
(Xj SXTi )uu
k
⌘◆
X⇣
+
(SXTj )vu + (Xj S)uv ,
(16)
P

j

Suv = Suv
P

i,j
+P P
i

P

P P

P Pi

T
p,q (Ai )pq (Xi )pu (Xi )qv /(Xi SXi )pq

pq (Xi )pu (Xi )qv

pq (Xi )pu (Xi )qv

+

P

i,j

P

+

P

P

k (Xi )ku (Xi )kv
!
T
k (Aij )kk (Xi )ku (Xi )kv /(Xi SXj )kk
i

i,j

k (Xi )ku (Xi )kv

. (17)

The proof the theorem are highly similar to those of unifying
approach and is skipped to save space.
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C. Undirected networks
The problem for undirected networks can be formulated as
X
X
min
D(Ai kXi XTi ) +
D0 (Aij kXi XTj ), (18)
Xi 0 8i,S 0

i

i,j

which is also a special case of problem for directed networks
when S is an identity matrix. We, therefore, treat them in the
same way and obtain the below update rule
P
/(X XT )
k (Ai )uk (Xi )kv
P
P i i ku
(Xi )uv =(Xi )uv
k (Xi )kv +
j (Xj )uv
!
P
T
j (Aji )uu (Xj )uv /(Xj Xi )uu
P
+ P
.
(19)
k (Xi )kv +
j (Xj )uv

V. E XPERIMENTAL RESULTS
In this section, we compare different algorithms and coupling schema. Specifically, we will represent how to modify
the LFR bechmark [7] to create multiplex OSNs. We, then,
run our NMF-based algorithms and two of the best algorithms
for single network, namely Infomap [10] and Louvain [9] on
coupled networks when varying the fraction of out-communitydegree over total degree of each node and simultaneously
changing the average node degree in each layer. We also test
the algorithms on each layer without coupling to evaluate the
superior of coupling techniques in multiplex OSNs.
Normalized Mutual Information (NMI) score [21] is used
as the measurement for accuracy. In coupling approach, each
layer has a CS and we compute NMI score for multiple
networks at once by combining all the nodes in all the layers
to a single CS and compute NMI score on that CS.
A. Extend LFR bechmark
LFR benchmark [7] was proposed by Lancichinetti et. al.
in 2008 that takes into account the power law property of node
degree and community size with tunable exponents. The procedure of original benchmark goes through three fundamental
stages:
1
2

3

Assigning degree for each node that obeys the powerlaw distribution with provided exponent.
Assigning nodes to communities in the sense that the
number of nodes in communities also follows powerlaw distribution with another given exponent. At the
same time, the method determines the in-communitydegree and out-community-degree of each node to
satisfy the required fraction µ.
Drawing random edges with the specified degrees.

Unfortunately, the LFR benchmark is unable of generating multiplex OSNs. LFR generates single networks with
totally different CS each time it runs even with identical
parameters. Therefore, we make some changes to support
multilayer feature while still preserving the important power
law characteristics.
The point where we can alter the LFR benchmark is after
step 2 when we have already assigned nodes to communities.
To change the average node degree in each layer, we multiply
the nodes’ in-community-degree and out-community-degree
with the ratio of the desired average degree to calculated
average degree from the procedure. Thus, we can generate
many layers with the same CS and different nodes’ average
degrees in each layer.
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B. Dataset and Settings
We create four types of networks which are specified by
the directed and weighted properties. For each network type,
we subsequently generate 5 three-layer networks with 1000
nodes, when node average degrees in layers are (5, 5, 5); (15,
15 ,15); (20, 20, 20); (25, 25, 25); (15, 20, 25) respectively.
In reality, we may not know exactly whether two accounts
in different OSNs belong to same user. Therefore, when
coupling two layers, we can only connect p% out of all the
vertices. For the testing dataset, we generate coupled networks
when p = 100% and p = 20%.
All the experiments are carried on undirected unweighted
networks, the results for three other network types are similar
and put in supplementary materials. We use a Linux system
running on an Intel CPU Core Dual 3 GHz, 4 GB RAM
machine as the testing environment.
C. Experimental results
We use the following notations

Comparison of the algorithms. Figs. 2 and 3 present the
MNI scores for all the algorithms with varying nodes’ average
degrees and mixing parameters µ in undirected unweighted
networks. Consistently through all three experiments, NMFbased algorithms always give the highest NMIs and remain
stable in all network’s settings. Infomap relies heavily on
the type of coupling, i.e. performing as well as NMF-based
algorithms on aggregated networks and full-coupled networks
but extremely poorly on other coupled networks. Meanwhile,
Louvain’s results lie in the middle of two other methods on
all the datasets.
Comparison of coupling schema. Observations on coupling schema used, we see that aggregated and full-coupled
networks support best for all the algorithms with highest NMI
measures. Diagonal-coupled, categorical-coupled and starcoupled networks are only suitable for NMF-based algorithms
when having identical behavior as running on aggregated or
full-coupled networks. However, the results on these networks
for Infomap approach 0 quickly even with very small value of
mixing parameters.
Comparison of coupling and non-coupling. By noncoupling we refer to the approach that find CS in each layer
separately. We run the three algorithms on networks without
coupling and with full-coupling, the results are reported in Fig.
4. We can easily see that, for the same algorithm, running on
coupled network gives better result, especially in case of NMFbased algorithm. From a general view, NMF-based algorithm
show the best accuracy in term of NMI score before µ reaches
0.7. Whereas Fig. 5 shows the results when we keep µ = 0.3
and change p. We see that NMF-based algorithm on coupled
network is by far better than the others, for Infomap and
Louvain, running on coupled networks get better than noncoupled cases when p 0.3.
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M

Fig. 2.

to NMF. Although Infomap works very well on full-coupled
and aggregated networks, it is not an acceptable candidate on
diagonal, categorical and star-coupled networks.
VI. C ONCLUSION REMARKS
In this work, we investigate the community detection
problem in multiplex OSNs. We propose and compare two
classes of approaches, namely unifying and coupling, where
we develop a specialization based on NMF algorithm for
each approach. The intensive experiments show that NMFbased algorithms perform consistently and give better results
compared to Infomap and Louvain in our benchmark. Although
Infomap and Louvain only work well on aggregated and
full-coupled networks, they run much faster than NMF-based
algorithms.
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