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Abstract—Role discovery and community detection in net-
works are two essential tasks in network analytics where the role
denotes the global structural patterns of nodes in networks and
the community represents the local connections of nodes in net-
works. Previous studies viewed these two tasks orthogonally and
solved them independently while the relation between them has
been totally neglected. However, it is intuitive that roles and com-
munities in a network are correlated and complementary to each
other. In this paper, we propose a novel model for simultaneous
roles and communities detection (REACT) in networks. REACT
uses non-negative matrix tri-factorization (NMTF) to detect roles
and communities and utilizes L2,1 norm as the regularization to
capture the diversity relation between roles and communities.
The proposed model has several advantages comparing with
other existing methods: (1) it incorporates the diversity relation
between roles and communities to detect them simultaneously
using a unified model, and (2) it provides extra information about
the interaction patterns between roles and between communities
using NMTF. To analyze the performance of REACT, we conduct
experiments on several real-world SNs from different domains.
By comparing with state-of-the-art community detection and role
discovery methods, the obtained results demonstrate REACT
performs best for both role and community detection tasks.
Moreover, our model provides a better interpretation for the
interaction patterns between communities and between roles.

I. INTRODUCTION

Role discovery and community detection in networks are
two important tasks in network analytics and recent years have
witnessed numerous approaches to solve both problems. Role
discovery mines the structural properties of networks from a
global perspective and clusters nodes into groups with different
structural patterns [1]. For example, bridge nodes in a social
network play an important role in information diffusion. By
contrast, community detection analyzes networks from the
local perspective and aims to group together nodes that are
closely connected to each other [2]. For instance, an online
social group consists of users having the same interests and
interacting with each other frequently. A comparison of roles
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Fig. 1. An example of ten nodes belonging to (1) three groups (different
colors indicate different groups) based on global structural information, i.e.,
roles and (2) two groups (groups are shown by the dashed ellipses) based on
local structural information, i.e., communities. These exists a diversity relation
between roles and communities. For example, in both community 1 and 2,
nodes have all three roles.

and communities is shown in Fig. 1. Discovering roles and
communities in networks can shed light on numerous graph
mining tasks such as link prediction [3], social recommenda-
tion [4], graph transferring [5] and anomaly detection [6].

Previous studies viewed the task of role discovery and
community detection orthogonally and solved them indepen-
dently. The relation between them has been totally neglected
in most previous studies: (1) most role discovery methods only
exploit global structural features but ignore the community
structures. For instance, RolX [5] extracts global features for
role detection. (2) Most community detection methods only
focus on the local structural patterns of networks without
considering roles. For example, NMF-based community detec-
tion method [7] decomposes the adjacency matrix which only
captures the local connections between nodes. However, it is
intuitive that roles and communities in a network are correlated
and complementary to each other. An example is shown in
Fig. 1. It can be observed that roles and communities analyze
networks from the global and local perspectives, respectively.
There is a diversity relation between these two concepts, i.e.,
the role assignment inside each community are diverse. This
information has been neglected in most previous studies.

There are limited number of studies exploring the problem
of joint detection of roles and communities, e.g., RC-Joint [8]
and MMCR [9]. But there are some limitations in these studies.
In RC-Joint, although the diversity relation between roles and
communities has been integrated into the framework explicitly,
it is incapable of learning the community interaction and role
interaction patters. MMCR [9] extends MMSB by integrating
the community-aware role assignment in a Bayesian frame-
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work. Thus, the community-aware role interactions can be
learned same to MMSB but the interaction patterns between
communities have not been studied.

In order to overcome these limitations in previous studies,
we propose a novel model for simultaneous role and com-
munity detection (REACT). REACT combines role discovery
and community detection using NMTF components respec-
tively. The role discovery component factorize the pairwise
RoleSim similarity matrix [10] which models the global struc-
tural information and the community detection component
decomposes the adjacency matrix which captures the local
structural information of network. To model the diversity
relation between roles and communities, we use the L2,1

norm as a regularization term. REACT is advantageous over
previous methods because it (1) detects roles and communities
simultaneously in a unified model via L2,1 norm to explicitly
model the diversity relation between roles and communities,
and (2) provides interaction patterns for roles and communities
respectively via the extra latent factor in the output of NMTF.

The contributions of our work are summarized as follows:

• We propose a novel model to discover roles and
communities simultaneously (REACT) in networks.
REACT combines role discovery and community de-
tection using two NMTF components and integrates
the diversity relation between roles and communities
using the L2,1 norm.

• We derive efficient updating rules to learn the pa-
rameters of REACT, and propose a selection model
to automatically determine the number of roles and
communities.

• The conducted experimental study on several real-
world networks from different domains demonstrate
the effectiveness of REACT for both role and com-
munity detection. It also provides extra information in
interaction patterns for communities and roles.

The rest of the paper is organized as follows. Section II
provides an overview of the related work. Notations and
problem formulation are given in Section III. Section IV
explains the proposed REACT model. In Section V we then
discuss our experimental study. Finally, in Section VI we draw
conclusions and outline directions for future work.

II. RELATED WORK

A. Role Discovery

The problem of role discovery was first studied in so-
ciology to analyze and explain the functions of individuals
in society [11], [12]. In the data mining community, role
discovery is the process of partitioning the nodes into dif-
ferent classes based on their structural patterns. Methods for
role discovery can be categorized into graph-based methods
and feature-based methods [1]. Graph-based methods extract
roles directly from the graph. Representative methods include
different blockmodels such as stochastic blockmodels [13]
and mixed-membership stochastic blockmodels (MMSB) [14].
However, the efficiency issue exists in these methods and they
are not appropriate in large-scale graphs. For feature-based
methods, RolX [5] has been proposed to extract structural

roles from graphs. RolX extracts node features in a recursive
method. Then the feature matrix V is factorized using the
non-negative matrix factorization (NMF). RolX is an unsuper-
vised method for role discovery which does not incorporate
external guidance, e.g., the expertise and expectation from
domain experts. Therefore, a guided learning framework for
role discovery, GLRD [15]. Three types of supervision, i.e.,
sparsity, diversity and alternativeness in the roles, have been
integrated into the RolX framework.

Some studies extended the structural role discovery task to
social networks to identify the social roles [16], [17]. SRS [16]
incorporates theories from sociology including five types of
social patterns as features for role learning. DUMR [17]
combines regularization from graph view and attribute view
respectively and the proposed dual uncertainty regularization
and this combination optimization function can capture both
the local profile and the global network characteristics.

All of the methods introduced above only work on static
networks. In practice, dynamics in real networks is ubiquitous.
Based on RolX, DBMM [6] and DyNMF [18] have been
proposed for modeling dynamic behaviors in evolving graphs.
DBMM discovers roles of nodes in every time step and a
transition matrix is learned based on the roles at each step.
DyNMF explicitly models temporal information by introduc-
ing a role transition matrix. LAP [19] was proposed to extract
latent features and then extended to learn the dynamic patterns
and make predictions on object roles. Evolutionary clustering
model [20] exploited user influence and user blockage for user
similarity calculation and an ensemble clustering method is
used for node clustering.

B. Community Detection

Communities are groups of vertices which probably share
common properties and/or play similar roles within the
graph [2]. Traditional community detection methods aim to
partition nodes into different groups such that the number
of edges between groups is minimal. For example, cut-based
graph partition [21], k-core decomposition [22]. There are
some methods aiming at explore the graph structures. Mod-
ularity maximization aims to find communities which can
optimize a predefined measures [23]. Spectral graph clustering
makes use of the eigenvectors of Laplacian matrices to group
nodes [2].

Recently, NMF-based clustering approaches have also been
applied in community detection. NMF as well as NMTF tech-
niques have been used for community detection in networks
in [7] where it aims to factorize the adjacency matrix of
the given network. Bayesian version of NMF for community
detection has been proposed in [24] to identify overlapping
communities. Since NMTF explicitly models data interactions
through an extra latent factor, it provides better interpretability
and then has been employed in community detection. NMTF
with specific bounds has been proposed in [25] to detect
overlapping communities. NMTF with graph regularization
has been used in [26] to discovery communities in attributed
social networks. We refer the reader to [2] for more details in
community detection research.

Two exceptions which joint detect roles and communities
are RC-Joint [8] and MMCR [9]. RC-Joint also integrates
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TABLE I. SUMMARY OF THE NOTATIONS.

Notation Description
n Number of nodes.
r Number of roles.
c Number of communities.

An×n Adjacency matrix of the given network.
Sn×n RoleSim similarity matrix of the given network.
Cn×c Community membership matrix.
Rn×r Role membership matrix.
Bc×c Community interaction matrix.
Mr×r Role interaction matrix.
λ Trade-off parameter for diversity relation.

the diversity relation between roles and communities and
updates the assignment of roles and community iteratively.
MMCR extends MMSB by integrating the community-aware
role assignment in a Bayesian framework. However, both
studies could not provide the interaction patterns both between
roles and between communities.

III. NOTATIONS AND BACKGROUNDS

We first summarize some notations in Table I and then
introduce the backgrounds of the techniques we will use in
this paper.

A. Non-negative Matrix Tri-factorization (NMTF)

Non-negative matrix factorization (NMF) [27] is a popular
model in multivariate analysis and linear algebra where a
matrix is factorized into two matrices, with the property that
all three matrices have no negative elements. There are several
advantages in NMF including ease of implementing inference
and ease of interpreting results. Non-negative Matrix Tri-
Factorization (NMTF) extends NMF by factorizing a matrix
into three matrices so that it provides an extra latent matrix
(the middle matrix) to denote the interaction patterns between
clusters. Hence MNTF has been used in community detection
recently [7], [26] to detect communities and learn community
interactions. The objective function for NMTF is defined:

min
H,S
‖X −HSHT ‖2F , s.t. H ≥ 0, S ≥ 0, HTH = I (1)

where ‖ · ‖2F is the Frobenius norm. The non-negativity con-
straint in Eq. (1) makes the sparsity of the representation of the
original data which is easier to interpret and more semantically
meaningful compared with other factorization methods, e.g.,
SVD and PCA [28]. The orthogonal constraint can improve the
interpretability of the clustering results. Using multiplicative
update rules [29], the solution for Eq. (1) is shown as follows:

Hjk ← Hjk
(WTHS)jk

(HHTWTHS)jk
, (2)

Sik ← Sik
(HTWH)ik

(HTHSHTH)ik
.

B. L2,1 Norm

L2,1 norm of a matrix is proposed as the rotational invariant
of L1 norm [30]. Because of its robustness to noise and
outliers, It has been widely used in many machine learning
tasks, e.g., clustering [31], classification [32], and feature
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Fig. 2. Our proposed REACT model.

selection [33]. Given a matrix M ∈ RN×K , L2,1 norm is
formally defined as:

‖M‖2,1 =

N∑
i=1

( K∑
k=1

|Mik|2
)1/2

=

n∑
i=1

‖mi‖2, (3)

where ‖·‖2 is the L2 norm. L2,1 norm controls the capacity of
M and also ensures M to be sparse in rows so it is robust to
noise and outliers. However, the non-smoothness of this norm
makes it difficult for optimization.

IV. OUR PROPOSED MODEL

A. REACT Model

In most previous studies on role discovery and commu-
nity detection, one major problem is that they solved these
problems separately and neglected the relation between roles
and communities. To deal with this problem, we propose a
novel model for joint role and community detection (REACT).
REACT consists of three components: role discovery, commu-
nity detection, and diversity relation component. The first and
second components utilize NMTF to cluster nodes respectively
and third component employs the L2,1 norm to capture the
diversity relation between roles and communities. A graphical
representation of REACT is shown in Fig. 2.

1) Role discovery component: Role discovery clusters
nodes according to the global structural information of the
given network. Previous methods extract predefined features
to capture the global structural information, For example,
RolX [5] uses a recursive way to extract features, SRS [16]
extracts features based on social theories. However, this type
of methods has the some limitations: (1) they require prior
knowledge to define the extracted features; and (2) they are
incapable of learning role interaction patterns. To overcome
these limitations, we select NMTF to factorize the pairwise
RoleSim similarity matrix. RoleSim can measure the global
similarity between two nodes which is based on the structural
information instead of prior knowledge on features and has
proved to be effective in role discovery [34]. NMTF fac-
torizes a matrix into three matrices where the middle latent
matrix/factor denote the interactions between clusters.

Formally, RoleSim similarity S(u, v) between two nodes
u and v is defined as:

S(u, v) = (1− β) max
M(u,v)

∑
(x,y)∈M(u,v) S(x, y)

|N(u)|+ |N(v)| − |M(u, v)|
+ β

(4)
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where N(u) and N(v) are neighbors of node u and v,
respectively. M(u, v) is a matching between N(u) and N(v),
i.e., M(u, v) ⊆ N(u)×N(v) is a bijection between N(u) and
N(v). The parameter β is a decay factor where 0 < β < 1. The
intuition of RoleSim is that two nodes are structurally similar
if their corresponding neighbors are also structurally similar.
This intuition is consistent with the notion of automorphic and
regular equivalence [11].

Then the objective function to decompose the RoleSim
matrix for role discovery is defined as:

min
R,M
‖S −RMRT ‖2F , (5)

s.t. R ≥ 0, M ≥ 0, RTR = I.

2) Community detection component: Community detection
aims to cluster nodes from the local perspective. Therefore, fol-
lowing [7], we directly factorize the adjacency matrix because
the adjacency matrix captures the first-order local connections
of nodes in the network. In order to obtain the community
interaction patterns, we select NMTF to factorize the adja-
cency matrix. Formally, the objective function to factorize the
adjacency matrix for community detection is defined as:

min
C,B
‖A− CBCT ‖2F , (6)

s.t. C ≥ 0, B ≥ 0, CTC = I.

The nonnegativity of NMTF ensures the explainability of node-
community matrix and community interaction matrix. The
latent factor B denotes the community interaction patterns.

3) Community-role relation component: As we mentioned
in Section I, roles and communities are correlated to play
two complementary roles in network analysis. In order to
jointly detect roles and communities in networks, we need
to model the relation between roles and communities. In this
work, we aim to explicitly model the diversity relation between
them (shown in Fig. 1). In specific, the distribution of role
assignment inside each community should be as diverse as
possible so we aim to minimize the product of role assignment
membership matrix and community membership matrix which
is similar to [8]. To achieve this goal, different types of norms
can be employed. Considering (1) the noise and outliers in
networks and (2) the possible inaccurate assignment in role and
community detection, we select L2,1 norm as the regularization
because it is well-known to be robust to noise [31], [35].
Formally, we define the regularization as:

Reg = ‖CTR‖2,1. (7)

After defining two NMTF components for role discovery
and community detection for networks, we propose to utilize
both components jointly, and also integrate the diversity rela-
tion between roles and communities as the regularization. So
we can discover roles and communities simultaneously:

L = min
C,B,R,M

‖S −RMRT ‖2F︸ ︷︷ ︸
role discovery

+ ‖A− CBCT ‖2F︸ ︷︷ ︸
community detection

(8)

+ λ‖CTR‖2,1︸ ︷︷ ︸
diversity relation regularization

s.t. C ≥ 0, B ≥ 0, R ≥ 0,M ≥ 0, CTC = I,RTR = I.

Optimization. The objective function in Eq. (8) is not convex
for all parameters R, M C, and B simultaneously. We use the
multiplicative update rules to solve this optimization problem
due to its good compromise between speed and ease of
implementation [28]. The optimization is done by iterating the
four following steps until the convergence (or the number of
iteration exceeds a given threshold): (1) fix matrices M , C and
B to update R, (2) fix matrices R, C and B to update M , (3)
fix matrices R, M and B to update C and (4) fix matrices R,
M and C to update B (Algorithm 1). Note that we follow [33]
to calculate the derivative of the objective function with L2,1

norm.

Using the Karush-Kuhn-Tucker (KKT) complementary
condition, the update rules of the objective function (8) are:

Rjk ← Rjk
(STRM)jk

(RRTSRM + λCDCTR)jk
(9)

Mjk ←Mjk
(RTSR)jk

(RTRMRTR)jk
(10)

Cjk ← Cjk
(ATCB)jk

(CCTACB + λRRTCD)jk
(11)

Bjk ← Bjk
(CTAC)jk

(CTCBCTC)jk
(12)

where D is the diagonal matrix with the j-th diagonal element
which is defined as:

Djj =
1

‖(CTR)j‖2
(13)

Algorithm 1 Optimization Algorithm
Input: Adjacency matrix A, number of roles r, number of commu-

nities c, trade-off parameter λ
Output: Role membership matrix R, community membership matrix

C, role interaction matrix M , and community interaction matrix
B

1: Calculate RoleSim similarity S according to Eq. (4)
2: Initialize R, M , C and B
3: while not converge do
4: Update R according to Eq. (9)
5: Update M according to Eq. (10)
6: Update C according to Eq. (11)
7: Update B according to Eq. (12)
8: end while

Complexity analysis of REACT. For simplicity, given two
matrices Mn×r and Nr×f , the computational complexity of
the multiplication of M and N is O(nrf). The complexity
of updating rules in Algorithm 1 (Line 4 - 7) is O(n2r +
nr2 + r3 + n2c+ nc2 + c3). Since c and r can be viewed as
the input constant and we also have c � n and r � n, the
complexity can be reduced to O(n2+nr2+r3+nc2+c3). By
considering the number of iteration i the number of snapshots
t the complexity is O(i(n2 + nr2 + r3 + nc2 + c3)). Besides,
the complexity of RoleSim (Line 1) is O(kn2d), where n is
the number of nodes, k is the number of iterations and d is the
average of y log y over all node-pair bipartite graph in G [10].

B. Model Selection

In practice, the number of roles and communities may
be not available beforehand. Therefore, how to determine the
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TABLE II. SUMMARY OF DATA SETS USED IN THE EXPERIMENTS. NA
MEANS THAT THE INFORMATION IS NOT AVAILABLE.

Type Dataset n e c r

with community
labels

Citeseer 3312 4732 6 NA
Email 1005 25579 42 NA

with role labels
Brazil-air 131 1038 NA 4
Europe-air 399 5995 NA 4
USA-air 1190 13599 NA 4

suitable numbers is challenging. To tackle this problem, in
this paper we follow [5] to use a model selection method to
determine the number of roles and communities in the discov-
ery process because this method has better generalization in
different networks.

We adopt the model selection method proposed in [5]. It
uses the Minimum Description Length (MDL) [36] to decide
on the number of roles. Without loss of generality, we consider
a general NMTF problem, i.e., ‖X −HSHT ‖2F . The selected
model, i.e., the appropriate number of clusters r, is the one
that minimizes the description length L, where L is sum of
the model description cost E and the coding cost M, i.e.,
L =M + E . M is defined as br(n + f), where b is the bits
used for each element. E is defined as the KL divergence based
error:

E =
∑
i,j

(
Xi,j log

Vi,j

(HSHT )i,j
−Xi,j + (HSHT )i,j

)
(14)

In our case, we have two NMTF components so we select the
suitable number of roles and communities separately.

V. EXPERIMENTAL STUDIES

A. Experimental Settings

To validate the effectiveness of our proposed REACT
model for joint role and community detection, we conduct
experiments on several real-world networks from different do-
mains. We first evaluate REACT and state-of-the-art algorithms
on the role discovery task (Section V-E, and compare REACT
with previous community detection methods (Section V-F).
We then investigate the influence of the trade-off parameter
λ on the algorithms performance (Section V-G). We also
empirically show that our method can provide extra community
interaction and role interaction information using visualization
(Section V-H).

B. Datasets

We conduct experiments on two types of network datasets:
networks with ground-truth role labels1 and community la-
bels2. Community detection data consists of two networks
and role discovery data consists of three networks. A brief
summary of these datasets is shown in Table II.

C. Baselines

As our model aims to jointly solve the problem of com-
munity detection and role discovery, we compare REACT with
three types of state-of-the-art methods: role discovery methods,

1The networks are from [37].
2These datasets are from http://snap.stanford.edu/data/index.html and https:

//linqs.soe.ucsc.edu/data.

community detection methods, and joint community and role
detection methods. For role discovery methods, we use the
following baselines:

• NMTF [7]: We use the same NMTF model in [7]
but to factorize the RoleSim matrix instead of the
adjacency matrix. Note that this is the role discovery
component in our proposed model.

• RolX [5]: It is also a NMF based method and it
decomposes a feature matrix which is extracted from
the network based on some predefined operations.

• MMSB [14]: It is a Bayesian model which treats the
role of each node as a latent variable and then uses
Bayesian statistics to infer these latent variables.

For community detection methods, we use

• NMTF [7]: It is the basic NMTF method for commu-
nity detection which factorizes the adjacency matrix
into three matrices. Note that this is the community
detection component in our proposed model.

• BigClam [38]: BigClam models the affiliation strength
of each node to each community and assigns each
node-community pair a nonnegative latent factor as
the degree of community membership. Note that it is
designed for overlapping community detection.

• BNMF [24]: It is the Bayesian version of NMF model
to detect communities.

For joint methods:

• RC-Joint [8]: It aims to simultaneously identify com-
munity and structural role assignments in a network.
In a nonparametric fashion, RC-Joint updates and
improves community and role assignment iteratively.

• MMCR [9]: It detects the latent community and role
of each node at the same time. By extending the
role interaction probability to community-aware role
interaction probabilities, MMCR can explicitly models
the relation between communities and roles.

D. Evaluation Metrics

To evaluate the experimental results, we use purity and nor-
malized mutual information (NMI) as the evaluation metrics.
These metrics are widely used in the evaluation of clustering
methods with ground-truth labels.

Purity measures the extent to which each cluster contained
data points from primarily one class. The purity of a clustering
is obtained by the weighted sum of individual cluster purity
values which defined as:

Purity =
1

N

k∑
i=1

maxj |ci ∩ tj |, (15)

where N is number of objects, k is number of clusters, ci is
a cluster in C, and tj is the classification which has the max
count for cluster ci.
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TABLE III. ROLE DISCOVERY RESULTS.

Brazil Europe USA
NMI Purity NMI Purity NMI Purity

NMTF [7] 0.5133 0.7328 0.2813 0.5037 0.2533 0.5066
RolX [5] 0.5032 0.6867 0.2642 0.4862 0.2767 0.4967
MMSB [14] 0.3796 0.4012 0.2851 0.5088 0.2356 0.4578
RC-Joint [8] 0.3625 0.3864 0.2565 0.4862 0.2056 0.4186
MMCR [9] 0.3856 0.4213 0.2732 0.4987 0.2461 0.4780
REACT (actual) 0.5302 0.7557 0.2976 0.5388 0.3180 0.5891
REACT (inferred) 0.5302 0.7557 0.2976 0.5388 0.3180 0.5891

NMI evaluates the clustering quality based on information
theory, and is defined by normalization on the mutual infor-
mation between the cluster assignments and the pre-existing
input labeling of the classes:

NMI(C,D) = 2 ∗ I(C,D)
H(C) +H(D) , (16)

where obtained cluster C and ground-truth cluster D. The
mutual information I(C,D) is defined as I(C,D) = H(C) −
H(C|D) and H(·) is the entropy.

E. Role Discovery

The results for role discovery is shown in Table III. For the
baselines, we use the actual numbers of roles in each network
as the input parameter. For our method, we report the results
using different numbers of roles: (1) the actual numbers of
roles as the input (REACT (actual)) and (2) using the method
introduced in Section IV-B to infer the role numbers (REACT
(inferred)). Note that due to the network characteristics, in
this experiment the inferred number of roles is the same to the
actual role number, i.e., 4 roles in all three networks.

From these results, it can be observed that:

• Our proposed method, REACT, outperforms other
state-of-the-art methods in role discovery task which
demonstrates the effectiveness of our method. REACT
performs better than NMTF which is the role discov-
ery component in our model. It indicates that by taking
the diversity relation between roles and communities
into consideration, we can achieve better performance.

• These two joint role and community detection meth-
ods do not perform well in role discovery task. This
may result from that these methods perform better
in optimizing different objective: (1) RC-Joint aims
to maximize the likelihood of the network, and (2)
MMCR aims to minimize the perplexity of the model.

• An interesting observation is that the inferred number
of roles is exactly the same to the actual number of
role. In fact, smaller number of roles can achieve
better performance (we will present the empirically
evidence below). This is because roles are defined
based on the global structural patterns and the possible
patterns are limited, i.e., they will not change with the
increase/decrease of nodes/edges in a network.

Besides, we explore the effect on the performance with dif-
ferent numbers of roles and the results are shown in Fig. 3.
As we mentioned before, smaller number of roles can achieve
better performance. In these networks, the optimal number of
roles is 4 which is the actual number of roles.

2 4 6 8 10 12 14 16 18
number of roles

0.46

0.48

0.50

0.52

0.54

N
M

I

Fig. 3. Effect of number of roles on Brazil-airport network.

TABLE IV. COMMUNITY DETECTION RESULTS.

Email Citeseer
NMI Purity NMI Purity

NMTF [7] 0.6059 0.5652 0.0790 0.2648
BNMF [24] 0.5862 0.5085 0.0812 0.2385
BigClam [38] 0.5705 0.5883 0.0735 0.1543
RC-Joint [8] 0.3021 0.3644 0.0956 0.2178
MMCR [39] 0.5675 0.5330 0.1194 0.2967
REACT (actual) 0.6194 0.5920 0.1158 0.3077
REACT (inferred) 0.6560 0.6547 0.1557 0.3373

F. Community Detection

The results for community detection is shown in Table IV.
Same to the role discovery task, for the baselines, we use
the actual numbers of communities in each network as the
input parameter. For our method, we report the results using
the actual numbers of communities and using the method
introduced in Section IV-B to infer the community numbers.
Note that the inferred number of communities for Email and
Citesser network is 80 and 60, respectively.

From these results, it can be observed that:

• REACT performs better than other state-of-the-art
methods in community detection task which demon-
strates the effectiveness of our method. Similar, RE-
ACT performs better than NMTF which is the com-
munity detection component in our model. It indicates
that by taking the diversity relation between roles and
communities into consideration, we can achieve better
performance.

• Same to the role discovery experiment, these two joint
role and community detection methods do not perform
well. The reason is similar to that in Section V-E.

• Different from role discovery, larger community num-
ber is preferred in REACT for community detection
task. This conclusion may stem from the definition of
community: with the increase of network scale, the
number of dense connected subgraphs may increase
correspondingly. More empirical evidence will be in-
troduced below.

G. Influence of the Trade-off Parameter

Furthermore, we investigate the influence of the trade-off
parameter λ on the REACTs performance of role discovery
(Fig. 5) and community detection (Fig. 6). We change the value
of the trade-off parameter λ from 0.1 to 1.0 and compare the
corresponding NMI values. From these results, a conclusion
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Fig. 5. Effect of different trade-off parameters on the role discovery task.

for optimal λ select can be drawn: The value of λ should not
be too small or too large. In practice, λ = 0.3 performs best on
both tasks in most networks. The only exception is community
detection task on Citeseer network, and λ = 0.4 achieve the
best performance.

H. Community and Role Interaction Patterns

As we mentioned in the introduction, one advantage of
our proposed method is that it can provide the information
of community interaction patterns and role interaction patters
while other baselines fail to. In this experiment, we use the
Email and USA-airport networks for case study to visualize
these interaction patterns. The visualization results are shown
in Fig. 7 and 8. From these results, we can observe that the
community interaction matrix is approximately diagonal where
more interactions happen inside each community. By contrast,
the role interaction matrix reflects more complicated and global
patterns that is consistent to the definitions of roles.

VI. CONCLUDING REMARKS

In this work we proposed a novel joint role and commu-
nity detection approach named REACT. REACT consists of
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Fig. 6. Effect of different trade-off parameters on the community detection
task.
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Fig. 7. Community and role interaction matrices in Email network.

three components: role discovery, community detection and
community-role relation. The first two components are based
on nonnegative matrix tri-factorization (NMTF) and the last
component is a regularization term to capture the diversity
relation between roles and communities which is based on
L2,1 norm. We also extended MDL to determine the number
of roles and communities automatically. We evaluated REACT
in both role discovery and community detection compared to
state-of-the-art methods. The results indicate the effectiveness
of our proposed method in both tasks. We also investigated the
effect of the trade-off parameter for community-role relation
on both tasks. Besides, we empirically showed the interaction
patters for roles and communities REACT can provide.

In future work we will exploit more relations between roles
and communities in networks. We will also apply our method
in different types of networks, e.g., dynamic and attributed. In
the optimization, we will explore more advanced optimization
methods for NMTF with regularization.
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