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Abstract—Role/block discovery is an essential task in network
analytics so it has attracted significant attention recently. Previous
studies on role discovery either relied on first or second-order
structural information to group nodes but neglected the higher-
order information or required the number of roles/blocks as the
input which may be unknown in practice. To overcome these
limitations, in this paper we propose a novel generative model,
infinite motif stochastic blockmodel (IMM), for role discovery
in networks. IMM takes advantage of high-order motifs in the
generative process and it is a nonparametric Bayesian model
which can automatically infer the number of roles. To validate
the effectiveness of IMM, we conduct experiments on synthetic
and real-world networks. The obtained results demonstrate IMM
outperforms other blockmodels in role discovery task.

I. INTRODUCTION

Role/block discovery plays an essential role in network
analytics. Role discovery can be defined as the process that
takes a graph and picks out sets of nodes with similar structural
patterns [1]. Discovering roles in networks can shed light
on numerous graph mining tasks. Therefore, the problem
of role discovery has attracted significant attentions recently.
Previous work on role discovery can be categorized into two
types: graph-based methods and feature-based methods [1],
[2]. The most representative graph-based method is stochastic
blockmodel [3], [4], [5]. Feature-based methods consist of two
steps: feature extraction and role assignment, e.g., RolX [6].
However, previous studies either relied on first or second-order
structural information to group nodes but neglected the higher-
order information or required the number of roles/blocks as the
input but failed to infer it automatically.

Therefore, two challenges remain in role discovery task.
The first challenge is how to capture the high-order graph
structures. Since role discovery analyzes networks from the
global perspective, the first and second-order structural pat-
terns, i.e., edges and shared neighbors, may fail in identifying
roles. Another issue in using first and second-order structural
patterns is they are incapable of dealing with the sparsity of
networks. However, in real-world networks, both the direct
edges and shared neighbors are often sparse. The second
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(a) Borgatti-Everett network [9]. All nodes have the same degree and
different colors denote different roles/blocks.

Type 1 Type 2

(b) Two types of motifs we consider in this paper.

Fig. 1. The motivating example on the Borgatti-Everett network.

TABLE I. NUMBERS OF DIFFERENT TYPES OF MOTIFS ON THE
BORGATTI-EVERETT NETWORK.

Node ID 1 2 3 4 5 6 7 8 9 10
Type 1 9 9 6 6 6 6 3 3 3 3
Type 2 0 0 1 1 1 1 2 2 2 2

challenge is how to determine the number of roles/blocks.
In the literature, there are two types of methods to select
the right number of blocks/roles: (1) nonparametric models
and (2) model selection methods. Nonparametric models, e.g.,
IRM [5], automatically choose an appropriate number of
blocks using stochastic process as the prior that can generate an
infinite number of clusters. Most widely used model selection
methods include Bayesian information criterion (BIC) [7]
and minimum description length (MDL) [8]. For instance,
MMSB [4] uses BIC to choose the number of blocks and
RolX [6] selects the number of roles using MDL. To illustrate
these challenges, a motivating example is shown in Fig. 1.

A motivating example (Borgatti-Everett Network).
Fig. 1(a) shows the Borgatti-Everett network [9] which consists
of ten nodes. For simplicity, we focus on undirected graphs and
only consider two types of motifs shown in Fig. 1(b) in this
study. Based on the social theory in roles (a.k.a. positions) [7],
these nodes can be grouped into three roles (in different
colors). These three roles can be interpreted as star (Node 1
and 2 in yellow), periphery (Node 3 - 6 in blue) and clique
(Node 7 - 10 in red). Traditional methods based on first and
second-order structures have problem clustering these nodes
into right roles because: (1) all ten nodes have the same degree
but they are in different roles, and (2) some nodes (e.g., Node
7 and 9) have no shared neighbors but they belong to the same
role. However, motif-based method can solve this problem
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effectively. We count the numbers of two different types of
motifs (shown in Fig. 1(b)) for nodes in the Borgatti-Everett
network and the statistics is shown in Table I. It is clear that
these nodes can be clustered into three groups ({1, 2}, {3,
4, 5, 6} and {7, 8, 9, 10}) since they have exactly the same
motif distributions inside each role group. Thus, the failure of
traditional methods in role discovery encourages a new model
which can take high-order motifs into consideration. Another
issue is that in practice, we may not know the number of
roles in advance. Thus, it is meaningful to determine the right
number of roles automatically by the model itself.

To tackle these two challenges motivated by the above
example, we propose a novel generative model named Infinite
Motif Stochastic BlockModel (IMM). On the one hand, IMM
is a high-order model which takes advantage of the motifs in
the generative process. On the other hand, it is a nonparametric
Bayesian model which can automatically infer the number of
roles from the data. To validate the effectiveness of IMM, we
conduct experiments in role discovery on both synthetic and
real-world networks. We evaluate discovered roles quantita-
tively on synthetic networks and visualize the results on real-
world networks as a case study.

The contributions of our work are summarized as follows:

• We propose a novel generative model, infinite motif
stochastic blockmodel (IMM), to discover roles in net-
works. IMM is a nonparametric Bayesian model to gen-
erate higher-order motif information.

• We derive Gibbs sampling algorithm for model inference
to learn the latent variables in IMM.

• The conducted experimental results on both synthetic
and real-world networks demonstrate the effectiveness of
IMM in role discovery.

II. NOTATIONS AND BACKGROUNDS

We first summarize some notations in Table II and briefly
review the related models, then present the problem statement
of the motif-based nonparametric model for role discovery.

Stochastic blockmodel (SBM) [3] is the original generative
model to detect blocks in networks. SBM partitions nodes in
hard clustering and is not flexible to incorporate prior knowl-
edge. To solve these problems, mixed membership stochastic
blockmodel (MMSB) [4] has been proposed where a role
distribution for each node will be inferred and the graphical
representation of MMSB is shown in Fig. 2(a). Formally, the
generative process of MMSB is:

θ|α ∼ Dirichlet(η) (1)
z|θ ∼Multinomial(θ)

Bij |β1, β2 ∼ Beta(β1, β2)

rij |z,B ∼ Bernoulli(B(zi, zj))

where a|b ∼ Distribution(b) means that sampling the vari-
able a from the distribution with parameter b.

However, MMSB requires the number of roles/blocks as
the input which may be difficult to obtain in advance in
practice. Infinite relational model (IRM) [5] has been proposed
using the Chinese restaurant process (CRP) [11] as the prior.
As a discrete-time stochastic process, CRP can generate an

TABLE II. SUMMARY OF THE NOTATIONS.

Symbol Description
N Number of nodes.
ni,k Number of times that node i being assigned to role k
muvw Motif type for node u, v and w
B Role compatible matrix
zi Role assignment for node i
Z−i Role assignment for all nodes except node i
θ Role interaction matrix
α Hyperparameter of CRP
η Hyperparameter of Dirichlet distribution
β Hyperparameter of Beta distribution

Distribution Description
Dirichlet(η) Dirichlet distribution with parameter η

Multinomial(θ) Multinomial distribution with parameter θ
Beta(β1, β2) Beta distribution with parameter β1 and β2

Bernoulli(ω) Bernoulli distribution with parameter ω
CRP (α) Chinese restaurant process with parameter α

infinite number of clusters so IRM can infer the right number
of roles based on the observed edges. The graphical represen-
tation of IRM is shown in Fig. 2(b) and the formal generative
process is:

z|α ∼ CRP (α) (2)
Bij |β1, β2 ∼ Beta(β1, β2)

rij |z,B ∼ Bernoulli(B(zi, zj))

Note that in both MMSB and IRM, the essence is to infer
the latent variables, i.e., roles, based on the observed edges
between nodes.

Although IRM can infer the role number automatically, it
only models the first-order patterns, i.e., edges, in networks.
Mixed membership triangular model (MMTM) [10] solved this
problem by modeling higher-order motifs and MMTM aims to
infer roles from the observed motifs in networks. The graphical
representation of MMTM is shown in Fig. 2(c) and the formal
generative process is:

θ|α ∼ Dirichlet(α) (3)
z|θ ∼Multinomial(θ)

Buvw|β ∼ Dirichlet(β)

muvw|z,B ∼Multinomial(B(zu, zv, zw))

Problem Statement Given a network G represented by a motif
sequence M = {(eu, ev, ew, t)} where each motif is a 4-tuple,
eu, ev, ew ∈ E, and t ∈ R is the type of motif (in this work
there are two motif types shown in Fig. 1(b)), the motif-based
nonparametric model for role discovery aims to assign each
node to a role and infer the number of roles simultaneously.

Algorithm 1 Gibbs Sampling Algorithm for IMM
Input: A network G represented by a motif sequence M =
{(eu, ev, ew, type)}, hyperparameter for CRP prior α, and hy-
perparameter for Dirichlet prior β

Output: Role assignment z and role interaction pattern B
1: Initialize z for each node
2: while not converge do
3: Update role assignment statistics ni,k

4: Sample role for each node by assigning it into existing roles
or a new role according to Eq. (7)

5: end while
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Fig. 2. Graphical representations of different stochastic blockmodels.

III. INFINITE MOTIF STOCHASTIC BLOCKMODEL

Infinite Motif Stochastic Blockmodel (IMM) takes motifs
as the input which can effectively capture the high-order
structural patterns of networks. It also utilizes CRP as the
prior which can infer the role numbers automatically. Now
we introduce the generative process of IMM and the inference
algorithm in detail.

A. The Generative Model

The graphical representation of IMM is shown in Fig. 2(d)
and the formal generative process is:

z|α ∼ CRP (α) (4)
Bijk|β ∼ Dirichlet(β)

muvw|z,B ∼Multinomial(B(zu, zv, zw))

In detail, in the first line of Eq. (4), IMM employs the CRP
as the prior for the latent variables, i.e., roles of nodes, so it
can generate an infinite number of roles based on the input
networks. Similar to MMSB, in the second line the Dirichlet
distribution is used as the prior to generate the role interaction
Bijk for three nodes which form a predefined motif. In the
last line, the observed motif is generated from a multinomial
distribution with the role interaction as parameter.

The posterior of Z can be computed as:

P (Z|M,α, β) ∝ P (M |Z)P (Z|α), (5)

where the probability P (M |Z) of generating M is:

P (M |Z) ∝
∫
P (M |Z,B, β)P (B|β)dB. (6)

B. The Inference Algorithm

The aim of inference algorithm for IMM is to infer the
latent variable z and B based on the observed motif sequence.
In this work, we use Gibbs sampling algorithm to approximate
the conditional probability of role assignment since it is a
moderately efficient method for Bayesian models. Due to the
page limit, we omit the detailed process but list the conditional

distribution for sampling as follows:

P (zi = k|M,Z−i, α, β) ∝ (7){
α

N−1+α

∏
u,v,w Γ(muvw + β) for existing cluster

ni,k

N−1+α

∏
u,v,w Γ(muvw + β) for new cluster

where Γ(n) = (n−1)! is the Gamma function. The Gibbs sam-
pling algorithm for IMM inference is shown in Algorithm 1.

IV. EXPERIMENTS

A. Experimental Setup

We evaluate our model on role discovery using synthetic
and real-world networks. For synthetic data, we generate two
networks using SBM [3] and they are visualized in Fig. 3.
Each network consists of 100 nodes and these nodes belong
to 4 roles. For real-world networks, we use Zachary karate and
Les Misérables network. IMM is compared to some baseline
models including MMSB, MMTM and IRM. We use the
same (hyper)parameters in all models: CRP parameter α = 5,
Dirichlet parameter η = 4 and Beta parameter β = 7. We
leave the hyperparameter selection as our future work.

B. 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 |, (8)

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

NMI(C,D) = 2 ∗ I(C,D)
H(C) +H(D) , (9)
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Fig. 3. Visualization of two synthetic networks.

TABLE III. EXPERIMENTAL RESULTS ON THE SYNTHETIC NETWORKS.

datasets SYN 1 SYN 2
metrics Purity NMI Purity NMI
MMSB [4] 0.45 0.2603 0.33 0.1681
IRM [5] 0.45 0.2452 0.44 0.1758
MMTM [10] 0.60 0.3964 0.48 0.2453
IMM (our model) 0.65 0.4204 0.51 0.2242

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.

C. Results

1) Synthetic networks: The results of role discovery on two
synthetic networks are shown in Table III. From these results,
some conclusions can be drawn:

• IMM outperform all other models in detecting roles which
indicates the effectiveness of our model.

• Motif-based models perform better than edge-based mod-
els which demonstrate that high-order motifs can better
capture the global role information.

• Nonparametric models (IMM and IRM) can effectively
detect the number of roles which is more meaningful in
practice when the role number is unknown.

2) Real-world networks: The visualization of roles on two
real-world networks are shown in Fig. 4(a) and 4(b). These
results, demonstrate the effectiveness of IMM in identifying
roles. In detail,

• Zachary network: The two blue nodes are stars for the
left community, yellow and light blue are stars for the
right community1, and red nodes are peripheries.
• Les Misérables network: The blue nodes are stars includ-

ing dark and sky blue nodes, red nodes are cliques, orange
nodes are peripheries, and yellow nodes are bridges to link
stars and followers.

V. CONCLUDING REMARKS

In this work we proposed a novel generative model, infinite
motif stochastic blockmodel (IMM), for role discovery. IMM is
advantageous in two aspects: (1) it models higher-order motifs
to infer the roles which can effectively capture the global struc-
tural information of networks, and (2) it is a nonparametric
Bayesian model to infer the number of roles automatically
which is more suitable in real-world network analytics. We
evaluated IMM in role discovery compared to state-of-the-art

1We have prior knowledge on Zachary karate network that it consists of
two communities.

(a) Roles on Zachary network.

(b) Roles on Les Misérables network.

Fig. 4. Visualization of roles on two real-world networks.

blockmodels and the results indicate the effectiveness of IMM.
In future work we will explore scalable inference algorithm for
IMM, e.g., collapsed variational Bayesian inference method,
and test our model on larger-scale networks. We will also
extend our method to different types of networks, e.g., dynamic
networks.
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