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Abstract Dynamic community detection is significant for controlling and capturing the temporal features

of networks. The evolutionary clustering framework provides a temporal smoothness constraint for simulta-

neously maximizing the clustering quality at the current time step and minimizing the clustering deviation

between two successive time steps. Based on this framework, some existing methods, such as the evolutionary

spectral clustering and evolutionary nonnegative matrix factorization, aim to look for the low-dimensional

representation by mapping reconstruction. However, such reconstruction does not address the nonlinear char-

acteristics of networks. In this paper, we propose a semi-supervised algorithm (sE-Autoencoder) to overcome

the effects of nonlinear property on the low-dimensional representation. Our proposed method extends the

typical nonlinear reconstruction model to the dynamic network by constructing a temporal matrix. More

specifically, the potential community characteristics and the previous clustering, as the prior information,

are incorporated into the loss function as a regularization term. Experimental results on synthetic and real-

world datasets demonstrate that the proposed method is effective and superior to other methods for dynamic

community detection.
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1 Introduction

Many real-world systems can be formulated as complex networks (e.g., scientific collaboration net-

works [1], power networks [2], biological networks [3], traffic networks [4, 5] and disease networks [6]).

The structure analysis of complex networks is a vigoroso and easy-to-implement tool to comprehend and

forecast the functions and features of a network [7, 8]. The community structure, as one of the most

crucial and essential structure characteristics, acts on the dynamic trait of a network [9]. It can be ab-

stracted into the aggregation of nodes with the sparse inter-community links and dense intra-community

links [10]. In reality, many networks derived from real-world systems have the dynamic characteristics,

but most existing algorithms are centered on detecting community structure in static networks [11]. For

instance, in a scientific collaboration network, communities evolve dynamically because scientists change

their directions of the academic research frequently [12]; in a disease network, the migration of cancer

cells leads to diffusion, which is critical for cancer propagation and therapy [13]; in a social network,

the topic is evolving with the development of different events [14, 15]. Because the dynamic community
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structure can be applied in analyzing real-world systems, it has obtained wide attention and favorable

development [16].

Some approaches have been proposed for dynamic community detection [16]. One of them is based

on a two-step strategy [17, 18]. An algorithm first finds the community structure with independence of

the time step, and then it infers the relationship between two successive communities. Such a process

produces prominent difference of clusterings in every time step, particularly when the networks have too

much noise. Because the first stage is independent of the time step, smooth changes are impossible.

These approaches are easy to be implemented because existing algorithms for static networks can be

applied directly. However, they leave out the relationship between two successive time steps, which leads

to undesirable communities.

The other type of approaches takes a unified framework, called as evolutionary clustering, to discover

dynamic communities and trace their evolution simultaneously [19]. These methods are based on the

concept of temporal smoothness, which assume that the dramatic changes are unlikely to occur within a

short period [19]. For example, the evolutionary spectral clustering discovers communities by extending

classic spectral clustering and the evolutionary clustering framework [20]. A semi-supervised nonnega-

tive matrix factorization algorithm incorporates the previous results to accurately discover the dynamic

community structure [21].

Although great efforts have been made for discovering dynamic communities, there are still some

unsolved problems [22, 23]. One is to better adapt to the nonlinear property of real-world networks, the

other is to further improve the accuracy of algorithms. However, the crucial techniques (e.g., neural

networks) which act on the nonlinear property and accuracy of dynamic community discovery, attract

little consideration. Thus, the motivation of this paper is to design a novel algorithm for solving dynamic

community detection problem in the nonlinear social networks efficiently.

Recently, the deep neural network characterizes the nonlinear low-dimension representation, which

has been successfully applied to solve the image classification and speech identification [24, 25]. It is

one type of stochastic patterns that stands for hierarchically structured networks composed of a series

of parameters, which enable them to depict the complex relationships between input and output values

hidden in real-world datasets. The autoencoder, as a particular neural network, is used to efficiently

study a low-dimension representation similar to the original network [25]. Meanwhile, some potential

information (e.g., distance among nodes and constraints on edges) can help us detect the community

structure better [26].

Because of aforesaid observations, we deem that autoencoder has the ability of depicting nonlinear real-

world networks, which has been successfully applied to detect static community structure. Meanwhile,

we also observe that the evolutionary clustering framework can discover current community structure

and balance the communities obtained between two successive time steps. Besides, the similarity among

vertexes is one of the most powerful strategy, which plays an important role in detecting potential

communities structure. Thus, we pose two questions in the following.

• Can we adequately apply the evolutionary clustering framework and autoencoder to detect dynamic

community structure?

• Does the potential community structure (i.e., the similarity among vertexes) have the capacity of

enhancing the result of clustering in dynamic networks?

Based on two above-mentioned questions, the main contributions of this paper can be summarized as

follows:

(1) The combination of nonlinear representation of the autoencoder and the evolutionary clustering

framework makes our proposed method more accurate and robust. It incorporates the previous clustering

to a regularization term, which can achieve better computational efficiency by balancing the snapshot

quality and temporal smoothness simultaneously.

(2) The potential community trait based on the Dice’s similarity coefficient is incorporated into the cost

function for the dynamic community detection, which further affects the embedding of other vertexes.

The remaining of this paper is organized as follows. Section 2 states the related background. Section 3

proposes a semi-supervised autoencoder for the dynamic community discovery. Experimental results in



Wang Z, et al. Sci China Inf Sci November 2020 Vol. 63 212205:3

both synthetic and real-world datasets are reported in Section 4. We conclude this paper in Section 5.

2 Related work

The dynamic structure analysis has attracted more and more attention [27, 28]. Previous research sep-

arates the community detection process from the temporal analysis of a dynamic network [17, 18]. To

overcome such an issue, the evolutionary clustering framework applies the temporal smoothness for dy-

namic community detection. It balances the communities obtained between two successive time steps.

2.1 Notation of a dynamic network

A dynamic network G = {G1, G2, . . . , GT } is formulated as a sequence of networks, where Gt = {Vt, Et}

is a snapshot network at time step t. T denotes the total time steps. Vt and Et represent a set of vertexes

and edges at t. Based on existing studies [21,29,30], all snapshot networks are assumed to be undirected

and unweighted networks. Moreover, all snapshot networks have the same vertex number [21]. Therefore,

every Gt can be further formulated as a three-dimensional adjacency matrix At = (aijt)|V |×|V |×T . aijt is

1 if the ith vertex is connected to the jth vertex in Gt, otherwise aijt is 0.

A community in Gt is a disjoint group of vertexes having dense edges within the group, and sparse edges

across the groups. The community structure corresponds to a network partition Ct = {C1t, C2t, . . . , Ckt},

denoted by {Cit}ki=1, where Cit ∩Cjt = ∅ if i 6= j. Cit is the ith community at t. {Cit}ki=1 is represented

by a |V | × k indicator matrix Zt = (zijt)n×k. The element zijt is 1 if the ith vertex belongs to the jth

local cluster at t, otherwise zijt is 0. The degree of ith vertex in Gt is defined as the number of edges

connected to it, i.e., dit =
∑

j(aijt). The degree matrix for G is defined as D = {D1, D2, . . . , DT }, where

Dt is the diagonal matrix with the sequence of Gt, i.e., Dt = diag(d1t, d2t, . . . , dnt).

2.2 Methods for dynamic community detection

Some studies about the dynamic network detection are centered on the established community, which

separate the community detection process from the temporal analysis of a dynamic network. They

first detect communities at every time step, and then further analyze the structural drifts over time in

order to obtain the differences among communities in two successive time steps. For example, Asur et

al. [18] featured the evolution events for communities in dynamic networks. Tang et al. [17] proposed

a spectral clustering framework to track communities in multimode networks. These approaches reused

existing static community detection algorithms for the snapshot network mining, which are easy to be

implemented in dynamic networks.

However, the relationship of successive time steps and the result of undesirable divisions remain to

be solved in these methods. To overcome such issues, the evolutionary clustering framework has been

proposed [19]. For example, Lin et al. [29] proposed a novel method (FacetNet) for analyzing communities

and their evolutions based on a robust unified process. FacetNet first utilizes a stochastic block model to

generate communities. Then a probabilistic model based on the Dirichlet distribution was used to capture

the evolution of communities [29]. FacetNet defines a snapshot cost by using the KL-divergence among

the observed similarity matrices at t. But it only assumes a fixed number of communities change over

time. Kim and Han [30] proposed a density-oriented method based on the evolutionary clustering frame-

work for dynamic networks that efficiently discovers variable numbers of communities over time. They

proposed the concept of nano-community and l-clique-by-clique (l-KK) to discover a variable number of

communities following three cases: evolving, dissolving and forming. But this density-oriented algorithm

is determined by the initial parameter setting. Folino and Pizzuti [31] gave a dynamic multiobjective

genetic algorithm (DYNMOGA). Such a method first formulates the process of dynamic community de-

tection as a multiobjective optimization problem. Then it applies a genetic algorithm (NSGA-II [32]) to

solve such a problem [31]. Owing to the higher computational complexity, DYNMOGA needs to improve

the scalability for large-scale dynamic networks.
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Currently, researchers focus on the network embedding for dynamic community discovery. These meth-

ods convert a network to a low-dimension matrix for community detection. For example, based on the

theoretical equivalence of nonnegative matrix factorization (NMF) and evolutionary spectral clustering, a

semi-supervised evolutionary NMF (sE-NMF) was proposed to incorporate the previous spectral cluster-

ing result [21]. Unlike the traditional semi-supervised algorithms, the previous spectral clustering result

as the prior information is integrated into the objective function. But the embedding strategy adopted

in the evolutionary spectral clustering and sE-NMF is linear. This is in contrast to the fact that real-

world networks have nonlinear property [15]. Our proposed method is also motivated by the evolutionary

clustering framework. More detailed descriptions of evolutionary clustering framework are reported in

Subsection 2.3.

2.3 Evolutionary clustering framework

Previous research proves that the connections of a network vary drastically in a short time because of the

noise. Thus the drastic variation is unfit in many real-world networks. On the basis of this research, the

clustering should optimize two criteria at every time step. Specifically, one is that the current clustering

reflects the true data as precisely as possible, the other is that every clustering should cut down drastic

variation between successive time steps. To simultaneously satisfy two criteria, the evolutionary clustering

framework is proposed. It applies the temporal smoothness for dynamic community detection in order

to balance the communities obtained between two successive time steps. This framework consists of

snapshot cost (SC) and temporal cost (TC). SC estimates the quality of a community structure at the

current time step. TC measures the similarity of two community structures at the current time step and

the previous time step. The main goal of the evolutionary clustering framework is to obtain a trade-off

between two sub-costs. Currently, the most widely used strategy is to combine SC and TC using a

weighted linear function [19] defined as

cost = α · SC + (1 − α) · TC, (1)

where a parameter α controls the relevant importance of SC and TC. When α = 1, the algorithm captures

a division for the current network without the temporal smoothness from the previous network. α = 0

returns the clustering of the previous network without the snapshot cost. Usually, α ∈ (0, 1) controls the

relevant importance of each sub-cost.

Nowadays, to approximate the nonlinear property of real-world networks, the deep neural network

is always used to capture the nonlinear low-dimension representation. It has been successfully applied

to solve the image classification and speech identification [24, 25]. Meanwhile, the autoencoder is a

particular neural network that is used to efficiently study a low-dimension representation similar to

the original network [26]. It has been applied for community detection in static networks because of

the high efficiency and nonlinear representation capacity [25]. Inspired by the autoencoder, this paper

proposes a semi-supervised evolutionary autoencoder method, named as sE-Autoencoder, for the dynamic

community detection. Section 3 provides the detailed explanation of sE-Autoencoder.

3 The formulation of sE-Autoencoder

In this section, the evolution clustering framework is adopted by sE-Autoencoder to discover the dynamic

community structure. More specifically, three stacked autoencoders are applied because existing studies

have proved that three stacked autoencoders can reach well effectiveness in the static community detec-

tion [25]. With the increase of layers, the space of parameters increases exponentially. Thus we apply a

classical greedy layer-wise method to train the network layer by layer.

The detailed procedures of the sE-Autoencoder algorithm are illustrated in Figure 1. More specifically,

the graph representation of a dynamic networkG can be formulated as a similarity matrix S. Then we feed

S into the three stacked autoencoders with pairwise constraints and temporal smoothness regularization.

At last, we use K-means clustering to divide the output in order to produce the final clustering.
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Figure 1 (Color online) The overview of the sE-Autoencoder algorithm, which consists of (a) adjacent matrix At con-

struction, (b) similarity matrix St construction, (c) deep nonlinear reconstruction based on the stacked autoencoder,

(d) the potential community structure and the previous clustering, as the prior information, which are reconstructed

in the semi-supervised autoencoder based on the evolutionary clustering framework, (e) the low dimension representation

based on the feature extraction, (f) nonlinear mapping which fulfills the real-world feature, and (g) K-means adopted to

discover community structure in nonlinear representation. There is a significant difference between nonlinear properties of

the real-world and the linear mapping based on the NMF highlighted by the gray background. In contrast to the NMF, the

nonlinear feature embodied in our proposed method is more suitable for characterizing the real social networks.

The remaining of this section is organized as follows. Subsection 3.1 introduces a way to construct

the similarity matrix. Subsection 3.2 describes the autoencoder. Subsection 3.3 proposes an evolutionary

semi-supervised autoencoder which is inspired by the evolutionary clustering framework.

3.1 Similarity matrix construction

An effective representation of a network is necessary for us to discover structural features of such a

network. In fact, vertexes tend to present community characteristics. A community detection algorithm

divides similar nodes into the same community. Specific to this feature, the similarity matrix S = [sij ] ∈

R
|V |×|V | is of great importance and every element sij can be measured by similarity functions. Thus, we

adopt the Dice’s similarity coefficient to represent a network because it ingeniously eliminates the effect

of degrees. Analogous to the Dice’s similarity of two strings, the Dice’s similarity of two vertexes vi and

vj is defined in (2). The example of this process is depicted in Figure 2. Firstly a network is transformed

into an adjacent matrix at time step t. Secondly we compute the number of neighbor vertexes for every

vertex. Last the similarity matrix is obtained based on

S(vi, vj) =
2|CommonNeighbor(vi, vj)|

|Neighbor(vi)|+ |Neighbor(vj)|
, (2)

where the numerator |CommonNeighbor(vi, vj)| represents the number of common neighbors. The de-

nominator |Neighbor(vi)|+ |Neighbor(vj)| is obtained based on the number of neighbors of vi and vj .



Wang Z, et al. Sci China Inf Sci November 2020 Vol. 63 212205:6

1

2

3

4

5

6

1.0 0.4 0.4 0.7 0.0 0.0

0.4 1.0 0.7 0.3 0.4 0.4

0.4 0.7 1.0 0.3 0.4 0.4

0.7 0.3 0.3 1.0 0.3 0.3

0.0 0.4 0.4 0.3 1.0 0.5

0.0 0.4 0.4 0.3 0.5 1.0

t
S

 
 
 
 

=  
 
 
  
 

Adjacent matrix Similarity matrix

computed by

Eq. (2)
 

0 1 1 0 0 0

1 0 1 1 0 0

1 1 0 1 0 0

0 1 1 0 1 1

0 0 0 1 0 1

0 0 0 1 1 0

t
A

 
 
 
 

=  
 
 
  
 

For example: ( ) { }1 2 3,Neighbor Neighborv v v= ( ) { }2 1 3 4, ,v v v v=

{ }1 2 3( , )CommonNeighbor v v v=

( )
( )

( ) ( )
1 2

1 2

1 2

2 , 2 1
, 0.4

2 3
t

CommonNeighbor v v
S v v

Neighbor v Neighbor v

× ×
= = =

++

t t t

Figure 2 (Color online) The process of constructing the similarity matrix. A network at t is first converted as an adjacent

matrix A. Then the similarity matrix St is computed by (2). More specifically, the numbers of neighbor nodes Neighbor(vi)

and Neighbor(vj ) are computed in vi and vj , respectively. The common neighbor nodes are obtained by the intersection

between Neighbor(vi) and Neighbor(vj ).
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Figure 3 (Color online) An example of the autoencoder. The input S is obtained by (2). The process of encoding maps

the similarity matrix S to a low-dimension embedding H by (3). The process of decoding restores the latent representation

H to the matrix M by (4). The low-dimensional encoding H in the hidden layer of the autoencoder block is known as a

community-oriented network representation. We adopt K-means to detect the H community structure. The same color

represents the same community. Thus the network Gt has discovered two communities.

3.2 Reconstruction based on the autoencoder

An autoencoder is able to learn a new representation close to the original data. Figure 3 depicts the

autoencoder process of a toy network Gt, where Gt has six vertexes and eight edges. More specifically,

a similarity matrix St ∈ R
6×6 is obtained as an input from Subsection 3.1. Then the encoder process of

the autoencoder is that St is mapped to a low-dimension embedding H = [hij ]
4×6. The decoder process

of the autoencoder is that H is restored to the Mt ∈ R
6×6 as similar to St as possible. After training the

parameters θ, the nonlinear representation H as an output can well reconstruct St. At last, K-means is

adopted to detect the community structure in H .

Generally speaking, a similarity matrix S = [sij ] ∈ R
|V |×|V | of a snapshot network at t is adopted as

an input to the autoencoder. An element of S is obtained by (2). The ith column si of S represents

vi at t. The autoencoder consists of two key components: encoder and decoder. The encoder maps the

similarity matrix S to a low-dimension embedding H = [hij ]
d×|V | where d < |V | and the ith column of

H (i.e., hi) represents a vi in the latent space.

hi = f(si) = σ(WHsi + dH), (3)

where WH ∈ R
d×|V | and dH ∈ R

d×1 are parameters learned in the encoder. σ(·) is an element-wise

nonlinear activation function, such as a sigmoid function σsigmoid(x) =
1

1+e−x .

The decoder restores the latent representation H to the origin data space. The original matrix is

reconstructed from the latent representation based on

mi = g(hi) = σ(WMhi + dM ), (4)

where WM ∈ R
|V |×d and dM ∈ R

|V |×1 are parameters learned in the decoder. g(·) is an element-

wise nonlinear activation function similar to σ(·). The autoencoder aims at learning a low-dimensional
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nonlinear representation H that can well reconstruct the original data S. It adopts parameters θ =

{WH ,dH ,WM ,dM}, to minimize the difference between the original data S and reconstructed data M

defined as

θ̂ = argmin
θ

Lθ(S,M) = argmin
θ

n
∑

i=1

Lθ(si,mi) = argmin
θ

n
∑

i=1

Lθ(si, g(f(si))), (5)

where Lθ(si,mi) = ||si − g(f(si))||
2
2 is an Euclidean distance function that measures the reconstruction

error. Eq. (5) is solved by a back propagation with a stochastic gradient descent [33]. In every iteration,

a set of parameters (i.e., θ = {WH ,dH ,WM ,dM}) is updated in







W ji
α = W ji

α − γ ∂
∂W ji

α

Lθ(S,M),

djα = djα − γ ∂
∂dj

α

Lθ(S,M),
(6)

where α ∈ {H ,M}. In order to solve (6), an assumption zα = Wαx+ dα is proposed according to the

rule of autoencoder. Because of M = g(f(S)), the derivation is shown as

∂
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α
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N
∑

i=1

∂

∂z
j
α

Lθ(xi, g(f(xi)))
∂

∂d
j
α

zjα =

N
∑

i=1

δjα,

(7)

where δjα = ∂
∂zj

α

Lθ(xi, g(f(xi))) is the contribution of a vertex to the entire reconstruction error. WH

and dH can be obtained by training the autoencoder. After that, new representations for all vertexes are

generated according to (3).

3.3 Semi-supervised autoencoder for dynamic community detection

To take advantage of a deep architecture, we stack three autoencoders to form a deep nonlinear reconstruc-

tion model. For a deep autoencoder network, the first layer of autoencoder is trained by reconstructing

the original data. The similarity matrix S and a new representation H
1∈ R

|V |×d1 can be obtained,

where d1 represents the dimension of the first layer. The ith autoencoder is obtained by reconstructing

the output of the (i− 1)th autoencoder, where di < di−1.

Some studies have indicated that clustering algorithms incorporated by the prior information (i.e., the

potential community structure and the previous division) can improve the accuracy of original algorithms,

such as SNMF and semi-supervised spectral clustering [20, 21]. Inspired by these algorithms, a novel

semi-supervised autoencoder (sE-Autoencoder) is proposed via incorporating the potential community

characteristic (i.e., the similarity matrix) and previous division into the autoencoder. More specifically,

because the new representations (i.e., hi and hj) are similar to the community information of vi and

vj [25], this feature is also encoded into the autoencoder to further affect the representations of other

vertexes. To further measure the similarity of latent representations, the Euclidean distance is adopted

in

DLSE(hi,hj) = ||hi − hj ||
2
2 =

K
∑

k=1

(hik − hjk)
2. (8)

If vi and vj belong to the same community at the real background, we minimize the difference between

their new representations (i.e., DLSE(hi,hj)). Based on (8), a pairwise embedding matrix O = [oij ] ∈

R
|V |×|V | is defined. oij = 1 if vi and vj are in the same community, otherwise oij = 0. Thus, we formulate

the pairwise constraints as defined in

DLSE(O,H) =
1

2m

n
∑

i=1

n
∑

j=1

oij ||hi − hj ||
2
2. (9)
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There is an inherent assumption in the evolutionary clustering framework, i.e., the community struc-

ture should not change dramatically between two successive time steps. Therefore, the difference of

corresponding embedding H
t−1 and H

t should be minimized. We formulate the temporal smoothness

regularization as defined in

DLSE(H
t,Ht−1) =

1

2m

n
∑

i=1

||ht − h
t−1||22. (10)

Eventually, by incorporating the pairwise constraints and temporal smoothness regularization with the

reconstruction error function in (5), we obtain the overall loss function for sE-Autoencoder as defined in

(11). This paper aims to find a set of parameters that minimize the loss function. In other words, a back

propagation is used to calculate θ̂ in

θ̂ = argmin
θ

Lθ(S,M) + λDLSE(O,Ht) + (1 − λ)DLSE(H
t,Ht−1), (11)

where λ is a parameter for pairwise constraints and the temporal smoothness regularization. Because

the regularization terms DLSE(O,Ht) and DLSE(H
t,Ht−1) are independent of the reconstruction of M ,

Eq. (11) is solved by a back propagation.

4 Experiments

Extensive experiments are implemented for estimating the efficiency of our proposed method. We first

introduce the used datasets including synthetic and real-world networks and present the experiment

settings, especially for the layers configuration of our method. Then, we compare our proposed method

with some state-of-the-art algorithms.

4.1 Datasets and experiment setup

4.1.1 Datasets

The classic Girvan and Newman benchmark network consists of 128 vertexes divided into 4 communi-

ties where every community contains 32 vertexes [34]. Every vertex shares a fixed average degree, and

connects Z vertexes in another community. We set the average degree as 16. There are three types of

dynamic networks based on the GN network [34] including SYN [29], SYN-FIX [30] and SYN-VAR [30].

SYN separates nC% of vertexes from communities and randomly distributes these vertexes to the rest

of communities. SYN-FIX randomly chooses three vertexes from every community in t− 1 and casually

distributes the rest of three communities. SYN-VAR extends SYN-FIX by the emergence and solubiliza-

tion of communities, and the affiliation and separation of vertexes. Some studies have shown that Z = 5

can obtain a more distinct community structure, while Z = 6 makes the community structure become

less clear in SYN networks [31]. According to the initialization of Z in the existing state-of-the-art al-

gorithms [21, 31, 35], we also set Z as 5 and 6 in SYN networks, and set Z as 3 and 5 in SYN-FIX and

SYN-VAR networks.

In addition, SYN-EVENT [36] is associated with four types of evolution events including 2000 nodes.

(1) Birth and death: 10% of new communities bear sources from two ways. We randomly select some

communities for removing vertexes. Then 10% of them are casually removed. (2) Expansion and contrac-

tion: This network randomly chooses 10% of communities to expand or contract 25% of their scale. (3)

Intermittent communities: This network hides 10% of communities at t = 1. (4) Merging and splitting:

This network combines 10% of split communities and 10% of existing communities as new communities.

Besides, there are seven real-world datasets used in our experiments, i.e., Cellphone Calls1), Enron

Mail2), High school3), Hospital3), Hypertext3), Rados4) and dynamic source code structures of a Java

1) http://www.cs.umd.edu/hcil/VASTchallenge08/download/Download.htm.
2) http://www.cs.cmu.edu/%7Eenron/.
3) http://www.sociopatterns.org/datasets.
4) http://networkrepository.com/ia-radoslaw-email.php.
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Table 1 Datasets and their layers configurationa)

Datasets |V | |E| T Layers configuration

– SYN 128 19950 20 128-64-32-16

– SYN-FIX 128 10240 10 128-64-32-16

– SYN-VAR 256 30562 10 256-128-64-32

– SYN-EVENT 2000 94486 10 2000-1024-512-256

G1 Cellphone Calls 400 9834 10 400-256-128-64

G2 Enron Mail 151 33124 12 151-128-64-32

G3 High School 327 188508 9 327-256-128-64

G4 Hospital 75 32424 9 75-64-32-16

G5 Hypertext 113 20818 5 113-64-32-16

G6 Java 376 40915 66 376-256-128-64

G7 Rados 167 82927 10 167-128-64-32

a) |V | is the number of vertexes, |E| denotes the cumulative edges of every dataset at all time steps, and T is the total

time steps. The first rank represents the workstation ID for real-world networks.

program5). These datasets are listed in Table 1. It is noted that the number of edges is an accumulated

sum at all time steps. For example, the number of edges in SYN-FIX dataset is added by two networks

(i.e., Z = 3 and Z = 5) and each network has an accumulated edge sum at all time steps.

4.1.2 Experiment setup

Table 1 presents the layer settings of the sE-Autoencoder for different datasets. The sE-Autoencoder

adopts three stacked autoencoders because some experiments have shown that three layers can reach well

effectiveness [25]. Meanwhile, the dimension of each hidden layer is less than that of its input and output

size. For instance, the sE-Autoencoder for the SYN network is composed of three autoencoders, where

the first layer is 128-64-128, the second layer is 64-32-64 and the third layer is 32-16-32. Because the

increase in the size of layers leads to the rise of the space of parameters, all autoencoders are trained

separately. More specifically, we utilize a similarity matrix as an input to the first autoencoder in order

to minimize the reconstruction error. Then, the embedding result of the first layer is adopted as an input

to the second autoencoder. The operation of the third layer is the same as the second layer. For every

dataset, the latent representations from three autoencoders are taken for clustering. The K-means is

adopted for clustering this low-dimension matrix and K is defined as the number of the ground truth.

4.1.3 Evaluation metrics

The normalized mutual information (NMI) [37], ERROR [29], modularity (Q) [38] and modularity density

(D) [39], described in (12)–(15), respectively, are used to measure the performance of algorithms.

NMI(CA, CB) =
−2

∑IA
i=1

∑IB
j=1 Iij log

Iij ·|V |
Ii.I.j

∑IA
i=1 Ii. log

Ii.
|V | +

∑IB
j=1 I.j log

I.j
|V |

, (12)

where CA = {CA1, CA2, . . . , CAa} and CB = {CB1, CB2, . . . , CBb} represent two partitions of a network.

I is a confusion matrix whose element Iij is the number of nodes that belong to both communities CAi

and CBj . IA (IB) is the number of communities in each partition and Ii. (I.j) is the sum of the elements

of I in a row i (column j). |V | is the quantity of nodes. NMI measures the similarity between A and B.

The higher the value of NMI is, the more similarity these two community structures share.

ERROR =
∥

∥MMT − FFT
∥

∥ , (13)

where both M and F are indicator matrices (e.g., |V | ×K). |V | is the number of nodes. K denotes the

quantity of communities by the approach division in M and the ground truth in F . ERROR estimates

5) https://github.com/gephi/gephi/wiki/Datasets.
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Figure 4 (Color online) Comparisons of NMI and ERROR among different algorithms on SYN dataset in which the

average degree is 16 and Z = 5. sE-Autoencoder outperforms other algorithms at every time step. Similarly, the low

ERROR indicates that our proposed method has better robustness. (a) NMI when nC% = 10%; (b) NMI when nC% =

30%; (c) ERROR when nC% = 10%; (d) ERROR when nC% = 30%.

the distance between M and F . The value of ERROR is negatively correlated with the distance.

Q =

K
∑

r=1

[

lr

|E|
−

(

dr

2|E|

)2
]

, (14)

where dr represents the degrees of all nodes in Cr and lr is the number of internal links in Cr. |E|

represents the number of edges. Q represents the quality of the community structure. The higher the

value of Q is, the better the quality of the community structure performs.

D =

K
∑

i=1

L(Ci, Ci)− L(Ci, Ci)

|Ci|
, (15)

where L(Ci, Ci) =
∑

m∈Ci,n∈Ci
Amn and L(Ci, Ci) =

∑

n/∈Ci,m∈Ci
Amn represent the internal and exter-

nal degrees of Gi, respectively. A is an adjacent matrix in G. Usually, D considers the rate of difference

between internal and external degrees of a network. The community structure behaves preferably with

the increase of the values of D.

Because the true community structure of real-world datasets is unknown, we follow the method used

in DYNMOGA [31]. First, all edges are aggregated over all time steps into a single network and the

community structure is detected by GANet method [31]. It is because that GANet is a parameter-free

algorithm without the initial number of communities. Moreover, GANet is based on the modularity

optimization that can achieve desirable results. Then, the obtained community structure by GANet is

considered as the ground truth division of real-world datasets.

4.2 Community detection results

In this subsection, eight dynamic community detection algorithms are compared with our proposed

method. Specifically, sE-NMF is a novel method based on the nonnegative matrix factorization [21].

DYNMOGA is a representative method using a multiobjective optimization genetic algorithm [31].

FacetNet is a classic method based on the stochastic block model and probabilistic model [29]. ESPRA

is based on the network structural perturbation and topological similarity method [40]. GenLouvain is

an effective method using temporal snapshot adjacency matrices [41]. PisCES is a global community

discovery algorithm based on the eigenvector smoothing and information across networks [42]. DECS is

a multi-objective evolutionary approach using a migration operator and a genome matrix to expand the

search space [35]. L-DMGAPSO is a hybrid swarm intelligence method which applies the improved label

propagation and genetic operations to enhance the initial quality of populations [43].

To estimate the performance of our method in the noise level and community variability, we first

compare different algorithms on SYN networks. Z and nC% are positively related to the noise level

and community structure, respectively. Comparisons of NMI and ERROR are shown in Figure 4. It

is obvious that our proposed method is superior to contrastive algorithms in spite of the increase of
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Figure 5 (Color online) Comparisons of NMI and ERROR among different algorithms on SYN dataset in which the average

degree is 16 and Z = 6. Although sE-Autoencoder has a little fluctuation as time goes on, such a method demonstrates

the capacity of detecting dynamic community structure. In values of ERROR, sE-Autoencoder performs more effectively

than other algorithms expect for PisCES. (a) NMI when nC% = 10%; (b) NMI when nC% = 30%; (c) ERROR when

nC% = 10%; (d) ERROR when nC% = 30%.
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Figure 6 (Color online) Comparisons of NMI, Q and D among different algorithms on SYN-FIX dataset. The NMI values

of sE-Autoencoder, ESPRA, GenLouvain, DECS and L-DMGAPSO are always 1 in (a). When Z = 5, sE-Autoencoder, ES-

PRA, GenLouvain, DECS and L-DMGAPSO almost detect original dynamic communities and their curves are overlapped,

while the accuracy of other algorithms decreases slightly. (a) NMI when Z = 3; (b) Q when Z = 3; (c) D when Z = 3;

(d) NMI when Z = 5; (e) Q when Z = 5; (f) D when Z = 5.

nC%. Besides, Figure 5 illustrates that our proposed method is good at capturing dynamic community

structure. Although sE-Autoencoder is similar to DYNMOGA or ESPRA at 4, 8, 12 and 18 time steps,

our approach is still better than contrastive approaches at most time steps. Figures 4 and 5 show that

with the increase of the noise level and communities, sE-Autoencoder has better robustness. Therefore,

sE-Autoencoder is good at capturing the community structure of a dense network, owing to the nonlinear

feature.

After that, some experiments are implemented on SYN-FIX and SYN-VAR networks to estimate the

effect of structural changes on our approach. Z represents the tightness of the external community. The

sE-Autoencoder, ESPRA, GenLouvain, DECS and L-DMGAPSO outperform other algorithms and their

lines are overlapped in Figure 6. Particularly, values of sE-NMF, DYNMOGA and PisCES go down as

Z goes up in Figures 6(d)–(f). Meanwhile, Figures 7(a) shows that NMI values of sE-Autoencoder are 1.

In Figures 7(b) and (c), PisCES slightly precedes our method in the first time step, but sE-Autoencoder

and GenLouvain are superior to comparable methods in residual time steps. It is because that the

autoencoder is powerful for the latent representation of dynamic networks. Besides, the semi-supervised
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Figure 7 (Color online) Comparisons of NMI, Q and D among different algorithms on SYN-VAR dataset. Although the

values of Q and D are the same in both sE-Autoencoder and GenLouvain, our method performs better than GenLouvain

in (a). In (b) and (c), PisCES slightly precedes our method in the first time step, but sE-Autoencoder and GenLouvain are

superior to comparable methods in residual time steps. These curves reveal that sE-Autoencoder has great capacity and

stability. (a) NMI when Z = 3; (b) Q when Z = 3; (c) D when Z=3; (d) NMI when Z = 5; (e) Q when Z = 5; (f) D when

Z = 5.
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Figure 8 (Color online) Comparisons of NMI among different algorithms on SYN-EVENT dataset. sE-Autoencoder is

more efficient than other algorithms in most time steps. Although sE-NMF approximates our method in (c), our method

performs effectively in (a), (b) and (d). (a) Birth and death; (b) expansion and contraction; (c) intermittent communties;

(d) merging and splitting.

strategy improves the accuracy by escaping the local optimal solution.

Then we adopt SYN-EVENT networks to measure the influence of four kinds of temporal commu-

nity structure on our method. This type of networks approximates the situation of real-world sys-

tems. Figure 8 shows that the accuracy of DYNMOGA and DECS decreases as time goes on, while

sE-Autoencoder is relatively stable. Though GenLouvain slightly precedes sE-Autoencoder at some time

steps in Figures 8(b)–(d), this method has drastic fluctuation in the process of dynamic community detec-

tion. Although NMI values of sE-Autoencoder approximate those of sE-NMF in Figure 8(c), the result of

sE-Autoencoder is smoother than that of sE-NMF in most subgraphs. The reason is that sE-Autoencoder

keeps the consensus of local communities at two successive time steps. These local communities at the

previous time step can guide the community detection at the current time step.

Finally, we employ seven real-world datasets in order to further validate the effectiveness and utility

of sE-Autoencoder. Similar to the synthetic datasets, we estimate the community structure with NMI.

The values of NMI are the average values at all time steps in Table 2. This table demonstrates that

sE-Autoencoder has higher NMI values among algorithms in different datasets except for GenLouvain in
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Table 2 Performance on real-world datasetsa)

Method
NMIavg

G1 G2 G3 G4 G5 G6 G7

sE-Autoencoder 0.6816 0.5786 0.7413 0.3426 0.4062 0.8762 0.3825

sE-NMF 0.2851 0.4647 0.5469 0.1053 0.0124 0.5129 0.1373

DYNMOGA 0.4367 0.5107 0.6983 0.1590 0.0681 0.7972 0.0959

FacetNet 0.3753 0.5184 0.7241 0.1651 0.0312 0.6440 0.1629

ESPRA 0.3445 0.4837 0.6998 0.2417 0.2099 0.7373 0.1550

GenLouvain 0.2903 0.5781 0.7321 0.3673 0.1457 0.7607 0.2171

PisCES 0.2025 0.2974 0.6443 0.0878 0.0149 0.6726 0.1626

DECS 0.6059 0.5783 0.5285 0.3661 0.2245 0.7499 0.2602

L-DMGAPSO 0.4778 0.4761 0.6752 0.1431 0.0709 0.7589 0.1228

a) NMIavg represents the average values of all time steps in dynamic networks. The sE-Autoencoder is superior to other

algorithms in most dynamic networks except for Hospital.

t=1 t=3 t=5 t=7 t=9 Time step

Figure 9 (Color online) Results of community detection from time step 1 to 9 with an interval of 2 on SYN-FIX dataset.

The exchanging flows depict the changes of members of communities. The same color represents the same community at t

time step. The same shape denotes vertexes in the same community at t−2 time step. Every community has a tiny change,

which conforms with the evolutionary clustering framework.

Hospital, which means that sE-Autoencoder is effective for dynamic community detection.

For the SYN-FIX Z = 3, the results of community detection at 9 time steps with an interval of 2

from left to right are shown in Figure 9. The vertexes of the same community have the same color at

time step t. The same shape represents the same community at time step t − 2. The change of shapes

with three successive time steps shows the changing groups of clusters. Based on this figure, we can

obtain the evolution of communities at each time step. Figure 9 depicts the evolution of clustering by the

shape. These main shapes maintain diminutive alteration at every time step. This phenomenon shows

the clustering does not appear a drastic change and it proves the validity of the evolutionary clustering

framework. Based on this analysis, we can conclude that sE-Autoencoder can achieve better performance

in dynamic community detection.

In all synthetic networks, we adopt the NMI, ERROR, Q and D metrics to estimate the perfor-

mance of our method. Figures 4–8 demonstrate that sE-Autoencoder achieves a better performance.

More specifically, sE-Autoencoder significantly outperforms other contrast algorithms in Figures 4 and

5. That is because autoencoder is powerful for its latent representation of dynamic networks and the

semi-supervised strategy can improve the accuracy by escaping the local optimal solution. Meanwhile,

our proposed method is based on the evolutionary clustering framework, where local communities at the

previous time step can guide the community detection at the current time step and keep the consensus

of local communities at two successive time steps. Therefore, the detection results are relatively stable

as shown in Figures 6–8. Moreover, some experiments in the real-world networks in Table 2 show that

sE-Autoencoder can obtain better results than others because it has the same nonlinear characteristics

as the real-world. In general, the sE-Autoencoder is promising for community detection in dynamic

networks.
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Figure 10 (Color online) Running time of the sE-Autoencoder algorithm against (a) the number of vertexes in the

networks, and (b) density of the networks.

4.3 Scalability analysis

We adopt two main elements (i.e., the size of a network and the density of a network) to measure

the scalability of sE-Autoencoder. These synthetic networks are generated by Kim and Han [30]. The

number of communities and iterations of each experiment are set as 4 and 100, respectively. Meanwhile,

the evolving step of network is 10. First, in order to estimate the impact of the scale of a network on

the running time, we carry out some experiments in networks with 256, 512, 1024, 2048 and 4096 nodes.

The uniform average degree of these networks is 16. Figure 10(a) depicts the running time for 10 time

steps. The result shows that our proposed method can obtain a better result than two latest algorithms

(i.e., DECS [35] and L-DMGAPSO [43]). Then we analyze how the density of a network affects the

running time by improving the average degree to 16, 32, 64 and 128. We fix the size of a network as

1024. Figure 10(b) shows that the running time of sE-Autoencoder grows with the increase of the average

degree. The result indicates that the running time of sE-Autoencoder grows slower than that of DECS

and L-DMGAPSO with respect to the density of a network.

5 Conclusion

In order to overcome the shortcomings of linear low-dimensional representation, we first propose a specific

stacked autoencoder based on the evolutionary clustering framework to discover communities in dynamic

networks. Then, we extend this method to the sE-Autoencoder. Specifically, the potential community

feature and the previous clustering, as the prior information, are incorporated into the loss function as

a regularization term. Experimental results on synthetic and real-world datasets demonstrate that sE-

Autoencoder outperforms existing state-of-the-art algorithms in most cases. Some contributions of this

paper are concluded as follows:

• The potential community feature based on the similarity matrix and previous division result is

incorporated into the cost function for the dynamic community detection.

• The nonlinear representation of stacked autoencoders and the consistent constraint regularization

term of loss function make our proposed method more accurate and robust.

Though our proposed method has achieved a high performance, we have to set the initial number of

communities in sE-Autoencoder that is difficult for us to implement without any prior-knowledge about

networks. For future work, we plan to study model selection using other cost functions in order to make

our method more robust and further use the deep compression method to reduce the running time.
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