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Abstract—A community reveals the features and connections
of its members that are different from those in other communities
in a network. Detecting communities is of great significance in
network analysis. Despite the classical spectral clustering and sta-
tistical inference methods, we notice a significant development of
deep learning techniques for community detection in recent years
with their advantages in handling high dimensional network
data. Hence, a comprehensive overview of community detection’s
latest progress through deep learning is timely to academics
and practitioners. This survey devises and proposes a new
taxonomy covering different state-of-the-art methods, including
deep learning-based models upon deep neural networks, deep
nonnegative matrix factorization and deep sparse filtering. The
main category, i.e., deep neural networks, is further divided
into convolutional networks, graph attention networks, generative
adversarial networks and autoencoders. The survey also summa-
rizes the popular benchmark data sets, evaluation metrics, and
open-source implementations to address experimentation settings.
We then discuss the practical applications of community detection
in various domains and point to implementation scenarios.
Finally, we outline future directions by suggesting challenging
topics in this fast-growing deep learning field.

Index Terms—Community Detection, Deep Learning, Social
Networks, Network Representation, Graph Neural Network

I. INTRODUCTION

Communities have been investigated as early as the 1920s in
sociology and social anthropology [1]. However, it is only after
the 21st century that advanced scientific tools were primarily
developed upon real-world data [2]. Since 2002 [3], Girvan
and Newman opened a new direction with graph partition. In
the past ten years, researchers from computer science have ex-
tensively studied community detection [4] by utilizing network
topological structures [5]-[8] and semantic information [9],
[10] for both static and dynamic networks [ 1]-[13] and small
and large networks [14], [15]. Graph-based approaches are
developed increasingly to detect communities in environments
with complex data structures [16], [17]. Network dynamics
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Fig. 1: (a) An illustration of a graph where nodes denote users in a social
network. (b) An illustration of two communities (C7 and C2) based on the
prediction of users’ occupations. The detection utilizes users’ closeness in
online activities (topology) and account profiles (attributes).

and community impacts can be analyzed in details within
community detection, such as rumor spread, virus outbreak,
and tumour evolution.

Community detection is a research area with increasing
practical significance. As the saying goes, Birds of a feather
flock together [18]. Based on the theory of Six Degrees of Sep-
aration, any person in the world can know anyone else through
six acquaintances [19]. Indeed, our world is a vast network
formed by a series of communities. For example, in social
networks (Fig. 1), platform sponsors promote products to
targeted users in detected communities [20], [21]. Community
detection in citation networks [22] determines the importance,
interconnectedness, evolution of research topics and identifies
research trends. In metabolic networks [23], [24] and Protein-
Protein Interaction (PPI) networks [25], community detection
reveals the complexities of metabolisms and proteins with
similar biological functions. Similarly, community detection in
brain networks [17], [26] reflects the functional and anatomical
segregation of brain regions.

Many traditional techniques, such as spectral clustering
[27], [28] and statistical inference [29]-[31], are applied to
small networks and simple cases. However, real-world net-
works in rich nonlinear information make traditional models
less applicable to practical applications, including complex
topology and high dimensional features. Their computational
costs are expensive. The powerful techniques of deep learning
offer flexible solutions with good community detection per-
formance to: (1) learn nonlinear network properties, such as
relations denoting edges between nodes, (2) represent lower-
dimensional network embeddings preserving the complicated
network structure, and (3) achieve better community detec-
tion from various information. Therefore, deep learning for
community detection is a new trend that demands a timely
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comprehensive survey'.

To the best of our knowledge, this paper is the first
comprehensive survey focusing on deep learning contribu-
tions in community detection. In discovering inherent patterns
and functions [32], [33], existing surveys mainly focused on
community detection on specific techniques [12], [13], [34]-
[37], different network types [5], [11], [38], community types
[6], [7], and application scenarios [9], [39]. The surveys on
specific techniques are summarized but not limited to partial
detection based on probabilistic graphical models [34], [37],
Label Propagation Algorithm (LPAs) [35], [36], and evolution-
ary computation for single- and multi-objective optimizations
[12], [13]. In terms of different network types, researchers
provide overviews on dynamic networks [I 1], directed net-
works [38] and multi-layer networks [5]. Moreover, detection
techniques are reviewed over disjoint and overlapping [6], [7]
community types. Regarding application scenarios, the focus
has been on techniques on social networks [9], [39].

Observing the past, current and future trends, this paper
aims to support researchers and practitioners to understand
the community detection field with respect to:

« Systematic Taxonomy and Comprehensive Review. We
propose a new systematic taxonomy for this survey (see
Fig. 2). For each category, we review, summarize and
compare the representative works. We also briefly intro-
duce community detection applications in the real world.
These scenarios provide horizons for future community
detection research and practices.

o Abundant Resources and High-impact References.
The survey collects open resources, including benchmark
data sets, evaluation metrics and technique implemen-
tations. Publications in the latest high-impact interna-
tional conferences and high-quality peer-reviewed jour-
nals cover data mining, artificial intelligence, machine
learning and knowledge discovery.

« Future Directions. As deep learning is a new research
area, we discuss current limitations, critical challenges
and open opportunities for future directions.

The rest of the article is organized as follows: Section
II defines essential notations, concepts, input and output of
deep learning approaches. Section III overviews community
detection development. Section IV introduces a deep learning
taxonomy. Sections V-X summarize comprehensive reviews
on each category in the taxonomy. Section XI and Section XII
organize the popular implementation resources and real-world
applications. Lastly, Section XIII discusses current challenges,
suggests future research directions before the conclusion in
Section XIV. The supporting materials can be found in AP-
PENDIX A (core techniques of reviewed literature summa-
rized in tables), APPENDIX B-D (resource descriptions of
data sets, evaluation metrics and implementation projects) and
APPENDIX E (abbreviations).

IThis paper is an extended vision of our published survey [4] in IJCAI-
20, which is the first published work on the review of community detection
approaches with deep learning.

TABLE I: Notations and descriptions used in this paper.

Notations | Descriptions
R A data space
g A graph
V,E,C A set of nodes, edges, communities
v, €35, Ck The ¢-th node, edge of (v;,v;), k-th community
N (v;) A neighborhood of v;
A, a;j An adjacency matrix, value
X, x; A node attribute matrix, vector
Yi, Ck The node label of v;, community label of C
yf The binary community label of v; in C},
n, m, K, d The number of nodes, edges, communities, attributes
Aij The anchor links between graphs (G;, G;)
V,E X A set of heterogeneous nodes, edges, attributes
E™ r-th type edges in multiplex network
A(+,—-) The adjacency matrix of a signed network
A A reconstructed adjacency matrix
X The corrupted node attribute matrix
D A degree matrix
B, b;; A modularity matrix, value
S, 545 A similarity matrix, value
O, o;; Node pairwise constraint matrix, value
P, p;j; Community membership matrix, probability of (v;, C;)
L, M A Laplacian, Markov matrix
Z, z A latent variable matrix, vector
S) Trainable parameters
w® The weight matrix of the [-th layer in DNN
H <l), h(l> The [-th layer representation matrix, vector
o(-) An activation function
A loss function
Q A sparsity penalty
|- The length of a set
-l The norm operator
bg, Pd A generator, discriminator
be, Or An encoder, decoder

II. DEFINITIONS AND PRELIMINARIES

In this section, preliminaries include primary definitions,
notations in TABLE I, and general inputs and outputs of deep
learning-based community detection models.

Definition 1: Network. Given a basic network G = (V| E),
where V' = {v1,---,v,} is the node set with £/ = {e;;}7',_,
representing the edge set among nodes. N(v;) = {u €
V|(vi,u) € E} defines the neighborhood of a node wv;.
A = [a;;] denotes an n x n dimensional adjacency matrix,
where Qjj = 1if €ij € FE, otherwise Q5 = 0.If Qij 7& Qji, Ggis
a directed network, or else it is an undirected network. If a;; is
weighted by w;; € W, G = (V, E, W) is a weighted network,
otherwise it is an unweighted network. If a;;’s value differs in
+1 (positive) and —1 (negative), G is a signed network. If node
v; € V is attributed by x; € X C R"*4, G = (V, E, X) is
an attributed network, otherwise it is an unattributed network.

Definition 2: Community. Given a set of communities C =
{C41,Cy, -+ ,Ck}, each community C}, is a partition of G
which keeps regional structure and cluster properties. A node
v; clustered into community C} should satisfy the condition
that the internal node degree inside the community exceeds its
external degree. Suppose Cy N Cy = 0, (Vk, k'), C denotes
disjoint communities; otherwise overlapping communities.

Community Detection Input. Deep learning models take
inputs as the network topology and network attributes. The
topology formed by nodes and edges can be represented in
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Fig. 2: Traditional community detection methods and the taxonomy of deep learning-based methods.

1970s 1980s 1990s 2000s 2010 — 2014 2016 2017 2018 2019 2020 2021
EI T T T A T T I N
Graph Graph Density-based Hierarchical Graph Optimizations Density-based Hierarchical Z| ComNet-R Optimizations -4
Partition Partition Algorithms Clustering Partition J;MAGA = J Algorithms Clustering E SparseCoan CE-MOEA J 5 SPEMCDHVZDJ
KL 1970 spectral DBSCAN 1996 GN 2002 i e LCCD CDASS " T
bisection FastQ 2004 2010 LS * T LGNN ! SGCN
1982 L) z =z
8 L S— w | semi-DRN z Xin et al. O | CayleyNets 3 | MRFasGCN Comme! Q[ SENet
Optimizations Statistical <| DNGR o S G| NOCD S| zZhao eral.
Statistical —— Inference " AGC .
'erence - Ex 3
nicrencol Modularity 2004 | OSBM, DCSBM ] w| omE %r\ﬁ&sh?g 1 omm
SBM 1983 Louvain 2008 201 | SR w| DANE Z| ProGaN =| owmal &| Heco
: | i <
o . . Spectral <| DFuzzy & | CommunityGAN S| MAGNN CP-GNN
Optimizations Dynamical Clusterin VGAECD p——
" Methods Y = ARVGA :
simulated | 2013 2| suneral. Transfer-CDDTA 2| acne
annealing 1983 WalkTrap 2005 3 | DAEGC | St =
P 2014 o w < G| CANE
LPA 2007 5 w|  DGLFRM | DR-GON
* InfoMap 2008 | oo Z| DANME | S| yGECLE Pz
LPAm 2009 EPIIZaong VGAECD-OPT
. spectral 2013 LGVG " | sE-Autoencoder; eo
i Combo 2014 w 2 sE-Autoencoder; | | pNc
Density-based @ | DsFeD CDMEC <
4 2 GEC-CSD
Algorithms GUCD
AgorithmSi | e SGCMC
pommmmmmmmmemmeemeeeees SCAN 2007 Ed GraphEncodej "<|  ozmaAc e
| Traditional Method: ! MAGCN w
: raditional Methods : o i DMGC ; N
' i ' Inference TVGA o
H Deep Learning Methods H - ~ =
D ' MMB 2008 H H

Fig. 3: A timeline of community detection development.

matrices such as adjacency matrix A, signed adjacency matrix
A(+,—) and the measurement matrices like the modularity
matrix B. Network attributes denote additional information
on the network entities such as node attributes X.

Community Detection Output. Community detection meth-
ods aim to output a set of communities which can be either
disjoint or overlapping. TABLEs V-VIII in APPENDIX A
indicate different output by different community detection
methods. Disjoint communities represent, for example, student
clubs that allow a student to join only one club. Overlapping
communities describe, for instance, users who participate
in several circles in the social network. The methods for
overlapping communities can detect disjoint communities.

III. A DEVELOPMENT OF COMMUNITY DETECTION

Community detection has been significant in network anal-
ysis and data mining. Fig. 3 illustrates its development from
traditional to deep learning in a timeline. Their respective
categories are summarized in Fig. 2 in the left and right
parts, respectively. Two categories of methods suggest the
development changes. Traditional methods mainly explore
communities from network structures. We briefly review these
seven categories of methods in this section. Deep learning

uncovers deep network information and models complex re-
lationships from high-dimensional data to lower-dimensional
vectors. These will be reviewed in the following sections.

Graph Partition. These methods, well known as graph clus-
tering [32], are employed in deep learning models. They
partition a network into communities with a given number
K. Kernighan-Lin [40] is a representative heuristic algorithm.
It initially divides a network into two arbitrary subgraphs
and optimizes on nodes. Spectral bisection [41] is another
representative method applying spectrum Laplacian matrix.

Statistical Inference. Stochastic Block Model (SBM) [29] is
a widely applied generative model by assigning nodes into
communities and controlling their probabilities of likelihood.
The variants include Degree-Corrected SBM (DCSBM) [30]
and Mixed Membership SBM (MMB) [31].

Hierarchical Clustering. This group of methods discover
hierarchical community structures (i.e., dendrogram) in three
ways: divisive, agglomerative and hybrid. The Girvan-
Newman (GN) algorithm finds community structure in a
divisive way by successively removing edges such that a new
community occurs [3], [42]. Fast Modularity (FastQ) [2], [43],
an agglomerative algorithm, gradually merges nodes, each
of which is initially regarded as a community. Community
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Detection Algorithm based on Structural Similarity (CDASS)
[44] jointly applies divisive and agglomerative strategies in a
hybrid way.

Dynamical Methods. Random walks are utilized to detect
communities dynamically. For example, the random walk in
WalkTrap [45] calculates node distances and the probability of
community membership. Information Mapping (InfoMap) [46]
applies the minimal-length encoding. Label Propagation Algo-
rithm (LPA) [47] identifies diffusion communities through an
information propagation mechanism.

Spectral Clustering. The network spectra reflects the commu-
nity structure. Spectral clustering [27] partitions the network
on the normalized Laplacian matrix and the regularized adja-
cency matrix, and fits SBM in the pseudo-likelihood algorithm.
On the spectra of normalized Laplacian matrices, Siemon et al.
[28] integrated communities in macroscopic and microscopic
neural brain networks to obtain clusters.

Density-based Algorithms. Significant clustering algorithms
include Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) [48], Structural Clustering Algorithm for
Networks (SCAN) [49] and Locating Structural Centers for
Community Detection (LCCD) [50]. They identify communi-
ties, hubs and outliers by measuring entities’ density.

Optimizations. Community detection generally maximizes the
likelihood. Modularity (Q) [42] is the most classic optimiza-
tion function following its variant FastQ [2], [43]. Louvain [51]
is another well-known optimization algorithm that employs the
node-moving strategy on optimized modularity. Moreover, the
extensions of greedy optimizations include simulated anneal-
ing [52], extremal optimization [53] and spectral optimization
[54]. Effective in local and global searching [55], the evolu-
tionary optimizations consist of single and multiple objectives.
For example, Multi-Agent Genetic Algorithm (MAGA-Net)
[56] applies a single modularity function. Combo [57] mixes
Normalized Mutual Information (NMI) [58] and Conductance
(CON) [59]. Q, NMI and CON estimate the network partition
quality with details in APPENDIX C.

Why community detection needs deep learning? Capturing
information from connections in a straightforward way may
lead to sub-optimal community detection results. Deep learn-
ing models [60] bring the following additional advantages to
community detection. Thus, deep learning-based community
detection has been a new emerging branch. Its general frame-
work learns lower-dimensional vectors from high-dimensional
data of complex structural relationships [10], [61]-[63]. It,
therefore, enables knowledge discoveries via the state-of-the-
art machine learning and data mining techniques. The frame-
work with representations can further embed non-structural
features, such as node attributes, to increase the knowledge
of community memberships [64]-[66]. Besides, groups of
information from nodes [61], edges [67], neighborhoods [68]
or multi-graphs [69] can be jointly recognized with special
attentions in the deep learning process, leading to effective
community detection results. With the deep learning ability
to big data, more and more large-scale [15], high-sparse [70],

complex structural [71], [72], dynamic [73] networks in real-
world scenarios can be explored. Along with the achievements
in a relatively short time (in Fig. 3), the development of
community detection within the deep learning domain keeps
facing a series of challenges. In this paper, we review accom-
plishments in Sections V-XII, and point out opportunities and
challenges in Section XIII.

IV. A TAXONOMY OF COMMUNITY DETECTION WITH
DEEP LEARNING

This survey proposes a taxonomy for deep community
detection methods according to the iconic characteristics of
the employed deep learning models. The taxonomy summa-
rizes six categories: convolutional networks, Graph Atten-
tion Network (GAT), Generative Adversarial Network (GAN),
Autoencoder (AE), Deep Nonnegative Matrix Factorization
(DNMF) and Deep Sparse Filtering (DSF). In this taxonomy,
convolutional networks include Convolutional Neural Network
(CNN) and Graph Convolutional Network (GCN). They both
contribute convolutions in representing latent features for com-
munity detection. GATs are significant at special attentions to
community signals. The adversarial training process between
the input graph and fake samples in the GAN model is
successfully employed by community detection. On a universal
AE framework, subcategories consist of stacked AE, sparse
AE, denoising AE, graph convolutional AE, graph attention
AE and Variational AE (VAE). The taxonomy structure is
shown in Fig. 2. The following Sections V-X overview each
category of methods, respectively.

V. CONVOLUTIONAL NETWORK-BASED COMMUNITY
DETECTION

Community detection applying convolutional network mod-
els includes Convolutional Neural Networks (CNNs) and
Graph Convolutional Networks (GCNs). CNNs [74] are a
particular class of feed-forward Deep Neural Network (DNN)
proposed for grid-like topology data such as image data, where
convolution layers reduce computational costs and pooling
operators ensure CNN’s robustness in feature representations.
GCNs [75] are proposed for graph-structured data based on
CNNs and performed on the first-order approximation of
spectral filters. The rule of GCNs’ layer-wise propagation is:

H®Y = oD 2 AD 2 HOWW), )

where the latent representations of the [-th layer are preserved
in the matrix H® (HO = X)), through the activation
function o(-) with the layer-specific trainable weight matrix
w®. A=A+ I,, with I,, denoting the identity matrix; and
-Dii = Zj dij where dij € A

A. CNN-based Community Detection

The existing CNN-based community detection methods
implement CNN models with strict data input limitations so
that they need to preprocess for image-formatted and labeled
data (Fig. 4). Techniques below solve particular problems in
community detection with summaries in TABLE IV.
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inter. The preliminary communities are formed by removing inter-community edges and optimized by merging with a measurement such as Modularity Q).

The traditional community detection is an unsupervised
learning task for deep learning models, incomplete topological
structure affects its neighborhood analyzes and reduces the
accuracy of community detection. However, networks in the
real world have limited structural information. To this end, Xin
et al. [8] proposed the first community detection model based
on supervised CNN for Topologically Incomplete Networks
(TINs). The model has two CNN layers with max-pooling
operators for network representation and a fully connected
DNN layer for community detection. The CNN architecture
gradually recovers intact latent features from the rudimental
input. The convolutional layers represent each node’s local
features from different views. The last full connection layer f
updates communities for each node v;:

= o (b + W/h?), ®
where o indicates the sigmoid function, W,gf and bf are
weights and bias of the k-th neuron of, and h;” is the node

representation vector output by the previous two convolutional
layers. The model performs back-propagation to minimize:

£:%Zi”0i*yi“§ 22 Z

where y; denotes a ground truth label vector of node v;, in
which y¥ € {0,1} represents whether v; belongs to the k-th
community or not. The experiments on this model achieve a
community detection accuracy around 80% in TINs with 10%
labeled nodes and the rest unlabeled, indicating that a high-
order neighborhood representation in a range of multiple hops
can improve the community detection accuracy.

To deal with the high sparsity in large-scale social net-
works, the following two methods work on particular sparse
matrices (i.e., non-zero elements of adjacency matrix) for
efficient community detection. Sperli [70] designed a sparse
matrix convolution (SparseConv) into CNN. Santo et al. [76]
further proposed a sparse CNN approach with a SparseConv2D
operator so that the number of operations in the approach are
significantly decreased.

Community Network Local Modularity R (ComNet-R) [77]
is an edge-2-image model for community detection, classifying
edges within and across communities through CNN. ComNet-
R removes inter-community edges to prepare the disconnected

—y)?, 3)

preliminary communities. The optimization process is de-
signed to merge communities based on the local modularity.

B. GCN-based Community Detection

GCNs aggregate node neighborhood’s information in deep
graph convolutional layers to globally capture complex fea-
tures for community detection (Fig. 5). There are two
classes of community detection methods based on GCNs: (1)
supervised/semi-supervised community classification, and (2)
community clustering with unsupervised network representa-
tion. Community classification methods are limited by a lack
of labels in the real world. In comparison, network represen-
tations are more flexible to cluster communities through tech-
niques such as matrix reconstructions and objective optimiza-
tions. TABLE V in APPENDIX A compares the techniques.

GCNs employ a few traditional community detection meth-
ods as deep graph operators, such as SBMs for statistical
inference, Laplacian matrix for spectrum analysis and proba-
bilistic graphical models for belief propagation. For example,
Line Graph Neural Network (LGNN) [78] is a supervised
community detection model, which improves SBMs with
better community detection performance and reduces the com-
putational cost. Integrating the non-backtracking operator with
belief propagation’s message-passing rules, LGNN learns node
represented features in directed networks. The softmax func-
tion identifies conditional probabilities that a node v; belongs
to the community Cy, (0; 1 = p(y; = ¢x|©,G), and minimizes
the cross-entropy loss over all possible permutations Sc of
community labels:

L(0) = min — Z 108 0; 7 (y,)- )

TrGSC

Since GCN is not initially designed for the community
detection task, community structures are not the focus in
learning node embeddings. To meet this gap, a semi-supervised
GCN community detection model, named MRFasGCN, char-
acterizes hidden communities through extending the network-
specific Markov Random Field as a new convolutional layer
(eMRF) which makes MRFasGCN community oriented and
performs a smooth refinement to the coarse results from GCN.
To enable unsupervised community detection, the GCN-based
framework, denoted as SGCN [79], designs a local label
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sampling model to locate the structural centers for community
detection. By integrating the label sampling model with GCN,
SGCN encodes both network topology and node attributes in
the training of each node’s community membership without
any prior label information.

In terms of a probabilistic inference framework, detect-
ing overlapping communities can be solved by a generative
model inferring the community affiliations of nodes. For
example, Neural Overlapping Community Detection (NOCD)
[80] combines the Bernoulli—Poisson (BP) probabilistic model
and a two-layer GCN to learn community affiliation vectors
by minimizing BP’s negative log-likelihood. By setting a
threshold to keep recognizing and removing weak affiliations,
final communities are obtained.

Spectral GCNs represent all latent features from the node’s
neighborhood. The features of neighboring nodes converge to
the same values by repeatedly operating Laplacian smoothing
in deep GCN layers. However, these models lead to an over-
smoothing problem in community detection. To reduce the
negative impact, Graph Convolutional Ladder-shape Networks
(GCLN) [81] is designed as a new GCN architecture for
unsupervised community detection (k-means), which is based
on the U-Net in the CNN field. A contracting path and
an expanding path are built symmetrically in GCLN. The
contextual features captured from the contracting path fuse
with the localized information learned in the expanding path.
The layer-wise propagation follows Eq. (1).

Since different types of connections are generally treated
as plain edges, GCNs represent each type of connection and
aggregate them, leading to redundant representations. Inde-
pendence Promoted Graph Disentangled Network (IPGDN)
[82] distinguishes the neighborhood into different parts and
automatically discovers the nuances of a graph’s independent
latent features to reduce the difficulty in detecting commu-
nities. IPGDN is supported by Hilbert-Schmidt Independence
Criterion (HSIC) regularization [83] in neighborhood routings.

For attributed graphs, community detection by GCNs relies
on both structural information and attributed features, where
neighboring nodes and the nodes with similar features are

likely to cluster in the same community. Therefore, graph
convolutions multiply the above two graph signals and need
to filter out high-frequency noises smoothly. To this end, a
low-pass filter is embedded in Adaptive Graph Convolution
(AGC) [64] with spectral clustering through:

pAg) = (1— 1

§Aq)k, )
where the frequency response function of G denotes p(A) =
diag (p (A1), ,p(\,)) decreasing and nonnegative on all
eigenvalues. AGC convolutionally selects suitable neighbor-
hood hop sizes in k and represents graph features by the k-
order graph convolution as:

X =(I- %Ls)kX, ©)
where L, denotes the symmetrically normalized graph Lapla-
cian on \,. The filter smooths the node embedding X adjust-
ing to k that higher k leads to better filtering performance.
Adaptive Graph Encoder (AGE) [84] is another smoothing
filter model scalable to community detection. AGE adaptively
performs node similarity measurement (S = [s;;]) and t-
stacked Laplacian smoothing filters (X = (I —yL)*X):

/ /
L= Z(ij)ev/ —sijlog(si;) — (1 — sij) log(1 — si5), (1)

where V' denotes balanced training set over positive (similar)
and negative (dissimilar) samples, s;j is the ranked binary
similarity label on node pairs (v;, v;).

A few works make significant contributions to GCN’s filters.
For example, Graph Convolutional Neural Networks with
Cayley Polynomials (CayleyNets) [85], in a spectral graph
convolution architecture, proposes an effective Cayley filter
for high-order approximation on community detection. It spe-
cializes in narrow-band filtering since low frequencies contain
extensive community information for community detection-
aimed representations. Cooperating with the Cayley filter,
CayleyNets involves a mean pooling in spectral convolutional
layers and a semi-supervised softmax classifier on nodes for
community membership prediction.

To capture the global cluster structure for community de-
tection, the Spectral Embedding Network for attributed graph
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differently colored edges between the same node pairs in multiplex networks,
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clustering (SENet) [86] introduces the loss of spectral cluster-
ing into a three-layer GCN’s output layer by minimizing:

L=—te(H®) D 2 KD 2 H®), 8)

where K is a kernel matrix encoding typologies and attributes.

Community Deep Graph Infomax (CommDGTI) [87] jointly
optimizes graph representations and clustering through Mutual
Information (MI) on nodes and communities, and measures
graph modularity for maximization. It applies contrastive
training to obtain better representations, k-means for node
clustering and targets cluster centers. Zhao et al. [88] proposed
a graph debiased contrastive learning which simultaneously
performs representations and clustering so that the clustering
results and discriminative representations are both improved.

VI. GRAPH ATTENTION NETWORK-BASED COMMUNITY
DETECTION

Graph Attention Networks (GATs) [89] aggregate nodes’
features in neighborhoods by trainable weights with attentions:

a+1) _ (1) P (41 ()
h _U(Zjemi)aij w hj), ©)

1) represents the node v;’s representation in the -

where h;
th layer (hz(-o) = x;) and al(é) is the attention coefficient
between v; and v; € N(v;). In community detection (Fig.
6), the attention mechanism contributes to adaptively learning
the importance of each node in a neighborhood. Correlations
between similar nodes are computed close to the ground truth
of community membership, which is inherited in GAT’s repre-
sentations. These attentions filter spatial relations or integrate
metapaths. Therefore, communities in attributed, multiplex,
heterogeneous networks can be easily detected (TABLE VI).
The relations need special attention in deep community
detection models. For example, citations and co-subject rela-
tionships are both significant in clustering papers into research
topics. The multiplex network is constructed by multiple
relation types reflected on edges (i.e., E(")). Each type of
edges is grouped in a layer r. Thus, GATs can pay attentions
to relation types. Deep Graph Infomax for attributed Multiplex
network embedding (DMGI) [61] independently embeds each
relation type and computes network embeddings in maximiz-
ing the globally shared features to detect communities. Its

contrastive learning conducts between the original network and
a corrupted network on each layer through the discriminator.
A consensus regularization is subsequently applied with the
attention coefficient to integrate final embeddings. The benefit
of applying the attention mechanism is to preprocess the less
significant relations by weakening their coefficient, especially
when various types of relations are presented.

Despite the extrinsic supervision signal sharing globally in
multiple relations, DMGI cannot capture the intrinsic signal
into node embeddings where node attributes are considered.
To fill the gap, High-order Deep Multiplex Infomax (HDMI)
[65] is developed to capture both signals and their interactions.
HDMI further designs a fusion module for the node embed-
ding combination over multiplex network layers based on the
semantic attention [90] on community memberships.

Heterogeneous Information Network (HIN) involves diverse
types of nodes V and edges £. Deep community detection over
heterogeneous networks represents heterogeneous typologies
and attributes X'. Metapath Aggregated Graph Neural Network
(MAGNN) [72] offers a superior community detection solution
by multi-informative semantic metapaths which distinguish
heterogeneous structures in graph attention layers. MAGNN
generates node attributes from semantic information. Since
heterogeneous nodes and edges exist in intra- and inter-
metapaths, MAGNN utilizes the attention mechanism in both
of their embeddings by aggregating semantic variances over
nodes and metapaths. Thus, MAGNN reduces the high hetero-
geneity and embeds richer topological and semantic informa-
tion to enhance community detection results. Moreover, HeCo
[91] embeds network schema and metapaths from HINs. A
modified contrastive learning is employed to guide two parts
of embeddings. Sequentially, the attention mechanism acts on
node importance, network heterogeneity and semantic features,
where community detection benefits.

The above two works both use metapaths to facilitate
community detection, but defining meaningful metapaths re-
quires lots of domain knowledge. Thus, Context Path-based
Graph Neural Network (CP-GNN) [92] is built to learn node
embeddings by context paths where attention mechanisms are
exploited to discriminate the importance of different rela-
tionships. The non-predefined context paths are significant in
capturing the high-order relationship for community detection.

VII. GENERATIVE ADVERSARIAL NETWORK-BASED
COMMUNITY DETECTION

Adpversarial training is effective in generative models and
improves discriminative ability. However, it needs to solve
the overfitting problem when applied to community detec-
tion (see Fig. 7 and TABLE VII). Generative Adversarial
Networks (GANs) [93] competitively trains a generator ¢
and a discriminator ¢4 in the adversarial framework. ¢4(x)
represents the probability of input data, while ¢4(z) learns the
generator’s distribution p, via input noise variables p,(z). The
generator fools the discriminator by generating fake samples.
Its objective function is defined as:

minmaxBqp,. . () [log ¢pa(z)]
¢7g ¢d,

+ Eznp. () [log(1 — ¢a(9g(2)))]-

(10)
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Seed Expansion with generative Adversarial Learning
(SEAL) [94] generates seed-aware communities from selected
seed nodes by Graph Pointer Network with incremental up-
dates (iGPN). It consists of four components in the community
level, i.e., generator, discriminator, seed selector and loca-
tor. The discriminator adopts Graph Isomorphism Networks
(GINs) to modify generated communities with the ground
truth of community labels. The locator is designed to provide
regularization signals to the generator, so that irrelevant nodes
in community detection can be eliminated.

To imbalanced communities, Dual-Regularized Graph Con-
volutional Networks (DR-GCN) [95] utilizes a conditional
GAN into the dual-regularized GCN model, ie., a latent
distribution alignment regularization and a class-conditioned
adversarial regularization. The first regularization £ = (1 —
a)Lgen + aly;s; balances the communities by minimizing
the Kullback-Leibler (KL) divergence between majority and
minority community classes Lg;5; guided with a standard
GCN training L.,. The second regularization is designed to
distinguish communities on labeled node representations:

min maX£(¢d> ¢g) = Evi’\‘pdata(”i) log ¢d(Ui|yi)
gL 4

F Eznp. (2 [log(1 — Ga(dg(2]1:)) + Lreg],

where Lreq = X2, cn(v,) [IPo; — Bull2 forces the generated
fake node v} to reconstruct the respective neighborhood rela-
tions (as u ~ v;), y; is the ground truth label of node v;.

Instead of generating only one kind of fake samples,
Jointly Adversarial Network Embedding (JANE) [62] employs
two network information of topology and node attributes to
capture semantic variations from adversarial groups of real
and fake samples. Specifically, JANE represents embeddings
H through a multi-head self-attention encoder ¢., where
Gaussian noises are added for fake features for competition
over the generator ¢, and the discriminator ¢g4:

;nld? II;&XL((f)m ¢e7 ({bg) =

g e d

E(a»w)NPAx [Eh’%%e (-la,x) [IOg ¢d(h7 a, IE)H

12)

log ¢q(¢ec(a,z),a,x)

+]Eh"PH []E(a»w)Nqug (|h) [10g(1 - ¢d(h7 aa (E))]],

log(1—dq(h,pg(h)))

where pax denotes the joint distribution of the topology A
(a € A) and sampled node attributes X (x C X).

The proximity can capture underlying relationships within
communities. However, sparsely connected networks in the
real world do not provide enough edges. Attributes in networks
cannot be measured by proximity. To address these limitations,
Proximity Generative Adversarial Network (ProGAN) [66]
encodes each node’s proximity from a set of instantiated
triplets, so that community relationships are discovered and
preserved in a low-dimensional space.

Community Detection with Generative Adversarial Nets
(CommunityGAN) [96] is proposed for overlapping commu-
nities, which obtains node representation by assigning each
node-community pair a nonnegative factor. Its objective func-
tion optimizes through a motif-level generator ¢4 (-|v;; ©,4) and
discriminator ¢4(+, 04):

H@lin %%XL(Qséﬁ ¢d) = Z(EC/NPM“ue("U'i) [log ¢d(cl7 ed)]
g i (13)

+ Evig, (v vs:04) [108(1 — ¢a(V';04)]),

where O, and O4 unifies all nonnegative representation vector
of node v; in the generator and the discriminator, V' C V
denotes a node subset, C’ represents motifs (i.e., cliques), and
conditional probability py.(C’|v;) describes the preference
distribution of C’ covering v; over all other motifs C’ € C’.

To capture the global structural information, Community-
Aware Network Embedding (CANE) [97] integrates a commu-
nity detection model, i.e. Latent Dirichlet Allocation (LDA),
into the adversarial node representation process:

min max L (g, $a) =

> (Eumpre olos) 108 Ga(v, vi; ©a) + Py (v]03)]

i

(14)

+ Eongy(wlvi:04) 108(1 = ¢a(v, vi; ©a) — Py (vlvi)]),

where Py (v|v;) indicates the community similarity between
a node v; and the node sample v, ¢q4(v|v;;©4) outputs the
node connectivity distribution. In turn, the representations
characterize the community property.

Network Embedding and overlapping Community detection
with Adversarial learning (ACNE) [98] further generates nega-
tive communities as fake samples to learn distinguished com-
munity representation. ACNE utilizes walking strategy with
perception to assist sampling of overlapping communities for
nodes and exploits the discriminator to jointly map the node
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layer and (b)-(g) AE-based community detection processes for each type of graph: (a) The input can be one of the graphs. They have topology and attributes

information which are represented by the adjacency matrix A (D-®, ®), node
(®). More than one AE can be included that each AE embeds a part of input

attribute vectors X (@, ®), node similarity matrix S (®) and metapaths &

. Two optional work flows representively output node embeddings H, and

community membership matrix H. for community detection results (i.e., the AE output layer). (b) Inputting typologies A, the AE outputs node embeddings
H, by minimizing the reconstruction loss L, (solid arrows) or outputs the community membership matrix H. by further minimizing the clustering loss
over P and @ distributions which measures node’s probability in a community (dashed arrows). The community prior information for £(O, H) (dashed
arrows) or the sparse penalty for Q(p|| > h;/n) (dashed arrows) optionally guides AE learning upon hidden layer embeddings h; € H. (c) Aiming at H,
or H,, typologies A and node attributes X are respectively represented by AE1 and AE2 (solid arrows). Their embeddings H o and H x are aggregated

by minimizing the consistency loss. Otherwise (dashed arrows), an AE embeds

all input over (A, X). (d) The ¢-th snapshot Ay in the dynamic graph is

represented for the node embeddings H ;). The temporal smoothness regularization optimizes H ;) over the previous snapshot’s embeddings. O is optionally
employed. (e) Two AEs respectively represent similarity matrices from the source and target domains into Hs and H; where Hs guides AE2’s training and
node embeddings of the target graph H is outputted. (f) Each metapath is represented in an AE with the input feature vectors {@;¢} denoting the meta
proximity p; € P between node v; in the metapath ®. All metapaths’ embeddings are aggregated for H,, in the fully connected layer in these stacked AEs.
(g) Attributes in each view are input with A into an AE where node embeddings in different views are optimized by the clustering loss.

and community membership embeddings, so as to preserve the
correlation of node-community in representations.

VIII. AUTOENCODER-BASED COMMUNITY DETECTION

Autoencoders (AEs) are most commonly used in commu-
nity detection as its unsupervised setting, including stacked

AE, sparse AE, denoising AE, convolutional AE and Varia-
tional AE (VAE). AEs can depict nonlinear, noisy real-world
networks and represent communities from rich information
through reconstruction. A general framework for AE [99]
is formed by an encoder H = ¢.(A,X) and decoder
A = ¢.(H) or X = ¢,(H). The encoder ¢, maps a high-
dimensional network structure A and possible attributes X
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into a low-dimensional latent feature space H. The decoder ¢,
reconstructs a decoded network from encoder’s representations
H that A and X inherits preferred information in A and X.
A loss function L(z, ¢, (¢e(x))) is designed to maximize the
likelihood between source data « and decoded data ¢,-(¢(x)).
Fig. 8 shows how AEs are generally applied in community
detection, and TABLE VIII compares the techniques.

A. Stacked AE-based Community Detection

Compared to a single AE, a group of stacked AEs developed
in deep hidden layers can better embed high-dimensional
community features with representing each encoder in the
stack individually representing one type of input data. In this
architecture, stacked AEs represent multi-level and dynamic
information to flexibly support wide community detection
implementations [100].

Semi-supervised Nonlinear Reconstruction Algorithm with
DNN (semi-DRN) [63] designs a stacked AE into a commu-
nity detection model, where a modularity matrix learns the
nonlinear node representations in AEs and k-means obtains
final community structure. Given an edge between nodes v;
and v; in the adjacency matrix A = [a;;], the modularity [101]
bij = a;; — ’Z:j in the modularity matrix B is optimized
for maximization. Encoding the node pairwise similarities
(community membership) based on node representations, a
pairwise constraint matrix O = [o; ; € {0, 1}] is, meanwhile,
defined to provide a prior knowledge that nodes v; and v;
belong to the same community (0; ; = 1) or not (0; ; = 0).
Thus, semi-DRN is optimized by minimizing the loss function:

L =L(B,B)+\(0,H), (15)

where B represents the reconstructed B over stacked repre-
sentations by a series of AEs, A denotes an adjusting weight
between the AE reconstruction loss £(B, B) and the pairwise
constraints £(O, H), and £(O, H) measures each pair of
community membership o;; and latent representations (h;, h,)
within stacked AEs.

Similarly, Deep Network Embedding with Structural Bal-
ance Preservation (DNE-SBP) [67] incorporates the adjusting
weight on pairwise constraints for signed networks so that
the stacked AE clusters the closest nodes distinguished by
positive and negative connections. Unified Weight-free Multi-
component Network Embedding (UWMNE) and its variant
with Local Enhancement (WMCNE-LE) [102] preserve com-
munity properties from network topology and semantic infor-
mation and integrate the diverse information in deep AE from
a local network structure perspective.

To discover ¢ time-varying community structure, Semi-
supervised Evolutionary Autoencoder (SE-Autoencoder) [73]
is developed within an evolutionary clustering framework,
assuming community structures at previous time steps succes-
sively guide the detection at the current time step. To this end,
sE-Autoencoder adds a temporal smoothness regularization
L(H ), H—1y) for minimization [63] in:

L= L(Sw),81)+A(0, Hiy)+(1—NL(H 4y, Hy—1y), (16)

where reconstruction error L(S(t), S'(t)) minimizes the loss
between the similarity matrix S and reconstructed matrix

S(t) at the time step ¢, and the parameter A controls the node
pairwise constraint £(O, H ;) and the temporal smoothness
regularization over time ¢-th graph representation H ).

To attributed networks, Deep Attributed Network Embed-
ding (DANE) [103] develops a two-branch AE framework:
one branch maps the highly nonlinear network structure to the
low-dimensional feature space, and the other collaboratively
learns node attributes. As similar nodes are more likely to be
clustered in the same community, DANE measures these simi-
larities by a series of proximity regarding network topological
and attribute information in the representation learning, where
optimizations are applied on reconstruction losses at first-
order proximity L, higher-order proximity £ and semantic
proximity L, and a negative log likelihood control L. for a
consistent and complementary representation.

To solve the problem of shifted distributions, imbalanced
features or a lack of data, Transfer Learning-inspired Commu-
nity Detection with Deep Transitive Autoencoder (Transfer-
CDDTA) [104] uses the transfer learning framework and
modifies it to the unsupervised community detection task.
On the source and target domains, Transfer-CDDTA balances
stacked AEs via KL divergence while learning node embed-
dings. Aiming to map community information into one smooth
feature space, CDDTA separates the input adjacency matrix
A into a source domain s and a target domain ¢ by similarity
matrices S and \S; to keep node pairwise similarity values for
each stacked AE. Transfer-CDDTA then incorporates domain-
independent features into the following minimization:

L= L(Ss,8:)+Li(Se,8) +aKL(H,, Hy) + BL(O;7), (17)

where a, 3, v are trade-off parameters, £, and £, denote re-
construction losses of source and target domains, K I smooths
the KL divergence on encoded features (Hg, H;) across
two domains, and £(©) is a regularization term on trainable
variables to reduce overfitting in the optimization.

Deep allgned autoencoder-based eMbEdding (DIME) [105]
stacks AEs for the multiple aligned structures in heterogeneous
social networks. It employs metapaths to represent different
relations (heterogeneous links denoting .4;; which represents
anchor links between multiple aligned network G; and G;) and
various attribute information X = {X;}. Correspondingly, a
set of meta proximity measurements are developed for each
meta path and embed the close nodes to a close area in the low-
dimensional latent feature space. The relatively close region
reflects communities going to be detected.

B. Sparse AE-based Community Detection

The sparsity commonly exists in real-world networks and
causes computational difficulties in community detection al-
gorithms. To solve these issues, sparse AEs [106] introduce a
sparsity penalty £2(h) in hidden layers h. The reconstruction
loss function is as follows:

L@, ¢r(de(2))) + Qh).

Autoencoder-based Graph Clustering Model (GraphEn-
coder) [107] is the first work that uses AE for graph clustering.

(18)
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It processes the sparsity by a sparsity term as a part of the
following loss function:

£0) =Y Ids — willa + 62l 3 h),

where the weight parameter S controls the sparsity penalty
Q(:]|-) over a configuration value p (a small constraint such
as 0.01) and the average of hidden layers’ activation values.
GraphEncoder improves the clustering efficiency of large-scale
networks and proves that sparse networks can provide enough
structural information for representations. A Weighted Com-
munity Detection model (WCD) [108] is further developed for
weighted networks by sparse AE in second-order neighbors.

Deep Learning-based Fuzzy Clustering Model (DFuzzy)
[109] is proposed for detecting overlapping communities in
sparse large-scale networks within a parallel processing frame-
work. DFuzzy introduces a stacked sparse AE targeting head
nodes to evolve overlapping and disjoint communities based
on modularity measurements. DFuzzy performs 63% (Q) and
34% (CON) higher than non-deep learning baselines.

Community Detection Method via Ensemble Clustering
(CDMEQC) [110] combines sparse AEs with a transfer learn-
ing model to discover more valuable information from local
network structures. To this end, CDMEC constructs four
similarity matrices and employs transfer learning to share
local information via AEs’ parameters. A consensus matrix is
applied to aggregate community detection results, individually
produced by four similarity matrices and supported by k-
means. The final communities are globally determined based
on the factorization of the consensus matrix.

19)

C. Denoising AE-based Community Detection

The denoising process, subtracting noises within DNN
layers, can effectively enhance models’ robustness. Denoising
AEs [111] minimize the reconstruction loss between the input
x and AE features upon corrupt x:

L(@, pr(Pe(@)))-

Deep Neural Networks for Graph Representation (DNGR)
[112] applies stacked denoising encoder to increase the ro-
bustness of capturing the local structural information when
detecting communities. Specifically, it generates a probabilistic
co-occurrence matrix and a shifted positive pointwise MI
matrix by randomly walking over communities. A Deep
Neural network-based Clustering-oriented network network
embedding (DNC) [113] is the extension of DNGR which
joint learns node embeddings and cluster assignments.

To corrupted node attributes, Graph Clustering with dy-
namic Embedding (GRACE) [68] focuses on the dynamically
changing inter-community activities via a self-training cluster-
ing guided by the influence propagation within neighborhoods.

Marginalized Graph AutoEncoder (MGAE) [111] denoises
both graph attributes and structures to improve community
detection through the marginalization process. It obtains the
corrupted attributes X in 7 times by randomly removing some
attributes. The objective function in MGAE training is:

(20)

) o
L— ZZ; IX —D 2 AD :XW||2 + AL(W),

@n

where £(W) denotes a regularization term on AE’s parame-
ters W with a coeffcient \.

D. Graph Convolutional AE-based Community Detection

It is a great success to introduce GCNs into AEs: GCNs pro-
vide by neighborhood aggregation over community representa-
tions, and AEs alleviate the over-smoothing issue in GCNs to
clarify community boundaries. For example, Structural Deep
Clustering Network (SDCN) [114] designs a delivery operator
to connect AE and GCN in DNN layers for the structure-aware
representations. When SDCN integrates the structural informa-
tion into deep clustering, it updates communities by applying
a dual self-supervised optimization in backpropagation.

GCN-based approach for Unsupervised Community Detec-
tion (GUCD) [115] employs the semi-supervised MRF [10]
as the encoder in the convolutional layer and proposes a
community-centric dual decoder to identify communities in
attributed networks. The dual decoder reconstructs the network
topology and node attributes.

One2Multi Graph Autoencoder for Multi-view Graph Clus-
tering (O2MAC) [069] deals with the multi-view graph by
dividing it into multiple one-view graphs and assigning each
with an AE, named One2Multi. In the encoder, a GCN is
applied to embed a set of view-separated graphs. Decoders
respectively for one-view graphs select the most informative
graph to represent the multi-view graph. O2MAC significantly
captures shared features among multi-view graphs and im-
proves clustering results through a self-training optimization.

E. Graph Attention AE-based Community Detection

Instead of integrating GCNs, this community detection
category applies GATs into AEs, in which a GAT is employed
as the encoder to rank the importance of nodes within a neigh-
borhood. For example, Deep Attentional Embedded Graph
Clustering (DAEGC) [116] exploits high-order neighbors to
cluster communities under self-training. Graph Embedding
Clustering with Cluster-Specificity Distribution (GEC-CSD)
[117] utilizes graph attention AE as a generator to learn the
distinguished community representations in the framework of
adversarial learning integrating self-training, where discrimi-
nator can make sure the diversity of cluster distributions.

Considering multi-view attributes in networks, Multi-View
Attribute Graph Convolution Networks (MAGCN) [118] de-
signs a two-pathway encoder: the first pathway encodes with
a multi-view attribute GAT capable of denoising, and the
second pathway develops a encoder to obtain consistent em-
beddings over multi-view attributes. Thus, noises and distri-
bution variances are removed for community detection. Self-
supervised Graph Convolutional network for Multi-view Clus-
tering (SGCMC) [119] is developed from MAGCN through
sharing a coefficient matrix in different views.

Deep Multi-Graph Clustering (DMGC) [120] introduces
AEs to represent each graph with an attention coefficient
that node embeddings of multiple graphs cluster cross-graph
centroids to obtain communities on Cauthy distribution.
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F. VAE-based Community Detection

Variational AutoEncoder (VAE) is an extension of AEs
based on variational inference (e.g., mean and covariance of
features) [121]. It is first introduced into the graph learning
field by Variational Graph AutoEncoder (VGAE) [122] as-
suming prior distribution and applying GCN as the encoder,
through which the learned representation Z is a latent dis-
tribution. Community detection based on VAEs is activated
by algorithms such as SBM, to fast inference community
memberships in node representations [123]. The inference
process considers the uncertainty of the network [124], [125],
e.g., community contradiction between neighbors of bound-
ary nodes connecting multiple communities. VAEs are also
required to handle sparsity in detecting communities. Mean-
while, VAEs easily incorporate deeper nonlinear relationship
information. For example, Triad (Variational) Graph Autoen-
coder (TGA/TVGA) [126] replaces VAE/VGAE’s decoder
with a new triad decoder, which describes a real-world existing
triadic closure property in communities.

Variational Graph Embedding and Clustering with Lapla-
cian Eigenmaps (VGECLE) [124] divides the graph repre-
sentation into mean and covariance while generatively de-
tecting communities, indicating each node’s uncertainty of
implicit relationships to its actual geographic position. With
a Mixture-of-Gaussian prior and a Teacher-Student (T-S) as
regularization, VGECLE aims to let the node v; (student) learn
a distribution close to its neighbors’ (teacher).

Deep Generative Latent Feature Relational Model (DGL-
FRM) [123] and Ladder Gamma Variational Autoencoder
for Graphs (LGVG) [127] further capture the community
membership strength on each node. DGLFRM models the
sparse node embeddings by a Beta-Bernoulli process which
can detect overlapping communities and infer the number of
communities. LGVG is devised to learn the multi-layered and
gamma-distributed embeddings so that it detects communities
from fine-grained and coarse-grained granularities.

To capture the higher-order structural features of communi-
ties, Variational Graph Autoencoder for Community Detection
(VGAECD) [125] employs a Gaussian Mixture Model (GMM)
to generalize the network generation process via bringing in a
parameter of community assignments. VGAECD defines the
joint probability of generative process, it can be detailed as:

pla, z,¢) = p(a|z)p(z|e)p(c), (22)

where p(c) = 7. denotes the prior probability of community
C., p(z|c) is calculated from the Gaussain distribution corre-
sponding to community C, with the mean p. and the standard
deviation o, from a GCN layer (i.e., 2 ~ N (1., 021I)), and a
with the posterior (reconstruction) probability p(a|z) is sam-
pled from the multivariate Bernoulli distribution parametrized
by p. that is learned from the decoder on z. The variational
distribution can be obtained by the overall loss function as:

Lerso(®) = Eq(zjz,0) [log p(2, a|2)] — K L[g(c|z)||p(c[2)], (23)

where the first term calculates reconstruction loss, and KL
divergence minimizes the clustering loss. The evidence lower
bound (ELBO) is maximized to optimize the function.

The training progress of VGAECD reveals a favoured
treatment for minimizing the reconstruction loss over the
community loss, which leads to a sub-optimal community de-
tection result. To resolve it, Optimizing Variational Graph Au-
toencoder for Community Detection (VGAECD-OPT) [124]
proposes a dual optimization to learn the community-aware
latent representation, the ELBO maximization becomes:

LeLo(a) = Eq(z,cla)[logp(alz)] — K L[g(z, cla)||lp(z, c)]. (24)

To the sparsity and noises in the real world, Adversari-
ally Regularized Variational Graph AutoEncoder (ARVGA)
[128] embeds the latent representations Z based on the prior
distribution p, under the adversarial AE framework. Z is
represented by a variational graph encoder aiming at a robust
community detection. Meanwhile, a special discriminator ¢4
is designed to decide adversarially on p, guided embeddings
Z and encodings on real samples ¢4(X, A):

min maxk. .y, log ¢a(Z)]

+ Earp(a)[l0g(1 — da(dy(X, A)))].

(25)

IX. DEEP NONNEGATIVE MATRIX FACTORIZATION-BASED
COMMUNITY DETECTION

In the network embedding domain, Nonnegative Matrix
Factorization (NMF) [129] is a particular technique factor-
izing an adjacency matrix A into two nonnegative matrices
(U € R™* and P € R¥*™) with the nonnegative constraints
that U > 0 and P > 0. The matrix U corresponds to
the mapping between the given network and the community
membership space. Each column in the matrix P = [p;;]
indicates the a community membership for each node (v;, C;)
in the probability of p;;. NMF is applicable for disjoint
and overlapping community detection. While real-world net-
works contain complicated topology information, the tradi-
tional NMF cannot fully uncover them to detect communities.
Deep NMF (DNMF) [130] stacks multiple layers of NMF
{U1,---,U,} to capture pairwise node similarities in various
levels/aspects, like deep layers in GCN and AE.

In the community detection field, Deep Autoencoder-like
Nonnegative Matrix Fatorization (DANMF) [131] is the in-
fluential model in an unsupervised learning setting. In con-
trast with the conventional NMF-based community detection
mapping simple community membership, DANMF employs
the AE framework to make network reconstruction on hi-
erarchical mappings. The learning objective of community
membership P, and the hierarchical mappings {U,}} are
trained by combining reconstruction losses and a A weighted
graph regularization:

min L(P,,U;) =||A-U; -+ UPPLDH%“
P,.U;

+|P,—UT - . UTA|% + Mr(P,LPT)y  (20)
st. P,>0,U; >0,Vi=1,---,p
where || - || denotes the Frobenius norm, L represents the

graph Laplacian matrix, and graph regularization focuses
on the network topological similarity to cluster neighboring
nodes. A further work [132] adds a sparsity constraint into
the above DNMF-based community detection.
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Although DNMF provides a solution to map multiple factors
in forming communities, the computational cost is relatively
high on matrix factorizations. To address this issue, Mod-
ularized Deep Nonnegative Matrix Factorization (MDNMF)
[133] applies modularity (details in Eq. (36)) directly into a
basic multi-layer deep learning structure targeting community
detection. The node membership in communities P, can be
reached by minimizing the objective function below:

L=|A-Ui---UpPi +a|M - P K"||%

— Btr(M'" BM') + Mr(P,LP)) :
s.t. P,>0,U; >0,Vi=1,...,p

27

where B and M’ are modularity matrix and the corresponding
community membership matrix, K is an extra nonnegative
matrix combining modularity information so that DNMF can
explore the hidden features of network topology.

X. DEEP SPARSE FILTERING-BASED COMMUNITY
DETECTION

Sparse Filtering (SF) [134] is a two-layer learning model
capable of handling high-dimensional graph data. The high
sparse input A with many O elements is represented into
lower-dimensional feature vectors h; with non-zero values. To
explore deeper information such as community membership,
Deep SF (DSF) stacks multiple hidden layers to finetune
hyperparameters © and extensively smooth data distributions

As a representative method, Community Discovery based on
Deep Sparse Filtering (DSFCD) [135] is developed on three
phases: network representation, community feature mapping
and community discovery. The network representation phase
performs on the adjacency matrix A, modularity matrix B
and two similarity matrices S and S’, respectively. The best
representation is selected to input into the DSF for community
feature mapping represented on each node h;. Meanwhile, h;
preserves the node similarity in the original network A and
latent community membership features. The node similarity is
modeled in the loss function:

czzi |\hi|\1+/\ZiKL(hi,h;)7 (28)

where || - ||; is the L; norm penalty to optimize sparseness,
h’ denotes the representation of the most similar node to
v; by measuring distances through KL divergence. When the
learning process is optimized on the minimized loss, similar
nodes are clustered into communities. The DSF architecture
is investigated to be significant in experiments on real-world
data sets. DSFCD discovers communities in higher accuracy
than SF.

XI. PUBLISHED RESOURCES

From surveyed literature in Sections V-X, the popular and
available benchmark data sets, evaluation metrics and open-
source implementations are summarized in this section with
details in APPENDIX B-D.

A. Data Sets

Both real-world data sets and synthetic data sets are pop-
ularly published. Real-world data sets in community de-
tection experiments are collected from real-world applica-
tions, which test performances of proposed methods from
the real applicable aspect. Synthetic data sets are generated
by specific models on manually designed rules, and partic-
ular functions can be tested by these data sets. The state-
of-the-art popular real-world data sets can be categorized
into citation/co-authorship networks, social networks (online
and offline), webpage networks and product co-purchasing
networks. The typical data sets covering various network
shapes (i.e., unattributed, attributed, multi-view, signed, het-
erogeneous and dynamic) are summarized in TABLE IX.
The related description is detailed in APPENDIX B (Real-
world Data Sets). Girvan-Newman (GN) networks [3] and
Lancichinetti—-Fortunato—Radicchi (LFR) networks [137] are
two widely applied synthetic benchmarks, described in AP-
PENDIX B (Synthetic Benchmark Data Sets).

B. Evaluation Metrics

This section summarizes twelve most popular and com-
monly applied evaluation metrics from the reviewed deep
community detection literature (details in APPENDIX C).
Evaluations on detection performances vary in community
types (i.e., disjoint or overlapping) and ground truth (i.e.,
available or lacking). We summarize ‘“Publications” by metrics
in TABLE II over “Overlap” and “Ground Truth”.

C. Open-source Implementations

The open-source implementations are summarized by tool,
category, repository link in TABLE III. The majority of
implementations are under Python 3.x, including PyTorch,
TensorFlow and Keras. There are a few implementations that
use Matlab. Each implementation project is briefly described
and organized by implementation tools and deep learning
models in APPENDIX D.

XII. PRACTICAL APPLICATIONS

Community detection has many applications across different
tasks and domains, as summarized in Fig. 9. We now detail
some typical applications in the following areas.

Recommendation Systems. Community structure plays a vital
role for graph-based recommendation systems [138], [139],
as the community members may have similar interests and
preferences. By detecting relations between nodes (i.e., users—
users, items—tems, users—items), models such as CayleyNets
[85] and UWMNE/WMCNE-LE [102] produce high-quality
recommendations.

Biochemistry. In this field, nodes represent proteins or atoms
in compound and molecule graphs, while edges denote their
interactions. Community detection can identify complexes
of new proteins [8], [107] and chemical compounds which
are functional in regional organs (e.g., in brain [140]) or
pathogenic factor of a disease (e.g., community-based lung
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TABLE II: Summary of commonly used evaluation metrics in community detection.

Metrics Overlap Ground Truth Publications
[10], [62]; [641; [661; [691; 701, [791; [811; [821; [S41=[881; [95], [102], [103], [111], [113]=[120],
ACC v e [124]-[126], [128], [131], [133], [136]
NMI % [81, [10], [61]-[64], [66], [72], [73], [77], [791-[82], [84], [86]-[88], [92], [95], [96], [102], [104], [107],
Yes [110]=[113], [117], [119]
Overlapping-NMI v [651, [691, [911, [1141=[1161, [118], [1201, [1251], [1261, [1281, [1311, [1331, [136]
Precision v Yes [81, [621, [817, [821; [951; [111]; [1261; [128]
Recall v Yes [111]
F1-Score v Yes [61], [62], [64], [68], [69], [76], [77], [811, [82], [87], [92], [94]1-[96], [111], [114], [116], [126], [128]
ARI v Yes [62], [69], [72], [81], [82], [84], [86]-[88], [O1], [92], [111], [113], [114], [116]-[119], [126], [128], [131]
(0] X No [72]1, [104], [TO8]-[110], [125], [126]
Extended-Q v [9%]
Jaccard v Yes [8], [68], [94]
CON v No [97], [125], [136]
TPR v No [125], [136]

“Overlap” indicates whether the metric can evaluate the overlapping community that is defined in Section II.
“Ground Truth” indicates whether the actual community structure of the network is required.

TABLE III: Summary of open-source implementations.

Category Tool Method URL
AGE [84] https://github.com/thunlp/AGE
PyTorch LGNN [78] https://github.com/zhengdao-chen/GNN4CD
GCN NOCD [30] https://github.com/shchur/overlapping-community-detection
TensorFlow AGC [64] https://github.com/karenlatong/ AGC-master
CayleyNet [55] https://github.com/amoliu/CayleyNet
CP-GNN [92] https://github.com/RManLuo/CP-GNN
DMGI [61] https://github.com/pcy 1302/DMGI
GAT PyTorch MAGNN [72] https://github.com/cynricfu/MAGNN
HDMI [65] https://github.com/baoyujing/HDMI
HeCo [91] https://github.com/liun-online/HeCo
PyTorch SEAL [94] https://github.com/yzhang1918/kdd2020seal
GAN TensorFlow CommunityGAN [96] https://github.com/SamJia/CommunityGAN
TensorFlow DANE [103] https://github.com/gaoghc/DANE
DIME [105] http://www.ifmlab.org/files/code/Aligned- Autoencoder.zip
Stacked AE https://github.com/shenxiaocam/Deep-network-embedding-for-
DNE-SBP [67] . S
Matlab graph-representation-learning-in-signed-networks
semi-DRN [63] http://yangliang.github.io/code/DC.zip
Sparse AE PyTorch GraphEncoder [107] https://github.com/zepx/graphencoder
.. Keras DNGR [112] https://github.com/MdAsifKhan/DNGR-Keras
Denoising
AE Matlab MGAE [111] https://github.com/FakeTibbers/MGAE
Graph Convolutional PyTorch SDCN [114] https://github.com/bdy9527/SDCN
AE TensorFlow O2MAC [6Y] https://github.com/songzuolong/WWW2020-O2MAC
Graph Attention TensorFlow DMGC [120] https://github.com/flyingdoog/DMGC
AE SGCMC [119] https://github.com/xdweixia/SGCMC
Variational TensorFlow ARGA/ARVGA [128] https://github.com/Ruiqi-Hu/ARGA
AE DGLFRM [123] https://github.com/nikhil-dce/SBM-meet-GNN

cancer detection [!41]). To various tumor types on genomic
data sets, the previous study [142] shows relevances between
communities’ survival rates and distributions of tumor types
over communities.

Online Social Networks. Analyzing online social activities
can identify online communities and correlate them in the real
world. The practice on online social networks [3] such as Twit-
ter, LinkedIn and Facebook reveals similar interests among
online users that individual preferences can be automatically
provided. Meanwhile, community detection can be used for
online privacy [143] and to identify criminals based on online
social behaviors [144], who support and diffuse criminal ideas

and even who may practice terrorism activities [145].

Community Deception. To hide from the community detec-
tion, community deception [146] covers a group of users in
social networks such as Facebook. Deception is either harmful
to virtual communities or harmless that provides justifiable
benefits. From community-based structural entropy, Residual
Entropy Minimization (REM) effectively nullify community
detection algorithms [147]. A systematic evaluation [148] on
community detection robustness to deception is carried out in
large networks.

Community Search. Community search aims to queue up a
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Fig. 9: Practical applications of community detection.

series of nodes dependent on communities [|5]. For example,
a user (node) search on interests (communities) after another
user (node). To this end, communities are formed temporally
based on the user’s interest. There are several practices applied
in this scenario. Local community search [14] assumes one
query node at a time and expands the search space around it.
The strategy is attempted repeatedly until the community finds
all its members. Attributed Truss Communities (ATC) [149]
interconnects communities on query nodes with similar query
node attributes.

XIII. FUTURE DIRECTIONS

Although deep learning has brought community detection
into a prospering era, several open issues need further investi-
gation. In this section, we recommend twelve future directions.

A. An Unknown Number of Communities

For community detection in real-world scenario, the ma-
jority of data are unlabeled due to the high-cost acquisition,
therefore the number of communities K is often unknown.
Unsupervised detection methods in deep learning provides
an effective way to handle such unknown scenario, but they
generally need to specify K as the prior knowledge. This
phenomenon brings us a catch-22: approaches require prior
knowledge which does not exist. Therefore, there is an urgent
demand to handle the unknown community number issue.

Opportunities: Analysis of network topological structure of-
fers a potential solution to tackle this challenge, and some
research efforts have been made [109]. Typically, these meth-
ods perform random walks to get preliminary communities
and refine the detection results by modularity. Nevertheless,
when they come to disconnected networks in practice, random
walks cannot involve every node and degrade the detection
performance. This open issue, therefore, calls for a complete
solution and further research.

B. Community Embedding

Node embedding methods traditionally preserve nodes’
neighborhood information, in which structural information
of communities are ignored [150]. To this end, designing

community-aware learning processes to characterize commu-
nity information can improve the accuracy of community
detection [151].

Opportunities: To date, few works integrate the community
embedding into a deep learning model, so more efforts are
desired for this promising area. In general, as community
embedding that learns representations on each community
increases computational cost, future work needs to develop fast
computation-aimed algorithms. Furthermore, the optimization
mechanism to hyperparameters in the community embedding
needs a new design so that deep community detection can
meet the expectation.

C. Hierarchical Networks

Networks such as the Web often show a treelike hierarchical
organization of communities in different scales, in which small
communities in lower levels group together to form larger ones
in higher levels. Hence, community detection is required to
detect communities from low to high levels.

Opportunities: Traditional methods generally follow one of
three work lines: (1) estimating the hierarchy directly, (2)
recursively merging communities in a bottom-up fashion, and
(3) recursively splitting communities in a top-down fashion.
Their performance is limited by either a large number of
parameters or the requirements for network density [152].
Network embedding shows the efficiency to these issues [71],
[153]. However, preserving the community hierarchy into the
embeddings remains unsolved [153]. With the advancement
of high-order relationship representations, we believe deep
learning models can facilitate the development of hierarchical
community detection.

D. Multi-layer Networks

Realistic systems always possess the nature of multiple
layers. To exhibit this property, the multi-layer network is
extracted. It is composed of multiple interdependent graphs,
called layers, where each layer represents a different type of
interactions among entities, and the cross-layer links reflect
dependencies among entities [|54]. In the multi-layer social
networks, for example, nodes can be individuals, the intralayer
connections of each layer can represent friendship, kinship,
or schoolmates, etc., while the interlayer connections align
the same individuals [5]. Thus, community detection in such
networks can leverage more information to benefit the results.

Opportunities: In contrast with the prosperity of community
detection works in single-layer networks, the development
of research on multi-layer networks is still in its infancy
[155]. A straightforward process is fusing information of
multi-layer networks into one layer, followed by monolayer
community detection methods. In deep learning architecture,
a similar solution is to flatten the multi-layer information in
low dimensional representations with the following general
open issues: (1) differences among the interaction types, (2)
varying levels of sparsity in layers, (3) possible connections
across layers, and (4) the scalability scheme of layers.
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E. Heterogeneous Networks

For an accurate depiction of reality, networks are required
to involve heterogeneous information [156] that characterizes
relationships between different types of entities, such as the
role-play relation between actors and movies. Since commu-
nity detection methods designed for homogeneous networks
cannot be directly employed, due to lack of capacity to model
the complex structural and semantic information, community
detection research on heterogeneous networks is challenging.

Opportunities: Metapath is a promising research effort to
deal with diverse semantic information, which describes a
composite relation between the node types involved. It allows
deep models to represent nodes by aggregating information
from the first-order structure with different metapaths and
measuring node similarity to cluster communities [72], [105],
[157]. However, the selection of most meaningful metapaths
remains an open problem. The future efforts should focus on a
flexible schema for metapath selection and novel models that
can exploit various types of relationships.

F. Network Heterophily

Network heterophily [158] can be interpreted as a phe-
nomenon that connected nodes belong to different commu-
nities or characterized by dissimilar features. For example,
fraudsters intentionally make a connection with normal users
to hide from being discovered. For community detection,
boundary nodes connected across communities comply with
this property. It is significant to capture network heterophily
providing valuable information on community division.

Opportunities: Since most methods heavily rely on ho-
mophily, they assume connected nodes share more similarities
and are more likely from the same community. Deep learning
methods that exploit network heterophily are expected for
better community detection performance.

G. Topologically Incomplete Networks

Relationships in real-world scenarios are not always avail-
able, which leads to incomplete network topology and isolated
subgraphs [8]. For example, protein-protein interaction (PPI)
networks are usually incomplete since monitoring all protein-
protein interactions are expensive [159]. Deriving meaningful
knowledge of communities from limited topology information
has been crucial to this case.

Opportunities: The requirement of complete network topol-
ogy reduces the applicability of community detection methods,
especially those based on neighborhood aggregations. To this
end, deep learning methods should be further developed with
an information recovery mechanism to achieve accurate com-
munity detection on TINs.

H. Cross-domain Networks

In the real world, there are many similar networks such
as Facebook and Twitter. Each network has its independent
domain. Borrowing knowledge from an information-rich do-
main benefits the network learning in the target domain [160].

Therefore, community detection is encouraged to develop its
own deep learning models to improve detection results [104].

Opportunities: Through community adaptations, the latent
representation transferring from the source to the target do-
main faces the following challenges: (1) a lack of explicit
community structure, (2) node label shortages, (3) missing
a community’s ground truth, (4) poor representation perfor-
mance caused by the inferior network structure, and (5) deep
learning with small-scale networks. The future methods aim
to measure cross-domain coefficiency, distribution shifts, and
control computational costs.

1. Attributed Multi-view Networks

Real-world networks are complex and contain distinctively
featured data [161]. Attributed multi-view networks provide
a new way to describe relational information in multiple
informative views, each containing a type of attributes [162].
Communities are initially detected on each single-view net-
work and deeply encoded over multiple views in an expensive
way. Hence, cheap community detection methods are aimed
to exploit the multi-view complementarity [163].

Opportunities: A straightforward workflow is to combine
representations learned separately from each view, but it
may cause noises and redundancy, which worsens community
detection results. To develop an integrated framework, deep
learning tries to extract the consistency information among
multiple views by learning a common clustering embedding
for community detection [118]. Since multi-view node at-
tributes still require better integration scheme in the learning
process, future works on networks with multi-view attributes
need to develop a suitable integration scheme in the learning
process. Meanwhile, more works are encouraged to study the
under-explored issue of global representation for community
detection over multi-views to avoid sub-optimization.

J. Signed Networks

It has been increasingly noticed that not all occurring
connections get entities close. Generally, friendship indicates
the positive sentiment (e.g., like and support), while foes
express the negative attitude (e.g., dislike). These distinctions
are reflected on network edges, called signed edges and signed
networks [164]. As impacts of positive and negative ties are
different, existing community detection methods working on
unsigned networks are not applicable to signed networks.

Opportunities: To conduct community detection in signed
network, the main challenges lie in adapting negative ties.
Deep learning techniques should be exploited to represent both
ties. Negative ties offer distinguishing community knowledge
in learning signed network embeddings [67]. Future works
are expected to cope with signed edges and further identify
positive/negative information automatically on edges.

K. Dynamic Networks

Real networks may evolve over dynamic structures and tem-
poral semantic features. The addition/removal of nodes/edges
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changes the community structure. Accordingly, deep learning
models should rapidly capture the network evolvement to
explore community changes. Based on our literature review,
only one study touches this topic, designing an evolutionary
AE to discover smoothly changing community structure [73].

Opportunities: Both deep learning and community detection
need to handle the shifting distributions and evolving data
scales. Repeated training over snapshots is expensive and
slow. Technical challenges in detecting communities from a
dynamic network mainly come from the dynamics control
from both spatial and temporal parts. Future directions include:
(1) the analysis of spatial changes on communities, (2) the
recognition of dynamic network patterns, and (3) tracks of
network dynamics and community detection robustness.

L. Large-scale Networks

Large-scale networks may contain massive number of
nodes, edges and communities. Their inherent scale charac-
teristics, such as scale-free or named as power-law degree
distribution [19], [165] in social networks, can influence
the performance of deep community detection. Scalability is
another crucial issue in large-scale networks [15]. A suggested
direction on this topic is to develop a flexible deep learning
approach aiming at collaborative computing with high robust-
ness.

Opportunities: Common dimension reduction strategies in
deep learning, such as matrix low-rank approximation, cannot
cope with the high-dimensional relationships in large-scale
networks. Current solutions of distributed computing are too
expensive. Consequently, there is a crying need for novel deep
learning frameworks, models and algorithms exceeding current
benchmarks in terms of precision and speed.

XIV. CONCLUSIONS

This survey provides a comprehensive overview of the state-
of-the-art community detection methods. During the recent
decade, deep learning model-based methods are notably devel-
oped. This trend completely changes the community detection
framework, resulting in a large number of publications in
multiple fields in high-impact international conferences and
peer-view journals. According to our survey, these methods
significantly increase the effectiveness, efficiency, robustness
and applicability of community detection. New techniques are
much more flexible in use than traditional methods, and a
larger volume of data can be leveraged in a rough preprocess.
Selectively included into six categories, a taxonomy is newly
designed. In each category, community detection is aimed by
the deep learning model, i.e., encoding representations and
optimizing clustering results. We discussed the contributions
of each deep learning model to the community detection task.
Furthermore, we summarized and provided handy resources,
i.e., data sets, evaluation metrics, open-source implementa-
tions, based on the reviewed literature. We also offered an
insight into a range of community detection applications. To
stimulate further research in this area, we identified twelve
open directions.
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APPENDIX A
SUMMARIZED TECHNIQUES OF DEEP LEARNING-BASED
COMMUNITY DETECTION METHODS

TABLE IV-VIII summarize the reviewed literature in sec-
tions V-A (CNN-based Community Detection), V-B (GCN-
based Community Detection), VI (GAT-based Community
Detecion), VII (GAN-based Community Detection) and VIII
(AE-based Community Detection), respectively. Regarding the
“Input”, different methods require different inputs, such as
network topology A, node attributes X and other preprocessed
data. Regarding the availability of ground truth labels, methods
vary in supervised, semi-supervised and unsupervised “Learn-
ing”. Meanwhile, methods that are able to output overlapping
communities are marked by “v"” in the “Overlap” column.
Methods that can detect overlapping communities are also
suitable to disjoint community detection. To other special
requirements summarized in the tables, please refer to the
corresponding sections.

APPENDIX B
DETAILED DESCRIPTION: DATA SETS

A. Real-world Data Sets

Citation/Co-authorship Networks. Citeseer, Cora and
Pubmed’ are the most popular group of paper citation net-
works used in community detection experiments as attributed
networks, where nodes represent publications and links mean
citations. The nodes are described by binary word vectors.
Topics are class labels. DBLP? is a co-authorship network
from computer science bibliography website. A ground truth
community labels that the authors who published papers
on one journal or conference. In complicated scenarios, the
heterogeneous DBLP can be extracted with considering diverse
information such as co-authorship, citation. ACM* is a paper
network with two views, one view describes whether two
papers are written by the same author, the other view depicts
if the subjects of two papers are the same. The nodes (i.e.
papers) are described by the bag-of-words of the keywords.
The heterogeneous ACM can be constructed as well.

Online Social Networks. In most of online social network
data sets, nodes represent users, edges depict relationship be-
tween them such as friendships or followings. In the YouTube’
dataset, social network is formed by users having friendship,
each user-created group for video sharing is a community.
LiveJournal® is a friendship social network collected from a
online blog community where users state friendship to each
other and define groups that can be ground truth communities.
PolBlogs’ is a social blog network of weblogs on US politics,
where nodes are blogs and hyperlinks between them extract
to edges. Some data sets also collect node attributes. In the
Facebook® and Twitter? data sets, for example, attributes are

Zhttps://lings.soe.ucsc.edu/data
3http://snap.stanford.edu/data/com-DBLP.html
“http://dl.acm.org/
Shttp://snap.stanford.edu/data/com- Youtube.htm]
Shttp://snap.stanford.edu/data/soc-LiveJournal 1 .html
http://www-personal.umich.edu/~mejn/netdata/
8http://snap.stanford.edu/data/ego-Facebook.html
9http://snap.stanford.edu/data/ego- Twitter.html

described by user profiles while nodes and edges represent
users and their connections, respectively. The heterogeneous
Twitter extracts different types information from users, tweets,
and locations. Flickr provides an online platform for users
to share photos, the network is formed by users following
each other, attributes are image tags, and community labels
represent different interest groups. Blogcatalog is another
blogger community, where attributes are extracted from users’
blogs, community labels denote various topics. Gplus'® is
the ego network constructed by users sharing their circles in
Google+, in which links exist if users follow each other and
their profiles are extracted as attributes. Furthermore, there
are three signed online social networks, Slashdot is extracted
from the technology news site Slashdot where users form the
relationships of friends or foes which represented by positive
or negative links. Epinions is a who trust whom network
constructed from the Epinions site'!, where the positive and
negative edges reflects that users trust or distrust each other.
In the signed Wiki data set, the network describes election
of Wikipedia admins among users, edges indicate that the
users vote for (positive) or against (negative) to the other.
Considering heterogeneous information, Last.fim as a music
website!2 constructs the network of users, artists and artist tags
by tracking user listening information from various sources.
Foursquare is another heterogeneous social network, which is
formed by various kinds of location-related services.
Traditional Social Networks. The data sets of Karate,
Dolphin and Football are the most widely-used social net-
works in community detection. Karate’ describes friendships
between 34 members of Zachary’s karate club. In Dolphin’
social network, nodes and edges represent dolphins and tighter
connection between two dolphins, respectively. In Football’
data set, nodes represent different football teams while edges
indicate the matches between them. Another traditional social
network data sets include: the Friendship6 and Friendship7
data sets that construct high school friendship networks, and
Email data set describing email communication of the EU
research institution. Considering the evolution of networks,
Cellphone Calls'* consists of a set of cell phone call records
over ten days, where nodes are cell phones and edges represent
phone calls. Rados'> and Enron Email'® are popular email
data sets from employees’ communication over a period of
time, where senders or recipients are represented by nodes
and edges exist if two individuals emailed. Another three
dynamic netowrks are High School, Hospital and Hypertext'’.
High School forms the temporal friendship network of contacts
between students in different classes of a high school within
one week. Hospital constructs the time-varing network of
contacts between patients, patients and health-care workers
and among the workers in a hospital during a few days.

0http://snap.stanford.edu/data/ego- Gplus.html
Uhttp://www.epinions.com/

Rhttps://www.last.fm/

Bhttps://snap.stanford.edu/data/email- Eu-core.html
Yhttp://www.cs.umd.edu/hcil/VAS Tchallenge08/download/Download.htm
Shttp://networkrepository.com/ia-radoslaw-email.php
http://www.cs.cmu.edu/%7Eenron/
Thttp://www.sociopatterns.org/datasets
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TABLE IV: Summary of CNN-based community detection methods.
Method Input Learning Preprocess Co-technique Overlap Network
Xin et al. [3] A Supervise Node to image - X TINs
SparseConv [70] A Supervise Node to image Sparse matrix X Sparse network
SparseConv2D [76] A Semi-supervise Node to image Sparse matrix X Sparse network
ComNet-R [77] A Supervise Edge to image Local modularity X Large-scale network
TABLE V: Summary of GCN-based community detection methods.
Method Input Learning Convolution Clustering Co-technique Overlap
LGNN [7¢] A, X Supervise First-order + Line graph - Edge features v
MRFasGCN [10] A X Semi-supervise First-order + Mean Field Approximate - eMRF X
SGCN [79] A, X Unsupervise First-order - Label sampling X
NOCD [80] A X Unsupervise First-order - Bernoulli—Poisson v
GCLN [21] A X Unsupervise First-order k-means U-Net architecture X
IPGDN [82] A, X Unsupervise First-order + Dlsﬁzntangled k-means HSIC as regularizer X
representation
AGC [64] A, X Unsupervise k-order + Laplacian smoothing filter Spectral Clustering - X
AGE [84] A, X Unsupervise Laplacian smoothing filter Spectral Clustering Adaptive learning X
CayleyNet [¢5] A, X Semi-supervise Laplacian smoothing filter - Cayley polynomial X
SENet [86] A, X Unsupervise Third-order + Spectral clustering loss k-means Kernel matrix learning X
CommDGI [87] A X Unsupervise First-order + Sampling - Joint optimization X
Zhao et al. [88] A X Unsupervise First-order + Sampling - Joint optimization X
TABLE VI: Summary of GAT-based community detection methods.
Method Input Metapath Learning Attention Mechanism Co-technique Clustering  Overlap Network
DMGI [61] V, E(""), X X Unsupervise [166] Contrastive learning k-means X Multiplex
HDMI [65] V, E) , X X Unsupervise [90] MI k-means X Multiplex
MAGNN [72] V,E,X v Unsupervise [167] - k-means X Heterogeneous
HeCo [91] V,E v Unsupervise [166] Contrastive learning k-means X Heterogeneous
CP-GNN [92] V,E X Unsupervise [167] - k-means X Heterogeneous
TABLE VII: Summary of GAN-based community detection methods.
Method Input Learning Generator Discriminator Generated Samples Clustering Overlap
SEAL [94] A X Semi-supervise iGPN GINs Communities - v
DR-GCN [95] A X Semi-supervise MLP MLP Embeddings k-means X
JANE [67] A X Unsupervise Various MLP Topology, aFtnbutes, - X
embeddings
ProGAN [66] A X Unsupervise MLP MLP Triplets k-means X
CommunityGAN [96] A Unsupervise AGM AGM Motifs - v
CANE [97] A Unsupervise Softmax MLP Node pairs k-means X
ACNE [9¢] A Unsupervise Softmax MLP Nodes, Communities - v

Hypertext extracts a social network of conference attendees
during the ACM Hypertext 2009 conference.

Webpage Networks. The webpage networks connect be-
tween one type of world wide web resources. IMDB'® is a
website of movies, containing information like casts, storyline
and user reviews. Heterogeneous IMDB is constructed by rep-
resenting nodes through movies, actors and directors. Multi-
view IMDB exploits co-actor relationship and co-director rela-
tionship. The bag-of-words of plots are extracted as attributes,
community can be labeled by movie’s genre. Wiki'® is a web-
page network where a node represents the certain webpage,
edge means that hyperlink connects any two webpages, and
attributes from weighted word vectors. Another wiki data set
is UAI2010 which extracts related article information from

Bhttps://www.imdb.com/
https://lings.soe.ucsc.edu/data

English-Wikipedia pages. WebKB>" is the webpage data set
which contains 4 sub-datasets extracted from four different
universities, i.e., Cornell, Texas, Washington and Wisconsin.

Product Co-purchasing Networks. The Amazon®' data set
is provided by Amazon website to analyze the co-purchased
products where nodes represent products and edges link any
two products which are co-purchased frequently. The ground
truth communities are labeled by product categories. Polbooks’
describes the purchase of political books during the time of US
presidential election in 2004. Nodes donate books, edges link
any two frequently co-purchased books by the same buyers,
and the community labels reflect buyers’ political attitude.

20https://lings-data.soe.ucsc.edu/public/Ibc/WebKB.tgz
21http://snap.stanford.edu/data/#tamazon


https://www.imdb.com/
https://linqs.soe.ucsc.edu/data
https://linqs-data.soe.ucsc.edu/public/lbc/WebKB.tgz
http://snap.stanford.edu/data/#amazon

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL.XX, NO.XX, 2021 3

TABLE VIII: Summary of AE-based community detection methods.

Category  Method Input Learning Encoder Decoder Loss Overlap
semi-DNR [63] B Semi-supervise MLP MLP reconstruction+pairwise X
DNE-SBP [67] A(+,—) Semi-supervise MLP MLP reconstruction+regularization+pairwise X
Stacked UWMNE/WMCNE-LE [102] B, X Unsupervise MLP MLP reconstruction+pairwise X
AE sE-Autoencoder [73] {A:}  Semi-supervise MLP MLP reconstruction+regularization+pairwise X
DANE [103] A, X Unsupervise MLP MLP reconstruction+proximity X
Transfer-CDDTA [104] Ss, St Unsupervise MLP MLP reconstruction+regularization+proximity X
DIME [105] VY, €&, Unsupervise MLP MLP reconstruction+regularization «
X, {Ai;} b +information fusion
Spars GraphEncoder [107] A,D,S Unsupervise MLP MLP reconstruction+regularization+sparsity X
IXEB WCD [105] S Unsupervise MLP MLP reconstruction+sparsity X
DFuzzy [109] A Unsupervise MLP MLP reconstruction+sparsity v
CDMEC [!10] Ss, St Unsupervise MLP MLP reconstruction+sparsity X
DNGR [112] A Unsupervise MLP MLP reconstruction X
Denoising  DNC [ 13] A Unsupervise MLP MLP reconstruction+clustering X
AE GRACE [68] A X Unsupervise MLP MLP reconstruction+clustering X
MGAE [111] A X Unsupervise GCN GCN reconstruction+regularization X
Graph GUCD [115] A, X Unsupervise ~MRFasGCN MLP reconstruction+pairwise X
Convolutional SDCN [ 14] A X Unsupervise ~GCN+DNN DNN reconstruction+clustering X
AE O2MAC [69] {A}, X  Unsupervise GCN Inner Product reconstruction+clustering X
DAEGC [116] A X Unsupervise GAT Inner Product reconstruction+clustering X
GEC-CSD [117] A X Unsupervise GAT Inner Product reconstruction+regularization «
Graph ’ Sup +GAT +clustering+adversarial
rap . Inner Product reconstruction+clustering
Attention  MAGCN [118] A, {X} Unsupervise GAT+MLP . X
AE +GCN +consistency
SGCMC [119] A, {X} Unsupervise GAT GAT reconstruction-+regularization x
+clustering+consistency
DMGC [120] {A}  Unsupervise MLP MLP reconstruction+regularization x
+proximity+clustering
TGA/TVGA [126] AX Unsupervise GCN Triad reconstruction X
VGECLE [124] A Semi-supervise DNN DNN reconstruction+pairwise X
Variational DGLFRM [123] A X Semi-supervise GCN DNN reconstruction+regularization v
AE LGVG [127] A, X  Semi-supervise GCN DNN reconstruction+regularization v
VGAECD [125] A, X Unsupervise GCN Inner Product reconstruction+clustering X
VGAECD-OPT [136] A X Unsupervise GCN Inner Product reconstruction+clustering X
ARGA/ARVGA [128] AX Unsupervise GCN Inner Product reconstruction X

B. Synthetic Benchmark Data Sets

Girvan-Newman (GN) Networks [3]: The classic GN
benchmark network contains 128 nodes that partitioned into 4
communities with 32 nodes in each community. Every node
has a fixed average degree k;, and connects a pre-defined
number of nodes in another community k,,:. For example,
kin+kour = 16. A parameter p controls the ratio of neighbors
in other communities for each node.

Lancichinetti-Fortunato—Radicchi (LFR) Networks
[137]: The LFR benchmark data set simulates the degree
of nodes in a real-world network and the scale-free nature
of the network for more flexible networks. The community
validation is more challenging, and the results are more
convincing. The LFR generation tool controls synthetic
network topology via a set of parameters, including network
size n, the average k& and maximum Maxk degree, the
minimum Minc and maximum Maxzc community size and
the mixing parameter . The node degree and community
size are governed by power laws distributions with exponents
of v and (3, respectively. LFR is the most common simulation
benchmark in community detection research, the extended
LFR benchmark can generate overlapping communities in

directed and weighted networks [188].

APPENDIX C
DETAILED DESCRIPTION: EVALUATION METRICS

Normalized Mutual Information (NMI): The metric pro-
vides a standard evaluation on community detection outputs
C and the ground truth C*. It reports the mutual parts in a
normalized score:

—232/, Y000 iy log 14T

NMI(C,C*) = — I M (29)
> ieq nilog % + 23:1 njlog —+
where K and K™ are the number of detected and ground
truth communities, respectively, and n is the number of nodes.
n;; denotes the number of nodes appearing in both the i-th
detected community C; and the j-th ground truth community
C;‘. n; and n; sum up the number of nodes in C; and C;‘,
respectively. NMI can evaluate overlapping communities by
its variant: Normalized Mutual Information for Overlapping
Community (Overlapping-NMI) [189].
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TABLE IX: Summary of real-world benchmark data sets.
Network Data Set Number of Number of Number of Given Number of
Category Name Nodes Edges Attributes Communities Publications
Karate [16¢] 34 78 0 2 [63], [77], [79], [104], [110], [125], [135]
Dolphins [169] 62 159 0 2 [63], [771, [791, [104], [110], [
Friendship6 [0] 69 220 0 6 [63], [104], [110]
Friendship7 [0] 69 220 0 7 [63], [104], [110]
Polbooks [101] 105 441 0 3 [63], [79], [104], [110]
Football [3] 115 613 0 12 { ) 5 1L 70, 19, 041, [0, [0, 11351,
Unatributed - gmait 1701 1,005 25,571 0 42 [131], [133]
etwor Polblogs [171] 1,490 16,718 0 2 [63], [104], [110], [125], [133], [135]
Amazon [!77] 334,863 925,872 0 75,149 [77], [78], [94], [96], [104], [109], [110], [132]
DBLP [172] 317,080 1,049,866 0 13,477 [77], [78], [94], [96], [104], [109], [114], [132]
YouTube [177] 1,134,890 2,987,624 0 8,385 [8], [76]-[7%]1, [94], [96], [109]
LiveJournal [173] 3,997,962 34,681,189 0 287,512 [&], [109]
Texas [174] 187 328 1,703 5 [10], [79], [102], [115]
Cornell [174] 195 304 1,703 5 [10], [79], [102], [115]
Washington [174] 230 446 1,703 5 [10], [79], [102], [115]
Wisconsin [174] 265 530 1,703 5 [10], [79], [102], [115]
Wiki [173] 2,405 17,981 4,973 19 [64], [84], [98], [103], [111], [112], [119], [131]
[10], [62]-[64], [66], [68], [79], [81], [82], [84]
Cora [174] 2,708 5,429 1,433 7 [861-[88], [95], [98], [103], [104], [110]-[112],
[1I5]-[119], [123]-[128], [131], [135]
[10], [62], [64], [66], [68], [79], [81], [82], [84],
Attributed Citeseer [ 74] 3,312 4,715 3,703 6 [86]-88], [95], [103], [104], [110]-[115], [123],
Network [117]-[119], [126]-128], [131], [135]
UAI2010 [174] 3,363 45,006 4,972 19 [10], [102], [115]
Facebook [16] 4,039 88,234 1,283 193 [68], [80], [94], [109]
Blogcatalog [175] 5,196 171,743 8,189 6 [66], [86], [113], [124]
Flickr [175] 7,564 239,365 12,047 9 [66], [113], [124]
DBLP [176] 17,725 52,890 6,974 4 [95], [98]
[62], [64], [68], [79], [81], [82], [841, [86]-[83],
PubMed [177] 19,717 44,338 500 3 [102], [103], [112], [115]-[118], [123], [125],
[127], [128], [131]
Twitter [16] 81,306 1,768,149 216,839 4,065 [68], [94], [109], [115]
GPlus [16] 107,614 13,673,453 15,907 468 [65], [109]
Viewl View2
Multi-view  ACM [157] 3,025 29,281 2,210,761 1,830 3 [61], [65], [69]
Network IMDB [157] 4,780 98,010 21,018 1,232 3 [61], [65], [69], [72]
Edges (+) Edges (-)
Sioned Epinions [178] 7,000 404,006 47,143 - [67]
N‘f“ek Slashdot [179] 7,000 181,354 56,675 - [67]
CWOTK Wiki [180] 7,118 81,318 22,357 - [67]
Metapath
ACM [157] 8,916 12,769 v - [91], [92]
Het IMDB [157] 11,616 17,106 v - [721, [92]
egﬁige“ifus Last.fm [181] 20,612 128,804 v = [72]
etwor DBLP [182] 26,128 119,783 v - [721, [91], [92]
Foursquare [105] 93,069 174,484 X — [105]
Twitter [105] 9,793,112 10,271,142 X — [105]
Time steps
Hospital [153] 75 32,424 9 - [73]
Hypertext [184] 113 20,818 5 - [73]
Dynamic Enron Mail [185] 151 33,124 12 - [77]
Network Rados [186] 167 82,927 10 - [73]
High School [187] 327 188,508 9 - [77]
Cellphone Calls [73] 400 9,834 10 - [73]

Accuracy (ACC): ACC evaluates the community membership
on each node as follows:

SN« P
ACC(C,CT) =~ ;5(%,% ) (30)
where y; and y; denote the ¢-th node’s community label in
community detection results and the ground truth, respectively.
The Kronecker delta function § = 1 if y; = y;, otherwise 0.

Precision: In the community detection evaluation, precision
describes the percentage of clustered nodes in each detected
community existing in its ground truth:

Precision(Cy, Cy) = M,
|Ch
where Cj, and C}, denote the k-th detected community and

groud truth community, respectively.

(€2Y)
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Recall: Accordingly, recall measures the percentage of ground
truth nodes of each community discovered in the detected
community by counting the k-th community as below:

Recall(Cy, Cf) = M (32)
IC3
F1-score: The Fl-score balances Precision and Recall:
Fl-score (Ck, Cy) =
Precision (Ck, Cy) - Recall (Ck, C}) - (33)

" Precision (Ck, Cy) + Recall (C, C})
Over the whole set of communities, the F1-score evaluates the
true/false positive/negative node clustering results in detail:
Fl-score (C,C*) =
(34)

|Ck| -
————— max Fl-score (Cg, C,
chec chec |Ci| c;ecx (Cr. Cr)

Adjusted Rand Index (ARI): ARI is a variation of Rand
Index (RI) that measures the percentage of correctly divided
nodes based on true/false positive/negative:

ARI(C,C") =
LS ) +5, 0] =[S0 ) 5, (9)] /6)
where n is the number of nodes, n; is the number of nodes in
the i-th detected community C; while n; denotes the number

of nodes in the j-th ground truth community C7. n;; indicates
the number of nodes simultaneously appearing in C; and C7.

(35)

Modularity (Q): Q is widely used to evaluate the strength of
detected communities without ground truth. It compares with a
null model which is a random graph with an equivalent degree
distribution as the original graph:

Q=) (exx —a), (36)
k

where ey is the ratio of edges linking nodes within the k-

th community Cj% to the total edges in network, aj is the

proportion of edges that associate with nodes in community CY,

to the number of total edges. The extended modularity [190]

evaluates overlapping community detection performances.

Jaccard: Jaccard measures whether the k-th detected commu-
nity C}; is similar to its ground truth Cj; as follows:
_ |Crx N CE|

|Ck UCEI
For the whole set of communities, Jaccard is computed as:
maxc;yec+ JO(Ck, Cr)

JC(Ck, Cx) (37

jee.cny=>y T
Crec . (38)
n Z maxc, ec JC(Ck, Cy)
: 2|+
Crec

Conductance (CON): CON measures the separability of the
k-th detected community through the fraction of total edge
numbers of C}, linking to outside communities:

mzut

CONCH) = G gt
k k

(39)

where mi" indicates the number of internal edges in com-
munity Cj, and m$“* is the number of external edges on the
cross-community boundary of Cy.

Triangle Participation Ratio (TPR): TPR indicates the com-
munity density through measuring the fraction of triads within
a detected community Cy. It is defined as follows:

TPR(Ck) :‘ {Ui T U; € Ck;, {(Uj,vw) F V5, Vw S Ck:7 (40)
(vivyj) ’ (’Uj,’Uw) ) (’U’i?vw) € E} 7& @} |/|Ck| '
APPENDIX D
DETAILED DESCRIPTION: OPEN-SOURCE
IMPLEMENTATIONS

Under PyTorch and GCN: The implementation of LGNN
[78] for community detection in graphs runs 5-class distortive
SBMs-based GNN and GCN-based LGNN, respectively. The
main algorithm and other utilities of NOCD [80] imple-
ment overlapping community detection. AGE [84] implements
adaptive graph encoder for attributed graph embedding and
tests node clustering experiment results. Under PyTorch and
GAT: DMGI [61] and HDMI [65] examine graph clustering
performance on unsupervised attributed multiplex network
embedding. The implementation of MAGNN [72] provides
instructions to detect node clusters in heterogeneous graphs
via metapath aggregated GNN. HeCo [91] testifies the model’s
performance of node clustering on heterogeneous networks
with providing four preprocessed data sets. CP-GNN [92]
implements experiments of community detection on four real-
world heterogeneous graphs. SEAL [94] runs algorithms on
Python and Shell validating on 50 communities. Under Py-
Torch and AEs: GraphEncoder [107] implements for graph
clustering on deep representations. Under the DNN architec-
ture, SDCN [114] cluster the graph on AE embeddings.

Under TensorFlow and GCN: AGC [64] clusters attributed
graph via adaptive graph convolution and intra-cluster distance
computation. CayleyNet [85] presents an implementation of
community detection for a variety of different networks,
including a sparse filter and rational spectral filters with Jacobi.
There is an implementation on the CommunityGAN [96]
method under TensorFlow and GAN. DIME [105] and DANE
[103] are stacked AE-based implementations applying Ten-
sorFlow. On heterogeneous networks: Foursquare and Twitter,
DIME [105] examines community detection results and hy-
perparameters. For graph convolutional AE-based community
detection tasks, TensorFlow is employed by O2MAC [69] and
SGCMC [119] over multi-view graphs, while DMGC [120]
via attentive cross-graph association for deep multi-graph
clustering. Moreover, DGLFRM [123] and ARGA/ARVGA
[128] apply TensorFlow to VAE-based community detection.
Other Python packages, such as Keras, are employed in our
summarized implementations, i.e., DNGR [112].

Despite the popularity of Python, Matlab is another popular
tool to implement deep community detection methods. semi-
DRN [63] implements community detection via stacked AE.
DNE-SBP [67] inputs signed adjacency matrix to detect k
network communities upon node representations. MGAE [111]
makes use of marginalized graph autoencoder to cluster graph.
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APPENDIX E
ABBREVIATIONS

TABLE X: Abbreviations in this survey.

Abbr. Full Name Ref. Paper Title
ACC Accuracy
ACNE [95] Network Embedding and overlapping Community [ Self-Training Enhanced: Network embedding and overlapping
detection with Adversarial learning community detection with adversarial learning
AE AutoEncoder
AGC Adaptive Graph Convolution [ Attributed graph clustering via adaptive graph convolution
AGE Adaptive Graph Encoder [ Adaptive graph encoder for attributed graph embedding
ARGA Adversarial Regularized Graph AutoEncoder [ Adversarially regularized graph autoencoder for graph embedding
ARI Adjusted Rand Index
ARVGA Adversarially Regularized Variational Graph [ Adversarially regularized graph autoencoder for graph embedding
AutoEncoder
ATC Attributed Truss Communities [ Attribute-driven community search
BP Bernoulli-Poisson
CANE St Neko Bl [ CA'I\TE: community-aware network embedding via adversarial
traimning
CayleyNets Graph Convolutional Neural Networks with [ CayleyNets: Graph convolutional neural networks with complex
Cayley Polynomials rational spectral filters
CDASS Community Detection Algorithm based on [ Community detection in complex networks using structural
Structural Similarity similarity
CDMEC (Stacked Autoencoder-Based) Community [ Stacked autoencoder-based community detection method via
Detection Method via Ensemble Clustering an ensemble clustering framework
CNN Convolutional Neural Network
CommDGI Community Deep Graph Infomax [ CommDGI: Community detection oriented deep graph infomax
S EAN Commun?ty Detection with Generative [ Commul.lityGAN: Community detection with generative
Adversarial Nets adversarial nets
ComNet-R Community Network Local Modularity R [ Edge classiﬁcation baised 'on Convolutional Neural Networks
for community detection in complex network
CON Conductance
CP-GNN Context Path-based Graph Neural Network [ Detecting communities from heterogeneous graphs: A Context
path-based graph neural network model
DAEGC Deep Attentional Embedded Graph Clustering [ Attributed graph clustering: A deep attentional embedding approach
DANE Deep Attributed Network Embedding [ Deep attributed network embedding
DANMF Deep Autoencoder-like Nonnegative [ Deep autoencoder-like nonnegative matrix factorization for
Matrix Fatorization community detection
DBSCAN Density-Based Spatial Clustering of [ A density-based algorithm for discovering clusters in large
Applications with Noise spatial databases with noise
DCSBM Degree-Corrected Stochastic Block Model [ Stochastic blockmodels and community structure in networks
DFuzzy Deep Learning-based Fuzzy [ DFuzzy: A deep learning-based fuzzy clustering model for large
Clustering Model graphs
DGLFRM I\D/IfilGeneratlve Latent Feature Relational [ Stochastic blockmodels meet graph neural networks
DIME Deep Aligned Autoencoder-based Embedding [ BL-MNE: Emerging heterogenfsous social network embedding
through broad learning with aligned autoencoder
DMGC Deep Multi-Graph Clustering [ Deep multi-graph clustering via attentive cross-graph association
DMGI Deeg Graph Infomax for aFtrlbuted [ Unsupervised attributed multiplex network embedding
Multiplex network embedding
DNC Deep Neural network-based Clustering-oriented [ DNC: A deep neural network-based clustering-oriented network
network embedding embedding algorithm
DNE-SBP Deep Network Embedding with [ Deep network embedding for graph representation learning
Structural Balance Preservation in signed networks
DNGR Deep Neural Networks for Graph Representation [ Deep neural networks for learning graph representations
DNMF Deep Nonnegative Matrix Factorization




IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL.XX, NO.XX, 2021

TABLE XI: Abbreviations in this survey (continue-1).

Abbr. Full Name Ref. Paper Title
DNN Deep Neural Network
DR-GCN Dual-Regularized Graph Convolutional [ Multi-class imbalanced graph convolutional network learning
Networks
DSF Deep Sparse Filtering
Community Discovery based on Deep . . . . .
DSFCD L [ Community discovery in networks with deep sparse filtering
Sparse Filtering
ELBO Evidence Lower Bound
EM Expectation-Maximization algorithm
MRF extended Network Markov Random Fields [ Gragh convo.lutlonal netW.()rks meeF Mz?rkov .random fields:
Semi-supervised community detection in attribute networks
FastQ Fast Modularity
GAN Generative Adversarial Network
GAT Graph Attention Network
GCLN Graph Convolutional Ladder-shape Networks [ Going deep: Graph convolutional ladder-shape networks
GCN Graph Convolutional Network
GEC-CSD Graph embedding clustering with [ Graph embedding clustering: Graph attention auto-encoder with
cluster-specificity distribution cluster-specificity distribution
GIN Graph Isomorphism Network
GMM Gaussian Mixture Model
GN Girvan-Newman networks
GRACE Graph Clustering with Dynamic Embedding [ Graph clustering with dynamic embedding
GraphEncoder  Autoencoder-based Graph Clustering Model [ Learning deep representations for graph clustering
GUCD GCN-based approach for Unsupervised [ Community-centric graph convolutional network for unsupervised
Community Detection community detection
HDMI High-order Deep Multiplex Infomax [ HDMI: High-order deep multiplex infomax
HeCo Co-contrastive learning mechanism for [ Self-supervised heterogeneous graph neural network with co-contrastive
Heterogeneous graph neural networks learning
HIN Heterogeneous Information Network
HSIC Hilbert-Schmidt Independence Criterion [ Measuring statistical dependence with Hilbert-Schmidt norms
InfoMap Information Mapping [ Maps of random walks on complex networks reveal community structure
iGPN Graph Pointer Network with incremental [ SEAL: Learning heuristics for community detection with generative
updates adversarial networks
IPGDN Independence Promoted Graph Disentangled [ Independence promoted graph disentangled networks
Network
JANE Jointly Adversarial Network Embedding [ JANE: Jointly adversarial network embedding
KL Kullback-Leibler divergence
LCCD Locating Structural Centers for Community [ Locating structural centers: A density-based clustering method for
Detection community detection
LDA Latent Dirichlet Allocation
LFR Lancichinetti-Fortunato—Radicchi networks
LGNN Line Graph Neural Network [ Supervised community detection with line graph neural networks
LGVG éadd:lr Gamma Variational Autoencoder for [ Graph representation learning via ladder gamma variational autoencoders
raphs
LPA Label Propagation Algorithm
MAGA-Net At Camatte Al [ A multi-agent genetic algorithm for community detection in complex
networks
MAGCN Multi-View Attribute Graph Convolution [ Multi-view attribute graph convolution networks for clustering
Networks
MAGNN e i Gt Nevel Naimk [ MAGNN: Met'apath aggregated graph neural network for heterogeneous
graph embedding
MDNME Modularized Deep NonNegative Matrix [ Community detection based on modularized deep nonnegative matrix
Factorization factorization
MGAE Marginalized Graph AutoEncoder [ MGAE: Marginalized graph autoencoder for graph clustering




IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL.XX, NO.XX, 2021

TABLE XII: Abbreviations in this survey (continue-2).

Abbr. Full Name Paper Title

MI Mutual Information

MMB Mixed Membership Stochastic Blockmodel Mixed membership stochastic blockmodels

MRFasGCN Markov Random Fields as a convolutional Graph convolutional networks meet Markov random fields:
layer in Graph Convolutional Networks Semi-supervised community detection in attribute networks

NMF Nonnegative Matrix Factorization

NMI Normalized Mutual Information

NOCD Neural Overlapping Community Detection Overlapping community detection with graph neural networks

One2Multi One-view to Multi-view One2multi graph autoencoder for multi-view graph clustering

0O2MAC One2Multi Gr.aph Autoencoder for Multi-view One2multi graph autoencoder for multi-view graph clustering
Graph Clustering

PPI Protein-Protein Interaction

ProGAN Proximity Generative Adversarial Network Progan: Network embedding via proximity generative

adversarial network

Q Modularity

SBM Stochastic Block Model

SCAN Structural Clustering Algorithm for Networks SCAN: A structural clustering algorithm for networks

SDCN Structural Deep Clustering Network Structural deep clustering network

SEAL Seed Expansion with generative Adversarial SEAL: Learning heuristics for community detection with
Learning generative adversarial networks

semi-DRN Semi-supervised Nonlinear Reconstruction Modularity based community detection with deep learning

sE-Autoencoder

Algorithm with Deep Nerual Network
Semi-supervised Evolutionary Autoencoder

An evolutionary autoencoder for dynamic community detection

SENet Spectral Embedding Network Spectral embedding network for attributed graph clustering
SF Sparse Filtering
SGC Simplification of GCN Simplifying graph convolutional networks
Self-supervised Graph Convolutional network . . . .
SGCMC . . Self-supervised graph convolutional network for multi-view clustering
for Multi-view Clustering
SGCN A framework of local label sampling model Unsupervised learning for community detection in attributed
and GCN model networks based on graph convolutional network
SGVB Stochastic Gradient Variational Bayes
SparseConv Sparse Matrix Convolution A deep learning based community detection approach
REM Residual Entropy Minimization
TGA/TVGA Triad (Variational) Graph Autoencoder Effective decoding in graph auto-encoder using triadic closure
TIN Topologically Incomplete Networks

Transfer-CDDTA

Transfer Learning-inspired Community
Detection with Deep Transitive Autoencoder

High-performance community detection in social networks using
a deep transitive autoencoder

TPR Triangle Participation Ratio

UWMNE Unified Welght—tr?e Multi-component Integrative network embedding via deep joint reconstruction
Network Embedding

VAE Variational AutoEncoder Auto-encoding variational bayes

VGAE Variational Graph AutoEncoder Variational graph auto-encoders

VGAECD Varlatlonftl i I.Xutoencoder i Learning community structure with variational autoencoder
Community Detection

VGAECD-OPT Optimizing \./arlatlonall Graph Autoencoder Optimizing variational graph autoencoder for community detection
for Community Detection

VGECLE Vé.irlatlonal Firaph' Embedding and Clustering Variational graph embedding and clustering with Laplacian eigenmaps
with Laplacian Eigenmaps

WalkTrap WalkTrap Computing communities in large networks using random walks

WCD e @ommaty Deesfon A weflghted network community detection algorithm based on deep

learning
ight-free Multi- N k
WMCNE-LE Weight-free Multi-Component Networ Integrative network embedding via deep joint reconstruction

Embedding with Local Enhancement
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