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ABSTRACT

1

Community detection or graph clustering is crucial to understanding the structure of complex networks and extracting relevant knowledge from networked data. Latent factor
model, e.g., non-negative matrix factorization and mixed
membership block model, is one of the most successful methods for community detection. Latent factor models for community detection aim to ﬁnd a distributed and generally
low-dimensional representation, or coding, that captures the
structural regularity of network and reﬂects the community
membership of nodes. Existing latent factor models are mainly
based on reconstructing a network from the representation
of its nodes, namely network decoder, while constraining the
representation to have certain desirable properties. These
methods, however, lack an encoder that transforms nodes
into their representation. Consequently, they fail to give a
clear explanation about the meaning of a community and
suﬀer from undesired computational problems. In this paper, we propose a non-negative symmetric encoder-decoder
approach for community detection. By explicitly integrating
a decoder and an encoder into a uniﬁed loss function, the
proposed approach achieves better performance over stateof-the-art latent factor models for community detection task.
Moreover, diﬀerent from existing methods that explicitly impose the sparsity constraint on the representation of nodes,
the proposed approach implicitly achieves the sparsity of
node representation through its symmetric and non-negative
properties, making the optimization much easier than competing methods based on sparse matrix factorization.

Many real networks, such as social networks, citation networks, and biological networks, are found to divide naturally
into communities, i.e., groups of nodes with relatively denser
connections within groups but sparser connections between
them [1]. Detecting such communities in real networks, has
attracted much interest among scientists from various ﬁelds
in the last decade [2–7]. Many methods for community detection have been proposed and successfully applied to several
speciﬁc networks [8–10]. Traditional community detection
methods are based on network partition that is optimal in
terms of certain criteria, e.g., modularity [10] and average
length of random walk [5], or partition the whole network
by certain heuristics, e.g., iteratively deleting edges with the
highest betweenness [1] or bridgeness [11]. For these methods, each node is only allowed to belong to one community,
and the community membership of each node is represented
as a one-hot representation over communities.
Latent factor model (LFM) is proposed as a new kind
of approaches for community detection. Latent factor models for community detection aim to ﬁnd a distributed and
generally low-dimensional representation, or coding, that reﬂects the community membership of nodes. These models are
mainly based on reconstructing the network from the representation of nodes while constraining the representation
to have certain desirable properties (e.g., non-negativity).
Typical methods include: (1) mixed membership block models [12–15], and (2) non-negative matrix factorization and its
variants [16–23]. Mixed membership block models follow a
probabilistic framework, where the link probability between
nodes is fully determined by their community membership,
i.e., their representation. The representation of each node
is deﬁned as a multinomial distribution over communities.
Such a normalization constraint on node representation indicates that a higher probability of membership to one community implies a lower probability of membership to other communities. Consequently, these models are inappropriate for
modeling the mixed membership of nodes [24]. Non-negative
matrix factorization methods (NMF) take each node as a
dimension of network, and regard the task of community
detection as ﬁnding a concise and low-dimensional representation of network. However, it doesn’t guarantee that the obtained representation corresponds to communities, and thus
it generally requires some heuristic constraints to improve
its interpretability.
The strength and limitation of latent factor models pose
an important and tricky question: for community detection,
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what property a good representation of nodes should possess? Intuitively, a desirable representation should be: (1)
distributed: each node is allowed to belong to multiple communities; (2) non-negative: the representation of a node
should be non-negative in order to reﬂect its propensity to
each community. This ensures the interpretability of representation and is valuable to understanding the physical
meaning of communities; (3) sparse: a sparse representation of nodes implies that each node only belongs to a few
communities. This property also improves the identiﬁability
of each community, i.e., each community has clear identity
relative to other communities.
In this paper, we propose a non-negative symmetric encoderdecoder approach to learn a good representation for community detection. An encoder transforms the original representation of network (e.g., adjacency matrix) into a lowdimensional representation (also known as coding), and a
decoder reconstructs the network from the representation.
Diﬀerent from NMF which only considers the loss of the decoder, the proposed approach integrates both decoder and
encoder into a uniﬁed loss function. The obtained representation of nodes exactly satisﬁes the aforementioned three desirable properties. First, the representation is distributed, being
located in a low-dimensional space. Second, non-negativity
constraint is explicitly imposed. This property distinguishes
the proposed approach from other encoder-decoders, e.g.,
autoencoder and SESM [25–28], guaranteeing that the obtained representation corresponds to communities while other
encoder-decoders do not. Finally, the symmetry between the
encoder and decoder naturally imposes an implicit orthogonality constraint. This constraint, together with the nonnegativity constraint, ensures that the representation is sparse.
As such, the obtained representation oﬀers us a clear explanation about community membership of each node: the
representation of a node reﬂects its propensity to each community, characterized by its coordinate in the basis vector
associated with the community.
Extensive experiments on synthetic and real-world networks demonstrate that the proposed approach achieves a
better performance over state-of-the-art latent factor models for community detection task. Furthermore, the proposed
approach could be used to detect hierarchical community
structure by simply stacking the encoder-decoder into a deep
architecture. Moreover, we apply our model to various types
of inputs, including cascade data, bipartite networks and
directed networks, and the results demonstrate the wide applicability of our model. We also evaluate the generalization
capability of the proposed encoder-decoder approach by applying it to the task of link prediction.
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Figure 1: The relationship between our method and
the traditional methods of community detection and
node representation.

2

RELATED WORK

In this paper, we study the problem of community detection
using latent factor models or network representation learning. Therefore, we classify the related works into three categories: community detection methods based on network partition, network embedding methods, and latent factor models for community detection. For clarity, we give a diagram
to illustrate the relationship between related work and our
work (Figure 1).

2.1

Community detection methods based
on network partition

Traditional methods for community detection are mostly based
on network partition, taking each component of a partition
as a community. For example, Girvan and Newman proposed to ﬁnd network partition by iteratively deleting the
edges with the highest edge betweenness [1]. Rosvall and
Bergstrom detected communities by looking for a partition
that minimizes the expected description length of a random
walk [5]. Shen et al. investigated spectral clustering methods
on various types of matrices that characterize the structure
of networks [29]. For community detection methods based on
network partition, the key is how to evaluate the quality of
a network partition. Typical criteria of network partition include the number of edges across communities (or cut), ratio
cut [29, 30], normalized cut or conductance [31]. The most
widely-used criterion is modularity [8], which is deﬁned as
the diﬀerence between the fraction of edges within communities and the expected fraction of edges within communities
when all edges are randomly placed. Many methods are proposed to ﬁnd communities through modularity optimization,
such as simulated annealing, greedy algorithm, and spectral
optimization [8, 10, 32, 33].
For community detection based on network partition, each
node is only allowed to belong to one community, i.e., the
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community membership of each node is a one-hot representation over communities. However, in real world networks one node often belongs to multiple communities. Motivated by the mixed community membership of nodes, researchers resort to ﬁnding distributed representations of
nodes, also known as network embedding.

2.2

nodes [24]. Non-negative matrix factorization methods take
each node as a dimension of network, and regard the task of
community detection as ﬁnding a low-dimensional representation of network. However, they don’t guarantee that the
obtained representation corresponds to communities, thus
requiring some heuristic constraint to improve their interpretability.
Existing latent factor models for community detection generally adopt a decoder architecture, i.e., they only consider
the reconstruction loss of the original network through the
representation of nodes. In this paper, we propose a nonnegative symmetric encoder-decoder approach for community detection. The proposed approach integrates the decoder and encoder into a uniﬁed loss function. In this way,
the obtained representation of a node clearly corresponds to
its community membership.

Network embedding

Network embedding aims to ﬁnd a distributed and generally
low-dimensional representation of nodes that maximize the
likelihood of network. Typical network embedding methods
include principal component analysis (PCA) [34], Autoencoder [25, 26], DeepWalk [35], and LINE [36]. PCA is a linear
transformation, projecting each node into a low-dimensional
space spanned by the top eigenvectors of certain type of matrix of network. Autoencoder is a non-linear dimension reduction technique, which ﬁnds a distributed representation
of nodes by stacking multi-layer restricted Boltzmann machines (RBMs) [26]. DeepWalk [35] learns a distributed representation of nodes by exploiting the co-occurrence of nodes
in truncated random walks. LINE [36] extends DeepWalk by
simultaneously modeling both the ﬁrst-order proximity and
the second-order proximity between nodes. Node2Vec [37]
was proposed to explore both width-ﬁrst and depth-ﬁrst random walk to learn node embedding that are well calibrated
with end tasks. Cui et al. [38] proposed to use regularized
autoencoders to learn network embedding by exploring highorder and non-linear linking patterns in network.
Although network embedding oﬀers an eﬀective way to
obtain a distributed representation of nodes, it fails to give
a good community detection method. The reason is that the
obtained representation does not correspond to the community structure of network. As a result, we need to conduct
clustering on the obtained representation to detect communities. In this paper, we aim to directly learn a distributed
representation that corresponds to the community structure
of network, without requiring clustering as a post processing.

2.3

3

NON-NEGATIVE SYMMETRIC
ENCODER-DECODER FOR
COMMUNITY DETECTION

In this section, we propose a non-negative symmetric encoderdecoder for community detection. Generally speaking, the
proposed method could be taken as a kind of non-negative
matrix factorization. Before diving into the details of the proposed method, we ﬁrst introduce some preliminary materials
that are useful to understanding it.
Non-negative matrix factorization (NMF) is equivalent to
probabilistic latent factor models [14, 17], e.g., the PLSA
model [14] and the mixed membership block model [12], except that a normalization constraint is required in probabilistic latent factor models. NMF is a very ﬂexible framework
for clustering and exhibits highly competitive performance
at an array of scenarios, such as text analysis, recommendation and image clustering. In NMF, the original input is
represented as a matrix A, where each row corresponds to a
feature and each column corresponds to a sample or an instance over these features. NMF assumes that each feature
is a dimension of the original space and aims to project the
original space into a new one, anticipating the dimension
of the new space could capture the redundance or correlation between the dimensions of the original space. For this
purpose, NMF factorizes the original input matrix A into a
basis matrix W and a code matrix Z such that A ≈ W Z.
The columns of W span a new space, and the columns of
Z corresponds to the representation of samples in the new
space.
NMF is a decoder that reconstructs the original input (A)
from the representation (Z) in a new space (W ). However,
this decoder-only architecture suﬀers from two limitations:
(1) It requires an expensive auxiliary algorithm to ﬁnd the
representation associated with a new sample. This problem is
also called the fold-in issue in the PLSA model [14]. (2) Even
for the samples used in the factorization process of NMF,
their representation cannot be obtained by directly projecting the original input into the new space, i.e., Z cannot
be obtained by W T A. To combat these issues, researchers

Latent factor models for community
detection

Latent factor models are used as principled and eﬀective
methods for community detection. These models are mainly
based on reconstructing the network from the representation of nodes while constraining the representation to have
certain desirable properties (e.g., non-negativity). Typical
methods include: (1) mixed membership block models [12–
15], and (2) non-negative matrix factorization methods and
its variants [16–23]. Mixed membership block models follow a
probabilistic framework, where the link probability between
nodes is fully determined by their representation. The representation of each node is deﬁned as a multinomial distribution over communities. Such a normalization constraint
on node representation indicates that a higher probability of
membership to one community implies a lower probability of
membership to other communities. Consequently, these models are inappropriate for modeling the mixed membership of
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For community detection, each row of the original input
A corresponds to a node and each column corresponds to a
sample deﬁned over nodes. When we use the adjacency matrix of an undirected network as the input matrix, columns
represent the neighborhood of nodes. For directed networks,
the neighborhood could be deﬁned by incoming edges or outgoing edges, giving two diﬀerent adjacency matrices. Accordingly, the obtained community membership diﬀers, reﬂecting the correlations between nodes at characterizing their
incoming neighborhood and outgoing neighborhood. For unweighted network, Aij = 1 if there is an edge between node
i and node j and Aij = 0 otherwise. For weighted networks,
Aij can be generalized to represent the weight of edge between i and j. For cascade data, each column of A corresponds to a diﬀusion cascade and Aij = 1 if the user denoted
by node i involves in cascade j.
3.1.1 Decoder. In the proposed method, an decoder reconstructs the original data A through a n × k basis matrix
W and a k×m code matrix Z such that A ≈ W Z, where n, m
and k indicate the number of nodes, the number of training
samples and the desired number of communities respectively.
The learnt basis matrix W reveals the community membership of nodes, with each column representing a community
and the value in one column indicating the propensity of
the corresponding node to that community [39]. Minimizing
the loss function ∥A − W Z∥2F gives a pair of W and Z that
reconstruct the original data best.

Figure 2: Upper panel: our encoder-decoder model.
The decoder obtains the best basis matrix W and
code Z to reconstruct the original data. The encoder
ﬁne-tunes W and Z to ensure the sparsity and consistency of the decoder and encoder under W . Lower
panel: performance on karate club network illustrates the diﬀerence of our encoder-decoder model
and the decoder-only method in the learnt basis matrix W . Each node in the network is mapped as 2dimension node representation. Nodes on the axis
imply that they belong to only one community or
overlapping nodes otherwise. The dash line is the
direction of the corresponding communities. Diﬀerent colors of the dash lines are related to diﬀerent
methods.

3.1.2 Encoder. An encoder transforms the original data
A into the distributed representation using the basis matrix
W , i.e., Z = W T A. We expect the code obtained in the
encode process to be consistent with the code obtained in the
decode process, guaranteeing W to be capable of revealing
community structure.
In order to enable the learnt W to indicate node community assignment, we add simple but principled constraints
to the parameters. First, the values in W are expected to
be non-negative so that they can indicate the propensity of
a node to a community. Second, since each node only belongs to one or a few communities at most, we expect the
rows in W to be sparse. Contrast to traditional latent factor models whose sparsity constraints are achieved through
an explicit sparse regularization term on W or orthogonality constraints that W W T = I, we simply require that the
decoder and the encoder share the same basis matrix W .
This symmetry constraint guarantees soft orthogonality constraint naturally. Speciﬁcally, when the loss function is well
optimized, the following two equations hold

naturally resort to an encoder-decoder architecture, e.g., autoencoder [25, 26]. However, existing encoder-decoder methods are inappropriate for community detection since the obtained basis matrix does not satisfy the aforementioned three
desirable properties that community detection task requires,
i.e., the representation of node over communities should be
distributed, non-negative, and sparse. This motivates us to
design a non-negative symmetric encoder-decoder for community detection.

3.1

Non-negative symmetric
encoder-decoder

The architecture of our proposed non-negative symmetric
encoder-decoder is shown in Figure 2. It distinguishes itself
from other encoder-decoders via its three properties: (1) the
basis matrix W is non-negative, (2) the code matrix Z is
non-negative, and (3) the decoder and the encoder is symmetric, i.e., the basis matrix is shared in the processes of
both decoder and encoder.

A ≈ W Z,

(1)

Z ≈ W T A.

(2)

Substituting (2) into (1), we have
A ≈ W W T A,

(3)

which implies that ensuring Eqs. (1) and (2) naturally give
rise to an orthogonality constraint on W , which is one of
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the most important implication of the symmetric architecture. Consequently, the symmetry constraint together with
the non-negativity constraint naturally ensures a sparsity
constraint on W in our encoder-decoder architecture.

3.2

Loss function and optimization

The loss function of our method can be written as
L

=
s.t.

∥A − W Z∥2F + ∥Z − W T A∥2F
W ≥ 0, Z ≥ 0.

(4)

∥2F

∥·
is the square of the Frobenius norm. We adopt multiplicative updating rules [16] to update the basis matrix W
as,

Figure 3: Scalability performance of our method on
benchmark networks at diﬀerent scales. The scale of
networks varies from 1, 000 nodes to 500, 000 nodes.
Benchmark networks are generated by the “benchmark” tool [40] with similar parameter setting as
illustrated in section 4.1.2. For all the networks, our
model runs a ﬁxed number of iterations to collect
the time consumption information.

AZ T
W ←W ⊗
.
(5)
W ZZ T + AAT W
In the same way, the low dimension representation Z can be
updated as,
WTA
.
(6)
+Z
We stop the iteration when the change in the loss is less than
10−6 .
After optimization, the basis matrix W stores the community structure information, with each column corresponding
to a community. For each node, we choose the column index
of the largest value in its representation to be its community
label.
Z←Z⊗

3.3

WTWZ

Second, from the perspective of optimization, Orth NMF
and PNMF both require a hard orthogonality constraint
while our method achieves this objective implicitly. As such,
during the optimization process, our method does not need
to normalize the basis matrix, and thus is more eﬃcient than
the Orth NMF and PNMF.

Connection with methods based on
Non-negative Matrix factorization

3.4

Time complexity analysis

Bulk of the computation depends on the matrix multiplication in the updating rules. The computations of updating rules in (5) and (6) run in O(n2 k + nk2 + n2 k) and
O(n2 k + nk2 ) respectively. Since k ≪ n, consequently, the
overall time complexity of the encoder-decoder method is
O(n2 k), which is the same order of magnitude as NMF methods. We test the scalability of our method on various benchmark networks at diﬀerent scales. The result is shown in
Figure 3.

The proposed encoder-decoder method is a kind of matrix
factorization method. Here, we focus on clarifying the diﬀerence between the proposed method and existing matrix factorization methods, including standard matrix factorization,
non-negative matrix factorization (NMF) [17], orthogonal
NMF (Orth NMF) [18], and projective NMF (PNMF) [21].
First, matrix factorization is an eﬀective technique for representation learning by reconstructing the original data. Difference among various matrix factorization methods lies in
the constraints imposed on the basis matrix and the code matrix. Non-negative matrix factorization is distinguished from
other matrix factorization by its use of non-negativity constraints. These constraints lead to a parts-based representation because they allow only additive, not subtractive, combinations. However, as pointed out in [25], non-negativity does
not guarantee the sparsity of representation. Researchers
have to add explicit sparsity constraint on NMF to achieve
the sparsity of representation. Subsequently, Orth NMF is
proposed, requiring that the column of basis matrix or the
row of code matrix is orthogonal. Combining the orthogonality and non-negativity, the sparsity of representation is hardcoded in Orth NMF. PNMF is another variant of Orth NMF,
directly obtaining the subspace spanned by the basis matrix
with a loss function A−W W T A. In our method, the sparsity
is achieved by the non-negativity constraint and the symmetry between the decoder and encoder.

4

EXPERIMENTS

To validate the eﬀectiveness of our method, we apply it to
detecting communities on both synthetic networks and realworld networks. The results demonstrate the superiority of
our method over baseline models. We also apply our method
to certain tasks involving various types of network data, including cascade data, bipartite networks, hierarchical networks and directed networks, demonstrating the wide applicability of our method. Furthermore, we validate the learnt
representations of nodes through link prediction task, and
the results demonstrate the learnt basis matrix can better
capture the structure of input networks.

4.1

Community detection in networks

We apply our methods to both synthetic networks where
the ground truth of community assignments is known, and
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real-world networks where node labels instead of community
memberships are provided. Six baseline models are adopted
for comparison, and classic evaluation measures are utilized
in those two datasets.
4.1.1 Baseline models. We adopt six representation-based
methods as our baseline models. As categorized in Figure 1,
we choose DeepWalk [35] and LINE [36] as the representatives of network embedding. For latent factor models, we
select MMSB [13] which adopts statistical model to maximize the likelihood of generating the original network, and
three NMF-based methods which aim to reconstruct the original input of networks using matrix decomposition, including
NMF [19], Orth NMF [18] and PNMF [21].

MMSB
NMF
Orth_NMF
PNMF
LINE
DeepWalk
Our method

500 nodes

5,000 nodes 10,000 nodes
Number of nodes

Figure 4: Performance comparison on synthetic networks using NMI. The results of LINE on networks
with 5,000 and 10,000 nodes are hard to be seen in
this ﬁgure, as it achieves quite low results (<1e-6).

• DeepWalk: this model uses local information obtained
from truncated random walks on the network to learn
latent representations by treating walks as the equivalent of sentences as done in word2vec [41].
• LINE: this model proposes to learn better representations of nodes by designing an objective function
which preserves both the ﬁrst-order and the secondorder proximities between nodes.
• MMSB: in this model, whether two nodes are connected is determined by the mixed community membership of nodes, i.e. the representation of nodes.
• NMF: this model reconstructs the original data using
matrix factorization with non-negative constraints on
the basis matrix W .
• Orth NMF: this model reconstructs the original data
based on NMF and constrain each dimension of the
basis matrix W to be orthogonal.
• PNMF: this model projects the original data to a subspace by minimizing ∥A − W W T A∥2F .

For evaluation, as community assignments of nodes are
known, we adopt normalized mutual information (NMI) [40],
which measures the extent to which the true and discovered
community labels are consistent with each other, to measure
the performance of diﬀerent models. For each algorithm we
run it 10 times and take the best NMI value among all the
10 runs to alleviate the eﬀect of local optimum caused by
random initialization.
As shown in Figure 4, our method outperforms or at least
perform fairly well as the baseline methods in most cases.
The diﬀerence in performance between our method and NMFbased methods can be explained by considering the optimization step. Orth NMF and PNMF restrict the sparsity
through orthogonality constraint which is diﬃcult to optimize and easy to get trapped in local optimum. In fact, for
Orth NMF, if we set the basis matrix W to be the one obtained by our method, and conduct the optimization process,
we can get lower loss value than that obtained by itself, which
indicates that Orth NMF is hard to be optimized.
In contrast, our method ensures the sparsity through parameter symmetry (or parameter sharing) of the decode and
encode process which is more ﬂexible and easier to obtain results close to global optimum. We also check the performance
of our method on synthetic networks with µ varying from 0.1
to 0.5, in which our method obtain consistent performance
over diﬀerent settings of µ.

For DeepWalk and LINE, we ﬁrst learn the embedding of
the nodes, and then apply standard k-means algorithm [42]
to identify the communities in the networks.
4.1.2 Expriments on synthetic networks. We adopt the “benchmark” tool introduced in [40] to generate synthetic networks. Three key parameters have to be set when generating
benchmark networks, i.e., the power exponent of the degree
distribution α, the power exponent of the community size
distribution β, and the mixing parameter µ. The mixing parameter controls the fraction of a node’s links that connect
to nodes in other communities. When µ = 0.2, the structures
of generated networks are very close to that of the real-world
networks. Thus we set µ = 0.2 in our experiments, and α and
β are set to be 2 and 1 respectively. Besides, we set the max√
imum degree as kmax = n1/α , i.e., kmax = n in our case,
and the average degree of nodes as kavg = 0.6 × kmax , where
n is the desired number of nodes of generated network. For
community size, we set the minimum and maximum community size to be [n/50, n/20] as in Gopalan et al. [13]. We
generate three networks under the above settings, with the
number of nodes being set to be 500, 5000 and 10, 000 respectively. The adjacency matrices of generated networks are
provided as the original inputs.

4.1.3 Experiments on real world networks. In real-world
networks, the underlying community structure is usually unknown. Instead, there are substantial labels related to the
nodes, indicating certain attributes of the nodes, e.g. hobbies, research areas, and social groups [43].
We adopt the Amazon dataset and the DBLP dataset provided in the SNAP project [44] for our experiments. The statistics of these two datasets are shown in Table 1. The network of Amazon dataset characterizes the co-purchased products on the Amazon website, with each node representing a
product, and each link indicating that those two products
are frequently co-purchased. The product category provided

602

Session 3C: Community Detection

CIKM’17, November 6-10, 2017, Singapore

Table 1: Real-world networks with node labels
2

6

Code
Encoding results

5

Dataset

Nodes

Edges

Average community size

Amazon
DBLP

334,863
317,080

925,872
1,049,866

99.86
429.79

Code
Encoding results

1.5

4
3

1

2

0.5
1
0
0

Table 2: Performance of community purity on Amazon and DBLP network

Network embedding
method
Decoder-only LFM
Encoder-decoder method

Method

Amazon

DBLP

LINE
DeepWalk

0.159
0.340

0.024
0.102

MMSB
NMF
Our method

0.169
0.360
0.612

0.023
0.130
0.170

1

2

3

4

5

0
0

0.2

0.4

Decoder method (NMF)

0.6

0.8

1

1.2

1.4

Our method
B
Community B

Community A

Cascade 1 : 11-5-1-12 (1.1032 , 0)

by Amazon website is also included in the dataset, which
is treated as the ground-truth label for each product. The
DBLP network is a collaboration network. The nodes are authors, and two authors are connected if they have published
at least one paper together. The publication venues, e.g., the
journal or conference, are treated as the labels of nodes. The
adjacency matrices are adopted as the original inputs for
both networks. As the ground-truth of community structure
is unknown in real-world settings, community purity [45] is
utilized to evaluate our method, which measures the ratio of
the dominant label in the communities discovered by those
latent factor models.
Purity, as a measure to evaluate the results of community
detection methods, is deﬁned as
P =

k
|Cij |
1∑
max
,
k i=1 1≤j≤r |Ci |

Cascade 2 : 2-31-9-3 (0.6541 , 0.3826)
Cascade 3 : 27-34-33-19 (0 , 1.4283)
C

Figure 5: Performance comparison of encoding ability on karate club network. Panel (a): The comparison of embedding of the encoding results (W T A) and
the learnt code (Z) in new space. The blue circle
represents the learnt code Z and the red star represents the code W T A obtained from encoding. Nodes
on the axis imply that the cascades locate inside one
community, while the others imply these cascades
skip between communities. Panel (b): The new cascades are obtained from the communities discovered
by our method. Cascade 1 and 3 are random walks
inside community A and B separately and cascade
2 skips between the two communities. The code of
these new cascades are shown in the brackets.

(7)

where k is the number of detected communities, r is the
number of distinct labels and |Cij | is the number of label j
in community i. Higher purity score indicates better performance.
Following the results on synthetic datasets, we adopt four
models as our baselines in real-world settings, i.e., LINE and
DeepWalk as network embedding works, and MMSB and
NMF as latent factor models. The number of communities
is set to be k = 30 and k = 100 respectively for the Amazon
dataset and the DBLP dataset. For DeepWalk and LINE, we
adopt the oﬃcial toolkits and conduct experiments in default
settings. The size of latent representations is set to be 64 for
both models, which is a default setting in DeepWalk toolkit.
For our method, we run 500 iterations for optimization. The
results are shown in Table 2.
Our method signiﬁcantly outperforms other baselines. For
network embedding models, DeepWalk outperforms LINE
and has a competitive performance compared to NMF. The
improvements of our method over NMF demonstrates the effectiveness of introducing the encoder architecture. Besides,

the signiﬁcant performance diﬀerence between those two datasets is resulted from the intrinsic nature of those two datasets.
The link of the DBLP network characterizes the co-authorship
while the label indicates the publication venue. Authors in
the same community, i.e., authors who co-author with each
other, are not likely to publish in the same venue, which
results in the low community purity in the DBLP network.
Meanwhile, for the Amazon dataset, products which are frequently co-purchased are more likely to belong to the same
category.

4.2

Applications

In this section, various types of network data, including cascade data, bipartite networks, hierarchical networks, and directed networks, are used to validate our method, and the
results demonstrate the wide applicability of our method.
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Figure 6: The adjacency network of English words.
Node groups corresponding to adjectives and nouns
are respectively denoted by circle and square. The
dark nodes correspond to the mistaken nodes.

Figure 7: The hierarchical community structure discovered through stacking our method. The colors of
nodes illustrate the detected communities in the ﬁrst
layer, with nodes in a community sharing the same
color. The circles illustrate the detected communities of the second layer.

Furthermore, we validate the learnt representations of nodes
using link prediction task.
4.2.1 Learning community membership from cascade data.
To further illustrate the performance of our methods, we
adopt random walk cascades on networks as our original
data. The samples of our input are cascades with nodes serving as features. We collect 1, 500 cascades and each cascade
is a 4-step random walk on the karate club network. We run
our algorithm on the original data to obtain the basis matrix W and the code of the samples Z. To demonstrate the
encoding ability of our method compared with NMF which
considers only the decode process, we choose 50 cascades randomly from the original data and encode them into the low
dimension space through the basis matrix W learnt by NMF
and our method respectively. The number of communities is
set to be 2 for the convenience of visualization. The results
of NMF and our method are shown in Figure 5 (a).
The encoded representations using W trained by our method
almost perfectly match the codes learnt during the training
process, while for NMF, the encoded representations diﬀer
much. It indicates that the basis matrix W can better serve
to encode the original data. Furthermore, we encode some
new cascades to validate the encoding ability. The result is
shown in Figure 5 (b). The learnt representations perfectly
match the structures of cascades, as cascade 1 diﬀuses in the
left community, cascade 3 wanders in the right community,
and cascade 2 walks across the communities.
4.2.2 Community detection in bipartite networks. Now we
illustrate our model’s capability of detecting bipartite community structure. The test network is the adjacent network
of English words taken from [46]. In this network, 112 nodes
represent commonly occurring adjectives and nouns in the
novel David Copperfield by Charles Dickens, with edges connecting any pair of words that appear adjacent to each other
at any place in the text. Generally, adjectives appear next to
nouns in English. Thus most edges in the network connect
an adjective and a noun, and the network is approximately
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bipartite, i.e., this network possesses anti-community structure. This can be illustrated in Figure 6, where the adjectives and nouns are respectively represented by circles and
squares.
We ﬁt our model to this network with the number of communities being set to be 2, and assign each node to its most
preferred group. As shown in Figure 6, the resulted two disjoint groups well separate the adjectives from nouns. In fact,
97 of all the 112 nodes are correctly classiﬁed. This indicates that our method is eﬀective at the detection of anticommunity structure.
4.2.3 Detecting hierarchical community structure. We stack
layers of our model, by taking the basis matrix learnt in
the previous layer as the input for the next layer, to detect
the hierarchical community structure. To illustrate the performance of our method, we generate hierarchical synthetic
networks using LFR “benchmark” tool [40]. The number of
nodes in the generated network is set to be n = 500, and the
maximum degree and average degree of the nodes are set to
be 10. The mixing parameters of the ﬁrst level community
and the second level community are both set to be 0.1. The
minimum and maximum community size of the ﬁrst level is
50 and the second level is 100. In the ﬁrst layer, we use the
adjacent matrix of the synthetic network as input, the basis
matrix W is learnt as output. We set k = 10 to discover
the 10 communities planted in the network. In the second
layer, we use the learnt W in the ﬁrst layer as input. The
ﬁrst level communities are features in this layer, and we intend to learn another W2 with each dimension indicating the
relative importance of ﬁrst-level communities. In this case,
each dimension of W2 represents the higher level community
structure of hierarchical network. The detected hierarchical
community structure of the synthetic network by stacking
our models is shown in Figure 7 .
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Table 3: Performance of link prediction on Amazon
and DBLP network

2

6

4
5
3

In {1,2,5,6} {3,4,7,8}
Out
{1,2,3,4} Connected
{5,6,7,8}

-

7

8

(a)

P@1000

P@k(%)
P@2000

P@3000

LINE
DeepWalk
Amazon
NMF
Our method

4.9
8.8
5.7
8.7

3.0
7.65
5.7
8.1

2.37
6.6
5.4
6.7

LINE
DeepWalk
NMF
Our method

4.4
5.7
10.6
11.8

2.9
5.0
7.45
7.3

2.13
4.13
5.6
5.63

Data

Connected

(b)

Figure 8: The structure and the construction rules
of the directed network.

DBLP
4.2.4 Detecting communities in directed networks. In directed networks, nodes can always serve dual roles. For example, in online social networks, users serve as followers who
follow other users, as well as followees who are followed by
others. From the followers’ perspective, we can detect communities of users who have followed similar users. From the
followees’ view, we can group together users who are followed
by similar users.
To demonstrate our model’s capability of detecting dualrole communities in directed networks, we apply our model
to a toy-network constructed by Shen et al. [15]. The network and the construction rules are shown in Figure 8. For
connected Out-set and In-set, we use directed edges to link
each node in the Out-set to all the nodes in the connected
In-set, with self links being excluded. It can tell from the construction rules that the network can be divided into diﬀerent
partitions from the incoming link perspective and the outgoing link perspective. Thus we construct two types of inputs
to account for the dual roles of nodes. In the incoming-view
input, each node is represented as a n-dimensional vector
using its incoming neighbors, i.e. the j-th entry of node i’s
representation is 1 if there exists a link from node j to node
i. And for the outgoing-view input, the j-th entry of node i’s
representation is 1 if there exists a link from node i to node j.
We apply our model to these two types of inputs and obtain
expected results, i.e., the nodes in the incoming-view input
are grouped as {{1, 2, 5, 6}, {3, 4, 7, 8}} and the nodes in the
outgoing-view input are divided into {{1, 2, 3, 4}, {5, 6, 7, 8}}.

Method

as test data and eliminated from the network, and the resulted network serves as training data. Precision@k (P@k )
is adopted to validate the performance [38, 48]. The results
of our models and other three baselines are shown in Table 3.
Our model achieves the best or competitive results on both
datasets, which demonstrates the learnt representations can
better capture the structures of input networks.

5

CONCLUSIONS

In this paper, we proposed a non-negative symmetric encoderdecoder approach to combat the problem of community detection. The proposed approach achieves a distributed, nonnegative and sparse representation of nodes. Such a representation clearly reveals the intrinsic community structure
of networks. It distinguishes itself from existing latent factor
models by its joint optimization of decoder and encoder loss.
Meanwhile, it outperforms other encoder-decoder methods
by its non-negativity and symmetry property. Extensive experiments on synthetic and real-world networks demonstrate
that the proposed approach achieves better performance over
state-of-the-art latent factor models at community detection
task. Furthermore, the proposed approach is also applicable
to detecting hierarchical community structure and various
structural regularities in bipartite networks and directed networks.
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