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Abstract. Learning low-dimensional representations for large-scale networks reinforce numerous network inference tasks such as link prediction, clustering, vertex classification, and visualization. While achieving competitive performance on a variety of network analytic tasks, most existing network embedding methods are
inefficient when applied to large-scale networks and generally suffer from performance issues. In this paper,
we present a novel unsupervised network embedding approach to learn low-dimensional representations for
large-scale networks which simultaneously preserve network topology and community structure of underlying
network. We propose a deep learning model based on Siamese neural network architecture to efficiently model
the relationships between vertex pairs. In addition, we propose a sampling approach based on vertex domination concept to sample vertices and represent the relationship between them at accurate k-hop distance away
from each other which enhances the quality of vertex pairs sampling and reduces the time complexity. The
experimental results on several real-world networks show that our method is capable of learning higher quality
representations and outperforms several state-of-the-art methods, as evaluated on challenging link prediction,
clustering, and visualization tasks.

Keywords: large-scale network embedding · deep learning · link prediction · community detection

1

Introduction

Large-scale networks such as social networks, collaboration networks, and biological networks have become very
popular with the prevalent usage of information technologies. This paper studies the problem of unsupervised
network embedding of large-scale networks.
In network embedding, the primary challenge is to learn a low-dimensional representation of the vertices that
is most informative and preserves structural information among the vertices in the original network. The learned
network representations encode the relationships between vertices, which paves the way to apply modern machine
learning methods in further network analysis and data mining tasks easily and efficiently such as vertex classification
[9], link prediction [4], clustering [2], and visualization [14].
Regardless the success of several network embedding models, their scalability and efficiency needs to be further
investigated. For instance, methods based on deep autoencoder such as SDNE [14] and DNGR [2] suffer from
high computational complexity and involve performing operations on |V | × |V | scale matrix, which makes their
approaches difficult to scale up for real-world large networks [16]. In another work, the authors in LINE [12]
adopted shallow model and designed two loss functions to preserve local and global network structure separately
and then concatenates the representations, this makes it ineffective to preserve the highly non-linear structure in
the underlying network [14].
Recently, several methods adopt a truncated random walk and sampling procedure to exploit the network
structure and generate representations for network vertices using skip-gram model, such as DeepWalk [9] and
Node2Vec [4]. While achieving good performance on a several network analytic tasks, these methods are inefficient
for large-scale network representation learning due to adopting shallow model which is unable to efficiently preserve
highly non-linear structure and does not provide a clear objective function to articulate which network properties
are learned [14, 12]. Practically, these methods can only be applied to unweighted networks, while our method is
applicable for networks with both weighted and unweighted edges.
To address these challenges, we propose a network embedding framework based on unsupervised deep model
which is capable of preserving the proximities between vertex pairs. In summary, our paper makes the following
contributions:
– We propose a novel unsupervised network embedding framework based on deep Siamese neural network. Our
framework minimizes unsupervised loss of predicting the relationship between a pair of vertices within k-hop
away from each other using vertex sampling and domination approach.
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– We conduct experimental results on real-world networks to demonstrate the effectiveness of our method and
to illustrate its ability to learn better representations when compared to a variety of unsupervised network
embedding methods, as evaluated on challenging network analytic tasks such as link prediction, vertex clustering
and network visualization.

2

Related Work

Unsupervised network embedding utilizes network structure information to learn vertex embedding without any
labels, which maps each vertex into a latent vector space that preserves the network topological proximities, e.g.,
similarities or distances of vertex pairs in the original network.
Earlier works for linear (e.g., PCA) and non-linear (e.g., IsoMap) dimensionality reduction methods generally
suffer from computational drawbacks and cannot scale to large networks. Recently, several approaches for learning
network embedding have been proposed such as [9, 4], which adopt random walk and skip-gram procedure to learn
network representations. There are also a number of methods that utilize deep neural networks to learn network
representations such as [14, 2]. More recently, the authors in [15] proposed a deep autoencoder-like non-negative
matrix factorization approach for unsupervised community detection and network embedding.

3
3.1

Problem Definition and Notation
Unsupervised Network Embedding

In this subsection, we formalize the problem of unsupervised learning of network embedding. Our problem analysis
applies to weighted and unweighted network. Let G = (V, E) be a given network, where V = {v1 , v2 , ..., vn } is the
set of vertices and E = {ei,j } is the set of edges between two vertices vi and vj . Each edge ei,j is associated with
a weight wi,j . If any two vertices vi and vj are not linked by an edge; wi,j = 0. Otherwise, wi,j = 1 for unweighted
network and wi,j > 0 for weighted network. Although edge weights in weighted networks can be signed (i.e., positive
and negative weights), we only consider non-negative weights in this paper. The aim of network embedding is to
learn a mapping function for network vertices Φ : V → R|V |×d , where d is the embedding dimension and d  |V |.
3.2

Vertex Domination

The problem of vertex domination is related to the dominating set problem which seeks for a subset of vertices in
a network such that every vertex is either in that set or has a neighbor in that set.
Definition 1 (Dominating set [3]). Given an network G = (V, E), a dominating set is a subset D ⊆ V of its
vertices such that for all vertices v ∈ V , either v ∈ D or a neighbor vertex u of v is in D.
In this paper, we apply vertex domination to sample vertices that are more informative. At first, we use random
walks to expand the neighborhood of a vertex v through depth-first search strategy. Then, we use domination
approach to ensure sampled vertices lies in a specified k-hop.
Our sampling approach is different from DeepWalk and Node2Vec in the following: 1) we ensure that sampled
vertex u is located at exactly k-hop away from source vertex v, 2) we assign a weight factor for each hop to model
the pairwise distances between vertices close to each other, 3) each vertex u is sampled from neighborhood of v
without replacement (i.e., vertex u can appear only once in vertex v samples) unlike DeepWalk which models the
co-occurrence probability between vertices and their neighbors.

4
4.1

Method
LEARN Framework

The fundamental idea of the framework is to learn a low-dimensional representation for each vertex which is shared
across all vertices. The linked vertices will tend to have similar representations. Likewise, vertices that belong to
one community will be embedded closer to each other. We apply Siamese-like neural network and learn binary
cross-entropy loss function to model the distance between vertex pairs, see Figure 1.
As explained in [14, 12], local and global network structure are essential to be learned in the embedding. The
local network structure represents the pairwise similarity between vertices, which infers that two vertices v and u
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Fig. 1. The unsupervised model of LEARN framework.

tend to be similar if they are linked by an edge. However, large-scale networks are always sparse which indicates
that first-order proximity matrix is very sparse and insufficient to model the pairwise proximity between vertex
pair. Therefore, we consider the relation between vertex pairs up to k-hop away from each other. However, it is very
inefficient to consider the relationship between all vertex pairs as it is computationally expensive. Thus, in order
to solve this problem, we propose a sampling approach based on random walks and weight factor α to determine
pairwise influence.
4.2

Learning and Optimization

One challenge with modeling structural relations between vertices is that pairwise connections are based on edges
between vertices, but how can we model a disconnected pair of vertices at k-hop. At first, we apply a random walk
to explore the neighborhood of each vertex using depth-first search technique. Whenever the random walk passes
through a vertex at k-hop, all vertices at (k − 1)-hop are dominated and removed from sampling. In order to model
the relationship between vertex v and u at k-hop, we define a weight factor α to represent the relation as follows:
R(v, u) = αk−1 ×

u
Y

wv,ui

(1)

ui ∈RWv

where wv,u is the edge weight between two vertices, R represents the relation between v and u at k-hop and the
domain of α is the interval (0, 1). The higher value of R implies a higher similarly between a pair of vertices. For
instance, at k = 1, the value of R = wv,u , which implies that a direct edge exists between the two vertices, and the
relation value R will be equal to the edge weight wv,u . At k = 2, the relation is determined by the value of αk−1
multiplied by the product of edges in the random walk path between v and u. For unweighted graphs, the edge
weights could be omitted from the equation. Thus, the pairwise distance between vertices are computed as follows:
R(v, u) = αk−1

(2)

Our model minimizes the unsupervised structural loss in the network using a feed forward neural network. Given
a center node v, we maximize the probability of observing its k-hop neighbors having similarity of αk−1 .
The hidden layer h(`) of the deep network is defined as:


h(`) = f W (`) h(`−1) + b(`)
(3)
where f is a nonlinear activation function, and W (`) and b(`) are the weight matrix and bias of the hidden layer `
respectively. We use leaky ReLU as the activation function for intermediate layers, and sigmoid as the activation
for the output layer since our objective is to predict the similarity between vertex pairs. Therefore, we minimize
the cross-entropy loss function between the true and predicted relationship value:
L1 (v, u) = −R(v, u) log(R̂(v, u))
where R̂(v, u) is the predicted value for the relation between v and u.
Volume 16, No. 2

Australian Journal of Intelligent Information Processing Systems

(4)

4

4

ICONIP2019 Proceedings

A. Fathy, K. Li

Algorithm 1: LEARN Framework Training
Input:
Network G = (V, E)
walks per vertex r
walk length l
weight factor α
Output: Network embedding
for each vertex v ∈ V do
Apply random walks RWv for v (RWv represents the neighbourhood of v);
Positive vertex sampling upos from RWv ; Distance(v, upos ) ≤ l;
Negative vertex sampling uneg from V − {RWv };
while not converged do
Sample a batch of positive and negative vertex pair for v;
Learn low-dimentional embedding for v and u using deep neural network;
Compute the L1 component-wise distance between embedding vectors: kxv − xu k;
Evaluate regularized cross-entropy loss using L1 + L2 (Equations 4 and 5);
Take a gradient step for model loss;
end
end

Finally, we impose the l2 -norm regularization which represents the smoothness metric to prevent model overfitting:
k
X
2
W (`)
(5)
L2 = λ
`=1

2

where λ is the regularization constant that controls the regularization on the layer ` of the deep architecture.
The training procedure of our framework is illustrated in Algorithm 1. For each training step, we sample batches
of positive and negative vertex pairs from the random walk sequences and optimize the loss on them. The model
can be optimized efficiently using mini-batch Adam [6] to minimize the objective function defined in Equations 4
and 5.
4.3

Complexity Analysis

LEARN framework is composed of two stages as shown in Algorithm 1 (i.e., sampling of vertices and deep model
training). The computational complexity for vertex sampling is O(nlr) where n is the number of network vertices
and l is the walk length and r is the number of walks per vertex. The deep model training stage has complexity of
O(npdm tc ) where p is the number of hidden layers, dm is the maximum dimension of the hidden layers, and tc is
the number of iterations till convergence.
The framework parameters such as l, r, p, dm and tc are independent with the number of network vertices n, but
are related to the sampling approach and the layers dimension of deep model. Therefore, the overall complexity of
LEARN framework is linear to the number of vertices n in the network.

5

Experiments

In this section, we evaluate the performance of our method against a number of state-of-the-art baselines.
5.1

Datasets

For the sake of fair comparison, we use several real-world network datasets for performance evaluation. A summary
of the datasets we use in our experiments is given in Table 1.
The detailed descriptions are listed as follows:
– Social Network. BlogCatalog [13] is a large-scale social network formed by corresponding users of the network.
It is a dense network where the edges represent the relationships between users. It can be used to evaluate the
model performance on link prediction task.
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Table 1. An outline of datasets for network embedding evaluation.
Network
BlogCatalog
Cora
CiteSeer
Wiki

Nodes
10,312
2,708
3,312
2,405

Edges Communities Average degree Components
333,983
39
64.776
1
5,429
7
3.898
78
4,732
6
2.823
433
17,981
17
10.612
45

– Citation Network. Cora and CiteSeer are research paper networks created by [8]. Cora dataset consists of
Machine Learning papers and CiteSeer contains paper publications. There is a single known category for each
paper. We use these networks for the clustering and visualization tasks.
– Web page Network. Wiki [10] consists of real-world web pages and the links between them. It’s denser than
Cora and CiteSeer. We use it for clustering and link prediction tasks.
5.2

Baseline Methods

We evaluate our framework against the following baselines:
– DeepWalk [9]: It adopts truncated random walks and learns the network embedding using skip-gram model.
– LINE [12]: It preserves the first-order or second-order proximities using breadth-first strategy and concatenates
these representations to generate vertex embedding.
– SDNE [14]: It uses a semi-supervised autoencoder model with objective function that learns the first-order and
second-order proximities.
– Node2Vec [4]: It uses a biased random walk strategy to explore vertex neighborhood by balancing the breathfirst and depth-first sampling and learns to embed by applying skip-gram model.
– DANMF [15]: It is a deep autoencoder-like non-negative matrix factorization approach for community detection
and network embedding.
5.3

Parameter Settings

For our method, the structure of Siamese neural network layers is fixed at [1000-512-128]. Each dataset is split into
90% training set and 10% validation set. We adapt early stopping procedure and set a max of 200 epochs. The
embedding dimension d is set to 128 in all experiments. We set the length of random walks l to 6 and the number
of walks per vertex r to 20. We set α to 0.8 and 0.6 in clustering and link prediction tasks respectively.
For baseline methods, the parameters are tuned to be optimal as described in the original papers. For DeepWalk
and Node2Vec, the number of walks and length of walk are set to 10 and 80 respectively. The window size of
skip-gram model is 10. For Node2Vec, the hyperparameters p and q are set to 1.0. For LINE, the starting learning
rate is 0.025. The number of negative samples is 5 and using training samples of 10,000. In addition, we concatenate
both first-order and second-order embedding to form the final vectors. For SDNE, the hyperparameters α and β
are set to 0.2 and 10 respectively. For SDNE and DANMF, we use the same number of neurons in each layer of
autoencoder as our method. To ensure the reliability of our experiments, we repeat each experiment for 10 times
and report the average of the scores.
5.4

Link Prediction

Link prediction task predicts the existence of an edge between any two vertices based on the learned low-dimensional
vertex embedding. Generally, the more similar the two vertices are, the higher probability of edge existence between
them. We follow [4] for link prediction experiment.
To perform the link prediction, we randomly hide a portion of network links and use the residual network to
train the network embedding model. After training the model, we obtain embedding for each vertex and predict the
unobserved links with the learned vertex embedding. The performance of link prediction is measured by the Area
Under Curve (AUC) of receiver operating characteristic (ROC) and Average Precision (AP) scores.
We adopt Wiki and BlogCatalog networks to conduct the link prediction task, where we randomly hide 50% of
existing links and report the experimental result in Table 2. From the results, we see that our framework is capable
of learning the link structure of the network through learning the similarity between vertices.
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Table 2. Link prediction on Wiki and BlogCatalog network datasets.
Wiki
AUC AP
LEARN 0.95 0.95
DeepWalk 0.91 0.92
LINE
0.87 0.91
SDNE
0.93 0.94
Node2Vec 0.94 0.94
DANMF 0.66 0.69
Algorithm

5.5

BlogCatalog
AUC AP
0.94 0.94
0.59 0.54
0.74 0.71
0.90 0.91
0.71 0.72
0.81 0.81

Node Clustering

Vertex clustering aims to group similar vertices, such that the vertices that belong to the same community group
are embedded closer to each other.
At first, we learn the network embedding by each baseline algorithm. Then we use the learned embedding
as feature for clustering task. We apply k-means algorithm [1] on the learned vertex embedding and report the
normalized mutual information (NMI) [11] and Adjusted Rand Index (ARI) [5] as the performance metrics. We run
k-means algorithm 10 times and report the average of the scores in Table 3.
Table 3. NMI and ARI scores for vertex clustering in Cora, CiteSeer and Wiki datasets.
Cora
NMI ARI
LEARN 0.47 0.41
DeepWalk 0.40 0.30
LINE
0.13 0.04
SDNE
0.25 0.17
Node2Vec 0.44 0.36
DANMF 0.20 0.03
Algorithm

CiteSeer
NMI ARI
0.21 0.20
0.14 0.14
0.05 0.01
0.07 0.05
0.20 0.16
0.12 0.01

Wiki
NMI ARI
0.36 0.21
0.36 0.18
0.26 0.07
0.30 0.16
0.36 0.21
0.27 0.03

From the results, we can see that our framework outperforms other baselines, which demonstrates the learning
capability of our deep model that can generate vertex embedding which preserve the community structure of the
network. For Wiki dataset, the performance of our framework is similar to Node2Vec due to the web page nature
of Wiki dataset.
5.6

Network Visualization

Network visualization using the learned low-dimensional vertex embedding evaluates the quality of learned vertex
embedding. In this experiment, we apply t-SNE [7] on the learned vertex embedding to project the vectors into
a 2-dimensional space. A favorable visualization result is to project the vertices within the same community close
to each other. Intuitively, a visualization with clearer boundaries between different color groups indicates better
learned embedding. Figure 2 shows that the visualization of our method has more compact clusters comparing with
baselines, which is more favorable to preserve the topology and community structure of the network.
5.7

Parameter Sensitivity Analysis

In order to determine how the variation of parameters affect the performance of our framework, we perform link
prediction experiment on BlogCatalog network with 50% links and report AUC and AP scores as performance
indicator. All parameters are set to default except the parameter being examined.
Figure 3a shows the effects of increasing the embedding dimensions d on the performance of our model. We
observe an increase in the performance with increasing the embedding dimension d till d = 128, and the performance
is nearly constant afterwards.
Figure 3b shows the effects of variation of the vertex pair relationship factor α on the performance of our model.
We observe that the performance slightly decreases with increasing the value of α.
Figures 3c and 3d show the effect of varying the length and number of random walks in the sampling approach.
The performance decreases by increasing the value of l and is nearly constant with increasing the value of r.
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Fig. 2. Visualization of Cora network using the learned low-dimensional embedding by LEARN framework. Each point
indicates a research paper and the color of a point represents the category of the paper.
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Fig. 3. Parameter sensitivity analysis on BlogCatalog network with 50% edges.
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Conclusion

In this paper, we addressed the problem of unsupervised network embedding of large-scale networks. We propose
a deep network embedding method which preserves the network topology and community structure of the network
using vertex similarity learning. Our approach is based on the idea of using vertex sampling and vertex domination
to learn useful low-dimensional embedding for the vertices. Our experiments on several real-world networks show
that the proposed framework is superior to the existing network embedding methods and outperforms in several
network analysis tasks such as link prediction and clustering.
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