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Abstract 

In social networks, we often face the problem of high network dimensionality. 
Nonnegative matrix factorization (NMF) is a popular technique for reducing the network 
dimensions. In order to mine the latent information sufficiently, a variant of NMF called 
Orthogonal Graph Regularized NMF (ROGNMF) is proposed by using L2,1 norm in the 
loss function. In the ROGNMF, the use of L2,1 norm makes the proposed method much 
less sensitive to noise. Besides, the ROGNMF method can preserve network structure 
characteristics and sparsity at the same time. Our experimental results and analysis 
reveal that the proposed ROGNMF performs better in comparison with the state-of-the-
art NMF methods. 
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1. Introduction 

With the rise of data mining, researches in many fieldshave been developed rapidly, including 
object detection [1], knowledge graph [2] and intelligent transportation [3],etc, in which social 
network has attracted a lot of attention.Social networks, such as Facebook, Twitter, and Weibo, 
have changed people’s way of life. Billions of people record life and express their attitude 
towards major events or important people in form of text or images on these networks. 
Generally speaking, the attitude of people can be categorized to be positive or negative. The 
positive attitude includes friendship,approval of others and trust, etc. On the contrary, the 
negative attitude includes foes, disapproval of others, and distrust. In this work, we consider 
the network as a graph where contains two kinds of edges including the positive and negative, 
which are denoted by ”+” and ”-” respectively. The sign of an edge represents a positive or 
negative relationship. This kind of network with positive edges and negative edges is called 
signed network, which is defined as follows: 

Given a graph G = (V, E, S), where V, E, S represent the collection of nodes, edges and signs, 
respectively, and S = {−1, 0, 1}. Let the adjacency matrix A corresponds to the signed network 
graph G. If node i and node j have a positive relationship, then A(i, j) = 1; if they have a negative 
relationship, A(i, j) = −1; if there is no relationship between them, A(i, j) = 0. 

 
Figure 1: Edge Sign Prediction Problem 
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A social network usually has millions of users, which means that the corresponding graph has 
millions of nodes and many more edges. It is hard to solve the problem of high dimension in 
edge sign prediction. Many researches and literature mainly focus on extracting structural 
features, such as node degree, common neighbors, betweenness centrality, triads count, etc. 

Some social balance theories are generally applied to the edge prediction in signed networks. 
They originate from psychology [4]. Cartwright et al. applied graph theory into social balance 
theory [5]. Leskovec et al.firstly apply the theory of social balance to predict edge sign [6]. In 
the structural balance theory, it is assumed that, given a node x and its friend node y, if f is a 
friend of y and m is an enemy of y, then f is also a friend of x and m is an enemy of x. As a 
complement to the structural balance theory, the social status theory proposed by Leskovec et 
al. can be applied to the directed graph [7]. The social status theory contains two types of 
directed edges, positive edges and negative edges [8]. Given two nodes x and y, if the edge from 
x to y is positive, x’s status is higher than y; otherwise, if it is negative, x’s status is lower than y. 

The network dataset is composed of nodes and edges. Thus, we can not use the network dataset 
directly. In most cases, the adjacency matrix can represent the network. However, there are 
usually millions of nodes and edges in a social network, thus, the dimension of the adjacency 
matrix can be extremely high, which leads to the curse of dimensionality. To solve this problem, 
a lot of previous researches study social theories and structural features. However, the 
representation ability of these features is not strong enough. NMF is a classical method for 
dimensionality reduction. The standard NMF and its variants usually use the least square error 
in their objective function for estimating loss. The Frobenius norm has good mathematical 
properties and is used in various applications, such as face recognition [9] and document 
clustering [10]. However, this objective function may be sensitive to noise. The standard NMF 
assumes that the noise embedded in data has zero-mean Gaussian distribution, but in most of 
the realworld datasets, this assumption does not hold. Thus, some novel models are proposed 
to add robustness to NMF. Hamzaet al. proposed static-based NMF by balancing between the 
logical attractiveness of measurement functions and physical feasibility [11]. Similarly, Kong et 
al. assumes that noise data has Laplacian distribution and proposed L2,1 norm to measure the 
loss of decomposition [12]. The proposed L2,1 norm effectively copes with the noise data points. 
In order to enhance the robustness of our algorithm, the L2,1 norm is added to the objective 
function. 

In detail, two types of features are used to extract network information, namely structural 
features and latent features. The former comprises node degree, common neighbors, be-
tweenness centrality and triads count. In order to extract latent features, we integrate the 
objective function of OGNMF[13] with L2,1 norm and proposed Robust Orthogonal Graph 
Regularized NMF (ROGNMF). The ROGNMF can effectively reduce the matrix dimension and 
maintain the robustness. 

The contributions of this work are as follows: 

The ROGNMF is proposed to extract latent features, which can represent the original network 
effectively. The ROGNMF is the most robust NMF method to noise. 

The experimental results demonstrate that the proposed ROGNMF can obviously outperform 
the compared algorithms in comparison with the state-of-the-art NMF algorithm. 

The other sections are organized as follows: In section 2, re-lated work is presented. In section 
3, we present the proposed ROGNMF method. Section 4 is our experimental results. Finally, the 
conclusion is made in section 5. 

2. Related Work 

Heider et al. propose the structural balance theory by focusing on the formation of positive and 
negative relationships between people and things from a psychological point of view[14]. 
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Cartwright et al. generalized the structural balance theory by describing it based on the 
mathematical theory of linear graphs [15]. In this way, they proposed a method to represent 
the signed network comprising positive and negative edges using graphs. Early work on signed 
networks was mainly focused on signed networks observed in real-world scenarios. For 
instance, using signed networks to model the international relations between Axis and Allies 
during World War II [16], or to represent the conflict between Bangladesh and Pakistan in 1971 
[17], etc. In these signed networks, the number of nodes is usually small, and the relationships 
between the nodes are very dense. 

Recently, signed networks and their applications are focused by the research community. 
Nodes in signed networks represent users, and edges represent the relationships between 
users which are positive or negative. For instance, Epinions is a website for consumers to 
evaluate products. In the Epinions network, the relationship between a pair of users is trusted 
or distrusted [18]. Similarly, in Slashdot, the relationship is assigned with friends or enemies 
by used in the Slashdot Zoo launched in 2002 [19]. Kim et al. propose the SIDE algorithm[20], 
which simultaneously represent the signs and directions of edges in the graph embedding space. 
Besides, they also proved the linear scalability of the algorithm and proposed optimization 
techniques to reduce training time and improve accuracy. Xia et al. proposed a label noise 
filtering algorithm based on random forest to improve classification performance [21]. Derr et 
al. combine GCN with signed networks and use social balance theory to aggregate and 
disseminate information across signed networks [22]. 

Matrix decomposition is an efficient method in the numerical calculation to decompose large-
scale complex problems into several small-scale sub-problems. Xia et al. proposed an attribute 
reduction algorithm that combines granular balls with Neighborhood rough sets to reduce 
matrix dimensions [23, 24]. Singular value decomposition (SVD) is one of the most classic 
methods in the field of matrix decomposition which was proposed by Kalman [25]. The 
traditional eigenvalue decomposition requires the matrix to be symmetric; On the contrary, the 
SVD can decompose the matrix with variable dimensions. Therefore, SVD has been widely used 
in various algorithms, such as image compression[26], implicit semantic analysis [27], 
recommendation systems[28] and so on. 

In the real data mining process, many datasets are non-negative, such as text mining, image 
data, etc. The previous matrix factorization methods cannot be applied to the problems with 
signed data. In order to address this problem, Paatero et al. proposed a positive matrix 
factorization [29]. The solution was not optimal until Lee et al. proposed non-negative matrix 
factorization (NMF) in 2001 [30]. In comparison with other matrix factorization methods, the 
NMF adds nonnegative constraints to the objective function, thereby solving the problem of 
signed data. In recent years, many improvements have been made to NMF by adding various 
constraints to its objective function. Deng et al. took geometric information into consideration 
by considering that the adjacent nodes in the original basis should also be adjacent in the new 
basis formed after decomposition [31]. Therefore, they added a graph regular to the objective 
function of NMF and proposed the Graph regularized NMF. In order to reduce the influence of 
noise points in the NMF process, Kong et al. used a novel L2,1 norm and presented Robust 
NMF[12]. Wu et al. proposed Mixed Hypergraph regularized NMF[32], which uses higher-order 
information in the nodes for enhancing the clustering effect of community discovery. Fagot et 
al. proposed a regularization optimization problem similar to traditional NMF, whose 
additional unknown parameters are transformation [33]. Moreover, they also designed a new 
type of block descent algorithm for finding the stationary point of the objective function. 
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3. Proposed Framework 

The network dataset consists of nodes and edges. There are usually millions of nodes in a 
network, so the dimensions of the adjacency matrix are in millions. If we directly use the 
adjacency matrix to train a classifier, it leads to the curse of dimension. In this work, structural 
features and latent features are extracted from the adjacency matrix. 

3.1. Edge Sign Predition 

Suppose that a social network with symbols on all its edges are given. But s(u, v) which denotes 
the symbol of the edge from node u to node v is ”hidden”. How can we use the information 
provided by the rest of the network to reliably infer this symbol s(u, v) [6]? 

In our proposed method, we extract structural features and latent features from the original 
network. Among them, the number of rows of the structural feature matrix is equal to that of 
edges of the original network, and the number of rows of the latent feature matrix is the same. 
In the latent feature matrix, each row represent the latent feature of an edge, which is made up 
with the spliced latent feature of its two connected nodes. Take Figure 2. as an example where 
the graph G is given. To generate the latent feature matrix of G, the latent feature vector of the 
nodes A, B and C are extracted for adjacency matrix of G, and the latent feature vectors of the 
edges (A, B) and (A, C) are obtained by column splicing the latent feature vectors of the 
corresponding nodes. The latent feature Matrix of G is generated from the latent feature vectors 
of all edges using row splicing. 

 

 
Figure 2: The generation process of a latent feature matrix 

 
Figure 3: The generation process of a latent feature matrix 
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As shown in Figure 3, as the dimension of the structural feature matrix is the same with that of 
the latent feature matrix, the whole feature matrix of a network can be generated by row 
splicing the two feature matrix. Based on the feature matrix, a classifier is trained to predict the 
hidden s(u, v). 

3.2. Structural Features  

Structural feature describes information of edges, and five structural feature indexes are used 
in this paper as follows. 

Node Degree: For a node in an undirected graph, its node degree is equal to the number of its 
neighbor nodes. 

Betweenness Centrality: the betweenness centrality of a node can be understood as the 
probability that a shortest path passes the node. For a node x ∈ V , its betweenness centrality 
can be expressed as: 

( )
B

s x t
st

x
f x



 

  .                                                                        (1) 

where st and ( )x represent the number of shortest paths from node s to node t and the 

number of these paths passing through node x, respectively. 

Clustering Coefficient: it measures the degree of how much a node is close to its neighbors in a 
graph, and for a node x, its clustering coefficient is defined as: 

2 ( )
( )

deg( )(deg( ) 1)

T x
c x

x x



.                                                                    (2) 

 

where T(x) is the number of triads related with node x and degs(x) represent the degree of node 
x. 

Common Neighbors: for an edge, common neighbors are defined as the number of common 
neighbors of two adjacency nodes. 

Triads Count: for an undirected edge e = (x, y), in the four balanced triads shown in Figure 4, 
we count the number of triads with e = (x, y) as one of edges in them. This index has four 
dimensions corresponding to the four types of triads as shown in Figure 4. 

 
Figure 4: Four Types of Triads 

The former three indexes are about nodes, and two nodes constitutes an edge. So, six 
dimensions are generated from the former three indexes. The fourth index is one-dimensional, 
and the fifth index has four dimensions. Therefore, the whole structural feature has eleven 
dimensions. 

3.3. Latent Features 

After computing structural features, the ROGNMF algorithm is used to extract the latent 
features, which originate from OGNMF [13]. The GNMF adds a graph regularizer to the NMF 
model, thus geometric information can be added. It is shown that the clustering result can be 
optimized by the constraints of orthogonality [34]. Because the orthogonality constraint makes 
the factorization result sparser, this enhances the discrimination between the basis of the 
original matrix, this concept forms the basis of the OGNMF. For enhancing the robustness, the 
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RNMF uses L2,1 norm in the objective function, which reduces the impact of noise data [12]. 
We proposed ROGNMF by integrating the OGNMF and the L2,1 norm, and applied the L2,1 norm 
into the objective function of OGNMF. 

Given a matrix  1 2, , , n p

nX x x x R    , where p

ix R represents a data sample. The goal of 

OGNMF is to find two nonnegative matrices n kF R   and k pG R   whose products can 
approximate X well. The objective function is 

 

 2 2min

 s.t. , 0
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∣ ，
.                                              (3) 

where F‖‖  is the Forbenius norm, 2

F ij

i j

M M ‖ ‖ , L A W  is the Laplacian Matrix, W is 

weight matrix and A  is a diagonal matrix whose entries are the column's or row's sums of W . 
The tr( ) denotes the trace of a matrix. The regularization parameter 0  controls the 

smoothness of the factorization and 0   controls the orthogonality of the vectors. The 

multiplicate updating rules are as follows 
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For solving the issue of noise interference in the process of data mining, we improved the 
OGNMF by using L2,1 norm instead of Forbenius norm. The objective function of ROGNMF is 
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To simplify the calculation, the objective function can be rewritten as 
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Applying the constraints of orthogonalization and using   and   as Lagrange multipliers, the 
corresponding Lagrange function are 
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The partial derivatives of F and G  with respect to Lagrange function are obtained as 
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where D is a diagonal matrix which satisfies 
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Applying the KKT conditions 
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Therefore, the updating rules of ROGNMF is 
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table 1 summarizes the pseudo code of ROGNMF algorithm. 

 

Table 1: The pseudo code of ROGNMF algorithm  

Algorithm 1: ROGNMF 

Input:  Matrix X, parameters   and  

Output: Matrices n kF R    and k pG R    

1  Randomly initialize two nonnegative matrices n kF R    and  k pG R  ; 

2  Calculate weight matrix W and degree matrix A  for matrix X ; 

3  repeat 
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7  until Convergence; 

Using the ROGNMF algorithm, the latent features of the original matrix are extracted. These 
latent features have stronger anti-noise ability, which represent the original matrix efficiently 
and can be applied to other practical problems. Besides, we extract structural features for the 
original matrix. We select five indicators, including node degree, betweenness centrality, 
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clustering coefficient, common neighbors, and triad count. A total of 11 structural features are 
extracted. After combining latent features and structural features, the training begins. 

4. Experiments 

Experiments are implemented on the three most popular signed network datasets as shown in 
Table 2. Wiki-RfA is generated from the wikipedia community. In this community, some 
members can submit a request for admin-ship to run for administrator; other members cast 
vote by submitting an affirmative, neutral or opposing vote. In this work, the neutral votes are 
deleted for the purpose of binary classification. Epinions is a consumer evaluation website. 
Each user decides to show if they trust others or not. Therefore, the relationship between users 
includes trusting and distrusting. Slashdot is a technology news website where its users can 
mark others as friends or foes. 

Table 2: Dataset Statistical Description 

 Wiki-RfA Slashdot Epinions 

Number of Nodes 10835 131828 77350 

Number of Edges 159388 841372 516575 

In order to obtain the undirected edges, the reciprocating edges with different signs are deleted, 
leaving only the reciprocating edge with the same sign and the undirected edges. The left sign 
are taken as the sign of the processed edge. Because the nodes in the datasets are too sparse, 
the nodes with the highest degree are selected to keep. The nodes with the highest degree can 
retain the topology of the original network as much as possible. We keep 10,000 nodes in Wiki-
RFA, 16,000 nodes in Slashdot and 20,000 nodes in Epinions. After filtering the nodes, 1 node 
in Slashdot and 7 nodes in Epinions are isolated, so they are also selected to be deleted. Table 
3 shows the basic statistics of the three datasets after preprocessing. 

Table 3: Dataset Statistical Description 

 Wiki-RfA Slashdot Epinions 

Number of Nodes 10000 15999 19993 

Number of Edges 168660 332208 522526 

Positive Edges 77.9% 75.4% 85.3% 

Negative Edges 22.1% 24.6% 14.7% 

From Table 3, it can be seen that the proportion of the positive edges in the three datasets are 
more than 75%. In order to make a balanced dataset, we follow the practice of J. Leskovec 
[3]and R. Guha [19] , and take the same number of samples from the positive samples and the 
negative samples. 

Four algorithms are used for comparison as follows: 

RNMF: RNMF is a state-of-the-art robust NMF technique which adds L2,1 norm to standard 
NMF so that it can reduce the impact of noise. 

OGNMF: OGNMF can increase the sparse representation ability of the matrix, and it can 
maintain network structure characteristics and sparsity at the same time. 

Role2Vec(R2V) [36]: R2V is a popular framework with attribute random walks, which can be 
generalized for methods based on random walks. R2V learns each type of functions that map 
feature vectors to types. 

SIDE [20]: SIDE can represent both sign and direction of edges in the embedding space, and it 
has linear time complexity. 

These algorithms are used to reduce the dimensions of the original network data. In this work, 
we use the ACC and F1 score for evaluating the experimental results. 
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Table 4: Wiki-RfA Results 

 RNMF ROGNMF OGNMF SIDE R2V 

Noise Rate Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 

5% 0.914 0.910 0.915 0.911 0.766 0.862 0.913 0.910 0.910 0.901 

10% 0.901 0.902 0.907 0.907 0.759 0.850 0.894 0.896 0.892 0.884 

15% 0.896 0.896 0.898 0.897 0.752 0.841 0.886 0.883 0.868 0.865 

20% 0.880 0.881 0.885 0.880 0.741 0.827 0.874 0.872 0.844 0.841 

25% 0.868 0.868 0.871 0.870 0.725 0.808 0.867 0.865 0.831 0.833 

30% 0.850 0.844 0.862 0.861 0.723 0.793 0.858 0.861 0.827 0.825 

In our experiments, Logical Regression is the basic classifier, and five algorithms are used to 
reduce the dimension of each data set to 30. Each data set is split into 90% training set and 10% 
test set. By using the random sampling method, a certain proportion of samples are selected 
from the training set, and their signs are reversed. Consequently, they become noise data. The 
noise rate is set to 5%, 10%, 15%, 20%, 25% and 30% respectively. 

The experimental results are shown in Tables 4 to 6. It can be observed from the tables that 
with the increase in noise, the accuracy and F1 score of the five algorithms decrease. In the 
experiment on the Wiki-RFA dataset, both the ROGNMF and RNMF use the L2,1 norm, while the 
OGNMF, SIDE and R2V cannot deal with noise effectively. Thus, the prediction results of both 
the ROGNMF and RNMF are better than that of the OGNMF, SIDE and R2V. 

Table 5: Slashdot Results 

 RNMF ROGNMF OGNMF SIDE R2V 

Noise Rate Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 

5% 0.912 0.905 0.913 0.908 0.743 0.843 0.903 0.906 0.897 0.894 

10% 0.898 0.901 0.896 0.895 0.738 0.836 0.889 0.887 0.876 0.882 

15% 0.887 0.884 0.885 0.887 0.717 0.820 0.876 0.872 0.871 0.872 

20% 0.874 0.873 0.876 0.874 0.698 0.802 0.863 0.866 0.861 0.864 

25% 0.865 0.863 0.864 0.867 0.689 0.789 0.855 0.853 0.853 0.849 

30% 0.848 0.850 0.853 0.855 0.691 0.780 0.838 0.840 0.841 0.837 

 

Table 6: Epinions Results 

 RNMF ROGNMF OGNMF SIDE R2V 

Noise Rate Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 

5% 0.932 0.930 0.945 0.944 0.850 0.915 0.958 0.959 0.913 0.912 

10% 0.917 0.919 0.928 0.927 0.813 0.890 0.939 0.940 0.894 0.888 

15% 0.906 0.904 0.918 0.917 0.788 0.869 0.926 0.930 0.883 0.884 

20% 0.889 0.888 0.911 0.910 0.785 0.860 0.910 0.908 0.872 0.872 

25% 0.881 0.875 0.903 0.898 0.778 0.847 0.896 0.898 0.860 0.861 

30% 0.866 0.863 0.891 0.883 0.761 0.826 0.880 0.870 0.851 0.848 

 

As compared with RNMF, ROGNMF not only embeds geometric information in the matrix 
decomposition, but also uses the constraints of orthogonalization to enhance its sparse 
representation ability. Therefore, ROGNMF performs better than RNMF. Compared with 
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OGNMF, although both ROGNMF and OGNMF can retain the structural information and sparsity 
of the signed network, OGNMF lacks the ability to deal with noise data. Thus, ROGNMF performs 
much better than OGNMF. In addition, in comparison to R2V, SIDE can optimize the signed 
network by extracting features using the direction and sign of the edge. Thus, the SIDE performs 
better than R2V. A similar conclusion can be drawn from experiments on Slashdot dataset. 

In the experiments performed on the Epinions dataset, we observe that when the noise rate 
increases from 5% to 15%, the accuracy and F1 score of the SIDE are superior as compared to 
the other four algorithms. However, when the noise rate increases to 20%, the accuracy and F1 
score of the ROGNMF start to exceed the SIDE. It indicated that with the increase in noise, the 
anti-noise effect of the ROGNMF algorithm is more dominant, while the SIDE does not have the 
ability to effectively deal with noise, resulting in poor predictions. 

5. Conclution 

In this paper, in order to reduce the interference caused due to the addition of noise, we propose 
the ROGNMF for extracting latent features from networks by using L2,1 norm in the objective 
function, which can change the calculation of error from multiplication to addition. 
Consequently, ROGNMF is more effective than OGNMF. The experimental results and analysis 
on three real-world datasets demonstrate that the ROGNMF perform better in coping with noise 
than other algorithms. The drawback of the NMF algorithms is that the computational 
complexity is high. So, in the future, we will study matrix factorization algorithms that are more 
computationally efficient. 
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