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Abstract: Trust prediction is essential to enhancing reliability and reducing risk from the unreliable
node, especially for online applications in open network environments. An essential fact in trust
prediction is to measure the relation of both the interacting entities accurately. However, most of
the existing methods infer the trust relation between interacting entities usually rely on modeling
the similarity between nodes on a graph and ignore semantic relation and the influence of negative
links (e.g., distrust relation). In this paper, we proposed a relation representation learning via signed
graph mutual information maximization (called SGMIM). In SGMIM, we incorporate a translation
model and positive point-wise mutual information to enhance the relation representations and adopt
Mutual Information Maximization to align the entity and relation semantic spaces. Moreover, we
further develop a sign prediction model for making accurate trust predictions. We conduct link sign
prediction in trust networks based on learned the relation representation. Extensive experimental
results in four real-world datasets on trust prediction task show that SGMIM significantly outperforms
state-of-the-art baseline methods.
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1. Introduction
Graph representation learning (GRL), as one of the most popular and promising
machine learning techniques on graphs, has been successfully applied to diverse graph
analysis tasks, such as link prediction [1–3], node classification [4–6], molecular generation [7–9], community detection [10,11], and demonstrated to be quite useful. GRL aims
to learn a low-dimensional latent vector representation of nodes or edges while making
the vector preserve as much more structure and feature information as possible. However,
most of the GRL approaches focus more on the vector representation of nodes, in which
abundant edge information has not been well captured and used, especially in social
networks with complex relationships.
Recently, with the growth of online social networks, signed networks are becoming
increasingly ubiquitous. A singed network is a classic directed graph with two kinds of
edges (positive or negative), where the positive edges are usually seen as similarity or
collaboration, while negative edges represent opposites and differences [12]. For example,
in the Epinions network, positive edges mean trust, while negative edges represent distrust.
Recent works demonstrated that negative edges are also as crucial as positive edges
for a lot of graph analysis tasks [13], such as trust prediction [14], link prediction [15],
and recommendation systems [16]. Most trust prediction problems can be regarded as
sign predictions on the signed graph, to be more specific. Figure 1 shows an example to
illustrate the sign prediction problem in the trust network.
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Figure 1. An illustration of sign prediction problem in trust network.

For unsigned graph analysis tasks, graph neural networks (GNNs) [17] exhibit more
robust performance in recent years, such as Graph Convolutional Networks (GCN) [18],
GraphSAGE [19], Graph Attention Networks (GAT) [20], Gated Graph Neural Networks
(GGNN) [21]. These methods in unsigned networks assume that directly connected nodes
have a similar preference. However, this assumption is not suitable for signed networks
due to the existence of negative links. Moreover, the transitivity property of unsigned
networks is not always effective for the negative links in the signed networks. Hence,
existing graph representation learning approaches designed for unsigned networks cannot
be directly applied to the signed networks.
To deal with this problem, a great number of representation learning approaches
on the signed graph were proposed [22–25]. SiNE [22] incorporates structural balance
theory into a deep neural network to learn the relationship between the user for the signed
social networks. SNE [23] employ a random walk to generate short nodes sequence on a
signed network, and then use the log-bilinear algorithm to learn the representation of the
nodes along the edge. Moreover, SNEA [24] and SignedFS [25] resort attributes of node to
improve the performance for signed graph analysis.
Although many efforts were made for signed graph representation learning, there are
still some challenges: (1). How to effectively capture the semantic and structural features
on the signed graph with the negative edges to obtain a high-quality node or relation
representation. (2). How to better measure the correlation between entities in different
semantic spaces to generate a robust relation representation for signed graph analysis tasks.
(3). We cannot merely treat the negative edges the same as positive edges because the
semantic meaning and properties are completely different.
In this paper, in order to further overcome the problem of insufficient capture of
latent features and semantic information of negative edges while learning the relation
representation model in a unified semantic space, we propose a signed graph representation
learning framework via signed graph mutual information maximization (SGMIM). SGMIM
learns signed graph embedding and requires only the network information and a small
percentage of signed label. The main contribution of this paper can be summarized
as follows.
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We propose a novel relation representation learning model via maximizing mutual
information between the signed graph and entity relation representation, which is
preferable and suitable for trust networks modeling.
We first introduce translation principle to signed graph to explore abundant feature
and semantic information of edges on the signed graph.
We develop a trust prediction algorithm that takes the learned relation representation
vector to complete the trust prediction tasks.
Experiments with four real-world datasets show that SGMIM can obtain efficient accuracy.

The rest of the paper is organized as follows. In Section 2 we briefly review related
work regarding trust prediction and signed graph representation. Section 3 formally
defines the problems of relation representation learning on the signed graph. Section 4
introduces our proposed method’s framework and discusses the building and training of
SGMIM model for relation representation learning on the signed graph. Section 5 provides
experimental settings and the analysis of results. Finally, we conclude this paper with a
summary and future research directions.
2. Related Work
There has been much numerous research on relationship learning and trust learning in
recent years. In this section, we review several main methods for relation learning, including traditional social network-based trust measure approaches, GNNs-based approaches,
and signed graph-based approaches.
2.1. Approaches Based on Social Network Analysis
Traditional approaches to trust evaluation based on social network analysis mainly rely
on trust transitivity and aggregation mechanisms, structural balance theory, and centrality
theory. For P2P file-sharing systems, EigenTrust [26] uses multiplication and weighted
mean to propagate and aggregates trust correspondingly to measures trust according to
satisfied and unsatisfied experiences. Jφsang considers trust as an uncertain probability
and proposed a Subjective Logic model [27], which uses a discount strategy to propagate
trust from the source node to the target node and then to aggregation. To improve accuracy,
Golbeck presents TidalTrust [28], a trust management system, which combines trust by
weighted mean trust values from multiple paths only from trusted neighbors. At the same
time, the resulting trust value is not less than a set threshold. Due to trust’s nondeterministic
characteristics, many works use fuzzy logic to measure trust. Unlike traditional binary
logic measures, fuzzy logic is usually used to solve the partial between completely true and
completely false [29]. Hao, Min et al. proposed MobiFuzzyTrust [30] combines familiaritybase trust, prestige-based trust, and similarity-based trust to calculate trust value, which
represents trust with linguistic terms and defined fuzzy membership function to transform
trust value from number to linguistic terms. Kant and Bharadwaj [31] proposed a fuzzy
calculation approach of trust or distrust for recommendations through knowledge factors
and similarity based on linguistic expressions. To avoid a lot of potential coordinated
malicious attacks on nodes, Rasmussen et al. [32] introduced trust as soft security to help
participants for social control. For the naive attack and whitewashing attack, TidalTrust [28]
is robust because it uses a weighted mean to aggregate the trust value. However, the traitor
attack does not contain any defense strategy. For a cold-start participant, Massa [33]
proposed MoleTrust model that uses one continuous value to represent trust. It is robust
to the whitewashing and naive attack because it only accepts trustworthy paths. For each
type of attack, not all models are robust, and only a few models focus on the traitor attack.
Combining trust transitivity and aggregation to reinforcement learning, Kim and Song [34]
propose a reinforcement learning method to measure trust. Some works employ the matrix
factorization method to generate a trust matrix for trust prediction, such as hTrust [35],
which factorizes a low-rank matrix to model the trust relationship between the nodes.
Moreover, it considers the homogeneity effect. Another matrix factorization method is
Matri [36] that regards trust aspects as latent factors: trustor and trustee.
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2.2. Approaches Based on GNNs
To model the relation between nodes, most methods based on GNNs usually first
learn latent node representations and then learn relation representations by calculating
the similarity of the nodes. Early graph representation learning is based on matrix eigenvector, such as Laplace Eigenmap (LE) [37,38], Locally Linear Embedding (LLE) [39,40],
directed graph embedding [41]. In this kind of models, graphs are constructed offline
by calculating similarity between the nodes. LLE assumes that the node embedding is
locally linear, i.e., a node on the graph can be linearly represented by its neighbor nodes.
The key of LLE algorithm is to find the linear relation of K nearest neighbors of each node
and generate the linear relation weight matrix. Finally, the optimization problem of the
objective is converted to a relational matrix eigenvector decomposition problem. Similar to
LLE, LEE [37,38] algorithm believes that the representations of two connected nodes in a
low-dimensional space should also be similar. The similarity between nodes is defined as
the Euclidean distance of node vectors, and the optimization problem is also converted
into the decomposition of Laplace eigenvectors. Inspired by Word2vec, DeepWalk [42]
algorithm is the first to introduce the natural language processing approach into the graph
embedding, which treats the node sequence generated by truncated random walk as sentences of language model and nodes as words, and then use Skip-gram and hierarchical
Softmax to learn the node embedding by maximizing the likelihood probability of the
random walk sequence. To further improve the performance of embedding, Node2Vec [43]
algorithm presents a search strategy based on DeepWalk. Unlike the random sampling
of DeepWalk, Node2vec adopts different search strategies to balance capturing local or
global features. Another work, LINE [44], develops a network embedding approach that
can model both first-order and second-order proximity and can be used in large-scale information networks. However, these relation representation learning model variants mainly
rely on similarity modeling between nodes, and the mutual information aspect of signed
graph relationship representation is not thoroughly investigated. Many research works
on the mutual information have attracted a lot of attention based on GNN (graph neural
networks [45]). For the molecule property prediction tasks, Ref. [46] proposed an approach
that maximize mutual information between edge states and transforms parameters. In [47],
the author learned the student model from the teacher model via mutual information
maximization between intermediate representation. However, the methodology of mutual
information maximization on the signed graph has not yet been used for the analysis
tasks for trust prediction. Our proposed method in this paper is mainly inspired by the
Graph InfoMax (GIM) and explores a trust relationship representation model suitable for
trust networks.
2.3. Approaches Based on Signed Graph
Guha et al. [48] first investigated the sign prediction problem in the trust network and
used a mathematical formula to describe the propagation behavior for trust and distrust
relationships. They took into account two distrust propagation mechanisms: one is to
assume that the distrust relationship is only propagated once, the other is to propagate
the distrust relationship continuously. Experiments proved that the former mechanism is
more concise and effective. However, the models have a limitation on the chain’s length.
Mishara et al. [49] designed signed indicators on the trust networks to identify users’ trust
preferences and influence. They believe that if a user always trusts or distrusts other users,
his trust preference is regarded as biased, and his trust score will be reduced. In addition
to network structure information as features, the content attributes and context features of
nodes can also be used in sign prediction of trust networks. Zolfaghar et al. [50] proposed
a classification system to predict the relationship between trust and distrust based on user
behavior context feature and network structure feature information.
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3. Preliminaries
This section begins with problem formulation and a brief introduction of graph mutual
information. The common notations needed in the following sections are shown in Table 1.
Table 1. Common notations.

Notation

Description

G
V
E+
E−
D+
D−
k1
k2
n

signed trust network
set of vertexes
set of positive edges
set of negative edges
out degree of node
in degree of node
dimensions of node representation
dimensions of relation representation
size of vertex

3.1. Problem Formulation
Definition 1 (Signed Trust Network). A Signed Trust Network is denoted as the signed graph
G = (V, E+ , E− ), where V = {vi }in=1 is the set of vertexes, and each vertex represent a trust entity
such as social media user, software service, recommendation item and network node, and E+ , E−
are the sets of positive, negative links respectively. Please note that E+ ∪ E− = E, E+ ∩ E− = ∅.
The associated graph adjacency matrix A ∈ Rn×n of signed graph G is denoted as


 1, trust
Aij = −1, distrust


0, unconect

(1)

For each edge, ei ∈ E is an ordered pair e = (u, v) where u represents trustor and v represents
trustee and is associated with a signed label l + or l − , which indicates trust or distrust. Please note
that the trust relationship cannot have both a positive and negative sign simultaneously.
Definition 2 (Relation Representation Learning). Given a signed trust network G, relation
representation learning aims to learn a function
f G : (u, v) → Rd
where Rd is a d-dimensional vector space, and d << | E|. The structural features of trust networks
and semantic relationship features will be preserved as much as possible in space Rd .
Definition 3 (Trust Prediction). The trust prediction problem to be addressed is to predict the
sign of the relationship of node pairs (positive or negative).
3.2. Mutual Information
Mutual information (MI) is a useful information measure in information theory, which
refers to the dependence between the two random variables. In particular, MI quantifies
the amount of information obtained about one random variable by observing the other
random variable. According to the information theory, given two discrete random variables
U = (u1 , u2 , · · ·, un ) and V = (v1 , v2 , · · ·, vk )), the MI between U and V is defined as
I (U; V ) =

p(u, v)

∑ ∑ p(u, v)log p(u) p(v)
u

v

(2)
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where p(u, v) is a joint distribution of u and v, and p(u) and p(v) are the marginal distributions of u and v. According to the relationship between entropy H and MI, I (U, V ) is also
rewritten as:
I (U, V ) = H (U ) − H (U |V )

= H ( V ) − H ( V |U )
= H (U ) + H (V ) − H (U, V ).

(3)

Thus, the MI can be understood as the reduction in the uncertainty of U due to
the knowledge of V. Consider U and V to be different views of the input data (e.g.,
a node and its neighborhood context, subgraph partitions of a graph), maximizing mutual
information I (U, V ) can effectively improve the performance of graph representation
learning. However, Maximizing MI directly is intractable for GNNs. To tackle this problem,
some approaches such Deep InfoMax (DIM), Deep Graph Infomax (DGI [51]), and Graph
Mutual Information (GMI [52]) resort to mutual information neural estimation (MINE) [53]
by training a statistics neural network as a classifier to differentiate samples from the joint
distribution of two random variables and their product of marginals. Formally, I (U, V )
can be written as:
I (U, V ) = DKL ( PUV || PU ⊗ PV )
(4)
= sup EPUV [ T ] − log( EPU ⊗ PV [e T ])
T:Ω→ R

where DKL (.||.) is a representation of the KL-divergence [54], and the supremum is taken
over all functions T such that the two expectations are finite. Parameterize T into a
neural network Tθ to find a tighter lower bound of mutual information: EPUV [ Tθ ] −
log( EPU ⊗ PV [e Tθ ]), and then use gradient update to continuously raise the lower bound
while increasing the mutual information between U and V.
Another particular lower bound based on Noise Contrastive Estimation (NCE) [55] is
InfoNCE [56], which has been proved to work well in real world practice. It is defined as:

E p(U,V ) [ f θ (u, v) − Eq(Ṽ ) [log

∑ exp( f θ (x, ṽ))]] + log|Ṽ |.

ṽ∈Ṽ

(5)

where u and v are two distinct views from the input data, and f θ is defined as a function
with parameter θ. For example, the inner product of encoded embedding of a vertex and
its neighbor context or inner product of encoded embedding of a graph and the subgraph
of the graph, and Ṽ is a sample set drawn from a proposal distribution q(Ṽ ) that contains
|Ṽ | − 1 negative sample and positive sample v. Since infoNCE can be regarded as a
special cross-entropy, when Ṽ contains all possible values of Y, maximizing infoNCE loss
is equivalent to minimizing the cross-entropy loss follow as:

E p(U,V ) [ f θ (u, v) − log

∑ exp( f θ (x, ṽ))].

ṽ∈Ṽ

(6)

Follow with this idea, we can use specific U, V to maximize the MI between two
different views of the input data (e.g., a node and its neighborhood nodes on the graph,
or different space representation of nodes and edges).
4. Proposed Method
Existing Semi-supervised GNNs mainly resort to the message passing mechanism
to aggregate neighbor node features to learn the low-dimension representation with both
labeled and unlabeled data. However, the transitivity assumption of the messages is
not always valid due to the existence of negative edges. Inspired by recent self-learning
work with MI maximization [57,58] and knowledge graph embedding (KGE) [59–61], we
propose a relation representation learning framework via signed graph mutual information
maximization, and then use learned vector representation as the input of neural networks
to perform the task of trust prediction.
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4.1. Framework
This section discusses in detail the general framework of our proposed method, which
consists of two main parts: semantic relation encoder and structure feature learning.
The semantic learning part employs the knowledge graph embedding approach to encode
semantic information and maximize mutual information for model training, while the
structure learning part captures structural features by factorizing PPMI matrix (positive
point-wise mutual information matrix). Figure 2 shows the framework of SGMIM. In detail,
we initialize the head entity u, relation r, and tail entity v for relation triplet (u, r, v) to
one-hot embedding vectors, and then design two objectives: semantic relation encoder
captured semantic features and PPMI matrix factory extracted structural features. Finally,
we jointly optimize the two objectives to learn a robust relation representation.

head entity embedding

u

relation embedding

semantic encoder

+

=
MLP

(u,v)

out

structure encoder
v
tail entity embedding

PPMI

Figure 2. Framework of SGMI.

As shown in Figure 2, SGMIM consists of two critical parts, the encoder part and
relation representation construction part. In the following parts, we first give a detailed
introduction of building encoder in SGMIM. Afterward, we describe how to construct the
relation representations. At lash, we give the overall objective function of SGMIM.
4.2. Encoding Semantic Relation
How to encode more relation features between entities is crucial for predicting the
relations precisely. The traditional signed network representation models simply use the
inner product of the representation vector of node u and the representation vector of
neighborhood node v. Obviously, in this way, the sign information has not been well captured and used. Motivated by translation mechanisms in knowledge graph representation
learning (KGRL) fields [59,60], we assume that the interactions between entities in trust
networks can also be portrayed as translations in the representation space. For each edge
e = (u, v) and its corresponding sign, the relations are represented as translations in the
representation space. We introduce two vectors u and v for each entity, corresponding to its
head representation and tail representation. For the same representation space u, v, r ∈ Rk ,
the translation mechanism among u, v can be formalized as
u+r ≈ v

(7)

where r is the relation embedding vector. Moreover, we define a triplet (u, r, v) as the
semantic relationship from u to v. For example, a triple (u, r, v) in trust networks represent
entity u trust (distrust) entity v. In most practical scenarios, entity representation space and
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relational representation space are different. Therefor, for each triplet (u, v, r) and its entity
embedding u, v and relation embedding v, we define a score function follow as :
f r (u, v) = ||u⊥ + r − v⊥ )||22
where u⊥ = uWr , v⊥ = vWr , and u⊥ ,v⊥ ∈ Rk , r ∈ Rd (relation space), and Wr is
a projection matrix Wr ∈ Rk×d . Most existing of knowledge graph representation approaches [59,60] employ margin-base score function as objective for training:

L=

∑

∑

max (γ + f r (u, v) − f r (u0 , v0 ), 0)

(8)

(u,r,v)∈S(u0 ,r,v0 )∈S0

where γ is the margin, S is the set of positive samples triples, and S0 is the set of samples
from a proposal triples (shuffle the original triple). Rather than a margin-based objective,
In this work, we develop a loss function based on contrastive learning framework, which
maximizes the MI between both entity and relation view. Following Equation (6), we
minimize the following loss:

Lse = E(u,r,v)∈S [ f r (u, v) − log

∑

exp( f r (u0 , v0 ))]

(9)

(u0 ,r,v0 )∈S

4.3. Learning Structure Information
The second part of our proposed approach SGMI is how to learn structural information
on signed graphs. As we mentioned in Section 1, the message passing assumptions in
unsigned graphs are invalid in signed graphs due to the existence of negative links. Hence,
we use to maximize the Point-wise Mutual Information (PMI) [62] between node and
neighbor context to learn the structured information on the signed network.
For a signed graph G = (V, E+ , E− ), the vectors u, v and r are the representation
corresponding to entity u, v, and relation r respectively. Specifically, the PMI is defined as:
PMIi,j = log

 p(i, j) 
p (i ) p ( j )

(10)

where p(i, j) is the joint distribution of node pair (i, j), and p(i ) p( j) is the product of
marginal distribution. Based on statistics of global co-occurrence counts, we can compute
the joint probability and the marginal probability.
p(i, j) =

#(i, j)
|D|

p (i ) =

#( i )
|D|

p( j) =

#( j )
|D|

where #(i, j) is the number of occurrences of node pair (i, j), and #i an #j represent the
number of occurrences of node i and node j, respectively, and | D | = ∑i ∑ j #(i, j), so PMIi,j
also can be:
 #(i, j) · | D | 
PMIi,j = log
#( i ) · #( j )
(11)
 s ∑ N D − (vn ) 
i,j n=1
PMIi,j = log
D + ( vi ) D − ( v j )
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where sij is the sign value of edge (i, j), D + denote the out-degree of node vi and D − denote
the in-degree of node vi . In order to avoid PMI (i, j) = log0 = −∞ cause by some #(i, j) is
not in D, we set each negative value as 0, and then derive the following matrix formula:
Zi,j = max ( PMIi,j , 0)
where Z is PPMI matrix.
Afterward, we develop a probability matrix factorization model that learns the relation
embedding between the nodes on the signed graph preserves rich edge structure information and contextual feature. Let U = {u1 , · · ·, un } denote as a matrix of the embedding
vector of head entity (e.g., trustor entity in trust networks), and V = {v1 , · · ·, vn } denote as
a matrix of the embedding of tail entity (e.g., trustee entity in trust networks). Hence, we
define the conditional probability of the observed Z (PPMI) as follows:
p( Z |U, V, σz2 ) =

N

M

IZ

∏ ∏ [N (Zi,j | g(UiT Vj ), σz2 )] i,j

(12)

i =1 j =1

Z is defined
where N ( x |µ, σ2 ) is a Gaussian distribution with mean µ and variance σ2 , and Ii,j
as the indicator function which is equal to 1 if i link j and equal to 0 otherwise. The function
g( x ) is the sigmoid function g( x ) = 1/(1 + exp(− x )), which bounds the range of UiT Vj
within [0,1]. Moreover, zero-mean Gaussian priors are assumed for head entity and tail
entity vectors:

p(U |σu2 ) =
p(V |σv2 )

N

∏ N (Ui |0, σu2 ),

i =1
M

=∏

(13)

N (Vj |0, σv2 )

j =1

Through a Bayesian inference, the posterior probability of the random variables U
and V can be defined as follows:
p(U, V | Z, σz2 , σu2 , σv2 ) ∝ p( Z |U, V, σz2 ) p(U |σu2 ) p(V |σv2 )
N

M

IZ

= ∏ ∏ [N ( Zi,j | g(UiT Vj ), σz2 )] i,j
i =1 j =1

N

M

i =1

j =1

(14)

× ∏ N (Ui |0, σu2 ) × ∏ N (Vj |0, σv2 )
Lmi = ln p(U, V | Z, σz2 , σu2 , σv2 )
=−

1
2σz2

N

M

∑ ∑ Ii,jT (Zi,j − g(UiT Vj + bi + bj )2

i =1 j =1

−

1
2σu2

N

∑ UiT Ui −

i =1

1
2σV2

M

∑ VjT Vj

j =1

(15)

1 N M Z
− ( ∑ ∑ Ii,j
) ln σz2
2 i =1 j =1
1
− (( N × K ) ln σu2 + ( M × K ) ln σv2 + C
2
4.4. Model Training
In this subsection, we detail the training process of our proposed model. As we
mentioned in Section 3, maximizing mutual information is intractable. A typical way
is to employ MINE [53] to classify samples from the joint distribution and the product
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of marginals. However, an essential aspect of contrastive learning is how to construct
positive and negative samples. For different types of data, how to reasonably define
which samples should be regarded as positive samples and which should be regarded
as negative samples. Moreover, the number of negative samples is also a factor that
affects the performance of the model. Therefore, designing a reasonable positive and
negative example pair and improving the coverage of semantic relation can aid the model
to learn an effective representation for the downstream tasks. Recent work such as short
random walks, node-anchored sampling, and curriculum-based negative sampling provide
different sampling alternatives. In this work, for the positive sample, we directly use the
triple from training data as positive sample triplet set S. Meanwhile, we adopt random
pairs sampling strategies to draw the negative sample triplet set S0 . In other words, we first
fix the head entities u and relations r of the positive triplet set S ((u, r, v) ∈ S), and then
shuffle the tail entities v to generate the negative sample triplet set S10 ((u, r, v0 ) ∈ S10 ). In the
same way, we fix the relations and tail entities and shuffle the head entity to generate
another negative sample set S20 ((u0 , r, v) ∈ S20 ). Finally, Combine S10 and S20 into S0 (i.e.,
S0 = S10 ∪ S20 ).
To preserve the semantic information among node and edge embedding as well as
the structural features of edge on the signed graph, we combine both the objectives in
Equations (9) and (15) into an overall objective function. In term of each triplet (u, r, v) and
its negative sample (u0 , r, v0 ), we jointly optimize the following objective functions:

L = (1 − α)Lse + αLmi

(16)

where α is a hyper-parameter to trade-off the weights of different parts, in order to avoid
model overfitting, we also use the dropout layer to optimize the parameters. Moreover, we
adopt the optimization function Adam to minimize the objective in Equation (16). A More
detailed training process and steps are shown in Algorithm 1 below.
Algorithm 1 Traning process of SGMIM model
Require: G: (V, E+ , E) ; A: adjacency matrix; S: sign set of edges; k: dimension of node
embedding vector; m: dimension of edge embedding vector; β: hyper-parameter;
epoches: iterate number.
Ensure: U: head entity representation; V: tail entity representation; R: relation representation.
1:

Initialization U, V, R

2:

Calculate PPMI Z

3:

for iter in range(epoches)

4:

Sample positive triple (u, r, v)

5:

Generate embedding U, R, V

6:

Sample negative triple (u’, r, v’)

7:

Generate embedding U’, R, V’

8:

C1 = f r (U, V ), C2 = f r (U 0 , V 0 ))

9:

score = Discriminator(C1 , C2 )

10:

Loss1 = BCEWithLogicLoss(score, S)

11:

Loss2 = CrossEntropyLoss(C1 , Z)

12:

Loss = α· Loss1+(1-α)·Loss2

13:

Update U, R, V

14:

Loss Backforward

15:

end for
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5. Experiments
In order to evaluate the effectiveness of SGMIM on learning relation representation
between the nodes on the signed graph, we compare the accuracy and efficiency of SGMIM
model to the state-of-the-art baseline methods on sign prediction with four standard
real-world datasets (Epinions, Slashdot and WikiElec, and WikiRfa) for trust prediction
tasks and link prediction tasks. In this work, all the algorithms are written in Python3.7.
In addition, we also use deep learning util package pytorch1.5 (https://pytorch.org/) and
complex network analysis library networkx2.3 (http://networkx.github.io/) and achieve
execution. We conduct the experiments are on an Intel (R) Core (TM) i7-8700U with 16Gb
RAM running desktop computer. We use Macro-F1 score and Area Under Curve (AUC) to
evaluate the accuracy of the prediction task.
5.1. Datasets
We use four publicly datasets: Epinions, Slashdot, WikiElec, WikiRfa. The statistical
characteristics of the four datasets are summarized in Table 2, and the degree distribution
of the dataset see Figure 3.
1. Epinions (http://www.trustlet.org/epinions.html). Epinions is an online review
website where users can review any products. Users can register for free and write reviews
for many different types of products such as music, software hardware. In Epinions, users
can be allowed to other users to their “Web of Trust.“ Epinions datasets contain the ratings
given by users to the item and the trust statements issued by users. It was collected by
Paolo Massa crawl from the Epinions website in a five-week, which contains 49,290 users
who rated a total of 139,738 different products at least once and writing 664,824 reviews,
and 487,181 issued trust statements. The dataset consists of two data files: Ratings data and
Trust data, in which trust data contains the trust statements issued by users, and every line
has the following format: source-user-id, target-user-id, trust-statement-value. For example,
line 10,572 11,715 −1 represents user 10,572 has expressed a negative trust statement on
user 11,715. The value of the trust-statement is only 1 or −1, and 1 means positive trust,
and −1 means negative ones (distrust). The detailed statistics about the Epinions dataset
see Table 2.
2. Slashdot (https://www.slashdot.org). Slashdot is a technology-related news
website know for its specific user community, which features editor-evaluated and usersubmitted current primarily technology-oriented news. The interesting part of Slashdot is
its reader comments. Generally, each news item has hundreds or even thousands of reader
comments. The system will automatically randomly select moderators from active users.
The selected moderator can give a score to each comment, and positive comments add 1
point and negative comments minus 1 point. Slashdot uses the SlashdotZoo feature, which
allows user to tag each other as friends or foes. The User network contains friend/foe links
between the users of Slashdot. Slashdot network contains nodes 82,168 and edges 948,464.
See Table 2 for detailed statistics on Slashdot datasets.
3. WikiElec and WikiRfa (http://snap.stanford.edu/data/wiki-Elec.html). Wikipedia
is a free encyclopedia website maintained by volunteers from all over the world. To manage
the administrator, Wikipedia develops a voting network (WikiElec) to decide whom to
promote to the administrator via a public vote for the adminship elections, and WikiRfa is a
new version of WikiElec. Both WikiElec and WikiRfa contain positive, negative, and neutral
votes. According to the statistical results, we find that the average sparsity of WikiElec is
larger than WikiRfa. WikiElec network contains 7194 nodes and 114,040 edges, and WikiRfa
contains 10885 nodes and 137,966 edges. See Table 2 for detailed statistics on WikiElec and
WikiRfa datasets.
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Table 2. Statistics information of the datasets.
Statistics

Epinions

Slashdot

WikiElec

WikiRfa

nodes num
edges num
positive num
negative num
average sparsity

131,828
841,372
717,690
123,682
22.4

82,140
549,202
425,083
124,119
14.7

7194
114,040
90,890
23,150
25.5

10,885
137,966
109,269
28,697
31.3

Epinions
Slashdot
WikiElec
WikiRfa

10−1
10−2
10−3
10−4
10−5
100

101

102

103

Figure 3. Degree Distribution of Datasets (Epinions, Slashdot, WikiElec, WikiRfa).

5.2. Baselines
We compare with the following baseline methods.
(1) Signed Spectral Clustering [63] is a spectral clustering method based on eigenvalue decomposition. It takes the eigenvector of the k smallest eigenvalues obtained by the
signed spectral decomposition as the node’s representation vector. The spectral method’s
performance in real tasks would be affected by the dimension of the eigenvector, and it is
more suitable for undirected graphs.
(2) SiNE [64]: SiNE incorporates the structural balance theory into deep learning
model for learning the node embedding on the signed graph. It assumes the signed graph
is an undirected graph.
(3) SNE [23]: SNE is a signed graph representation learning method based on random
walk. It extracts many short node paths by random walk along with the graph, and then
further adopts the log-bilinear model to learn the node representation.
(4) nSNE [65]: nSNE is a neural network signed network embedding method. It
learns both node embedding and edge embedding by modeling first-order proximity and
second-order between the nodes on the signed graph with negative link.
5.3. Evaluation Metric
We consider using macro F1-score and AUC (Area Under Curve) as the metric for
evaluating our model. Most machine learning methods for multi-classification problems
usually use macro F1-score as the final evaluation metric to assess the quality of problems.
In particular, macro F1-score is also the balance average of precision and recall. The maximum value of F1-score is 1, and the minimum value is 0. The formula for the F1-score
is:
Precision · Recall
F1 = 2 ·
Precision + Recall

Symmetry 2021, 13, 115

13 of 18

where Precision presents the proportion of true positive samples in the sample predicted to
be positive, Recall refers to the proportion of samples predicted to be correct in the sample
predicted to be positive. We define Precision and Recall as follows:
Precision =
Recall =

TP
TP + FP

TP
TP + FN

AUC (Area Under Curve) is another most frequently used classification measurement
at various threshold settings. ROC (Receiver Operating Characteristic) curve can help
us set a threshold for a classifier that minimizes the false positives while maximizing the
true positives and evaluating the performance of the classifier over entire operating range.
AUC represents the measure or degree of separability. It tells us how many nodes may
distinguishing the classes. The higher the AUC, the better the model is at distinguishing
between nodes with the positive or negative. We can draw the ROC curve with TPR as the
x-axis and FPR as the y-axis, where TPR (True Positive Rate) is equal to Recall, and FPR
(False Positive Rate) is defined as:
FPR =

FP
TN + FP

In this work, we use the leave-one-out strategy for evaluation and reserve 20% of the
datasets for test and the remaining 80% for model training through cross-validation.
5.4. Experimental Results
This section shows and analyzes the experimental results for different baseline methods on four real datasets, as shown Table 3. According to the experimental results, we
can find:
Compared with the traditional signed graph embedding methods based on spectral
decomposition, the neural network representation learning methods perform more better
on most datasets because the neutral network has the powerful capacity to extract the
complex non-linear features, such as SNE, iSNE, and nSNE. Besides, we also find that
for large-scale sparse datasets, the computational efficiency of the spectral method is
significantly reduced because of the time-consuming spectral feature decomposition.
As for neural network representation methods on the signed graph, SNE employs
social balance theory to enhance the second-order approximate between nodes and perform
better than the spectral decomposition method. However, its generalization ability on the
signed graph containing more negative edges is insufficient than that of signed graphs
containing fewer negative edges. The main reason is that the balance theory enhances local
features and ignores global features.
Table 3 demonstrates Macro-F1 and AUC metrics for different baselines on four
datasets. Please note that the dimension of the relation representation is also a critical
parameter that affects the experimental result. As the dimension size increases, Macro-F1
and AUC also increase accordingly, especially when the dimension is greater than 120,
Macro-F1 and AUC reach the maximum value. The best experimental results in Table 3 are
shown in Bold numbers.
Finally, the statistical analysis results show that our proposed SGMIM method has a
good result by calculating Frieman’s rank and Wilcoxon’s signed-rank [66] of each baseline
method on every dimension setting and the dataset. In contrast to these baseline methods,
we incorporate the knowledge graph relation embedding and positive point-wise mutual
information by maximizing graph mutual information between signed graph and latent
representation to learn a robust relation representation. The experiment results demonstrate
that mutual information maximization can effectively improve the performance of signed
graph relation representation learning for trust prediction tasks.
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Table 3. Experiments Results On Sign Prediction Task.

Dataset
Algorithm

F1

Epinions
AUC

F1

Slashdot
AUC

F1

WikiElec
AUC

F1

WikiRfa
AUC

K = 20

SC
SNE
SiNE
nSNE
SGMIM

0.729
0.748
0.756
0.739
0.780

0.801
0.854
0.879
0.847
0.872

0.687
0.712
0.726
0.720
0.734

0.761
0.830
0.849
0.827
0.853

0.708
0.734
0.749
0.743
0.750

0.724
0.827
0.845
0.869
0.863

0.719
0.740
0.754
0.731
0.756

0.783
0.852
0.866
0.830
0.857

K = 50

SC
SNE
SiNE
nSNE
SGMIM

0.754
0.785
0.790
0.809
0.818

0.813
0.856
0.883
0.802
0.896

0.694
0.739
0.742
0.737
0.761

0.787
0.859
0.822
0.748
0.871

0.702
0.724
0.731
0.757
0.763

0.815
0.841
0.866
0.870
0.887

0.713
0.760
0.754
0.741
0.772

0.781
0.843
0.853
0.862
0.886

K = 80

SC
SNE
SiNE
nSNE
SGMIM

0.764
0.783
0.787
0.812
0.833

0.789
0.863
0.891
0.882
0.901

0.705
0.748
0.763
0.766
0.778

0.773
0.859
0.886
0.842
0.892

0.697
0.738
0.745
0.726
0.781

0.822
0.840
0.868
0.865
0.899

0.704
0.780
0.795
0.782
0.805

0.813
0.846
0.881
0.858
0.902

K = 100

SC
SNE
SiNE
nSNE
SGMIM

0.769
0.803
0.816
0.832
0.857

0.789
0.873
0.901
0.912
0.921

0.711
0.759
0.776
0.750
0.794

0.764
0.859
0.892
0.841
0.905

0.720
0.767
0.805
0.782
0.814

0.812
0.880
0.908
0.879
0.919

0.713
0.781
0.809
0.773
0.814

0.813
0.882
0.894
0.886
0.914

Dimension

5.5. Parameter Sensitivity
This section discusses the sensitivity of parameters in the trust prediction task on four
datasets (WikiElec, WikiRfa, Epinions, and Slashdot) for our proposed method SGMIM.
In particular, we discuss the sensitivity of several critical parameters in SGMIM model, such
as node representation dimension k1 , and relation representation dimension k2 , and hyperparameter β on SGMIM model.
5.5.1. Dimension
To evaluate the effect of node embedding dimension k1 and relation embedding
dimension k2 in sign prediction task for our model, we uniformly set parameter k1 and k2
as same value (K = k1 = k2 ) and then set parameter β as 0.2, the number of train epochs
as 200 and learning rate as 0.015. After that, we change the dimension parameters K from
20 to 120 with an interval of 20. Figure 4 shows the performance of the SGMIM model on
the trust prediction task of different dimensions K on four real-world datasets. Figure 4a,b
show AUC and Macro-F1 score on Epinions dataset, Figure 4c,d show AUC and Macro-F1
score on Slashdot dataset, Figure 4e,f show AUC and Macro-F1 score on WikiElec dataset,
and Figure 4g,h show AUC and Macro-F1 score on WikiRfa dataset. As shown in the
performance in Figure 4, we find that the AUC (Macro-F1) score keeps increasing when the
value of K ranges from 20 to 120, and the performance tends to be stable when K is 100.
In summary, the experimental results show that the trend of the parameters in SGMIM
model is smooth in different dimension values. Specifically, the embedding dimension is
not sensitive to SGMIM model.
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(a) AUC of Epinions
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0.80
20

40
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AUC
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80
100
Dimension K

(g) AUC of WikiRfa
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60
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Dimension K
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120

(f) F1 of WikiElec

40

60
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120

(h) F1 of WikiRfa

0.9
Macro-F1

0.95

40

0.8
0.7
20

120

120

(d) F1 of Slashdot

0.9

0.90

60
80
100
Dimension K

0.8
0.7
20
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(e) AUC of WikiElec

0.95
AUC

60
80
100
Dimension K

40

0.9

0.90
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20

0.8
0.7
20

120

(c) AUC of Slashdot

0.95

AUC

60
80
100
Dimension K

(b) F1 of Epinions

0.9
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AUC

0.95

0.8
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20
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Figure 4. Performance (Macro-F, AUC) comparison w.r.t different size of dimension on Epinions, Slashdot and
WikiRra datasets.

5.5.2. Hyper-Parameters
Hyper-parameter β trade-off the weight of semantic encoder loss and positive pointwise mutual information loss. In this experiment, we set β as 0.05, and experiment results
demonstrate that increasing the weight ratio of the semantic encoder can improve the effect
of entity embedding. On the contrary, increasing the weight ratio of the structural encoder
can enhance the embedding effect of relation representation. For training parameters, we
set the learning rate α to 0.015 and the epochs to 300. The results show that the model loss
tends to decrease, and the accuracy tends to increase when epochs are taken from 50 to
300. Please note that after epochs reach 300, the accuracy of the model tends to stabilize.
Accordingly, SGMIM can be well trained and optimized in sign prediction tasks because of
the insensitivity of hyper-parameter.
6. Conclusions
In this paper, we proposed a relation embedding approach on the signed graph base
on mutual information maximization (SGMIM). In SGMIM, we incorporate the knowledge
graph representation method into signed graph relation representation learning to learn a
robust node and relation representation. We can capture the semantic correlations on the

Symmetry 2021, 13, 115

16 of 18

signed graph with negative links by maximizing mutual information between head entity,
relation, and tail entity. Moreover, we devise an objective by factorizing the PPMI Matrix
to learn the signed graph’s structural features. The experiments demonstrate SGMIM
performs better than existed several baseline methods on trust prediction task and has
better robustness for signed graphs with negative links.
There are many challenges for large-scale complex trust networks with the attribute,
segment, and multi relation. We will further investigate and optimize our proposed
method’s performance in large-scale complex networks and improve the efficiency of the
model in real scenarios in future works.
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