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Abstract. This work develops a representation learning method for
signed bipartite networks. Recent years, embedding nodes of a given
network into a low dimensional space has attracted much interest due
to it can be widely applied in link prediction, clustering, and anomalous
detection. Most existing network embedding methods mainly focus on
homogeneous networks with only positive edges and single node type.
However, negative edges are more valuable than positive edges in certain
analysis tasks. Even though the work on signed network representation
learning distinguishes between positive and negative edges, it does not
consider the difference in node types. Moreover, bipartite network repre-
sentation learning which considers two types of vertices do not tell link
signs. In order to solve this problem, we further consider the link sign on
the basis of the bipartite network to conduct signed bipartite network
analysis. In this paper, we propose a simple deep learning framework
SBiNE, short for signed bipartite network embedding, which both pre-
serves the first-order (i.e., observed links) and second-order proximity
(i.e., unobserved links but have similar sign context), and then by opti-
mizing the objective function, experiments on three datasets show that
our proposed framework SBiIiNE is competitive in link sign prediction
task.

Keywords: Signed bipartite networks - Network embedding - Link
sign prediction

1 Introduction

Not all networks in real-world are the same, and in fact, relationship between
entities can be expressed via biological networks, social networks and commu-
nication networks. Most previous work have primarily focus on signed networks
with single node type or bipartite networks with only positive links. However,
the network structure of signed bipartite networks is often overlooked. A signed

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2021
Published by Springer Nature Switzerland AG 2021. All Rights Reserved

H. Gao et al. (Eds.): CollaborateCom 2020, LNICST 349, pp. 479-492, 2021.
https://doi.org/10.1007/978-3-030-67537-0_29


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-67537-0_29&domain=pdf
http://orcid.org/0000-0003-3370-0217
https://doi.org/10.1007/978-3-030-67537-0_29

480 Y. Zhang et al.

No.1 No.2 No.3 No.4

Fig. 1. Congresspersons vote “Yea” or “Nay” for the bills
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Fig. 2. The signed bipartite network corresponding to Fig. 1

bipartite network is a special network with two sets of nodes, meanwhile, edges
exist only between different types of nodes. In addition, there are no edges
between nodes of the same type. In fact, signed bipartite networks are involved in
many domains of our lives. For example, in the United States Congress, the vot-
ing records are modeled as a signed bipartite social network (i.e., contains both
positive and negative connections) between the representatives and the bills [1].
In several analytical tasks, negative links have proven to be significantly useful
in improving positive link prediction [2] and recommendation performance [3].

In order to perform predictive analysis on the signed bipartite network, this
requires us first to learn low-dimensional dense representations for nodes. One
common form of data mining is network embedding which transforms network
information into low-dimensional dense vectors, while preserving the network
topology and using it as an input to existing machine learning algorithms, pro-
cessing tasks such as node classification [4], link prediction [5], recommendation
[6-9] and visualization [10].

Most existing signed network representation learning are based on homoge-
neous networks [11], which are not applicable to signed bipartite networks when
having two node types. Our work investigates how to effectively learn the node
embeddings which can well preserve the original network structure. Motivated
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by LINE [12], we introduce second-order proximity to signed bipartite networks
to measure the similarity between nodes of the same type since there is no
link between them. The first-order proximity is measured by the embedding of
observed edges which will be learned by deep learning. For better understanding,
we take Fig. 2 as an example. From the perspective of topology structure, LINE
[12] and BiNE [13] will consider that user uq, ug and ug are similar because they
have multiple common neighbours. But if we take the sign between congressper-
son and bill into consideration, although satisfying the second-order proximity
in structure, u; and ug actually are of big difference because of their different
sign context. The major contributions of our method are listed as follows:

— Based on bipartite networks, we further consider the link sign difference to
perform signed bipartite network representation learning.

— To measure the similarity between nodes in signed bipartite network, we
design a suitable objective function and then propose a simple deep learning
framework SBiNE for signed bipartite network representation learning, which
learns low-dimensional vectors for nodes via optimizing the objective function.

— We conduct experiments on three real-world datasets. Experimental results
demonstrate the effectiveness of the proposed framework SBiNE.

The rest of this paper is organized as follows. We introduce some related
works in Sect. 2. In Sect. 3, the motivation is supplied for this article. In Sect. 4,
we introduce the proposed framework SBiNE with the details about the signed
bipartite network embedding objective function. In Sect. 5, we perform empirical
evaluations with discussion. Finally, we present the conclusion in Sect. 6.

2 Related Work

Network representation learning or network embedding aims to learn the low-
dimensional vector representation of a given network. Initially, network represen-
tation learning algorithms were mainly based on matrix feature vectors. Spectral
analysis [14] algorithm obtains k-dimensional node representations by calculat-
ing the top-k eigenvectors of the Laplacian matrix. The well-known algorithm
Deepwalk [15] is inspired by the word representation vector model Skip-gram in
NLP. It treats the sequence of nodes as sentences and learns the node embedding
from the sequence of random walks.

LINE [12] improves Deepwalk [15] and preserves first-order and second-
order proximity. Moreover, it is suitable for large-scale directed, undirected,
and weighted networks. GraRep [16] introduces higher-order proximity between
nodes on this basis. The bipartite network embedding BiNE [13] proposed a
novel optimization framework by accounting for both the explicit relations and
implicit relations in learning the vertex representations. Likewise, heterogeneous
information network embedding aims to embed multiple types of nodes into a
low-dimensional vector space. RHINE [17] utilized the structural characteristic
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of Affiliation Relation(ARs) and Interaction Relation(IRs) and then proposed
a novel Structure Relation-aware Heterogeneous Information Network Embed-
ding model. However, the aforementioned methods concerning homogenous net-
work, bipartite network, and heterogeneous network cannot directly be applied
to signed networks because they don’t consider negative links. Signed network
embedding which considers negative links like SINE [11] introduced structural
balance theory into signed social networks and optimized the objective function
based on deep learning to automatically learn signed network embedding. Other
signed network representation learning, like SNEA [18], both considers the net-
work structure and node attributes, which makes the link sign prediction task
a significant improvement. Although these signed network embedding methods
consider the link sign, the node type is still single so they also cannot be applied
to signed bipartite network embedding analysis. Thus, we focus on the problem
of learning low-dimensional vectors for nodes in the signed bipartite networks by
utilizing the power of deep learning. More specifically, we design a simple frame-
work SBiNE which optimizes a multi-layer perceptron based objective function
to learn signed bipartite network embedding automatically.

3 Motivation

In this section, we briefly illustrate the motivation of our research according
to Fig.1 and Fig.2. Specifically, Sect.3.1 discusses the necessity of studying
signed bipartite networks, and Sect.3.2 explains why first-order and second-
order proximity should be introduced into signed bipartite networks.

3.1 Why Should Signed Bipartite Networks Be Researched?

The relationship between entities can be represented by networks, and different
networks have different characteristics. For example, for a homogeneous net-
work of social relationships between blog authors on the BlogCatalog website,
node2vec [19] designed a biased random walk to effectively explore various node
neighbors. For a bipartite network containing authors and publishers in DBLP.
BIiNE [13] learns the representation vector of nodes from two perspectives of
explicit and implicit relations. The two-layer relationship between users and
items in e-commerce viewing and purchasing constitutes a multi-dimensional
bipartite network, hence MINES [20] aims to learn the representation of nodes
in each dimension of the network structure. Heterogeneous information network
of entities, words and categories in Wikipedia, Zhao et al. [21] build the co-
occurrence matrices between same and different types of nodes, and use coordi-
nate matrix factorization to jointly learn the representations of entities, words
and categories from all matrices. The links of trust and distrust between people
in Epinions form a signed social network, and SiNE [11] uses triangular structure
balance theory to design the objective function and optimize it.

The previous network representation learning work has ignored a common
form of the signed network—signed bipartite network, which inherits the advan-
tages of signed networks with negative edges that indicate distrust or dislike,
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and there are two sets of nodes. It should be noted that links only exist between
nodes of different types.

3.2 Why Should the First-Order and Second-Order Proximity Be
Introduced?

We take Fig. 2 as an example to clearly illustrate these two proximities in signed
bipartite networks. Purple nodes are the representatives in the United States
Congress and orange nodes are the bills they have voted on. Blue positive link
or red negative link denotes a congressperson voted “Yea” or “Nay” for the
bill respectively. Naturally, the observed links in Fig. 2 preserve the first-order
explicit relationship between the node sets of U and V. u; and v; node pair
is such the first-order proximity relationship. Apparently, those observed links
are not sufficient for preserving the global network structures. However, the
second-order proximity of the signed bipartite network is quite different from
the previous unsigned homogenous network. Node vy, vo and v3 are the common
neighbors of u; and us. From the perspective of LINE [12], it assumes that uy
and uz have several neighbor nodes in common, so they are supposed to be
similar. However, if we consider the link sign context, the result will be different.
Node v; is the common bill that u; and us vote, but these two persons show
different voting preferences on vy and vs. Hence, although w1 and ug have similar
neighbors, we assume that they are still dissimilar. We apply the proven equation
[22] to fit the problem of second-order implicit relationship between the node sets
of Uor V.

In study [22], it proved that LINE(2nd) is actually factoring two different
matrices separately. For each directed edge (v;,v;), it defines v; as the “context”
of v;. V denote a matrix whose i-th column is the vertex embedding v; and U
denote a matrix whose j-th column is the “context” embedding u;. It figured
out that LINE(2nd) is factoring a matrix M® =VTU. According to the objec-
tive function in LINE(2nd), it characterizes the matrix M) that LINE(2nd) is
actually factoring:

M = PMI(v;,v;) — logk (1)

4 Signed Bipartite Network Embedding

We describe the framework SBiNE to preserve the explicit relationship with the
positive or negative sign between two sets of nodes and the implicit relationship
to measure the same set of nodes with similar sign context since there is no link
between them. Experiments show that neither of these two conditions can be
missed. Considering the first-order proximity relationship between representa-
tives and bills is far more not enough, the similarity between congresspersons
also does important. Node vectors are used to denote the features of congressper-
sons and bills, and edge embeddings represent the “Yea” or “Nay” relationship
between a congressperson and a bill. First, we summarize the major notations
used throughout this paper. Next, the objective function designed for signed
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bipartite networks will be introduced and then we will explain the details of the
simple framework SBiNE.

4.1 Problem Formulation

Notations. Given a signed bipartite network G = (U, V, E) where U =
{uy,uz,. .. um} and V.= {v1,vs,...v,} is the set of the m, n nodes in G respec-
tively. E denotes the set of observed edges between the nodes in the set U and V.
Each edge e;; € F is associated with a sign A;;. A is the m x n adjacency matrix
of G. We use A;; = 1 or —1 to represent a positive or negative link between u;
and v; , and A;;=0 denotes no link.

Problem Definition. The purpose of designing the framework SBiNE is to
effectively learn the representation of the nodes in the signed bipartite network,
50 as to use the learned vectors of two sets of nodes (i.e., X**% and YV *?) as
input to the link sign prediction task. Each row of X is an embedding vector
with d features and the same goes for Y. In the embedding Euclidean space, the
observed explicit links in the signed bipartite graph and the implicit relationships
between the set of U or V should be properly preserved. The input and output
of SBiNE can be defined as follows:

Input: A signed bipartite network G = (U, V, E) and its adjacency matrix A.

Output: D-dimensional embedding vector for each node u; ,v;.

4.2 First-Order and Second-Order Proximity in Signed Bipartite
Network

Some recent studies on signed networks have shown that negative and positive
edges have significantly different properties. Therefore, we cannot directly apply
the method of unsigned network representation learning to the signed network.
In addition, there are two set of nodes in the signed bipartite network. There-
fore, we design a novel applicable objective function for the special network of
signed bipartite networks. We first clarify the proximity that exists in the signed
bipartite network, which is also our motivation for constructing the objective
function.

Condition 1: second-order proximity between nodes of the same type. It mea-
sures the similarity between u; and uyg, and is used to distinguish nodes of the
same type that have common neighbors but quite different sign patterns.

Condition 2: first-order proximity according to the observed links composed of
node sets of U and V. To measure the relation between u; and v;, we learn the
edge vector E;; for them.

Previous work [18] show that the second-order proximity actually factorizes
the Pointwise Mutual Information (PMI) [23] matrix of each node pair with a
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constant shift. MSE is chosen as the loss function, so the objective function of
the second-order implicit relationship can be written as:

O, : argmin Z ‘—;” (f (xi)- f (y;) — PMI(i, j) + logk)2 (2)

Since the signed bipartite network is an undirected network, each edge can
be treated as two directed edges with opposite directions. Therefore, we convert
the expression of PMI into:

Z;nzl deg (up) + ZZ:l deg (vq)
deg (u;) deg (vj)

Where deg (u;) and deg (v;) are the degrees of nodes u; and v;, respectively.
In [22], to avoid time-consuming, k defines the negative samples. We empirically
set k = 15 in this work. The x; and y; in expression (1) are the d-dimensional
embeddings of nodes u; and vj, respectively, and will be continuously learned
during the training process of the framework SBiNE. The mapping function f
performs dimensionality reduction operations on x; and y; respectively, and after
obtaining new feature vectors, the dot product is performed between the node
pairs. Details about the function f will be discussed in the following subsection.

For condition 2, given that there are two kind of edges in the signed bipartite
network: positive edges and negative edges, we also assume that the sign of the
edges follows the Bernoulli distribution as in work [24], either —1, otherwise 1.
The feature of the edge is the relationship between the learning nodes u; and
v;. The edge representation vector E;; adopts the element-wise product of two
node embedding x; and y; after the dimensionality reduction of the mapping
function f as input. The objective function of condition 2 is shown in Eq. (4).

PMI(i,j) = log

3)

1+A; ij
: arg min Z |E| logg (Eij) 2 (1-g(Ey)) 2 (4)

e ;€E

Considering the learned node embeddings are supposed to satisfy above two
proximities, we can finally obtain the objective function as follows:

O : argmin Z |E\ f(x)-f (Yj) — PMI(i,7) +10gk)2
e ;€EE

1+A,, 1-A;;

—(1=P)logg (Eij) = (1—g(Ey) = (5)

The mapping function g models the relationship between the edge represen-
tation vector space and the link sign. Details will be explained in the framework
SBIiNE. The hyper-parameter 3 € [0,1] is used to control the influence of these
two conditions during the process of learning node representations (Fig. 3).



486 Y. Zhang et al.

Embedding Hidden Layer Edge Embedding

Element-wise
> 8
/ o

< PMIG,j)-logk

Input f

|
[OCOO

Dot-product

=
~

Fig. 3. The architecture of the proposed deep learning framework SBiNE

4.3 The Architecture of SBIiNE

Since we have the objective function, our following task is to learn well-
represented vectors for the nodes in the signed bipartite network, as well as
suitable nonlinear mapping functions f and g. Deep learning technology pro-
vides strong technical support for nonlinear representation learning [25]. We use
multi-layer perceptron to model the nonlinear mapping functions f and g. By
optimizing the objective function (5), the node embeddings and the mapping
functions can be learned simultaneously via back-propagation, since the node
embedding is integrated into the neurals.

The input to the framework is a signed bipartite network G with two sets
of initial node embeddings X; and Y. For better understanding, we first give
an explanation of the hidden layer. The outputs of the hidden layer of the two
neural networks are given as:

f(X;) = tanh (WX, + b'1) 6
f(Y;) = tanh (leYi + b12) 6)

Where tanh is the hyperbolic tangent function, other activation functions
like sigmoid, ReLU are also effective. W'' and W'? are the weights of the
hidden layer and b'!,b'2 are the bias. The primary function of the hidden layer
is to reduce the dimension of the node embeddings on the basis of retaining
effective features. The first step is to achieve the second-order proximity in the
signed bipartite network. With regard to the node pair (u; ,v;), after a dot
product is operated on f(x;) and f(y,). We hope its value as close as possible to
PMI(i,j)—logk through back propagation. The loss function here uses the mean
square error MSE. The second step is to achieve the first-order proximity between
the node pair (u;,v;) in signed bipartite network. We use edge embedding to
represent this first-order proximity relationship which will be well learned via
deep learning. We perform element-wise operation on f(x;) and f(y;), and then
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get their edge embedding E;;. E;; will be the input of the new single neural with
sigmoid nonlinearity. The output of the neural is:

g (xi,y;) = sigmoid (E;;) = sigmoid (f (x;) ® f (yj)) (7)

5 Experimental Results

We empirically evaluate our proposed signed bipartite network embedding frame-
work SBINE. By applying the method to three real-world datasets, we seek to
answer the following two questions. First, does network representation learning
for signed bipartite network provide an improvemance for predicting link signs?
Second, how does dimension d of the learned vectors affect the performance
of the model? For better understanding, we also conduct parameter sensitivity
analysis.

5.1 Datasets

The three datasets used in the experiment are all from [18]. Bonanza is similar
to e-commerce sites like Amazon or eBay, where every user can buy and sell a
variety of goods. A buyer can rate the product purchased from a seller when a
transaction is finished. To distinguish between the buyer and the seller, we use
the node sets U and V to represent them. U.S.Senate and U.S.House datasets
represent the role call votes combined from 1st to 10th United States Congress.
We represent the senators or representatives by the set U and the bills that
were voted by V. The positive link indicates that the senate support a bill, the
negative link is the opposite. Table 1 has detailed information about these three
datasets. Apparently, it can be seen that Bonanza is an extremely unbalanced
dataset with only 2.02% negative links.

Table 1. Statistics of the three datasets

Dataset m n Positive links | Negative links | |E|

Bonanza | 7,919 1,973 |97.98% 2.02% 36.543
U.S.Senate | 1,056 | 145 |98.88% 44.69% 27.083
U.S.House | 1,281 | 515/53.96% 46.04% 114.378

5.2 Experimental Settings

Next, we first discuss the settings used for above three datasets on task of link
sign prediction. For all three datasets, 80% of all the links are randomly selected
as training set , so the remaining 20% used to test the model performance. To the
best of our knowledge, only [26] is devoted to proposing balance theory in signed
bipartite networks to predict link signs. Therefore, this work is the first study
to carry out representation learning research on the signed bipartite networks.
In order to compare with [26], we also use both F1 and AUC for evaluation.
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5.3 Comparison Results

We seek to find out whether the signed bipartite network representation learning
can improve the mining task of predicting the link sign on the three datasets.
The task of link sign prediction is to predict the sign of the given links. In
Tables2 and 3, we can see the comparison results of AUC and F1. Because of
the high imbalance of the Bonanza dataset, we will discuss the results of link sign
prediction of this dataset separately. The definitions of the related six baseline
methods [26] are as follows:

— Degree Based Supervised Classifier (SCd): By extracting features from
each node, Scd trains the model by constructing the training dataset com-
posed of links of positive and negative semantic links. With the trained model,
it can predict arbitrary link sign.

— Signed Catterpillars Based Supervised Classifier (SCsc): Compared
with Scd, this method extract features from characteristics of neighbor nodes
based on balance theory.

— Matrix Factorization (MF): A traditional matrix factorization method
to predict the unknown link sign by optimizing the node feature vectors via
biadjacency matrix.

— Matrix Factorization with Balance Theory (MFwBT): It calculates if
using balance theory could suggest a positive or negative link for nodes that
do not exist in the network.

— Lazy Random Walk (LazyRW): LazyRW which is used to as a comparison
against the SBRW performs a random walk to the neighbor node of the
current node in a probabilistic way.

— Signed Bipartite Random Walk (SBRW): This method performs ran-
dom walk on the unipartite signed network constructed by an adjacency
matrix.

In the latter two datasets, our SBiNE model achieved the best performance
on both AUC and F1 metrics for predicting the link sign. To be specifically,
AUC and F1 are higher than the highest values of AUC and F1 of the other six
methods, respectively.

Table 2. Results of predicting the link sign in terms of AUC and F1 metrics

Metric Algorithm | Bonanza U.S.Senate U.S.House

AUC, F1|8Cd (0.553,0.959) |(0.638,0.654) | (0.625,0.635)
SCsc (0.664,0.674) | (0.812,0.823) | (0.827,0.837)
MF (0.593,0.903) | (0.792,0.812) | (0.831,0.846)
MFwBT | (0.608,0.905) |(0.814,0.827) |(0.834,0.848)
LazyRW | (0.547,0.979) | (0.808,0.821) | (0.815,0.827)
SBRW (0.582,0.949) |(0.836,0.849) | (0.846,0.858)
SBIiNE | (0.626,0.954) | (0.915,0.857) | (0.934,0.869)
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In the extremely unbalanced dataset of Bonanza, we observed that among
all the six comparison methods except SCsc and MFwBT, F1 are all greater
than 0.9, but AUC is less than 0.6. Obviously, this classification results have
bad performance. To further analyze the problem of highly imbalance in the
Bonanza dataset, we made three sets of experiments and compared them with
the six baseline methods. By adding different weights to the positive and negative
sample categories in the loss function, we obtain three sets of results. When AUC
and F1 are relatively balanced, AUC in SBiNE is second only to SCsc, and F1 is
second only to SCd and LazyRW. However, both AUC and F1 performs better
than MFwBT. If F1 is higher, the pair of (AUC, F1) is also better than LazyRW
with the highest F1 in the six methods. According to the third set of results, we
try to increase the AUC value by training as much as possible, then the results
obtained are also higher than the SCsc with the highest AUC in the six methods.

Table 3. Results of link sign prediction with regard to Bonanza dataset

Algorithm | SCd | SCsc | MF | MFwBT | LazyRW | SBRW | SBINE
AUC 0.553 | 0.664 | 0.593 | 0.608 0.547 0.582 |0.626 | 0.555 | 0.668
F1 0.959 1 0.674 | 0.903 | 0.905 0.979 0.949 |0.954|0.981 | 0.886

5.4 Impact of Dimension d

In order to analyze the impact of dimension d on SBINE, we set k=15 as a
fixed value, and 8 = 0.05. Meanwhile, we vary d as {8, 16, 32, 64, 100, 128,
200}. Bonanza is an extremely unbalanced dataset with only 2.02% of negative
links, so we conducted this experiment on the two other datasets. From (a)
(b), we observe that if d is too small, for example, when the dimension is 8,
the F1 of the two datasets is very low, then the learned node feature vectors
cannot adequately represent the structural characteristics of the original node.
When d € [8,32], the value of F1 and AUC of both datasets are improving.
The U.S. Senate dataset slowly decreases after the AUC reaches its peak when
the dimension is 32, while F1 slowly increases and then decreases. The AUC
and F1 of the U.S. House dataset rapidly decreased and then increased after
reaching the peak, and then slowly declined. When the dimension d is too large,
it tends to overfit. Considering the moderate size of the dataset, we finally set
the dimension of the vector to a reasonable value of 32.

5.5 Parameter Sensitivity Analysis

Since k has little effect on the results in the link sign prediction, we empir-
ically set k to 15. So in this section, we performed hyper-parameter analysis
on all three datasets to observe the effect of 3 on the model performance. The
hyper-parameter § € [0, 1] is mainly affected by two conditions that control the
proximity of nodes in the signed bipartite network. When § = 1, SBINE only
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uses the first condition, that is, the second-order proximity of the nodes in the
bipartite network; when 3 = 0, SBINE only uses the second condition; when
8 € (0,1), the method combines two conditions at the same time. The influ-
ence of B on the link sign prediction task is shown in Table4 above. We can
see from the Table4 that when 8 < 1, F1 and AUC are better than those when
B = 1. It shows that we cannot just consider the second-order proximity between
nodes of the same type. When § = 0.05, SBiNE considers two conditions at the
same time. Meanwhile, the classification effect of link sign prediction performs
best. It indicates that second-proximity is important but not as important as
first-proximity (Fig. 4).

0.950 0.950
0.925f 0.925f
0.900 0.900F /
0.875 0.875f
0.850 | /"f—ﬁ——l———‘l—“—l ossol //-\‘/'“-_“
0.825f 2 0.825f -
AUC AUC
0'8000 50 100 150 200 0.8000 50 100 150 200
DIMENSION DIMENSION
(a) (b)

Fig. 4. The impact of embedding dimension d on SBIiNE for link sign prediction

Table 4. The sensitivity of SBIiNE to 8 in link sign prediction

Dataset Metric | 8

0 0.05 |[0.1 |05 |1
Bonanza | AUC |0.948 0.954|0.716 | 0.624 | 0.630
F1 0.595 | 0.626 | 0.660  0.693 | 0.755
U.S.Senate | AUC ]0.9130.915 | 0.912 | 0.911 | 0.510
F1 0.8550.857 | 0.854 | 0.854 | 0.711
U.S.House | AUC |0.9330.934|0.933|0.856 | 0.507
F1 0.866 | 0.869 | 0.867 | 0.797 | 0.691

6 Conclusion

In this paper, we are committed to applying network representation learning to
a special network called signed bipartite network. Furthermore, we introduce a
new object function suitable for signed bipartite network embedding and pro-
pose a simple framework SBiNE to optimize it. According to the analysis of
link sign prediction on the above three signed bipartite networks, we get the
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following two conclusions. First, the learned low-dimensional node vectors can
effectively preserve the original structural topology. Through the construction of
our framework SBiNE, the Hadamard product of the learned node embeddings
can significantly distinguish the positive and negative links compared to [26].
Structural balance theory [27] in signed social networks has been extensively
applied to improve the performance across measuring [28] and mining applica-
tions [29]. However, we can’t find the trace of the triangle in signed bipartite
networks due to the existence of heterogeneous nodes. In our future work, we
decide to adopt balance in signed bipartite networks [26] for signed bipartite
network embedding analysis.
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