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Abstract: Link prediction in knowledge graphs gradually
plays an essential role in the field of research and application.
Through detecting latent connections, we can refine the
knowledge in the graph, discover interesting relationships,
answer user questions or make item suggestions. In this
paper, we conduct a survey of the methods that are currently
achieving good results in link prediction. Specially, we per-
form surveys on both static and temporal graphs. First, we
divide the algorithms into groups based on the characteristic
representation of entities and relations. After that, we describe
the original idea and analyze the key improvements. In each
group, comparisons and investigation on the pros and cons of
each method as well as their applications are made. Based on
that, the correlation of the two graph types in link prediction
is drawn. Finally, from the overview of the link prediction
problem, we propose some directions to improve the models
for future studies.

Keywords: Link prediction, static knowledge graph, temporal
knowledge graph.

I. INTRODUCTION

In the first half of 2012, Google announced a new data
type called the Knowledge Graph (KG). With this platform,
Google hopes to make its search engine 1000 times smarter
[1]. Although this term was mentioned as early as 1972 [2],
KG has received much more attention from the research
community and business since the Google announcement.
Companies such as Facebook [3], IBM [4], LinkedIn [5],
Microsoft [6], Amazon [7] announced the integration of
KG into their technology platforms, respectively. In Google
Scholar, the number of articles related to KG in the period
from 2012 to 2021 accounts for nearly 1.8 million articles,
on par with other fields such as computer vision and natural
language processing. It proves that the attractiveness of this
field in the research community. In addition to KGs devel-
oped by commercial organizations and not widely shared,
open KGs are being formed and developed rapidly. Some
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of the representatives in this open KG include DBPedia
[8], ConceptNet [9], WordNet [10], Freebase [11], Google’s
Knowledge Vault [12], WebIsAGraph [13], YAGO [14],
Countries [15]. With these KG datasets, researchers can
easily experiment and improve their models.

In terms of application, knowledge graphs also have
many achievements in today’s life. In the Google search
engine, KG not only produces results that are relevant to
a user’s search but also makes broad connections between
other potentially relevant data. Hence, the user can expand
the topic quickly and increase the ability to receive more
relevant information. Facebook Social Search [16] describes
the relationship between people, events. From that, Face-
book suggests friend connections, fanpages, exciting events
for users effectively. Some other applications such as ser-
vice of fact checking [17], question answering [18], entity
linking [19], and many others tasks [20]. The practical ap-
plications have spurred research efforts to develop the algo-
rithms on KGs at a large scale and with high performance.
In 2021, Shaoxiong Ji et al. [21] synthesized the general
picture in the field of knowledge graphs (Fig. 1). The author
has divided the research on KG into four main groups:
knowledge representation learning, knowledge acquisition,
temporal knowledge graph, knowledge aware applications.
In each branch, the author shows the subproblems as well
as the main solutions.

We have found that for applications running on KG to
be highly effective, it is necessary to build good knowledge
graph data first. Although depending a lot on the people
involved in the data collection, it is challenging to expect
perfect data initially. Some problems can occur, such as
incomplete data, noises, ambiguity, or missing data. The
tools helping detect abnormal as well as discovering the
missing knowledge are required. In this paper, we are
interested in predicting missing links in KGs. In the process
of data formation, KGs often encounter problems such as
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Figure 1. Knowledge graph overview by Shaoxiong Ji [21]

missing or incomplete information. Specifically, there are
some relations between entity A and entity B in real life,
but in the KG database, they do not exist. Therefore, the
task of predicting the link was carried out as an inevitable
consequence.

The purpose of link prediction to determine the relations
formed between the two entities in a graph that have not
previously been linked. From this definition, the researchers
divided into two different problems. The first problem is
predicting the links to complete the graph (KG completion).
Some researchers consider the problem of graph comple-
tion as a problem of link prediction on a static graph.
They assumed that the world does not change. In other
words, closed-world assumption in which all entities and
relationships don’t change. The task is to discover hidden
associations from the current observed structure of the KG.
Other terms can be used instead, such as Entity Alignment,
Hidden Link Prediction, Missing Link Prediction.

The second problem is to predict the links that form
in the future. KG is referred to as a dynamic graph or a
historical snapshot. The task is similar to analyzing time
series data. This problem is often more challenging than
the first problem due to the need to store many snapshots
as well as identify significant changes in large-scale graphs
over time.

In terms of applications, link prediction has many prac-
tical applications. For example, in social networks, we can

see the vertices as users and edge the description of their
acquaintance. We predict the link on this graph to make
friend suggestions [22]. In the Covid epidemic, places and
people are the vertices, and the edge can be the time and
the way of travel. We use link prediction to trace people at
risk of infection [23]. In a criminal investigation, we can
predict the cooperation in the actions of criminals [24].
Link prediction can also be used to generate answers in a
question answering system [25]. There are still many other
applications that can be applied to the link prediction prob-
lem, which we discuss in detail in the following sections.

Many surveys are related to link predictions, as sum-
marized in the Related Work section, but most of them
focus only on a specific type of KG. This paper takes
two kinds together to get a broader view of the KG link
prediction domain. Thereby, we can compare significant
differences, analyze the suitability of each solution for each
group. Furthermore, interesting ideas can be carried from
one group to another. To do that, we synthesize previous
surveys, add new methods, and analyze the significant
improvements in recent times.

Briefly, in this paper, we survey state-of-the-art methods
in link prediction problems on both static and temporal
knowledge graphs. We begin by reviewing existing surveys
in the next section. In it, we list the methods each article
describes and analyze the strengths and weaknesses of each.
Section III, Section IV, and Section V describe the symbols
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TABLE I

SURVEYS RELATED TO STUDIES IN KG LINK PREDICTION FOR THE PERIOD FROM 2011 TO 2021.

Paper Author Year Publisher Type
Link Prediction in Complex Networks: A Survey Lu [26] 2011 | PHYSA Journal
A survey of link prediction in complex networks Martinez [27] 2016 | ACM Computing Surveys Journal
Knowledge Graph_ Embeddmg: A Survey of Ap- Wang [28] 2017 | TKDE Journal
proaches and Applications
Knowledge _graph refinement: A survey of approaches Paulheim [29] 2017 | Semantic Web Journal
and evaluation methods
Graph Err‘lbeddlng Techniques, Applications, and Per- Goyal [30] 2017 | Knowledge-based Systems Journal
formance: A Survey
Qoiis“"m‘c analysis of link prediction in social net- |y, po i 131) | 2019 | Artificial Intelligence Review Journal
A Comprehensive Survey of Knowledge Graph Em- .
beddings with Literals: Techniques and Applications Gesese [32] 2019 | ESWC Conference
Embedding baged Link Prediction for Knowledge Biswas [33] 2020 | CIKM Conference
Graph Completion
Knowledge Graph Completion: A Review Chen [34] 2020 | IEEE Access Journal
Knowledge Graphs Hogan [35] 2020 | arXiv -
A Survey on G.raph Neural Networks for Knowledge Arora [36] 2020 | arXiv )
Graph Completion
A survey on kr}owledge graph embedding: Ap- Dai [37] 2020 D.ata.Analysm in Intelligent Commu- Journal
proaches, applications and benchmarks nication Systems
Link Predlctlon techniques, applications, and perfor- Kumar [38] 2020 | PHYSA Journal
mance: A survey
Temporal Link Prediction: A Survey Divakaran [39] | 2020 | New Generation Computing Journal
The Knowledge Graph Cookbook: Recipes that Work | Andreas [40] 2020 | Monochrom Book
Knowledge Graphs: Methodology, Tools And Selected Fensel [41] 2020 | Springer Book
Use Cases
A Squ?y on Knowledge Graph Embeddings for Link Wang [42] 2021 Big Data and Artificial Intelligence Journal
Prediction Conference
A survey of link prediction in social networks Al Hasan [43] 2021 | Social Network Data Analytics Book
A ‘Sl.lrlvey on Knowledge Graphs: Representation, Ac- B [21] 2021 IEEE Transacthns on Neural Net- Journal
quisition and Applications works and Learning Systems
Knowledge Graph E_mbeddmg for Link Prediction: A Rossi [44] 2021 | TKDD Journal
Comparative Analysis
Knovyled_ge Graphs: Fundamentals, Techniques, and Kejriwal [45] 2021 | The MIT Press Book
Applications

and definitions in the link prediction problem, the datasets
used to evaluate the models, and the metrics used for
comparison. Section VI and Section VII present the main
algorithms in static and dynamic graphs. In each group, the
algorithms are divided into idea directions from which the
algorithms improve gradually. Then, we evaluate models
in each graph type in Section VIII and also compare the
differences between the two groups to draw essential ideas
in Section IX. Section X describes the current applications
that have implemented the link prediction problem. Finally,
in Section XI, we suggest some ideas that can be used to
improve the models.

II. RELATED WORK

In this section, we introduce surveys related to link
prediction on knowledge graphs. The aim is to investigate
the current state of research in order to provide a better
synthesis. In addition, we also add new methods with
good results recently. Each survey is summarized, and key
features are described. Thereby, we selected and adjusted
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the organization of solution groups in line with recent
improvements. Selected surveys include KG overviews re-
lated to link prediction, foundational articles such as graph
embedding, graph learning, and direct mentions of link pre-
diction in the two branches of KG completion and temporal
link prediction problems. In Table I, we summarize the
primary surveys reviewed in our paper.

Because many surveys in Table I and later researches
often inherit and overlap with previous articles, we only
summarize some outstanding works. First, we describe
articles that appeared pretty early, around 2012, when
Google published their KG data. These articles show the
context and challenges posed in the beginning. Then we
select papers about 4 to 5 years after that point. This
duration is enough to get outstanding algorithms in the link
prediction problem. Finally, we present the surveys after
about ten years from 2012, which is the present time. In
general, up to now, the link prediction has achieved specific
results and promises to be implemented in practice. Besides
model accuracy, other related issues are also considered in
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these surveys. Especially in 2020 and 2021, books related
to KG have been published to become an official and
organized reference for the scientific research community
and university students. In the next sections, we delve into
the analysis and evaluation of the methods compiled from
all these surveys and recent works.

As we introduced in Secion I, the link prediction problem
is divided into two subproblems: link prediction on static
graphs and link prediction on dynamic graphs. Early, the
problem on the static graph is considered because the data is
simple and easy to collect, and proposed models are being
formed. After these models work well on static graphs, the
researchers find solutions on dynamic graphs. The problem
on dynamic graphs is more complicated. Based on that, we
separate the related work into two directions.

1. Surveys on Static Graphs

In the group of early-appearing surveys related to the link
prediction on KGs, it can be seen that the author Lu et al.
[26]. The author summarizes the recent advances in link
prediction algorithms, highlights the views from a physics
perspective, and outlines some of the potential future ap-
plications of link prediction. The author gives three groups
of methods to solve link prediction on networks, including
Similarity-Based, Maximum Likelihood, and Probabilistic
Models. Although still have many limitations compared to
the Markov chain and statistical models, such as slow run-
ning time or failure on some networks, the given methods
can be used to solve link prediction in complex networks.

In 2016, Martinez et al. [27] presented techniques that
can be considered as the backbone of link prediction.
A new point compared to previous surveys is that the
author has added domain-specific heuristic methods. In
practice, link prediction methods are often performed on
undirected networks by using topological features. The
author categorizes link prediction techniques into four main
categories: similarity-based methods, probabilistic and sta-
tistical methods, algorithmic methods, and preprocessing
methods. There are three main directions in the similarity-
based methods: local methods, global methods, and quasi-
local methods. In the method based on probabilistic and
statistical, there are four main groups: hierarchical structure
model, stochastic block model, cycle formation model, local
co-occurrence model. In the algorithmic methods, they
are divided into three main approaches: classifier-based
methods, metaheuristic-based methods, and factorization-
based methods. Finally, the preprocessing methods include
three main directions: low-rank approximation, unseen bi-
grams, and filtering (clustering). The author also provides
a comparison table of the time complexity for all methods.
A year later, Wang et al. [28] provides a systematic review
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of existing techniques in graph embedding, including state-
of-the-arts and recent trends, as well as introduces how KG
embedding can be applied, such as KG completion, relation
extraction, question answering. The author proposes two
techniques for embedding, including KG embedding with
facts only and graph embedding with combining additional
information. In the methods using only facts, the author
divides them into two subgroups, including the translational
distance model and the semantic matching model. Mean-
while, combining additional information mainly mentions
four types: entity types, relation paths, textual description,
and logical rule. Models representing entities and relations
as vectors such as TransE [46], TransH [47], DistMult [48],
and ComplEx [49] are more efficient because space and
time complexity scales linearly with the dimension of entity
embedding space.

After ten years, in Knowledge Graphs of Hogan [35],
the author has introduced an overview of KG in aspects
including common types of graph data models and how
to query them and represent schema, identity, and context.
In addition, the author describes ways of deductive and
inductive reasoning to find new knowledge. Methods to
form and enrich a graph, quality assessment, refine a KG.
At the same time, Wang et al. [42] offers a comprehensive
survey of KG models used for link prediction:

o The author gives some theoretical analysis as well
as a comparison of the existing methods of graph
embedding.

o The author divides the models into five main direc-
tions, including models based on convolutional neu-
ral networks, models based on context information,
models based on the matrix, models based on graph
convolutional networks, variant models of TransE, and
analyze some representative models for each group.

o The author conducts experiments to provide informa-
tion on the pros and cons of these models.

Most recently, Ji et al. [21] compare modern neural
architecture for relational learning. The authors present a
full view of KG’s categories, especially KRL (Knowledge
Representation Learning). KRL is categorized into four
concepts: representation space, scoring function, encod-
ing models, auxiliary information. In detail, representation
space includes point-wise space, complex vector space,
Gaussian distribution, manifold, and group. Meanwhile, the
scoring function includes distance-based scoring function,
semantic matching. And encoding model includes linear/-
bilinear models, factorization models, NN, CNN, recurrent
NN, transformers, GNNs. Finally, auxiliary information in-
cludes textual description, type information, visual informa-
tion. This survey also presents knowledge acquisition and
temporal knowledge graph and KG’s application. Directly



related to the link prediction problem, Rossi et al. [44]
conducted a study of 16 outstanding works by 2021. Then
the author analyzed the algorithms on five standard datasets.
The author also divides techniques into groups, including
tensor decomposition models, geometric models, and deep
learning models. Based on these groups, the author analyzes
the efficiency and effectiveness of each algorithm. Finally,
the author re-emphasizes the importance of link prediction
research in the context of current and emerging problems.

A significant highlight is that there are three books
related to KG released by publishers such as Springer,
MIT Press, and Monochrom in 2020 and 2021. These are
considered the first official books related to KG. Most of
the books describe the basic concepts and knowledge for
math problems. They present in detail issues, characteristics
as well as solutions in each group. The applications of
KG in practice are also mentioned. Andreas [40] focuses
on system architecture and technologies to put KG into
practice in real systems. Meanwhile, Fensel [41] focuses
on creating knowledge for the KG as well as organizing the
knowledge in the KG in a logical way and easy to use by
stakeholders. We pay a lot of attention to the book of author
Kejriwal [45] because the author presented quite details
about the KG completion problem. The book also fully
presents KG fundamental, KG construction as a foundation
for all readers to understand this field.

2. Surveys on Temporal Graphs

Link prediction on (dynamic) temporal graphs is still a
relatively new problem. The earliest survey in this branch
can be considered to belong to Divakaran et al. [39] in
2020. In this survey, the author provides a comprehensive
view of studies in temporal link prediction. Specifically,
the author develops a new classification for methods based
on various techniques used, and each method in each cat-
egory is discussed in detail. The author also compares the
advantages and disadvantages of each method. Challenges
and future research directions are presented in detail. This
survey can be considered the first to summarize the link
prediction studies on dynamic knowledge graphs.

Generally, this problem has only received attention re-
cently because of its challenges. The static graph itself
is already large. Storing each snapshot of the graph over
time makes the size even larger. Consequently, algorithms
running well on static graphs may not be feasible on
dynamic graphs. In addition, the link prediction on the
static data still requires many breakthrough ideas to get high
results. Another challenge is the sparseness and sensitivity
to noise that occurs a lot in real-time data. Nonetheless,
the applicability of link prediction on dynamic graphs is
higher than on static graphs. Predicting the next purchase,
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suggesting friend connections, or detecting the fraud are
exciting applications of this problem.

Currently, there are two main directions for implementing
the link prediction problem on dynamic graphs. The first
way is to adopt models that perform well on static graphs to
run on dynamic data. This is done by adding a time field to
the triple to form a quadruple. The strength of this group
of methods lies in the fact that it can make good use of
later improved models on static graphs. However, the model
may take a long time to run, or it may not be easy to track
objects to make good predictions. The famous models in
this group include HyTE [50], Tero [51], and RTransE [52].
The second way is to apply times series methods from other
fields to implementation on graph data. The strength lies in
the good retention of temporal information of the objects.
From there, make more reasonable predictions. However,
the high performance on graph data needs to be further
improved in the future. Models such as ITM [53], ARIMA
[54], CALA [55] are the classic methods in this group.

In survey [39], the author also describes datasets of
dynamic graphs. It can be seen that the number of datasets
is quite many, but there is no consensus or standardization
of datasets to make the studies comparable. This is also an
issue that needs to be improved.

A narrower survey could also help with knowledge graph
data that belongs to Dhote et al. [56]. The data the author
works on is an online social network. Although this is
not necessarily a knowledge graph, the algorithms can be
considered and improved to run on dynamic knowledge
graphs. In the survey, the author analyzes the development
of links over time and introduces concepts of online social
networks and link prediction problems. Studies also show
that previous methods are impractical in link prediction
because nodes can change over time and can be solved
using temporal metrics to increase accuracy. Besides, the
author also introduces some current methods that effectively
exploit temporal information and gives some possible ideas
in the future so that researchers can develop more.

In general, among the implementations, the embedding-
based methods are the most important. The proof is that
many works embed dynamic graphs such as TTransE [57],
DE-SimplE [58], ATiSE [59] and show high efficiency
compared to other methods. This also indicates a trend
that researchers are focusing on doing on dynamic graphs.
However, these models still need more research to get
significant improvements.

ITII. PRELIMINARIES AND PROBLEM FORMALIZATION

In this section, we describe the symbols and definitions
used in the KG link prediction problem. Because the
term KG has not been uniformly defined, we choose the
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Figure 2. Components in a knowledge graph

TABLE II
GENERAL NOTATIONS AND DEFINITIONS
Notations Definitions
G Graph
Gknow Knowledge graph
F A set of facts
V,E Vertex set, edge set
e, e; Entity, i'" entity
T, Tk Relation, k" relation
Z.7 Entity embedding, relation embedding
(h,r,t) A triple includes head, relation, tail
(h,r,t) Embedding of head, relation and tail
TV,T® Vertex type set, edge type set
Ne, Ny The number of entity sets, the number of relational sets
E,R Entity embedding matrix, relational embedding matrix
fr(h,t) Scoring function
o(-),g() Non-linear activation function
W Weight matrix
L Loss function
(h, t) Hermitian dot product
ter Hamilton product
hot,hot Hadmard (element-wise) product
concat(), [h,r] | Vectors/matrices concatenation
w Convolutional filters
* Convolutional operator
y Decaying factor
u Learning rate

descriptive method from the works of Cai [60], Goyal [30],
and Wang [42]. We also present components and different
ways of looking at relations in a knowledge graph. Fig. 2
illustrates some general features in a graph.

1. Notations

Because the survey involves many algorithms, the num-
ber of notations is very large. Therefore, we summarize
only the notations that are used frequently in the models. In
addition, some notations may vary depending on the model,
so we describe them in mentioned algorithms later. Table II
shows these notations and their description.

2. Definitions

Definition 1: A graph denoted by G(V, E), where v € V
is a vertex and e € E is an edge. G is formed by
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Figure 3. Knowledge graph definition

a vertex type (node type) through the mapping function
fv : V. — TV and an edge type through the mapping
function fr : E — TF, where TV and TF are a set of
types of vertices and edges, respectively. Each vertex v; € V
belongs to a particular type, for example fy(v;,) € TV.
Similarly, if edge e;; € E, then fg(e;;) € TE. The
adjacency matrix S of the graph G contains edges with
non-negative weights if there are connected edges: s;; > 0.
If vertices v; and vertices v; have no joined edges, then
sij = 0. For undirected weighted graph, s;; = sj;. The
weight of the edge s;; is often considered as a measure of
the similarity between two vertices v; and v;. The higher
the weight, the more similar the two vertices are.

Definition 2: A knowledge graph Ginow = (V,R,E) is
a directed graph with a vertex set representing entities and
an edge set representing relations between the vertices. In
other words, edges describe events E C V X R X V in real
life. Based on that, they create head-relation-tail triples and
are denoted by (h,r,t), where h,t € V are entities, and
r € R are relations. Fig. 3 shows sets in a knowlege graph.

Definition 3: Given the input of the graph G = (V,E)
and the number of dimensions of the embedding d (d <«
V), graph embedding is defined as transforming G into
a d-dimensional space, where the information from the
graph is kept as much as possible. Graph properties can
be quantified using neighborhood measures such as first-
and higher-order neighborhoods. Each graph is represented
as a d-dimensional vector (for the entire graph) or a set of
d-dimensional vectors. In the second method, each vector
represents the embedding of a part of the graph (vertices,
edges, substructures).

Definition 4: Knowledge graph embedding is a technol-
ogy for mapping the content of entities and relations in
a knowledge graph to continuous low-dimensional vector
space.

Definition 5: Static graph is graph which is created from
the original knowledge and does not change over time.



Definition 6: A graph with connections added or re-
moved over time is called a dynamic graph, temporal graph,
time-varying graph, or evolving graph.

3. Types of Relations

Although relations in the KG are diverse, they can be
classified based on some attributes. According to Wang
[47], we can classify relations into four types, called
mapping properties. They are 1-1 relation, 1-N relation,
N-1 relation, and N-N relation. However, Sun [61] also
classifies relations into four other types, called connectivity
patterns. They are symmetric relation, antisymmetric re-
lation, inverse relation, and compositional relation. Based
on the nature of the objects, Gesese [32] divides relations
into two simple types, including object relation and data
type relation. By organized in sorts, algorithms can have
different ways to predict relations more precisely. In the
following, we describe the details of these types.

a) Mapping Properties

1-to-1 relation: is a relation in which a head entity has
only one connection to the tail entity.

1-to-N relation: is a relation in which a head entity has
many connections to the tail entities.

N-to-1 relation: is a relation in which many head entities
have connections to the tail entity.

N-to-N relation: is a relation in which many head entities
have connections to the tail entities.

b) Connectivity Patterns

Symmetric relation: A relation is symmetric if

Vx,y :r(x,y) = r(y,x)

Antisymmetric relation: A relation is antisymmetric if

Vx,y i r(x,y) = —r(y,x)

or

Vx,y:r(x,y) Ar(y,x) =>x=y

Inverse relation: A relation is inverse if

Vx,y:ra(x,y) = ri(y,x)

Compositional relation: Relation r; is composed of 2
relations r, and r3 if

Vx,y,z:ra(x,y) Ar3(y,z2) = ri(x,2)
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¢) Object and Data Type Relation

Object relation is a relation that links an entity to another
entity. This relation describes the interactions between the
components in the system. For example, (person—knows—
person), (person—in—position) are relations of this type.

Data Type relation is a relationship that links entities
to data values that are mainly used to describe objects.
This description is only for the object which is being
described and not related to other objects. For example,
(person — named — A), (person — characteristic — B)
relations are data type relations. Although it is not easy to
distinguish between object relation and data type relation
in some situations, we can use the connection method to
choose which type the relation should belong to.

In Fig. 4, we can see these green relations as object
relation and black relations as datatype relation.

4. Definition of Link Prediction

Link prediction is the problem of finding possible links
between two entities in KG. From there, we have two
ways of understanding this problem. First, link prediction
aims to identify missing links due to incomplete or lost
data collection. In other words, we complete the data for
the existing graph. Another form of link prediction is to
identify possible links at the next time of the graph. That
is, at the moment, the two entities have no interaction
(link) with each other, but at the next time, the connection
between them appear for some reason. This section formally
describes these two types of link prediction problems as a
premise for analyzing the models in each type. Fig. 5 shows
two types of link Prediction.

a) Knowledge Graph Completion

KG Completion refers to the task of predicting missing
interactions (Fig. 5a). It is also divided into two smaller
types, which are entity prediction and relation prediction.
Entity prediction is when given an entity and a relation, the
models predict the other missing entity. More specifically,
we predict a tail entity ¢ from given (h, r, ?) triple or predict
a head entity /4 from given (?,r, ) triple. Since it is difficult
for models to give only one correct entity to a triple, we
instead predict several potential entities and prioritize them.
Hence, this problem is also called entity ranking or entity-
sorting task. Specifically, the result of the prediction model
is a list of entities along with their rank. Based on that, we
evaluate the accuracy of the results—the higher rank of the
correct entities, the better the model.

Another type of KG Completion problem is relation
prediction. Given a triple (4, ?,1), the goal of the model
is to identify the missing relation in that triple. This
problem is often less interested than the entity prediction
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Figure 4. An example of object and data type relation [62]
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(b) Temporal Link Prediction

Figure 5. Comparison of two types of link prediction problem

problem because semantically, the two problems are similar.
Moreover, relation prediction is much more difficult for the
model to learn because it cannot represent the transforma-
tion from the source entity to the target entity. Therefore,
in this paper, we only focus on investigating algorithms to
predict triples (h,r,?) or (2,r,t).

The inputs to models are positive triplets or facts in
the graph. Furthermore, in some approaches,
also to generate negative triplets to make the model learn
to distinguish from existing triplets. Negative triplets are
created by replacing h or t with any entity in the graph,
such that the newly created triplets do not exist in the graph:

we need

Al

(h r I) :{(h,’ rat)lh, 6 E’ (hl7 r: t) ¢ A}

’ /’ ’ (1)
U{(h,r,t")|t' € E,(h,r,t') ¢ A}

where A is the set of positive triplets and A’ is the set
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of negative triplets. Each positive triplets (4, r,t) can only
replace either the first entity (h’,r,t) or the last entity
(h,r,t’), not both at the same time.

The link prediction relies on these triplets to learn how to
predict the missing entity. Embedding-based methods typ-
ically define a scoring function to estimate the plausibility
of any fact:

¢(h,r,t) @

The higher the score of ¢, the more plausible the fact.

When testing, the head or tail in a triplet is hidden.
Then, the model predicts the most suitable entity to place
in it. Based on that, we evaluate the accuracy of the trained
model.
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) SO0
v I O000O0

= (00000

I Na | e

=N 1

Q0000
[eYoleYoTe)!

Embedding t

Figure 7. Temporal graph embedding for link prediction [63]

b) Temporal Link Prediction

Temporal link prediction is the problem of predicting the
links that appear between entities in the coming time. This
problem is also divided into two types depending on the
different descriptions of the dynamic graph structure. The
first way, the dynamic graph, includes vertices, relations,
and timestamped links (Fig. 5b). When predicting the link
on this graph, a model performs a time assignment on the
newly generated edges. The second way, we consider the
graph as a series of slices (G, G»,...,G;) corresponding
to discrete time intervals (1,...,7). The goal is to predict
a new association for the graph G, at time ¢ + 1. Fig. 6
illustrates the link prediction process in the second way.

Although the representations are different, they can all
be converted to each other. The second representation is
easier to embed objects in the embedding space because
the interaction is independent of time. Fig. 7 illustrates a
simple way to embed graphs for association prediction.

Depending on the approaches, the model’s inputs can be
triplets or graph slices over time. The model then trains on
each of these triplets or slices to generate new triples or
changes in the graph at the next time.

5. Positive and Negative Samples

Positive samples are triples appearing in the KG or set
of facts. They are often considered as correct triples, or
the relations between entities exhibit a clear and consistent
connection. In contrast, negative samples are unobserved
triples in the knowledge graph. They include implicit and
unauthorized relations between entities. Because in the
knowledge graph, we only observe correct triples, we need
to generate these unobserved triplets for learning by models.
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Good negative sampling helps the learning models to create
better classifiers. In other words, good negative sampling
helps the models not to over-generalize the features. As a
result, they improve the results of the predictive model.

Currently, there are many ways to generate negative sam-
ples such as random sampling, corrupting positive instance
[64], typed sampling [65], relational sampling [65], Nearest
Neighbor sampling [20]. Each method has strengths and
weaknesses and depends on the nature of the data. The
simplest technique among negative sampling techniques is
random sampling. This method calls the triples (s,r,?)
appearing in the graph as positive samples. Randomly
generated instances that are not positive are considered
negative. However, this method’s disadvantage is that it
makes many negative samples because the total number
of possible triples is |V|?, where V is the set of entities
in the graph. Furthermore, we are unsure whether it is
the correct negative sample because its randomness can
produce accurate facts. And it can create trivial negative
samples too.

Another way to create negative samples is to damage
the positive instances. This technique is described in [64].
For each relationship (s, r, ) (positive triple) in the graph,
we replace either the source or the target entity to pro-
duce negative samples. This technique produces negative
instances closer to positive instances compare with random
sampling. However, if the graph has entities with too many
relationships, we may not have enough target (source)
entities to damage positive samples. The trivial negative
triples are still encountered in this method. According to
the analysis, the FreeBase and NELL datasets [66] have a
very close relationship between the entities. For example,
the relationship born_in associates the entity types as
Person and City. Therefore, the target entities used to create
negative samples are selected to be compatible with the
source entity. These negative triples are more explainable
and are closer to the positive ones. If relations in the
knowledge graph have characteristics that each entity join
only one relationship, creating quality negative samples is
quite simple. Just change the relationship between source
and target or change one of the source and target entities
that come with the new relation.

A different method of generating negative samples is to
choose the nearest neighbour. After entities are encoded
in an embedding space through a pre-train model, the
process finds entities closest to the target entity so that
they are not positive samples. Through that, the method
generates negative instances that carry more certainty than
other ways. Generally, each negative sampling method has
its advantages and disadvantages. Therefore, the research to
create quality samples continues to requires more effort.
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IV. DATASETS
1. Static Datasets

Static datasets are used mainly in knowledge graph com-
pletion problems. Popular static datasets include FreeBase
(FB15k, FB15k-237) [46, 68], WordNet (WN18, WN18RR)
[46, 69], YAGO3-10 [70]. Besides, datasets such as Coun-
tries [15, 71], and DBpedia [72] are also considered in
many studies. In the field of biology, OpenBioLink [73]
and BioSNAP-DTI [74] are typical datasets. Each dataset
has its own characteristics, such as containing symmetric,
transitive, and other types of relations. From there, we can
evaluate the predictive ability of the models on each type
of relationship.

a) Freebase Dataset

FreeBase is a large structured knowledge base gathered
from many sources, including individual wiki contributions.
It was created from news in the world and used for research
purposes. It is considered as a multi-disciplinary dataset
that mainly describes some information related to movies,
actors, awards, sports, and teams.

FBI5k is a subset of the FreeBase dataset and consisting
of 14,951 entities and 1,345 relations. Its relation types
are symmetric, anti-symmetric, and inversed. The training
set consists of 483,142 triplets, the validation set consists
of 50,000 triplets, and the test set consists of 59,071
triplets. FB15k has the characteristics of multi-domains,
reified, and test leakage. To reduce the influence of test
leakage properties on the model results, Toutanova and
Chen introduced the dataset FB15k-237.

FB15k-237 includes 14,541 entities and 237 relations . It
has symmetric, antisymmetric, and transitive relation types.
The training set includes 272,115 triplets, the evaluation set
includes 17,535 triplets, and the test set includes 20,466
triplets. The dataset consists of textual descriptions of
FreeBase, which are extracted from 200 million sentences
from the ClueWebl2 corpus and annotations in FACCI1
(FACCI1: Freebase annotation of ClueWeb corpora).

b) WordNet Dataset

WordNet is an English vocabulary dataset which groups
English words into sets of synonyms called synsets, pro-
vides short definitions and examples of usage, and records
some relations between sets of synonyms or members.
Furthermore, WordNet also contains a system of concepts
that have many relationships with each other to form a
complex graph.

WNI8 is a subset of the WordNet dataset consisting
of 40,943 entities and 18 relations. It has symmetric,
antisymmetric, and inverse relations. Almost all 151,442
triplets are hypernym or hyponym relations. WN18 dataset
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adheres to a strict hierarchical structure. The training set
consists of 141,442 triplets, the evaluation set consists of
5,000 triplets, and the test set consists of 5,000 triplets.
However, the WN18 dataset has a test leakage problem.
It means that the edges from the reciprocal relations such
as hypernym and hyponym appear in the training set and
inverse relations in the evaluation set, so models easily learn
those rules to achieve high results.

To reduce leakage, Dettmers introduced the WNISRR
dataset by removing those seven relationships. However, the
WN18RR dataset still has four types of symmetric relation-
ships as “also see,” “derivationally related form,”
to,” and “verb group.” Simple principles can exploit these
relationships.

c¢) YAGO Dataset

YAGO3-10 is a massive repository of semantic knowl-
edge derived from Wikipedia and GeoNames. YAGO3-10 is
extracted from the YAGO3 dataset by selecting entities that
participate in at least ten different relationships. The dataset
consists of 123,182 entities, 37 relations with 1,079,040
triplets in the training set, 5,000 tuples in each validation
and evaluation set.

d) OpenBioLink Dataset

OpenBioLink is a framework for evaluating link predic-
tion models on biomedical data. It also contains datasets
collected from multiple public sources related to bioinfor-
matics. OpenBioLink provides four variants in directed and
undirected settings, with and without quality cutoff. The
triplets range from 8 million to 41 million, with about
185,000 to 486,000 entities and 28 to 32 relations. This
dataset is considered helpful in evaluating the effectiveness
of models when deployed in the field of biology.

similar

Table III describes the characteristics of datasets com-
monly used in the link prediction problem.

2. Dynamic Datasets

To evaluate the models for link prediction on dynamic
graphs, the researchers used a variety of evolving network
datasets including DBLP, Twitter, Reality Mining, Hag-
gle, Infectious, Hypertext 2009 [39]. These datasets are
divided into main groups, including co-author and citation
networks, communication networks, social networks, and
human contact networks. Because there are too many
datasets, authors often have to select some of them to
run comparative experiments. In contrast, the datasets are
almost normalized in the static graph and revolve around
4 to 5 datasets. However, in temporal link prediction,
the datasets are still not unified due to the complexity
of the relations arising at different times. It isn’t easy
to compare the effectiveness of the methods in this link
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TABLE III
STATISTICAL INFORMATION OF THE DATASETS USED IN EXPERIMENTS [67].
. . #Test (%

Datasets #E #R #Train | #Valid #Total #Sym | #Inv #Com | #Others ( )#l-to-l #1-to-N | #N-to-1 | #N-to-N
FB15k 14,951 | 1,345 | 483,142 | 50,000 | 59,071 7.34 70.22 | 22.37 0.06 1.63 9.56 15.8 73.02
WNI18 40,943 | 18 141,442 | 5,000 5,000 2174 | 7222 | 3 3.04 0.84 36.94 39.62 22.6
FB15k-237 | 14,541 | 237 272,115 | 17,535 | 20,466 0 0 90.4 9.6 0.94 6.32 22.03 70.72
WNI18RR 40,943 | 11 86,835 3,034 3,134 34.65 | 0.29 8.33 56.73 1.34 15.16 47.45 36.06

prediction branch. We found that there are about four
most used datasets through the survey, including DBLP,
Haggle, Infectious, Reality Mining. Therefore, we focus the
description on these datasets.

The DBLP file contains data related to the computer
science bibliography. This dataset includes lists of research
articles in the field of computer science. Two authors are
linked if they share the same name on at least one paper.
The number of vertices in this set includes 1,314,050
vertices and 18,986,618 edges.

Haggle describes the real human contact network where
connections are determined based on groups of users carry-
ing small devices. Edges represent the connection between
two people who are in contact with each other. The dataset
contains five days records of 274 people. The total number
of links received is 28,244 connections.

A human proximity network tracked from one day at
the Infectious is encapsulated into the Infectious dataset.
Data describing face-to-face behavior of people during
the exhibition INFECTIOUS: STAY AWAY in 2009 at the
Science Gallery in Dublin. It consists of 410 vertices and
17298 edges.

Reality Mining was collected in 2004 by Nathan Eagle
and Alex Pentland. It consists of 96 nodes and 1,086,404
edges that describe the physical relationships among 100
MIT students.

Due to a large number of datasets as well as the large
size, there has not been a detailed description of the
characteristics of the relation types as in the static graph.
Therefore, we just summarize the information of each data
set that is commonly used in the problem of link prediction
on dynamic graphs.

V. METRICS
1. Mean Rank

The mean rank measure is abbreviated as MR. It is the
average of the ranks obtained in the rating and is commonly
used to evaluate a rating system that lists answers to queries:

Z rank(q)

qeQ

1
MR = —

3
0] ©)
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where Q is a set of queries, ¢ is the ranking position of
a particular query, and |Q| equal to the size of the test
set. When predicting, we predict both head and tail for a
corresponding sample in the test dataset. For example, we
predict (?, relation, tail) and (head, relation,?) for a test
sample. In this case, g represents the entities we predicted
with specific ranks, and rank(q) represents the rank of
the correct entity in predicted entities. We then calculate
the average rank of both the head and tail predictions.
Obviously, this measure is in the range of 1, |E|] because
there are at most n—1 edges from an entity to n—1 remaining
entities and an edge connecting to its own entity (self-edge).
The lower the MR is, the better model we get. However, this
metric is susceptible to noise. The reason is that, in some
situations, the correct entity is placed at the bottom of the
list. To solve this problem, researchers use an additional
measure, Mean Reciprocal Rank (MRR).

2. Mean Reciprocal Rank

The mean reciprocal rank measure is abbreviated as
MRR. Similar to MR, MRR is a metric to evaluate a rating
system for a list of answers to queries. However, MRR is
the mean inverse of the ranks obtained in the rating. The
higher MRR, the better the model results:

“

The value domain of MRR is 0 < MRR < 1. The larger
MRR, the better the model result. This measure avoids
sensitivity of noise because there are a number of triplets
ranked terribly, which means the values of ranks near |E|.

3. Hit@K

Hit@K (H@K) is a measure of the probability that the
rank is less than or equal to the given threshold K:

lg € 059 < K|
10|
where K is the number of triplets with the highest scores

is ranked from large to small. Common values for K
are 1,3,5,10. The higher Hir@K is, the better the model

Hit@K = (5)
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TABLE 1V
EXAMPLE PREDICTED ENTITIES WITH THEIR RANKING FOR
CALCULATING METRICS.

New created triplet | Score | Rank
tl 0.862 1
t2 0.786 | 2 (%)
t3 0.589 3
t4 0.436 4
t6 0421 | 5(%
t9 0.397 6

) is the triplet that exists in test set

results. Hit@] is closely related to MRR because when K
= 1 both the formula of Hit@K and MRR are the same.

For examples shown in Table IV, there are 5 triples
t,ts,t6, 17,13 in the test set. We have Hir@1 = 0/5 = 0,
Hit@3=1/5=0.2, Hit@5=2/5=0.4.

4. AUC Curve

AUC-PR, short for Precision-Recall Area Under Curve,
is the average of the calculated precision points for each
different recall value. The AUC-PR measure is used when
the data is remarkably unbalanced.

Precision quantifies the number of correct positive pre-
dictions shown as Eq.6.

TP

TP+ FP ©

Precision =

Recall quantifies the number of correct positive predic-
tions made out of all positive predictions as be shown in
Eq.7.

TP

Recall = ———
TP+ FN

(N

5. RMSE

RMSE is the square root of the mean of the square of all
of the error. In other words, RMSE measures the differences
between predicted ranks and actual ranks. The formula of
RMSE is showed in Eq. 8. When the value of RMSE error
is smaller, it means that the prediction result is close to
reality, so the better the model. This measure is more often
used in temporal link prediction.

N . 2
- (predict — actual
RMSE:\/ZI_I(p : )

®)

VI. LINK PREDICTION IN STATIC GRAPH

In this section, we mention the methods that are highly
effective in the link prediction problem. Firstly, the popular
approach is based on embedding, which encodes entities
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TABLE V
COMPARISON OF TENSOR DECOMPOSITION MODELS IN TERMS OF
SCORING FUNCTIONS AND SPACE COMPLEXITY.

Model Score function Space Complexity
RESCAL | hTrt O (nede +n,d?)
DistMult hxrxt O (nede +nyde)
ComplEx | hxrxt O (nede +nyde)
SimplE Ya(hyy Xr X t) + O(2nede +2n,d,)

Ya(hy Xr_ X t)
TuckER Wxihx;rxst O (nede +nypdy+
dedyde)
NepTuNe e,T -~ fact WXxiepXar) | O (nede +n,dy)

and relations using various methods. For instance, we can
transform knowledge graphs into vectors or matrices and
then decompose them into smaller vectors or matrices. Or,
in another way, we can apply neural networks to feed the
relations through a series of nonlinear functions. We can
also put them to a specific space and use transformations
such as translation, rotation to predict connections. The
second approach is to extract rules from the triplets and
infer relations for entities based on that. The last group uses
reinforcement learning methods to find a path as the model
decision chain. We describe in detail the characteristics of
each group and its prominent algorithms in the following
paragraphs.

1. Graph Embedding Based Models

a) Tensor Decomposition

Models of this group consider link prediction as a tensor
decomposition task by converting knowledge graph to a 3D
adjacency matrix or a 3D tensor. Because of the incomplete
graph, the 3D tensor isn’t complete as well. The tensor is
decomposed to some lower-dimensional vectors, which are
used as entities and relation embedding. These models are
expected to generalize the graph to detect latent information
without overfitting. They also have no or little shared
parameters, so they are usually lightweight and have fast
training times. Table V gives detailed comparison of tensor
decomposition models in terms of scoring functions and
space complexity. In the following, we introduce some
important models in the method group in turn.

RESCAL [75] is the most classical representative of this
group. The model represents each relation as a matrix. In
this matrix, the author describes the connection of entities
in the graph corresponding to a defined relation. Based on
that, each element becomes a feature vector in each relation
domain. Fig. 8 shows relation matrices in RESCAL.

With this matrix representation, RESCAL is likely to
overfit because there are so many parameters to learn for
those matrices. Furthermore, RESCAL is hard to scale on
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a large knowledge graph as well. Therefore, there are so
many researches over RESCAL to find a solution.

DistMult [48] can be seen as a simpler version of
RESCAL. With the same idea of RESCAL using the
relation matrix, however, DistMult uses a diagonal matrix
instead of a full matrix.

Both RESCAL and DistMult use a 3-dimension tensor
for link prediction and use low-rank decomposition to find
a representation of the entity or relation of the graph.
For a given triplet (h,r,t), the score is calculated by
using a multi-dots linear product to decide whether two
entities have connected or not. However, the most noticeable
drawback of this method is that it can’t distinguish which
is a head entity or a tail entity, so it can’t handle antisym-
metric relations. ComplEx [49] is proposed as a extension
of DistMult to handle this problem. ComplEx suggests
performing tensor decomposition on Complex space, and
then the embedding is performed on this Complex space.
The model uses the Hermitian product in the scoring
function to express much more binary relations than normal
space. Furthermore, using conjugate-transpose of the tail
entity instead of the original tail helps ComplEx handle
antisymmetric well.

Another method, SimplE [76], uses two distinct vectors,
h. and h,, which are head and tail entities, respectively.
Furthermore, SimplE also uses two matrices for relations.
One is the relation matrix r, and another is the inverse
matrix 7~ to perform inverse relations. Unfortunately, this
approach has too many parameters to learn, which is likely
to overfit.

TuckER [77] is a tensor model which is based on Tucker
decomposition. The core idea is to transform the tensor into
a smaller core tensor - called W and several other vectors.
TuckER used two smaller matrices represents E € R"¢*
and R € R4 where n, and n, are the number of entities
and relations, d. and d; are the dimensions of embedding.
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Figure 9. Idea of TuckER model

Different from other models, the dimension of entities and
relations are independent. The core tensor is weight matrix
W, which can be seen as an interaction of relations and
entities. However, the number of parameters is lower than
other tensor models. TuckER model is shown in Fig. 9.

Although TuckER got a good performance on the link
prediction task, all computations are linear. As we know,
linear activation functions do not perform well compared
to non-linear activation functions in a neural network. The
classical model of a neural network in the link prediction
is NTN (Neural Tensor Network) [64]. It has trouble when
initiating the weight matrix. From the idea of TuckER and
NTN, NepTuNe [78] is born to improve that weakness by
combining these two models into a new neural network with
parameters generated by TuckER model.

Tensor factorization models have a lower training time
compared to others models. But their expressive power may
not handle well to relations that are symmetric, antisym-
metric. NepTuNe’s idea of combining neural networks with
tensors is a new approach to future researches. In addition,
if we can apply the rule-based information to tensors, it can
boost the tensor’s model performance a lot.

b) Geometric

Currently, geometric approaches are the main branch
of link prediction research. It was considered the ear-
liest of knowledge representation learning. The idea of
this group originates from the Word2Vec algorithm [79].
The Word2Vec encodes words or sentences to a matrix
or vectors. Inspired by this encoding, TransE [46] was
proposed as the first model in representing the knowledge
graph to the new space. Specifically, to tackle the link
prediction problem, the model transforms the entities into
an embedding space and then, through the relation to
translates the source entity to an entity that is expected
nearest the actual target entity. The model learns the best
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(a) TransE (b) TransH

Figure 10. Comparison between TransE and TransH model

embedding through minimizes loss function of the total
distance. The approaches in this group are divided into two
branches: point-wise space and complex space.

The point-wise space projection can also be called
TransE and its extension because the advent of TransE
has led many researchers to switch to TransE-based im-
provements and extensions. As a result, there has been
an explosion of the number of link prediction models
based on this algorithm, which increases the performances
significantly compared to previous models. Even in the
case that TransE is not used directly for link prediction,
it is also used by some algorithms, such as neural network-
based models, to initialize input vectors due to its high
level of graph generalization. Table VI gives a detailed
comparison of a number of geometric models in terms of
scoring functions, space complexity, and time complexity.

Point-wise space: TransE assumes that the tail entity
is approximate the sum of the two head vectors and the
relation by some measure. TransE is only suitable for 1-to-
1 relations because they only use one vector to represent
each relationship. That leads to TransE not being able to
handle other types of relations such as 1-to-many, many-to-
1, many-to-many. Fig. 10a presents TransE model.

To get around this, TransH [80] is proposed. It projects
both head, and tail entities on relation space then compute
the distance (shown in Fig. 10b). However, TransH still
assumes that entities and relations represent the same space,
which seems unsuitable. Therefore, TransR and CTransR
models [81] dealt with that problems by transforming
each entity of triplet (&, r,t) into the relational dimension
through the transformation M,. Nevertheless, due to a
large number of relations, when moving to a relation
space, the representations are often inexact. Consequently,
CTransR uses additional algorithms to group entities into
clusters corresponding to each relation before translation
transformation. An disadvantage of CTransR is that the
transformation of entities and relations in large graphs is
very computationally expensive. Moreover, by clustering,
the model assumes that all entities in the cluster are the
same type. That is not correct. For example, in triplet
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Figure 12. Illustration of TransD model

(Obama, nationality, USA), Obama and USA are differ-
ent types of entities. As a result, TransD [82] is proposed
to separate each entity h,r,t into two parts: the new
representations on the new plane and their original vectors
(Fig. 12). Fig. 11 gives clearly idea of this method.

A common weakness that Trans(E, H, R, D) models still
suffer from is that they do not solve the imbalance problem
of relations. For relations with too little training data, the
performance is not good enough. Thus TransParse [83]
was created as an improvement by using sparse matrices
over low-dimensional matrices. In this model, the author
proposes two versions of TransParse, TransParse (shared)
and TransParse (separated). While TransParse (shared)
uses only one sparse matrix for the first and last entity,
TransParse (separated) applies two different sparse matri-
ces.

Complex space: Although the point-wise space models
have made many achievements, simple spatial dimensions
have not helped solve problems such as symmetric, asym-
metrical, and transitive relationships. Therefore, we need to
study more complex spaces with better representation.

An improvement from TransE to gradually introduce a
space different from the point-wise space is TorusE [84].
TorusE performs the translation transformation on Torus
Space. Although it is not a complex space yet, it is an
initial step for the later algorithms to move to a new space
different from the traditional space as in TransE.

TorusE’s idea came from a TransE problem when using
regularization. It warps the embeddings, so the scoring
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TABLE VI
COMPARISON OF GEOMETRIC MODELS IN TERMS OF SCORING FUNCTIONS, SPACE COMPLEXITY, AND TIME COMPLEXITY.

Model Scoring function Space complexity Time complexity
TransE [[h+r—t| O (nem+n,n) (m=n) O(N)
TransH [(h—=wlhw,) +d, — (t=wltw,) | [ O (nem+2n,n) (m=n) O(2kN)
TransR lhw, +1 — tw, |2 O (nem+n, (m+1)n) O(2mnN)
CTransR [hw,- + 1 — tw,- |§ +alre-r |% O (nem+n, (m+d)n) O(2mnN)
TransD — |wyph+r — Wyt |§ O (nem + nyn) O(2nN)
TransParse(share) IMr(Hh,)h+r—M,a(6)h)t|12l O (nem+n,(1-0)(m+1)n) O (2(1-6)mnN)

2

TransParse(separate) |M£’(0;L")h+r—Mtr(O;‘l)tﬁ1 O (nem+2n,(1-6)(m+1)n) | O2(1-60)mnN)
RotatE —|hor—t| : O (nem + ny-n) (m=n) O(N)
TorusE Min(x y)e([h]+[rDx[t] XY li O (n) O (N)
QuatE heoro.t O(N)

V=

HK—

(a) TorusE

(b) RotatE

Figure 13. Main idea of TorusE and RotatE models

function is affected when operating in the hypersphere.
Furthermore, TransE’s embedding is not equipped with
operations to handle vector 7 + R’ or h + R’ out of
space, where R is regularization. Hence, TorusE is proposed
by using a manifold for embedding space and remove
regularization on its scoring function. Fig. 13a illustrates
the Torus model.

Although TorusE paves a new way of Translation-based
model, the manifold’s theories are difficult to understand.
A significantly improved model can be seen as RotatE
[61] . This model defines a relation as a rotation of head
entities to tail entities. This representation is proved that
it can handles such relations as symmetric, antisymmetric,
composed (Fig. 13b).

Instead of rotation transformation on one plane as RotatE,
QuatE [85] represents relations on quaternion embedding.
Specifically, relations are transformed in this space through
the Hamiltonian cycle and quaternion product (Fig. 14). In
this way, QuatE can perform rotation on two planes which
they hope have more expressive power.

RotatE believes that combining relations to infer a new
relation is commutative. In other words, when changing the
position of relation components, the new relation remains
the same. This is considered inappropriate because it de-
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Figure 14. Compared between RotatE and QuatE

creases the expressiveness of the proposition. For example,
given a combined clause ri(x,y) A r2(y,z) = r3(x,z), if
rq is the "is-father-of" clause and r; is the "is-mother-of"
clause, then r3 is the "is-grandfather-of" clause. Otherwise,
r3 is the "is-grandmother-of" clause.

Furthermore, RotatE assumes that the axis of rotation
must be orthogonal to entities in 2D embedding space.
As a result, it limits the ability to represent relations
between entities from the original graph. Hence, QuatE
has improved this using much more complicated space than
RotatE’s. However, the way to transform in the dimension
is not easy to understand and intuitive. Therefore, DensE
[86] was proposed to solve these problems by performing
knowledge graphs on 3-dimensional space with two addi-
tional components: vector v to define the rotation direction
and angle ¢ to mean the angle between the axis and the
direction of rotation. DensE is shown on Fig. 15.

To sum up, these models represent a graph in a latent
space where we can apply geometric knowledge to solve.
However, even though they get achievements, they still can
not take full advantage of latent information like local
structure.

c¢) Neural Network

In addition to matrix decomposition and geometric trans-
formation, we can use neural networks to solve the link
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Figure 15. Illustration of DensE model

prediction. Since the input to the neural network is a matrix,
the graph needs to be converted to embedding space first.
However, depending on the embedding method, information
can be lost more or less. Therefore, to keep the most
information of the graph or create a form from which latent
"knowledge" can be extracted, the neural network-based
models use some additional functions such as attention
mechanisms. From that, we divide the neural network
models into two groups: using additional information and
without using additional information. Additional informa-
tion may be about the path, the attention mechanism, the
architecture of the neighboring nodes.

Without addition information: In these models, the archi-
tecture is quite simple and is mainly based on the traditional
CNN network. Typical models include ConvE [69], ConvR
[87] or ConvKB [88].

Generally, the approaches use one or more CNN layers
in which each layer performs convolution on the input
for feature extraction, then feed into a dense network to
predict the final output. However, depending on the model
type, there are different ways to transform the input. For
example, ConvE reshape head and relation vectors, then
combine them into a matrix [/, 7]. In other ways, ConvKB
concatenates all three vectors h,r,t into one matrix with
d x 3 dimension. ConvR converts head and relation from
a d-dimensional vector to a matrix, but these two matrices
are not the same. After that, it performs convolution with
a filter which is a relation matrix onto the head matrix.
It is clear that the matrix representing the head vectors
corresponds to an input image in the CNN network used for
image processing and the relation matrix corresponding to
the filter and convolution on this network. After successful
feature extraction, all three matrices are fed into a dense
d-dimensional network to get the final output. However,
while ConvE and ConvR calculate the difference between
the predicted result and the correct output based on the
dot product, ConvKB only indicates whether it is right or
not. The overall structure of these models is presented in
Fig. 16.

The weakness of models ConvE, ConvR, and ConvKB
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Figure 16. Overall structure of ConvE, ConvR, and ConvKB

is that they all generate parameters randomly. This leads
to taking a long time to converge. In addition, they have
a fairly similar representation. Firstly, all models learn to
embed entities and relations, then combine them into a
matrix and perform a series of linear transformations on
this new matrix. That reduces the expressiveness of the
original graph. Hence George Stoica proposed CoPER [89]
- a solution transforming input and generating parameters
for the model based on relations, similar to NLP context
generation.

In CoPER, instead of using both transformations for both
source entities and relations, the authors only apply them
to source entities and use relations to generate parameters
for the filter, then use those new parameters for training
(Fig. 17). This helps the model achieve better performance.

Another solution of the interaction between entities and
relations applied to the ConvE model is InteractE model
[90]. Instead of using relation to generate filter parameters,
the model increases the "interaction" through 3 steps: fea-
ture permutation, checkered feature reshaping, and circular
convolution. They believe that using permutation of input
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and circular convolution helps learn more latent information
between entities. It is shown in Fig. 18.

Using addition information: As mentioned, the neural
network requires input as a matrix, so the graph needs to
be embedded before feed into the neural network. This can
lead to the risk that the knowledge from the original graph
is no longer fully preserved before being included in the
learning model. Consequently, many other architectures are
designed to add additional information to the model, such as
attention, BERT, or GAN. KBGAT [91] (attention), LSA-
GAT [92] (attention), RAGAT[93] (attention), KG-BERT
[94] (BERT), StAR [95] (BERT), KBGAN [96] (GAN) are
typical neural network-based models with extra information.

The attention mechanism used in the models is quite
similar to that in NLP. For each triple in the graph, after
concatenating head, tail, and relation vectors into one,
the attention value is calculated and multiplying with the
parameter matrix W to form a new embedding vector. This
vector is passed through the softmax function to find out
which vertex has the greatest influence on the head-relation
pair under consideration. Fig. 19 is an example of attention
mechanism.

In the process of calculating and updating attention, to
avoid the situation of isolated vertices (attention values is 0)
and exploit more semantic layers that can be inferred from
the relations, LSA-GAT considers more types of neighbor-
ing structures. With various structures, the author supposes
that different layers of hidden semantics are inferred. Here,
the author focuses mainly on three primary structural forms:
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Figure 19. An example of attention mechanism
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Figure 20. An example of neighboring structures in LSA-GAT

triangle, star, and 2-cycle. Fig. 20 is example of these
structures. This approach improves the performance better.
The overview architecture of the model is illustrated in
Fig. 21.

Along with the idea of the neighboring structures, which
LSA-GAT used to learn entity embedding, RAGAT applies
the "relation message function" to initialize and support
information extraction from neighboring nodes for each dif-
ferent relation. The relation message functions are inspired
by previous models. Therefore, the model combines them
to create the final embedding for the decoder. Fig. 22 shows

Local structure aware GAT
/_ GAT for riangle ™~
(|

Decoder
f

Figure 21. Overall architecture of LSA-GAT model
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this method’s idea.

Another information that can use for embedding is se-
mantic information from the BERT model. BERT’s core
idea is to transform a triple (h,r,t) into a sentence by
treating the entity or relation as the subject/predicate of
a sentence and use it as input to BERT. In a document,
sentences can be simple or complex. Therefore, to better
train the model, the authors proposed a method to combine
multiple triples to create a form like complex sentences
(Fig. 23).

KG-BERT stores triplets as contextual sentences and ap-
plies the BERT model to make future predictions. However,
this representation still has some flaws, such as the high
computational cost for converting triples to sentences as
well as inferencing from these sentences. Furthermore, with
the lack of background knowledge to serve this contextual
encoding, KG-BERT cannot promote the full power of
BERT. Therefore, Wang et al. [95] included contextual
encoding in graph embedding by separating the triplet
into two parts, head - relation and tail, like translation-
based models TransE, RotatE, and encoding these two parts
according to the Siamese style. This approach uses both
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Figure 24. StAR model

graph structure information and context information to help
the model effectively exploit facts that are not present in
the graph. The overall structure of this model is depicted
in Fig. 24.

In general, deep learning models to predict links on
knowledge graphs have achieved good results. However,
these models depend on embedding to predict, so they also
lose information from the original graph. Furthermore, they
use a large number of parameters to train. In the future, we
hope there is a way to input the graph into a neural network
without using embedding.

2. Rule Based Models

Graph embedding’s core idea is to convert the graph to
vectors and predict based on these vectors. This approach
has some drawbacks. Firstly, converting a graph to vectors
loses a lot of information of meaning. Later, the cost of
converting is extremely high. Finally, vectors can’t express
the connection between triplets of the graph. To keep infor-
mation as much as possible, another approach is logical-rule
learning, such as the Horn clause.
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A horn clause is defined as head < body. Head is a
fact of objects while the body is a fact or multiple facts
combined.

AnyBURL [97] is the classical model for this group. The
model starts by sampling the data and using a measure to
determine whether increase path length or not for generat-
ing a new rule. Besides, it also decides whether this rule
is good enough to add or not. The algorithm stops when
the ratio of generated rules/total number of rules is greater
than saturation.

Recently, besides the models that only generate rules and
use them for link prediction, many models have started
combining knowledge from rules into embedding through
joint learning or iterative learning to gather more informa-
tion of the graph. One example is KALE [98]. It makes
the use of rules in conjunction with embedding. The input
includes the entities set E, the relations set R, and the rule
set L which is pre-trained and auto-updated. The set L
is encoded for processing and evaluation. The set E and
R relate to embedding and are used to store the hidden
semantic information of the entities and relations. After
learning, model use truth value to decide whether the rule
is good to add to pre-trained rule-based or not. Fig. 25
represents KALE model.

While KALE learns by joint learning, RUGE [99] uses
iterative learning to learn information from both rules and
embedding. RUGE predicts unlabeled entities based on the
current embedding and previously learned ground rules, and
then the new labels are fed to the current embedding to
update it. RUGE’s core idea is shown in Fig. 26.

Rules are precise and can guess implicit links while
using embedding helps preserve information and semantics
in the graph. Combining them can produce many bene-
ficial results, but they also have their drawbacks. Sparse
entities (less mentioned in the graph) become difficult
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to predict due to lack of information leading to weaker
encoding. In addition, the number of rules generated is
enormous, so it consumes a lot of search space when
making decisions and restructuring rules. For example, if
there are 10 relations and 10 entities, the number of rules
generated is (10%)3 % 10® = 10°. The result is tremendous
because the number of rules increases exponentially with
the number of relations. That isn’t easy when adapting
to large datasets. Therefore, the IterE model [100] was
born to combine the advantages of learning embedding and
rules while minimizing the disadvantages of both methods
through embedding learning, axiom induction, and axiom
injection (Fig. 27).

Another model which combines both rule and embedding
is LogicENN model [101]. It is a neural network which
is able to encode the rule to the network. It is shown on
Fig. 28. This helps detect whether the rule is good or not.
Unlike other neural network models which inputs are both
entities and relations, LogicENN’s inputs are only entities.
Furthermore, to encode rules to the neural network, the
author demonstrates how to transform common rules into
weighted formulas and feed them to the network.
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TABLE VII
SUMMARY OF SOME REINFORCEMENT LEARNING MODELS FOR LINK PREDICTION, ACCORDING TO [21].

Method State Action Reward Policy Network
DeepPath (er,eq —er) r Global 1 if e; = e4 Fully connected network
MINERVA | (e;,es5.7g.eq) | e, 7,V e =eq hy = LSTM (hy_1, las—1,0¢])
Multi-Hop | (er, (es.7g)) (rr,ern) | (er,rr,e) €G | y+ (U -y) frq (es,er) | he = LSTM (hy-1, [a;-1])

Figure 28. Idea of LogicENN model

Apply rules on link prediction tasks helps models keep
information without loss. However, the space for rules is
still enormous. This makes prediction time slowly. We hope
that there are studies on how to apply data structures to
reduce the memory space.

3. RL-Path Based Models

Reinforcement learning (RL) was introduced in multihop
reasoning. Reinforcement learning consists of two main
parts. The first part is to choose the environment E that
can represent the action as a repetitive sequence between
the agent and the graph. This environment is called Markov.
An action < S, A, P, RP > represents the Markov decision,
where S is the chosen space, A is the set of actions that
the agent can perform, P(S;+1 = so|S; = 5,A; = a) is
the state transition matrix, and R(s,a) is the reward for
each action. The second part is training the Policy network
to predict the output of actions chosen randomly by the
agent. This policy network is updated by network update
methods such as gradient descent. Table VII summaries
some characteristics of reinforcement learning models in
link prediction.

DeepPath [102] is a typical model for applying RL. First,
DeepPath embeds the graph by the TransE approach to keep
the graph structure and semantic information. After that, the
author defines a state space: s, = (€, €4rger — €/), Where
e; is the current state and e;q,g¢; iS the target state. The
reward is used through three aspects:
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1) Global accuracy: evaluate whether the action was
successful or not.

+1, if reach target
—1, otherwise

©))

YGLOBAL = {

2) Path efficiency: the shorter the path is, the better
effect it has.
—__ 0
r =
EFFICIENCY length(p)
where path p is sequence of relations r; — r, —

oy
3) Path diversity: evaluate multiple disjoint paths be-
tween any source-destination pair. The agent takes
advantage of paths that are learned previously to
form a new path. With this approach, the new path
maybe has redundant information. This reduces the

effectiveness of the model.
|F|

I'DIVERSITY = _F Z cos(p, pi)
i=1

QY

where p = >, 1j represents the path embedding for
relation sequence r; — rp — ... — 1, and p; is path

embedding at state i

MINERVA [103] is also a model that applies RL. But
this model changes the state space. On the contrary to
DeepWalk, MINERVA does not require pre-trained em-
bedding. It represents the space as E X E X R X E,
which is possible combinations of sets E(entities) and
R(relations). In addition, it also introduces an observation:
state function to assess for action concerning that agent
finds a random edge to add. Updating the state of the new
edge selected by the agent is called action transition. Instead
of using three aspects like DeepWalk to evaluate the reward,
MINERVA uses binary classification to assess whether this
path reaches the destination or not. The removal of two
others aspects is expected to make full use of the graph’s
information for other actions.

In conclusion, RL-Path based models use state of the
art of reinforcement learning on the knowledge graph.
However, they are not effective as other models due to the
lack of expressive power and not taking advantage of latent
information. These models get better performance if they
can do that.
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VII. LINK PREDICTION ON TEMPORAL GRAPH

The link prediction problem on knowledge graphs mainly
focuses on static graphs, which means entities and relations
still exist over time. However, dynamic graphs play a
significant role in human life, such as social networks,
molecular biology networks, internet. Therefore, the link
prediction problem becomes more critical. However, the
study of dynamic graphs is still not popular compared to
static graphs. The cause may originate from its complexity.
While a static graph only needs to build a model to
help predict at a time, on a temporal graph, in addition
to predictability, the model must also be able to predict
whether nodes, edges is exist at the next time 7+ 1 or not.
Fig. 29 illustrates the temporal link prediction definition.

Fig. 30 is an overview of the methods applied in the
link prediction for temporal graphs. At a glance, we can
see that some methods are similar to those in static graphs,
such as matrix factorization, neural networks. In addition,
some new methods are available in temporal graphs, such
as time series, clustering.

We summarize some characteristics of the groups for
temporal link prediction before detailing the algorithms in
each group. Firstly, matrix factorization transforms a graph
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Figure 31. Principle of temporal matrix factorization model

into a matrix or tensor then applies methods to decompose
the matrix into smaller matrices or vectors. Based on that,
we can derive properties in the neighborhood of nodes or
the entire graph. Although this method can be feasible on
static graphs, in dynamic graphs, applying it to each slice
graph at time t and combining them take a lot of memory
space and time. As a result, matrix factorization may not
be applied well on temporal graphs, huge and complex
graphs. The next two methods, probabilistic and clustering,
can predict how the graph is change, but their costs are
enormous, so they can only be applied on small graphs.
The time series method can be considered as the best
predictor of the time-varying graph because this method
is very effective in time-varying datasets such as stock
prices, COVID-19 deaths. Still, the time series focuses on
graph transformation too much and ignores important things
such as the relationship of a node and its neighbors. It
isn’t easy to generalize about the local topology and total.
Deep learning methods are considered better methods than
other groups of methods in dynamic graphs because of their
ability to extract and generalize graphs over time. However,
the computational cost and training time for this model
group is extremely large and time-consuming. It is clear
that the link prediction on dynamic graphs requires a lot of
effort to improve accuracy and reduce complexity so that
the model can run on large-scale graphs.

1. Matrix Factorization

The matrix factorization transforms the graph to a matrix
or tensor, then decomposes this matrix/tensor into smaller
components that are used to extract features. This approach
on the temporal graph is the same as on a static graph
(Fig. 31). Almost all models of this group have the follow-
ing typical steps:

1) Convert the graph to matrix form (adjacent matrix).

2) Decompose this matrix using the decomposition al-
gorithm to extract the necessary features.

3) Add weights that represent learning the changes of
the graph over time.

4) Use algorithm on new embedding.

Raymond [104] proposed a method for the link prediction
problem, specifically in the node-prediction problem using
the semi-supervised learning method. This model aims to
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Figure 32. CANDECOMP/PARAFAC (CP) tensor decomposition process

optimize the Chusky and the eigen decomposition applied
on a static graph and lays it on temporal graphs. They define
the matrix F* with each element F (7, j) has value 1 if these
two vertices have a connection and vice versa. The previous
link propagation methods predict unlabeled nodes based on
a principle: "The more similar two pairs of nodes are, the
higher the relationship forms between them." For temporal
graphs, he used an approximation method called incomplete
Cholesky decomposition with the aim to reduce the cost of
computation.

If Raymond uses vectors to represent change over time,
Truncated SVD [105] transforms the entire whole matrix
into a 3-dimensional Z(i, j,t) tensor with:

.. {1, if node i connects to node j at time ¢
Z(i,j,t) = .
0, otherwise
(12)
With this representation, it is not possible to perform
the transformation of the nodes over time. Furthermore,
the computational cost is enormous. Therefore, the author
proposes to use CANDECOMP/PARAFAC (CP) tensor
decomposition [106-108]. It decomposes the matrix into
a product of lower component vectors. CP is used to
decompose the matrix to preserve the most information of
the graph while preserving the 3-dimensional architecture
as the original matrix Z. Fig. 32 describes this process.

2. Probabilistic

Models of the probabilistic group tend to use maximum
likelihood estimation or Bayesian estimation methods to
calculate the probability of link formation.
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Fig. 33 shows main steps of models in this group:

1) The graph is transformed into snapshots at time ¢.

2) Apply maximum likelihood or Bayesian estimation
to these substates to make predictions about which
connection appears in the future.

Extended temporal exponential random graph model
(etERGM) [109] uses probability to predict node and link
changes on historical data. It uses the Markov assumption:
"Each future matrix is independent to its previous state."
Instead of using only one joint model, the author designs
two different models for training. They both support each
other in predicting node and link changes. When predicting,
the author uses results from both models to give a final
prediction.

Nevertheless, etERGM uses two additional parameters
for training, which leads to memory-consuming. Therefore,
some approaches without training parameters are published.
One of them is Non-parametric Link Prediction in Dynamic
Networks [110]. This model helps to exploit more local
information from the graph. In addition, a problem of
previous models is that new nodes/relations are assumed to
form at the same time. However, this is not correct because
a new node/link appears or disappears depending on the
properties of each element. Hence, the author proposes a
method to help overcome these two problems by using the
topology structure around the nodes-links instead of directly
predicting between the nodes-links.

In addition, to use the graph structure to predict the
possibility of a link, the popularity-based structural per-
turbation method (PBSPM) [111] assumes that there are
some other implicit factors like the tendency to create
new nodes. However, this approach meets some problems.
Firstly, these implicit factors sometimes cannot be found.
Secondly, we can’t prove whether they are reliable or not. In
this model, besides graph structure, the new connection is
formed based on the popularity of the node. The popularity
of a node is defined as the number of links it has at a
specific time. The author defines these influence factors
as Xx = [Xk.1,Xk.2, - Xk.n]!, where xi; representing the
influence of node i on the composition k.

The author defines the change in popularity of node i
over the time period ¢ and 7+ 1 as:
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Figure 34. Main steps of spectral clustering model

Aki(t,T) =k;(t+T) — ki (1) 13)

However, the measure only assesses the influence over
time. Therefore, this formula is unsuitable because a node
with multiple changes is not likely to be popular or even
become isolated the next time. Moreover, this formula does
not clearly state the change in popularity between two
neighboring nodes in the time interval f. As a result, they
define p fresner for the fresh set and pojqer for the old set.
The fresh set is the set of new edges generated during the
specific period and vice versa for the old set.

3. Spectral Clustering

Currently, there are not many studies focusing on the
direction of spectral graph theory. It aims to study the
properties of graphs with characteristic functions, eigen-
values, and eigenfunctions of matrices related to the graph.
For example, they are eigenvector, matrix adjacency, and
Laplace matrix. However, this direction still has a remark-
able achievement that matrix decomposition methods do not
do well on large graphs. Fig. 34 shows the basic steps of
the model group in this method:

1) Represent the graph at the snapshot time ¢ as a
Laplace matrix.

2) Perform low-rank approximation and graph spectrum
for feature extraction.

3) Use time series or linear models to draw feature
vectors

4) Use these vectors to predict

This method has been applied very effectively in the
network analysis problem. The model proposed by Wu
[112] applies low-rank eigendecomposition for each snap-
shot time t of the graph and Finite Impulse Response filter
to learn the transformation of the graph.

4. Time Series

These models apply methods used in predicting changes
over time, such as predicting stock prices and COVID-19
deaths to predict changes in graph links. Although the mod-
els are different from calculation or graph transformation,
they go through the following basic steps:
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Figure 35. ARIMA’s approach for link prediction on temporal graph

1) The graph is saved as a matrix corresponding to the
snapshot time 7.

2) For each pair of nodes, initialize a time series based
on the measure of similarity between this pair of
nodes.

3) Apply the time series model to predict the time series
score.

4) Use the score to make predictions.

The integrated time series model (ITM) [53] uses addi-
tional information to the time series. They are community
information and node centrality. Given each snapshot of the
graph at time ¢, it clusters to create communities. Besides,
it also uses node centrality to represent the relation of the
central node to its neighbors through eigenvalue. When we
get both centrality embedding and community embedding,
we combine them to get a final prediction.

The classical model of time-series, ARIMA [54], is
also applied to link prediction along with node centrality
measures. Firstly, it calculates the similarity value between
pairs of nodes. After that, the model makes the prediction
based on this similarity. We have a deep look of ARIMA
through Fig. 35.

Until now, the models use the same coefficient for each
time 7. In contrast, in CALA [55], every time state and the
scores are assigned coefficients to find out which time state
and scores have the lowest prediction error.

At the beginning, the original graph is transformed into
an n X n dimension matrix representing the graph at time
t and other matrices representing the similarity of nodes
using different measures: common neighbor, Jaccard, Katz,
Salton [113], Preferential Attachment, Adamic-Adar, and
LP. Next, these similarity matrices are considered as feature
vectors and are fed into the model.

5. Deep Learning

Deep learning is widely applied and achieved many
achievements in other fields such as computer vision, NLP,
and temporal graphs. In this group, we divide into two
groups: embedding and other models.
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a) Embedding model

In a temporal graph, the embedding firstly transforms the
graph into a smaller dimension but still retains the most
information of the graph. After that, neural networks are
used to learn weight sets for link prediction. In general,
this approach is the same as deep learning models in the
static graph. The following steps summarize the main points
in this models (Fig. 36):

1) Transform input as snapshot sequences to keep infor-
mation "dynamic."

2) Embed these snapshots to a low-dimension latent
space. After that, deep learning models are used to
predict links in the subsequent periods.

3) Predict on the original graph based on the prediction
results on these embeddings.

The previous models assumed that edges do not change
significantly over the new dimension when adding regular-
ization. Instead of that, DynamidTriad [114] uses triads to
represent the changing state of edges over time. Model is
trained by sampling method and updated by SGD.

Given an open set (v;,v;, Vi) at time ¢, where v; is not
connected to v; but is also connected to vi. This is called
triad (Fig. 37).

Instead of taking snapshots as inputs which can be
considered discrete information, CTDNE (Continuous-Time
Dynamic Network Embeddings) [115] represents graph
changes over time in very small intervals: per second
or milliseconds. This is a better approximation for the
transformation of the graph. The author defines the graph
as G = (V,E;,T), where V is the set of vertices, E, is
the set of edges of all time, and 7 is a function that maps
vertices to edges in the corresponding time interval. The
main idea of the CTDNE is to use a similar version to the
random approach on a static graph. The algorithm starts
from a randomly selected node by the normal distribution
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Figure 38. Illustration of LIST model

or previously trained parameters. Then, it tends to move to
nodes closest to it at the time ¢.

When moving over time, the path is likely to pass through
invalid vertices at the time ¢. To handle this issue, the
authors suggest adding two parameters: min length w and
max length L and called context windows. They are used
to limit the number of valid steps at that time.

Dynamic2Vec [116] introduces a new way of repre-
senting features in temporal graphs. For each node pair
(u,v) in the snapshot network, the author defines the
embedding as o"¥, where u, v are node-pair and « is
based on linear transformation. They also introduce the
notations compression and reconstruction. If other models
tend to transform each pair of vertices with a lower cost,
Dynamic2Vec chooses to transform when reconstruction
costs the least.

b) Other Models

LIST [117] combines the use of neural networks and
matrix decomposition for feature extraction. They use de-
composition to learn the graph’s changes over time and
neural networks to determine whether the link appears
or disappears. To combine these two models, the author
uses joint optimization to the loss function of these two
submodels, which is shown in Fig. 38.



VIII. EVALUATION

In this section, we compare models based on the results
of running experiments on standard datasets. Based on that,
we make analyzes and comments to show the dominant
models. However, in general, almost no model runs well
on all datasets. The main reason is that the characteristics
of each dataset are different, and models are designed to
solve problems well on one dataset but are not suitable for
solving other datasets.

1. Datasets

The datasets that are often used to evaluate models
are introduced in Section IV. In that section, we present
the characteristics of each dataset, including properties of
the relations and the size of graphs. We found that some
datasets are used a lot by the models, but others are still
less evaluated because they are newly formed and promote
the strengths of the proposed model.

2. Experimental Environments

KG link prediction models are usually trained on ma-
chines with CPU 4 cores 2.0 GHz, running Linux distros.
An important device is the GPU to speed up the train-
ing time. Early, the authors often used the C language
for implementation, but later, Python was a better choice
due to its easy programming as well as great libraries.
Depending on the model, training time ranges from 8 hours
to 15 hours for graphs of size 15,000 verities and 1,000
relations on a 12GB VRAM GPU. The classic algorithms
are all open source. Several pages on GitHub collect open-
source models such as Xinguoxia’sl, Shulin Cao team’s2,
and PaperWithCode®. This is a good advantage point so
that researchers can be rerun and easily compared across
the new environment. Models, especially based on deep
learning, are implemented mainly on PyTorch, TensorFlow
and MXNet frameworks. Some well-known libraries like
PyTorch Geometric [118] and DGL [119].

3. Experimental Parameters

a) Common Parameters in Static Graphs

In table VIII, we summarize the parameters extracted
from the papers of the important models. These parameters
include B is batch size, Ep is training epochs, D, and D,
are entities embedding and relation embedding dimension,
BC is batch count, LR is learning rate, reg is regularization
method, A is lambda for regularization, drop: dropout value

Uhttps://github.com/xinguoxia/KGE
Zhttps://github.com/thunlp/KRLPapers
3https://paperswithcode.com/task/link-prediction
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(in: in input, out: in output, A;: in i'" hidden layer, feature:
in feature), Kernel is kernel size, K is number of filter and
N is negative samples per training facts( default: 1).

In general, the values of the parameter do not dif-
fer much in each training dataset. However, some well-
equipped authors often try some higher value for the best
model performance. Another change is in the normalization
function to avoid overfitting as well as help the algorithm
achieve more optimal results. The extra parameters come
from the design of the model. The more parameters there
are, the more complicated the value selection is and the
harder it gives good explanations.

b) Common Parameters in Temporal Graphs

Because dynamic graph link prediction has received
much attention recently, the models have not yet formed
clear main groups. Algorithms often also vary widely and
run on different data sets. This is the challenge for us to
determine the common parameters between the models.
Therefore, we only list here the important parameters in
the three models that can be clearly demonstrated during
their experiments:

o TruncatedSVD: dimension size is in range 10 to 100.

o TCOP: path length is 5 and central neighboring sets
is 6

o CALA-LP: learning rate /r is 0.05 and action coeffi-
cient parameter is 0.3

4. Evaluating Models on Static Graphs

For the static graph, we collect the results from the origi-
nal papers of the models as well as from the survey articles
that have been re-experimented. Then, we compare the
models on four standard datasets, FB15k, WN18, FB15k-
237, WNI18RR, using the metrics we described in Section
V.

We also list all version of each model in both table with:

1) Result of these following models: DistMult, Com-
plEx, SimplE, TransE, RotatE, ConvE, ConvR, Con-
vKB are taken from Rossie et al. [44].

The results of TuckER on two datasets FB15k and
WNI18 is taken from from Rossie et al as well.

For QuatE model, we include three versions. They
are QuatE(1): without type constraints, QuatE(2): N3
regularization and reciprocal learning, and QuatE(3):
with type constraints. All these versions are described
in [85].

For stAR model, there are three versions. They are
stAR original, stAR(ensemble) with two parameters
k « oo, @ « 0.5 and stAR(self-adp) with two
parameters k <« 1000, « is learnable, which are
shown in [95].

2)

3)

4)



Research and Development on Information and Communication Technology

TABLE VIII
MAIN HYPERPARAMETERS USED TO TRAIN THE MODELS
FB15k WN18 FB15k-237 WNI18RR
DistMult BC:50;  Ep:4000; D:200; | BC:50; Ep:4000; D:200; | BC:50; Ep:4000; D:300; | BC:100; Ep:4000; D:350;
Loss:self_adversarial; y:1; Loss:nll; y:1; LR:0.0005 Loss:multiclassnll; Loss:multiclassnll; LR:0.0001;
LR:0.0005 LR:0.00005; Reg:L3 Reg:L2 (2:0.0001);
(2:0.0001);
ComplEx B:100;  Ep:200;  D:2000; | B:1000;  Ep:20;  D:2000; | B:100;  Ep:100;  D:2000; | B:100; Ep:100; D:2000; LR:
LR:le-2; Reg:N3; | LR:0.1; Reg:N3; Opt:Adagrad | LR:0.1; Reg:N3; Opt:Adagrad | 0.1; Reg:N3; Opt:Adagrad
Opt:Adagrad
SimplE B:4832;  Ep:1000;  D:200; B:1415;  Ep:1000;  D:200; B:4832; Ep:500; D:200; B:1415;  Ep:1000; D:150;
LR:0.05; N:10; Reg:L.2 | LR:0.1; N:1; Reg:L2 (2:0.03); LR:0.1; N:3; Reg:L.2 (2:0.1); LR:0.1; N:10; Reg:L2
(2:0.1); (2:0.03);
TuckER B:128; Ep:500; D:200; | B:128; Ep:500; D:200; | B:128; Ep:500; De:200; | B:128; Ep:500; De:200; Dr:30;
LR:0.003; €:0; Decay | LR:0.0005; €:0.1; Decay | Dr:30; LR:0.005; €:0.1; LR:0.01; €:0.1; Decay Rate:
Rate:0.99; Drop:{in:0.2; Rate:0.995; Drop:{in:0.3; Decay Rate:1.0; Drop:{in:0.2; 1.0;  Drop:{in:0.2; h1:0.2;
h1:0.2; h2:0.3} h1:0.4; h2:0.5} h1:0.1; h2:0.2} h2:0.3}
TransE BC:100; Ep:4000; D:150; | BC:100; Ep:4000; D:150; | BC:64;  Ep:4000; D:400; | BC:150; Ep:4000; D:350;
Loss:multiclassnll; Norm:L1; Loss:multiclassnll; Norm: Loss:multiclassnll; Norm:L1; Loss:multiclassnll; Norm:L1;
LR:5e-05; Reg:L3 (A: 0.0001); L1; LR:5e-05; Reg:L3 (A& LR:0.0001; Reg:L.2 (A: LR: 0.0001; Reg:L2 (A&
0.0001); 0.0001); 0.0001);
RotatE B:1024; Steps:150000; | B:512; Steps:80000; D:500; | B:1024; Steps:100000; | B:512; Steps:80000; D:500;
D:1000; LR:0.0001; N:256; LR:0.0001; N:1024; y:12; Ad- | D:1000; LR:0.00005; N:256; LR:0.00005; N:1024; y:6; Ad-
y:24; AdvTemp:1.0; vTemp:0.5; ¥:9; AdvTemp:1.0; vTemp:0.5;
QuatE D:200; reg:(11:0.05; 42:0.05); D:300; reg:(11:0.05; 42:0.05); D:100; reg:(41:0.3; A2:0.3); D: 100; reg:(11:0.1; A2:0.1);
N:10 N:10 N:10 N:1
ConvE B:128; Ep:1000; D:200; B:128; Ep:1000; D:200; B:128; Ep:1000; D:200; B:128; Ep:1000; D:200;
LR:0.003; Kernel:3x3; K:256; | LR:0.003; Decay Rate:0.995; | LR:0.003; Decay Rate:0.995; | LR:0.003; Decay Rate:0.995;
Decay Rate:0.995; €:0.1; €:0.1; Kernel:3x3; K:256; €:0.1; Kernel:3x3; K:256; €:0.1; Kernel:3x3; K:256;
Drop:{in:0.2; h:0.3; feat:0.2} Drop:{in:0.2; h:0.3; feat:0.2} Drop:{in:0.2; h:0.3; feat:0.2} Drop:{in:0.2; h:0.3; feat:0.2}
ConvR B:128;  Ep:1000;  De:200; B:128;  Ep:1000;  De:200; B:128; Ep:1000; B:128;  Ep:1000;  De:200;
LR:0.001; €:0.1; Drop:{in:0.1; | LR:0.001; €:0.1; Drop:{in:0.4; | De:100;LR:0.001; €: 0.1; | LR:0.001; €:0.1;
h:0.4; feat:0.2}; Kernel:3x3; | h:0.3; feat:0.3}; Kernel:3x3; | Drop:{in:0.3; h:0.2; feat:0.3}; | Drop:{in:0.2;h:0.2;feat:0.5};
K:100; K:100; Kernel:5x5; K:200; Kernel:3x3; K:200
ConvKB B:128; Ep:200; D:100; B:256; Ep:200; D:50; LR:5e- | B:256; Ep:200; D:100; B:256; Ep:200; D:50;
LR:0.0005; K:200; Reg:L2 | 05; K:500; Reg:L2 (2:0.001) LR:0.000005; K:50; Reg:L2 | LR:0.0001; K:500; Reg:L2
(2:0.001) (2:0.001); (2:0.001);
CoPER-ConvE | B:512; Ep:2000000; | B:512; Ep:2000000; D.:200; | B:512; Ep:2000000; | B:512; Ep:2000000; D, :200;
D.:200; D,:32; LR:0.001; D,:8; LR:0.001; Drop{in:0.2; D.:200; D,:32; LR:0.001; D,:8; LR:0.001; Drop{in:0.2;
Drop{in:0.2; out:0.2; out:0.2; feature:0.3}; €:0.1; Drop{in:0.2; out:0.2; out:0.2; feature:0.3}; €:0.2;
feature:0.3}; €:0.1; N:100 N:10 feature:0.3}; epsilon:0.1; | N:10
N:100

5) MR and MRR are used with filtered rank.

In FB15k-237 and WNI18RR datasets, we can see that
embedding models get good results. Both tensor and ge-
ometric use matrix and vectors to store the embeddings.
From these embedding, they generalize to give a prediction.
This approach has one problem: this transformation is not
good enough to solve complex relations or find latent
information. However, in deep learning models, they use the
activation function. Some also use additional information as
an attention mechanism or a pre-trained model like BERT,
which expects to increase the performance. Although good
results, these embeddings are likely to lose important infor-
mation from the graph, which can reduce the performance.

In addition to embedding models, rule-based models also
achieve many successes with shorter training times, such as
LogicENN. However, the number of rules is quite large, so
the ability to scale on large graphs needs to be considered.

Furthermore, reinforcement-learning models also don’t
perform as well as tensor, geometric or neural network
groups because the reward function is not general enough.
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In addition, finding a path from entities to others costs a
lot of time too. As a result, there are many challenges for
these models to get a good performance as deep learning
models.

In FB15K and WN18 datasets, both have a test leakage
problem. The rule-based and tensor method’s performance
in these two datasets is much better than theirs in FB15k-
237 and WN18RR datasets. Recent models are not focused
too much on experimenting on these datasets. In general,
performance in the WN18 dataset is much better than in the
FB15k dataset. Because the WN18 dataset is semantical,
they can generalize and predict better with triples which
causes test leakage problems. For example, the Hit@10
values in the WN18 dataset are usually larger than 0.8.

Almost none of them can achieve good performance on
all datasets because each dataset has different character-
istics. For example, WN18 and WNI8RR are semantic
datasets, so the amount of knowledge in it is less than
that of FB15k, FB15k-237, which are about facts, people
in the real world. With these differences, the generalization
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TABLE IX
COMPARE THE RESULTS OF THE KG COMPLETION MODELS ON TWO DATASETS, FB15K-237 AND WN18RR.
FB15k-237 WNI18RR
Hit@1 [ Hit@10 [ MR [ MRR | Hit@1 [ Hit@10 [ MR [ MRR
DistMult 0.224 0.490 199 0.313 397 502 5913 0.433
ComplEx 0.257 0.530 202 0.349 0.426 0.521 4907 0.458
Tensor SimplE 0.100 0.344 651 0.179 .383 427 8764 | 0.398
TuckER 0.266 0.544 - 0.358 0.443 0.526 - 0.470
NepTuNe 0.272 0.547 - 0.366 0.455 0.557 - 0.491
TransE 0.217 0.497 209 0.31 0.0279 495 3936 | 0.206
RotatE 0.238 0.531 178 0.336 0.426 0.574 3318 0.475
Geometric QuatE(1) 0.221 0.495 176 0.311 0.436 0.564 3472 | 0.481
QuatE(2) 0.271 0.556 - 0.366 0.436 0.572 - 0.482
Quate(3) 0.248 0.550 87 0.348 0.438 0.582 2314 | 0.588
ConvE 0.219 0.476 281 0.305 0.390 0.508 4944 | 0.427
ConvR 0.256 0.526 251 0.346 0.437 0.527 5646 | 0.467
ConvKB 0.140 0.414 309 0.230 0.0563 0.525 3429 0.249
InteractE 0.263 0.535 172 0.354 0.43 0.528 5202 0.463
CoPER-ConvE 0.322 0.629 - 0.426 0.441 0.561 - 0.483
CoPER-MINERVA 0.295 0.504 - 0.365 0.427 0.510 - 0.465
Neural Network | KG-BERT - 0.42 153 - - 0.524 97 -
stAR 0.205 0.482 117 0.296 0.243 0.709 51 0.401
stAR(ensemble) 0.264 0.559 109 0.362 0.449 0.675 540 0.524
stAR(self-adp) 0.266 0.562 117 0.365 0.459 0.732 46 0.551
KBGAT 0.460 0.626 210 0.518 0.360 581 1940 | 0.440
LSA-GAT 0.400 0.6 273 0.47 0.35 0.58 1947 0.440
RAGAT 0.273 0.547 199 0.365 0.452 0.562 2390 | 0.489
AnyBURL 10s 0.134 0.259 - - 0.432 0.527 - -
AnyBURL 100s 0.196 0.410 - - 0.445 0.549 - -
Rule-based AnyBURL 1000s 0.230 0.479 - - 0.446 0.555 - -
AnyBURL 10000s 0.233 0.486 - - 0.441 0.552 - -
LogicENN - 0.473 424 - - - - -
Minerva 0.284 0.301 - 0.305 - - - -
Multihop(DistMult) 0.381 0.503 - 0.381 - - - B
RF Multihop(ConvE) 0.367 0.533 - 0.427 - - - -
Meta-KGR(DistMult) 0.403 0.580 - 0.458 - - - -
Meta-KGR(ConvE) 0.412 0.588 - 0.469 - - - -

of these datasets is a challenge.
Both FB15k and WNI18 have test leakage, so they may

cause inaccurate results compared to the actual capacity
of that model. That has been improved with two datasets
FB15k-237 and WNI18RR. Therefore, later studies only
focus on these two datasets more than the FB15k and WN18
datasets. In addition, some models have problems in the
score function that make the results inaccurate as well. We
hope that future studies can tackle these issues so that the
models can achieve better results.

The detailed results are shown in Table IX and Table X.

5. Evaluating Models on Temporal Graphs

Table XI gives detailed information about the scores
using the AUC metric of surveyed models on several popu-
lar datasets. Overall, each model evaluates its performance
using different datasets, where DBLP is used by three

Tl

models, followed by Hep-th dataset with two models. In
detail, TruncatedSVD has the best performance on the
DBLP dataset with 0.936, followed by the CP model with
0.928, while TCOP has the lowest score among the three
models surveyed on this dataset. When it comes to the Hep-
th dataset, there are two models evaluating the predictive
score on this one, namely, ARIMA and CALA-LP. The
CALA-LP model has better performance than ARIMA with
0.9321 compared to just over 0.9. Turning to the remaining
datasets, as seen from the table, each dataset is used by only
one model. The Fast and scalable link propagation model
evaluates on the Web dataset with 0.963, the CALA-LP
model has the score of 0.8823 on the Hep-th dataset. In
contrast, the TCOP model evaluates its performance on the
HiePH-cite, and HiePH-colab datasets with the AUC score
of 0.7392 and 0.9147, respectively.
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TABLE X
COMPARE THE RESULTS OF THE KG COMPLETION MODELS ON TWO DATASETS, FB15K AND WN18RR.
FB15k WNI18
Hit@l | Hit@10 | MR | MRR | Hit@l | Hit@10 | MR | MRR
DistMult 0.736 0.863 173 | 0.784 0.726 0.946 675 0.824
Tensor ComplEx 0.816 0.905 34 0.848 0.945 0.955 3623 | 0.949
SimplE 0.661 0.836 138 0.726 0.932 0.946 759 0.938
TuckER 0.729 0.889 39 0.788 0.946 0.958 510 0.951
TransE 0.494 0.847 45 0.628 0.406 0.949 279 0.646
TransH - 0.644 87 - - 0.823 388 -
TransR - 0.687 77 - - 0.920 225 -
CtransR - 0.702 75 - - 0.923 218 -
Geometric TransD - 0.773 91 - - 0.922 212 -
RotatE 0.739 0.881 42 0.791 0.943 0.960 274 0.949
QuatE(1) 0.700 0.878 41 0.770 0.941 0.960 388 0.949
QuatE(2) 0.800 0.900 - 0.833 0.944 0.962 - 0.950
Quate(3) 0.711 0.900 17 0.782 0.945 0.959 162 0.950
ConvE 0.595 0.849 51 0.688 0.939 0.957 413 0.945
Neural Network ConvR 0.706 0.886 70 0.773 0.946 0.959 471 0.950
ConvKB 0.114 0.408 324 1 0211 0.529 0.949 202 0.709
AnyBURL 10s 0.796 0.838 - - 0.942 0.949 - -
AnyBURL 100s 0.808 0.876 - - 0.946 0,959 - -
AnyBURL 1000s 0.804 0.890 - - 0.939 0.956 - -
Rule-based AnyBURL 10000s 0.796 0.887 - - 0.935 0.954 - -
KALE 0.383 0.762 - 0.523 - - - -
RUGE 0.703 0.865 - 0.768 - - - -
LogicENN - 0.669 175 | 0.402 - 0.842 368 0.623
TABLE XI
COMPARE THE RESULTS OF THE TEMPORAL LINK PREDICTION MODELS ON SIX DATASETS.
DBLP | Web dataset | Hep-th dataset | Hep-ph dataset | HiePH-cite | HiePH-colab
Fast and scalable link propagation - 0.963 - - - -
TruncatedSVD 0.936 - - - - -
Cp 0.928 - - - - -
TCOP 0.859 - - - 0.7392 0.9147
ARIMA - - >0.9? - - -
CALA-LP - - 0.9321 0.8823 - -

IX. COMPARE AND CONTRAST

As discussed in the previous sections, both on static and
temporal graphs, the approaches have many similarities. For
example, using embeddings is suitable for both static and
temporal graphs. However, some embedding techniques are
not suitable to apply to temporal graphs, such as geometric
embeddings. The geometric embedding technique uses each
space to represent the graph at a specific time. After
that, they combine the information from these spaces to
predict a temporal graph. However, that is not effective.
Similarly, applying rule-based methods to temporal graphs
is challenging due to the enormous rules generated from
training. Reinforcement learning methods do not achieve
good performance in a static graph, so they do not perform
well at the temporal graph.

The methods on temporal graphs tend to involve more
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knowledge about time series or probability to make in-
ferences instead of projecting onto embedded space. The
reason is that dynamic graphs constantly change over time,
so it is more advantageous to apply Markov chains for
inference. Meanwhile, in static graphs, there is no need to
handle this.

In addition, because the input of dynamic graph methods
is based on the previous n-1 graph slices to predict at
time t, the computational cost is enormous compared to
the models on the static graph. Applying state-of-the-art
algorithms from static graphs to dynamic graphs is much
more difficult, especially in reducing the computational
cost. For example, using an attention engine or BERT on
a static graph costs a lot of computation. It is much more
time-consuming when transferring to a dynamic graph.
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X. APPLICATIONS

Link prediction on the knowledge graph has many appli-
cations up to now. In this section, we describe some typical
applications that have been employed in many practical
systems.

1. Recommender System

A recommender system is a system that provides relevant,
valuable information to personalize the user. Usually, the
recommendation system has applied collaborative filtering
algorithms to produce reasonable recommendations. For
sparse data, however, these collaborative filtering algo-
rithms are quite limited. Therefore, applying link prediction
to the recommendation system is considered an effective
method [120]. Because of the data-filling nature of the link
prediction, it generates more useful relevant information
and makes the recommendation richer but equally effec-
tive. Some of the recommended systems that have been
implemented include movie recommendations like NetFlix,
product recommendations like Amazon, music recommen-
dations like Spotify. Fig. 39 illustrates a recommender
system to suggest the courses.

2. Protein-Protein Interaction

Protein-protein interactions (PPIs) play an important role
in essential biological processes of organisms, such as
metabolism, DNA replication, molecular transport. PPTs
help better understand how diseases work, leading to ef-
fective research for cures or drug and vaccine develop-
ment. However, the data on interactions between proteins
is limited, so it is necessary to use link prediction meth-
ods for these interactions. Link prediction helps uncover
interactions that have not yet been found, adding essential
information for future biological studies [121]. Fig. 40 gives
an example in PPIs.
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Figure 40. Apply link prediction to protein-protein interactions
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Figure 41. A fraud detection system based on link prediction

3. Privacy Control in Social Networks

Today, registering a social network account is relatively
easy because the user’s information when registering is not
necessarily accurate. Some guys maybe create fake accounts
with many purposes, bad intentions, affecting other users.
Therefore, link prediction is applied to detect abnormal and
counterfeit accounts to control security better and protect
users in social networks [122]. Fig. 41 depicts a fraud
detection system based on link prediction.

4. Question Answering

Question answering is the execution of a data query
to get the correct data to produce outputs that match the
inputs. Therefore, achieving high performance requires a
large enough amount of data and closely linked together.
Applying link prediction to the question-answering system
has solved these problems [25]. Link prediction makes data
denser and more seamlessly related, thereby helping to
extract fuller and more efficient outputs.
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5. Disease Prediction

Link prediction in the medical and health fields is also
gaining popularity, and one of them is predicting disease
for patients [123]. It works by predicting the association
between diseases. For example, for a given pair of diseases
(A, B), if a patient has disease A, the probability of disease
B is likely to occur and vice versa. In other words, in
the disease prediction problem, consider the vertices as
the diseases and the edges as the association relationship
between the diseases. The higher this association, the more
likely the prediction is to be accurate.

6. Enzymatic Link Prediction

As we all know, enzymes are involved in most of
the essential metabolic processes in the body, such as
detoxification, transport, energy supply. Hence, the study
of enzymes is significant. However, the discovery of the
association and modification of enzymes with molecules
in biology is still incomplete. Therefore, enzymatic link
prediction is applied to predict the probability of enzyme-
particle reactions to provide more information about the
variation between them [124]. From there, they create a
foundation for research development in this field.

XI. FUTURE DIRECTION

The knowledge graph represents information from the
real world, so it contains a lot of data. The better holding
this knowledge, the better performance for link prediction.
Some possible directions for this problem:

o Add implicit information to the model, especially
neural network models, with as little computational
cost as possible.

« Combine models in a group or between two groups to
create a new model with higher performance. For ex-
ample, the combination of a matrix factorization and a
neural network-based models because the matrix costs
less to compute, but the neural network has activation
functions that help learn more hidden semantic layers;
or combine information from the rule-based model.

o Applying achievements from static graph to dynamic
graph. Although the dynamic graph changes over time,
at the specified time ¢, it is also considered a static
graph. Therefore, it is possible to apply the achieve-
ments from the static graph along with making the
model compact and takes fewer parameters.

« Apply KG’s models to many other fields such as image
processing, natural language processing because of its
ability to handle multi-dimensional data well.

» Deploying KG into practical applications. The increas-
ingly large data and the flexibility and ease of handling
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of the graph structure make the ability to create many
applications valuable in real life.

XII. CONCLUSION

In this paper, we study the link prediction problem on
the knowledge graph. It is one of the exciting problems
since Google published knowledge graph data in 2012.
Due to the different properties between static and temporal
graphs, this problem is divided into two research branches.
The first branch is Knowledge Graph Completion which
aims to predict the missing link on the static graph. The
other branch is temporal link prediction which aims to
predict relation over time. In the knowledge completion, we
have divided into three main approaches, including matrix
decomposition models, geometric-based models, and deep
learning-based models. Through the survey, we found that
almost no method excels on all standard datasets. In other
words, in each group of methods, there are algorithms with
high predictive results in some datasets. Next, we divide
models in the temporal link prediction branch into five
main groups, including matrix factorization, probabilistic,
spectral clustering, time series, and deep learning. In each
group of methods, we describe the basic models and
subsequent significantly improved versions. From there,
it is possible to see the formation of ideas to solve the
link prediction problem. Datasets and benchmarks are also
described for the analysis and compare algorithms. In the
end, we present practical applications and suggest some
directions for improvement in the future.
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Abstract: Runoff prediction has recently become an essential
task with respect to assessing the impact of climate change to
people’s livelihoods and production. However, the runoff time
series always exhibits nonlinear and non-stationary features,
which makes it very difficult to be accurately predicted.
Machine learning has been recently proved to be a powerful
tool in helping society adapt to a changing climate and its
subfield, deep learning, showed the power in approximate
nonlinear functions. In this study, we propose a method based
on Deep Belief Networks (DBN) for runoff prediction. In order
to evaluate the proposed method, we collected runoff datasets
from Srepok and Dak Nong rivers located in the mountain
regions of the Central Highland of Vietnam in the periods
of 2001-2007 at Dak Nong hydrology station and 1990-2011
at Buon Don hydrology station, respectively. Experimental
results show that DBN outperforms, respectively, LSTM,
BiLSTM, Multi-Layer Perceptron (MLP) trained by Particle
Swarm Optimization (PSO) and MLP trained by stochastic
gradient descent (SGD) in which gradients are computed
using the backpropagation (BP) procedure. The results also
confirm that DBN is suitable to employ for the task of runoff
prediction.

Keywords: Deep belief networks, runoff prediction, artificial
neural networks, particle swarm optimization.

I. INTRODUCTION

Water resources play a central role in people’s livelihoods
and production, and thus for any country in the world, water
resource management has been considered as a high priority
in national development plans. In the past few decades,
runoff prediction has been studied by a large number of
scientists in many fields [1-3]. One can classify approaches
to runoff prediction in literature into two folds: physical-
based and data-driven. The main difference between the
two approaches is that the former needs a physical model
beforehand and the latter uses training data to learn a
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model [4]. This paper presents a data-driven method pro-
posed to predict runoff in short-term.

To date, several advanced data-driven methods have
been proposed to predict and forecast runoff, such as
Support Vector Machines (SVM) [5-8], ensemble learning
paradigms [9-11], Artificial Neural Networks (ANN) [1, 5,
8, 12-16], and so on. Among them, ANN-based methods
has proved its strength in simulating sophisticated relation-
ships of many different kinds of complex data, especially
hydrologic data. Until now, many researchers have taken
into consideration improving ANN to enhance effectiveness
of runoff prediction. To this end, attempts to hybridize ANN
with other learning models and theories, such as Support
Vector Regression (SVR), fuzzy theory, meta-heuristic al-
gorithms, chaotic theory, etc. have demonstrated the effec-
tiveness and efficiency in hydrology prediction [3, 17-20].

In general, machine learning have been recently proved
to be a powerful tool in helping society adapt to a changing
of climate [21] and its subfield, deep learning [22], have
attracted numerous researchers and shown remarkable per-
formance in various fields [23]. Deep learning has been
employed for time series analysis and most experimental
results indicated that deep learning outperforms conven-
tional methods in time series classification, prediction,
forecasting, and anomaly detection [24-29].

In this work, we employ DBN [30] to predict the runoff
of Srepok river and Dak Nong river in the Central Highland
of Vietnam. We choose DBN due to nonlinear and non-
stationary of the runoffs of these rivers caused by their
sloped terrain. Moreover, as pointed out in [29], among
deep leaning techniques, DBN is suitable to learn robust
representations for network flow prediction. We conduct
experiments and compare the performance of DBN with
that of LSTM [31], Bidirectional LSTM (BiLSTM), Multi-
Layer Perceptron (MLP) [32] trained by SGD using BP
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to calculate gradients (henceforth MLP-SGD) and MLP
trained by Particle Swarm Optimization (PSO) [33] (hence-
forth MLP-PSO). In experiments, the implementation of
LSTM published with [34]' is revised for both LSTM
and BiLSTM, and the implementations of ANN-BP and
ANN-PSO in [35] are used for MLP-SGD and MLP-PSO,
respectively.

The work that is most relevant to ours is presented in [26,
36, 37]. In [26], the authors employed a so-called DBN that
is a stack of two Restricted Boltzmann Machines (RBM),
each of which is trained separately and the higher layer
takes as input the output of the lower layer. The obtained
DBN model then is fine-tuned by the standard BP. They
reported that DBN outperforms MLP-SGD and MLP-PSO,
respectively. We argue that the model employed in [26] is
actually a Deep Boltzmann Machine (DBM) [38] other than
DBN. Indeed, Fig. 2 presented in [38] shows the difference
between a Deep Belief Network and a DBM.

Both [36] and [37] proposed the same method that
combines Variational Mode Decomposition (VMD) and
DBN. VMD decomposes runoff series into multiple in-
trinsic mode functions to reduce their complexity. The
main difference between VMD-DBN [36] and VMD-DBN-
IPSO [37] is how to train DBN. The former uses the
original DBN and the latter trains DBN using the social
learning PSO algorithm presented in [39]. While [40-42]
showed that performance of MLP is comparable with that
of other learning models, the authors of [36] and [37] did
not compare VMD-DBN and VMD-DBN-IPSO with MLP.

The contributions of this paper are as follows:

« First, we propose to employ the DBN for runoff
prediction. In particular, visible and hidden units of a
RBM in DBN are Gaussian and rectified linear units,
respectively. And, the tanh activation function is used
at the hidden layers during fine-tuning. By using tanh,
the inputs of a layer are normalized to obtain the data
with zero mean because ranh squashes the outputs of
the previous layer so that they are on average close to
zero [43].

o Second, we conduct experiments and compare the
performance of DBN to that of LSTM, BiLSTM,
MLP-SGD and MLP-PSO on the same real datasets
collected from two rivers located in the central high-
land of Vietnam. The experimental results show that
DBN outperforms the models used in experiments. The
findings confirm that DBN is suitable to learn robust
representations for runoff prediction.

The rest of this paper is organized as follows. Section
2 presents related work. Section 3 briefly presents MLP,

Uhttps://github.com/kratzert/pangeo_lstm_example
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PSO, DBN, and algorithms used in experiments. In Section
4, we depict experimental results and some findings will be
pointed out. Finally, we draw conclusion in Section 5.

II. RELATED WORK

Many machine learning approaches have been proposed
for runoff prediction. Those approaches employed many
different learning models range from classical to deep
learning, among them, MLPs are overwhelming. In [3],
the authors surveyed ANN-based methods for prediction
of water resource variables in river systems. Among 2010
surveyed papers published from 1999 to 2007, 178 papers
reported using MLPs. Another survey was presented in
[19] where the authors surveyed on applications of hybrid
wavelet-machine learning models in hydrology and showed
that among 103 surveyed papers, 85 reports using ANN
techniques, most of them are MLPs. MLPs were also
investigated in [15, 16, 40, 41, 44]. Besides, SVR [6] and
genetic programming [45] can also be successfully applied
to monthly runoff forecasting.

However, the performance of MLPs reported in literature
were inconsistent in both long-term and short-term runoff
prediction. Indeed, the authors in [20] indicated that the per-
formance of MLP and Recurrent Neural Network (RNN) is
comparable. MLPs in [16] and in [42] achieve performance
better than that of Multiple Linear Regression (MLR) for
runoff prediction, but the MLP in [40] gets performance
worst among MLR, K-nearest neighbors (KNN), and Adap-
tive Network-based Fuzzy Inference Systems (ANFIS) for
monthly runoff forecasting. While the MLPs (using radial
basis or sigmoid as the activation function) in [41] pro-
vides more accurate monthly runoff prediction than KNN,
SVR, Time Delay Neural Network (TDNN), and RNN, an
investigation in [5] showed that SVR method was superior
to MLP in the river flow forecasting. Meanwhile, in [15],
MLPs have superior performance among six selected data-
driven models. Moreover, according to an investigation in
[44], the performance of Gaussian Mixture Regression,
SVR and MLP are comparable in middle and long-term
runoff forecasting.

Hybrid approaches were also proposed in literature.
Considering a time series as a combination of linear and
non-linear components, [17] employs ARIMA as linear
modeling of the time series and SVR as nonlinear modeling
of error series; then MLP was employed to learn a combina-
tion function of the output of linear and nonlinear modeling.
Some other hybrid models were proposed in [46], [18], [47].
The hybrid model proposed in [46], namely Chaos-MGGP,
integrates chaos theory into Multi-Gene Genetic Program-
ming for runoff forecasting. The phase-space reconstruc-
tion, a basis for chaotic time series forecasts, is used to



extract hidden characteristics and information on dynamic
systems from their time series. SVR-GANN proposed in
[18] combines SVR and a geomorphologic ANN (GANN)
that incorporates the geomorphologic characteristics of wa-
tershed directly to the model. It is trained by using a genetic
algorithm.

Pre-processing of runoff data is also an important phase
in approaches to runoff prediction. Indeed, in [11], the
authors showed that runoff is pre-processed by using En-
semble Empirical Mode Decomposition (EEMD) leads to
better performance and Elman neural networks coupled
with EEMD outperforms MLP coupled with EEMD in
runoff prediction. Wavelet transform [15] or EMD [7] is
also used for pre-processing of input data. The findings in
these work is that MLPs or SVM taking as input those pre-
processed data improve the performance in comparison with
that of methods without using the pre-processing. Besides,
deep learning such as long-short term memory [47-50]
or DBN [36, 37] have been also proposed for runoff
prediction.

The most relevant to ours is the work presented in [36]
and [37]. However, the performance of [36] and [37] has
not been compared to that of MLPs yet. Basically, both
methods proposed in [36] and [37] are the same and a
kind of ensemble learning. They decompose the input time
series into k components using VMD, then each component
is used to train a DBN model. The structures of DBNs
and the lengths of input sequences can be different. Given
testing data, the final output is summing up the outputs
of k trained models. The difference between two methods
are training algorithms, the lengths of input sequences and
normalizing the input data. In contrast, the proposed method
in this paper does not exploit ensemble learning strategies.
It does not need pre-process and normalize the input like
the methods in [36, 37] but makes use of the tanh function
to squash the output of each layer into the range of [-
1,1] during fine-tuning. This trick was proved efficiency
in training neural networks [43]. The experimental results
show that DBN works well on runoff data and outper-
forms LSTM, BiLSTM, MLP-SGD, and MLP-PSO on real
datasets collected from two rivers located in the central
highland of Vietnam.

III. METHODOLOGY
1. Multi-layer Perceptron

MLP is a kind of ANN that stack many layers of neurons.
The first layer is the input layer, the last layer is the
output layer, and the others are hidden layers. Neurons in
input, hidden, and output layers are called as input, hidden,
and output units, respectively. There is not any connection
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between two units of the same layer. Units of two layers
are fully connected. Fig. 1 presents a structure of MLP
with L + 1 layers, in which the Oth layer is the input layer,
the output layer is the Lth layer, L is a certain constant,
and y is the predicted value.

Figure 1: Multi-layer percetron with L + 1 layers.

Let x be a training example, W!! and b!¢! be parameters
at the layers £ (0 < ¢ < L), the hidden and output values
of the ¢th layer are calculated as follows:

A6 = wlelgle-11 4 ple, 1)

alfl = gl (101 = IOl (el gle=11 4 plely (g

At the input layer a!°! = x and at the output layer
Ll = ZIL1 1t means that we use the identity function
as the activation function at the output layer. The function
g!1(.) in Eq. 2 is the activation function at the £th layer.
In our experiments, we use tanh as the activation function
at all hidden layers: tanh(z) = Ei:j:ﬁ Given a training
set D = {(x1,yM), (x®,y@) . (x" y™)) | training
MLP is to find the optimal values of parameters 6 = {W, b}
that minimizes the objective function J(8). We employ the
mean squared error as the objective function presented in
Eq. 3, in which f(x; #) is the learned model. The Algorithm
1 is used to train MLP.

al

1) =3 (60 = fxD:0))° G
i=1

2. PSO

PSO is a metaheuristic algorithm and was invented by
Kennedy and Eberhart [33]. It attempts to simulate social
behaviors of animals that fly, such as swarming behaviors
observed from flocks of birds or swarms of bees. In a
PSO system, a particle represents a potential solution of
the optimization problem being solved. A basic principle is
to randomly generate an initial swarm of particles and then
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Algorithm 1: SGD with backpropagation

1 Inputs: Learning rate e, the number of
mini-batches K, training set D.

2 Outputs: Parameters Wl¢!, pl¢]

3 Initialization: W1, plf]
initialization.

4 for i =1 to epoch do

5 fort=11 K do

6 Sample a mini-batch of examples from the

training set.

// Back-propagation:

with ¢ € {1...L}.

// we use Xavier

7 Forward pass: Calculate z!‘! and a!¢!
according to Eq. 1 and Eq. 2

8 Backward pass: Calculate partial derivatives
dwlil and db given dalll

9 dz!!] (1

10 awlll (a [=1HT

1 dp!l = dz[”

12 dal!=11 = (WHHT g 11]
// Update parameters using
Nesterov Momentum [51]
13 Update Wl
14 Update b/
15 end
16 end

let them fly through the search space according to their
flying experience. During flying, positions and velocity of
particles are changed and the change to position of a particle
is influenced by its own best position (denoted as pbest) and
the global best position of the swarm (denoted as gbest).

Let x; = (i1, X2, - - - » Xig) and v; = (v;1, V2, ..., Vig) be
respectively the position and velocity of the ith particle in
d-dimentional search space. Given a fitness function, at the
time ¢, pbest corresponding to the best fitness value of the
ith particle is pbest; = (pbest;|, pbest;y, . .., pbest;q) and
gbest; = (gbest|, gbest,,...,gbesty) is the fittest value
found so far in the swarm. The updating rules for the new
position and velocity at the time 7+ 1 of the ith particle are
presented in Eq. 4 and Eq. 5 [52].

(t+1) (t)

Vi EmEy;
+cp % rand * (pbest(t) (;)) 4
+ ¢y * rand * (gbest(t) .(][.)),
(t+1) x(r) (t+]) 5)

tJ ij l] ’

where m, ¢y, cp are configuring parameters and rand is a
random value representing the stochastic characteristic of
PSO.
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Generally, there are three ways to train MLP using PSO.
The first way is to use PSO to find a combination of
weights and biases which minimizes the objective function
of MLP. The second way is to use PSO to find the optimal
structure of MLP (i.e., the number of layers and the number
of neurons in each layer). The third way is to use PSO to
tune hyper-parameters such as learning rate and momentum.
In this work, we employ PSO following the first way. In
particular, we employ the PSO-BP algorithm presented in
[53] to train MLP.

3. Deep Belief Networks

Deep Belief Networks were initially invented by Hinton
[54] and have been implemented successfully in feature
learning. A DBN models the joint distribution between the
observed vector and hidden layers. It is a stack of RBM to
form a deep architecture. The Equation 6 represents a DBN
with ¢ hidden layers and the observed vector x.

-2

nty = ([ [P E* D) P ) (6)

k=1

P(x,hl,...,

where x = h°, P(h*~1|h¥) is a conditional distribution for
visible hidden units in a RBM associated with the level
k of the DBN and P(h‘~!, h’) is the visible-hidden joint
distribution in the top-level RBM.

RBM is a special type of generative-energy based models
that can find out a probability distribution over its topology
[30]. A RBM consists of two layers, a visible layer and a
hidden layer, whose units undirectedly and symmetrically
connect together and there is no connection among units
in the same layer. We use the implementation of RBM in
DeepLearning4j using Gaussian visible units and hidden
rectified linear units [55]. The energy of the joint configu-
ration, E (v, h), between visible and hidden units of a RBM
is defined in Eq.7 [55].

E(v,h) = Z (Vl a;)

Zb hj— Z —h wi (1)

l]l

where v; and h; are visible unit i and hidden unit j,
respectively; a; and b; are the biases and w;; is the weight
between them, n and m are the numbers of visible and
hidden units, respectively. This energy function is used to
compute the probability assigned to each possible pair of
visible and hidden units. The probability of a configura-
tion is determined by the energy of the configuration as
presented in [55]. Fig. 2 presents the structure of a DBN
stacking three RBMs. A regression layer (fully-connected

Zhttps://deeplearning4j.org



layer) is attached after a stack of multiple RBMs in which
the hidden layer of every RBM is regarded as the visible
layer of the next RBM.

Pre-Training

Fine-tuning

Figure 2: A Deep Belief Network with three hidden layers. Left, the
Greedy Layer-wise Unsupervised Pre-training. Right, fine-tuning for
smoothing of parameters.

Algorithm 2: Contrastive Divergence k=1

1 Inputs: The input v, learning rate a.
2 Outputs: Parameters W, a, b.

3 vy <V

4 for all hidden units i do

5 compute Q(hy; = 1]vg) =
ReLU(b; + Zj WijV()j)
6 sample hgy; from Q(hg; = 1|vg)
7 end
8 for all visible units j do
9 compute P(vi; = v;lho) =
2
o—jl/ﬁexp(_(vjiajio—;o?i Wiihoi) )
10 sample vy from P(vi; = v;|ho)
11 end
12 for all hidden units i do
13 ‘ compute Q(hy; = 1|vy) = ReLU(bi+Zj Wijvij)
14 end

W W+a(h0vg —Q(h. = 1|v1)v1T)
b —b+aChy—Q(h. =1[v1))

a—a+a(vg—vy)

Training DBN typically consists of two major steps.
In the first step, an unsupervised learning algorithm is
performed to obtain near-optimal parameter values of the
network [30]. This algorithm is a kind of greedy algorithms
in which each RBM is separately and independently trained
using unlabeled data by the Contrastive Divergence (CD)
learning method [55] in consideration of reconstructing the
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Algorithm 3: Greedy Layer-wise Unsupervised Pre-
training of DBN

1 Inputs: The input training distribution for the
network p, learning rate a, the number of layers L,
the numbers of units in layers n = {n',n?, ...,n"}.

2 Outputs: W¢, b’ with €€ {1...L}.

3 Data: Training set X

4 Initialization: W["], ple]

sfor{=1t L do

6 | Wi=0,0=0

7 while not stopping criterion do

8 sample h° = x from p

9 fori=1t¢-1do

10 ‘ sample i from Q(h|hi™")

11 end

12 call Algorithm2(h‘~!, a, W&, b¢, b¢1)
// providing Q(h|h™') for
future use

13 end

14 end

Algorithm 4: Training DBN

1 Training set: X

2 Pre-training:

3 {W,b} « pre —train(X) // Algorithm 3
4 Fine-tuning:

5  {W,b} « fine —tune(X) // Algorithm 1

input. In [56], the authors indicated that better initial values
of parameters can be obtained by the layer-wise unsuper-
vised training than those obtained by random initialization.
In the second step, the entire network is then fine-tuned
by BP with labeled data in a supervised manner. The
Algorithm 2 implements CD algorithm represented in [57]
in which k is set to one.

IV. EXPERIMENTAL RESULTS
1. Study Areas

The study areas are Srepok River (Fig. 3) and Dak Nong
River (Fig. 4). Dak Nong and Srepok are important rivers
in the Central Highlands of Vietnam. Dak Nong basin a
total area of about 292km? and is located between latitudes
11.59° N to 12.15° N, longitudes 108.40° E to 108.42° E,
and altitudes about 500m to 1500m whereas Srepok has
a total area of about 18.200km?> and is located between
latitudes 12.53° N to 13.55° N, longitudes 107.30° E to
108.45° E and altitudes about 200m to 2500m. Both rivers
are surrounded by multiple mountains and have sloped
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Figure 3: Srepok River.

terrain. The datasets collected contains runoff and rainfall
data.

2. Datasets

The runoff of Srepok is collected at Buon Don Hy-
drology station as presented in Fig. 3 and the runoff of
Dak Nong is collected at Dak Nong Hydrology station as
presented in Fig. 4. Srepok runoff is divided into 1990-2009
for training and 2010-2011 for testing, while the Dak Nong
runoff is divided into 2001-2005 for training and 2006-2007
for testing. Table I presents statistics of the datasets.

3. Data Pre-Processing

The original time series, denoted as ¢ = {t1,17, . .
will be converted to S which consists of s;
{ti, tisls - .. sti+(m—1)><7}, i=1,2,....n—-(m—-1)x7.1In
which 7 (lag) and m (window size) are parameters used
for configuration settings, normally 7 = 1 and m is set by
experience or experiments. For example, for data collected
from Dak Nong in the range of Sep. 19, 2007 to Sep. 24,
2007, t = {43.1,45.5,84.2,74.4,68.1,66.4}, with m = 4
and T = 1, we obtain S as follows, in which the i’ row is
Sie

. 9tl’l}9

43.1,45.5,84.2,74.4
45.5,84.2,74.4,68.1
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Figure 4: DakNong River.

Then each s; is used to generate a training example.
Let D = {(x,yM) (x@ y@) . (x", y™)} be the
training set, given s; and its length ¢, the i training
example (x®,yD) = ([s;1, 812, .,5i(¢-1)], si¢). For in-
stance, with the above-mentioned example, the training set
is generated as follows:

(x(D,y(0) = ([43.1,45.5,84.2], 74.4)
(x@,y?) = ([45.5,84.2,74.4],68.1)
(x®),y3) = ([84.2,74.4,68.1], 66.4)

Partial Autocorrelation Functions (PACF) and Cross Cor-
relation Functions (CCF) can be used to identify 7. There-
fore, we analyze the relationship between rainfall and runoff
data. Fig. 5 presents the partial autocorrelation values of
Srepok runoff (Fig. 5a) and Dak Nong runoff (Fig. 5c)
whereas Fig. 5b) and Fig. 5d) exhibit the cross correlation
values of rainfall with Srepok runoff and rainfall with Dak
Nong runoff, respectively. The results demonstrate that the
Dak Nong runoff is autoregressive and lag 1 is the most
appropriate setting whereas with lags set to the range of —4
to —1, the Dak Nong rainfall has highest cross correlations
(approximately 0.55) with the Dak Nong runoff. The partial
autocorrelation values indicate that the Srepok rainfall has
weak cross correlations with the Srepok runoff (approxi-
mately 0.3 at lags of —4, —5 and —6). Naturally, rainfall
data commonly have significant impact on runoff, thus the
results of PACF are slightly extraordinary.
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TABLE I
THE STATISTICS OF RUNOFF TIME SERIES.

Min Max

Standard

River Period #Days Mean  Variance o Skewness  Kurtosis
(m3/s) (m3/s) deviation
Srepok 1990-2011 8036 10.2 3220 294.57  80272.3 283.32 29 14.86
Dak Nong  2001-2007 2557 1.2 147 17.69 502.52 22.02 2.06 4.46
TABLE II

Partial ACF
02 04 06 08 10

0.0

0.00 0.10 020 0.30
L

(b) CCF of rainfall and Srepok runoff

Partial ACF
02 04 06 08 10

0.0

ACF
0 0.2 0.4
L1

Lag

(d) CCF of rainfall and Dak Nong runoff

Figure 5: (a) and (c) exhibit the partial autocorrelation values of Srepok
runoff and Dak Nong runoff, respectively whereas (b) and (d) exhibit the
cross correlation values of rainfall with Srepok runoff and rainfall with
Dak Nong runoff, respectively.

4. Results

We run DBN, LSTM, and BiLSTM using a personal
computer equipped with CPU core 13 6100 and NVIDIA
GTX 1080 8GB GDDRS5X PCI Express 3.0 Graphics Card
and run MLP-SGD and MLP-PSO on a server equipped
with CPU Intel Xeon E5 2620 v4 8-Core 2.1GHz and
128GB RAM DDR4 2133MHz. The performance of trained
models is assessed by using four standard statistical perfor-
mance evaluation criteria. The statistical measures consid-
ered are coefficient of correlation (R), Root Mean Square
Error (RMSE), Mean Absolute Percentage Error (MAPE),
and Mean Absolute Error (MAE) as follows.
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THE PERFORMANCE OF DBNS WITH DIFFERENT
CONFIGURATIONS DURING TESTING PHASES TO THE SREPOK

RIVER.
#hidden #nodes per a MAPE RMSE MAE R
layers hidden layer
10 16459  78.672 45.771 0.950
15 16.264  78.460 45.539 0951
2
25 16.640  79.991 45918 0.950
10 16.168  78.471  45.191 0.952
4 20 16.427  80.053 46.093 0.949
25 16.401 79.266 45718  0.950
10 17.050 81.209 46.900 0.948
15 16.867  80.524  46.255 0.948
6 20 16.802  80.151 46.060 0.949
25 16.538  80.303 46.139  0.948
10 16.725 80.932 46.654 0.948
15 16.357 80.543 46.064 0.948
8 20 16.375 80.798 46.134  0.947
25 16.372  80.542 46.134  0.948
10 16.624  80.880 46.479  0.948
15 16.394  80.847 46.001 0.947
10 20 16.325  80.739  46.110  0.948
25 16.525 80.642 46.291 0.948
*,((0; - 0)(P; - P))
R= e ®
VS (05 - 00251 (P - P2
1 n
RMSE =4[~} (0; = P))%, ©)
n 4
i=1
1< 0 - P;
MAPE = — Z M, (10)
n < 0,‘
i=1
1 n
MAE =} [(0: = P)l, (11)
i=1

where O; is the observed runoff at time i; O is the average
observed runoff; P; is the predicted runoff at time i; Pis the
average predicted runoff; and n is the number of observed
runoff data.

To explore an optimal DBN structure, we use the trial-
and-error strategy in which the numbers of hidden layers
and the numbers of nodes per hidden layer are set in
{2,4,6,8,10} and {10, 15,20, 25}, respectively. For each
configuration of DBNs, learning coefficients including
learning rate, epoch, etc. are set as in the training process
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THE PERFORMANCE OF MLP-SGD, MLP-PSO AND DBN DURING TRAINING AND TESTING PHASES ON THE SREPOK RIVER

TABLE III

Training Testing
MAPE RMSE MAE R MAPE RMSE MAE R
LSTM 7,791 74,530 27,655 0.961 24,253 89,393 53,987 0.930
Bi-LSTM 8,520 73,871 28,683 0.962 26,526 90.664 55,947 0.926
MLP-SGD 9,891 63,870 22,781 0.975 16,922 83,084 47,014 0.950
MLP-PSO 8,429 63,387 22,298 0.976 17,537 81,948 47,228 0.951
DBN 6,951 51,901 21,750 0.977 16,164 78,470 45,241 0.952

of MLP-SGD. Note that we set up instances of MLP
in both models, MLP-SGD and MLP-PSO, consisting of
two hidden layers and 20 hidden nodes per layer. Epoch,
learning rate values are set to 100, 000, 0.01, respectively,
when training MLP-SGD. Table II shows the performance
of DBNs with various configurations on the testing runoff
of Srepok River. The experimental results indicate that two
configurations, in which the numbers of hidden layers and
the numbers of nodes per hidden layer are set to 2 and 20 or
4 and 15, give nearly identical and superior performance.
With the Dak Nong River, the combination of 4 hidden
layers and 25 hidden nodes per hidden layer gave the best
performance since the values of MAPE, RMSE, MAE and
R are 10.408, 5.038, 2.037 and 0.986, respectively.

Figs. 6 shows the hydrograph and scatter plots of both the
observed data and the predicted data obtained by using the
MLP-SGD, MLP-PSO and DBN models on both training
and testing runoffs. It can be observed from the hydrographs
and scatter plots that the predicted results of DBN are
closer to the corresponding observed runoff values than
those of the other models. As observed from the fit line
equations (under the formula of y = ax + b) in the scatter
plots, the a and b coefficients of DBN are, respectively,
0.9568 and 18.602 leading to a higher R? value of 0.908
than those of MLP-SGD and MLP-PSO models. In the
testing phase, the Srepok runoff has min, max and average
values of 19.9, 1,750 and 303.85, respectively; and the Dak
Nong runoff has min, max and average values of 1.26, 147
and 22.07, respectively. Therefore, MAE values 45.241 and
2.037 corresponding to running of DBN on testing runoffs
of Srepok and Dak Nong Rivers indicates that DBN is
significantly acceptable to predicting the daily river runoff
in short term. In addition, the training cost of DBN is the
shortest.

Table III and IV present the comparison of performance
of LSTM, BiLSTM, MLP-SGD, MLP-PSO and DBN on
training and testing runoff, respectively. The experimental
results indicate that DBN significantly outperforms LSTM,
BiLSTM, MLP-SGD and MLP-PSO. The results also show
that BiLSTM is the worst model and both MLP-SGD
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Figure 6: The hydrograph and scatter plots of observed and predicted
values obtained by using MLP-SGD, MLP-PSO and DBN on the testing
dataset of the Srepok River.

and MLP-PSO outperfoms LSTM and BiLSTM. In this
study, the population of each swarm is set to 100 and the
evolutionary process is iterated for 500 times. LSTM and
BiLSTM are trained in 20,000 epoches in which the batch
size is set to 365 and Adam is used as the optimizer.

5. Peak analysis

Detecting peaks of any rivers is essential because it can
give helpful warnings to timely decision-making. Outliers
are detected by using boxplot as an instance presented in
Fig 7 where the outliers of Srepok runoff are shown by year.
Following a propose in [58], the peaks are outliers whose
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TABLE IV
THE PERFORMANCE OF MLP-SGD, MLP-PSO AND DBN DURING TRAINING AND TESTING PHASES ON THE DAK NONG RIVER.

Training Testing
MAPE RMSE MAE R MAPE RMSE MAE R
LSTM 8,707 2986 1,407 0.987 15934 7203 3,296 0.966
Bi-LSTM 7901 2471 1,156 0991 16,842 7,693 3,423 0.962
MLP-SGD 14,367 3,570 2,690 0.977 10,542 5,160 2,104 0.984
MLP-PSO 18,766 5,430 3,226 0978 15,056 6,131 4,139 0.973
DBN 11,031 3,274 1,419 0981 10,408 5,038 2,037 0.986
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Figure 7: The boxplot of the Srepok runoft by year.

TABLE V
THE PERFORMANCE OF MLP-SGD, MLP-PSO AND DBN IN TERMS OF CAPTURING PEAKS

Srepok Dak Nong
MAPE RMSE MAE MAPE RMSE MAE
MLP-SGD 15,650 268,145 173,631 16,754 27,520 19,136
MLP-PSO 15,298 256,311 167,550 15,961 22,712 17,406
DBN 16,188 261,889 175,440 21,249 38,476 23,755

values higher than 1.5xIQR. In the testing data, there are
35 outliers in Srepok runoff and 25 outliers in Dak Nong
runoff, respectively. These outliers are considered as peaks.

Table V shows that the performance of MLP-PSO is
superior to MLP-SGD and DBN when capturing the peaks
of both Srepok and Dak Nong rivers. While the average
peaks of Srepok and Dak Nong rivers are 1041.2 and
108.18, respectively, the best MAE values are 167.550
and 17.406 corresponding to these average peaks. Such
predicted results are very far lower than the real val-
ues. Therefore, in order to predict peaks of runoff more
accuracy, three models MLP-SGD, MLP-SPO, and DBN
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investigated in this article need to be improved.

V. CONCLUSION

In this research, we propose a method for river runoff
prediction based on Deep Belief Networks. In order to
evaluate the method, we conduct experiments on datasets
collected from two rivers in Vietnam. The experimental
results demonstrate that DBN is an effective method for
short-term river runoff prediction. For capturing the peaks
of rivers, among methods employed in experiments, MLP-
PSO outperforms both MLP-SGD and DBN. Overall, the
results confirm that DBN is suitable to employ for the task
of runoff prediction.
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However, the Contrastive Divergence algorithm used to
train DBN has biases and needs to be improved. Moreover,
unsupervised representation learning have recently been
successful in natural language processing and some break-
through ideas in that field have been borrowed for time
series prediction such as methods based on CBOW [59],
sequence-to-sequence model [60] or transformers [61].
Such pre-trained models can be exploited to transfer learnt
knowledge to the task of runoff prediction. In addition,
deep learning has shown remarkable performance in various
fields [23] and can be adapted to runoff prediction. We put
those lines of research in future.
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Abstract: Sphere Decoding (SD) algorithms can achieve a
quasi-maximum likelihood (ML) decoder performance over
Gaussian Multiple Input-Multiple Output (MIMO) channels
with much lower complexity compared to the exhaustive search
method. The SD algorithm is based on a closest lattice point
search over a limited search space (hypersphere). On top
of that, QR-decomposition simplifies the SD linear system
matrix to be an upper triangle matrix. The solution solver
then is done by searching in the exponentially expanding
search tree, started from the top with only a single node
then increases by M times at every level (in Ng x Ny MIMO
system). Fortunately, the SD algorithm shrinks its hypersphere
at every level (once the level node is determined) and phases
out a vast number of candidates, remaining only specific valid
nodes in the current considered level. In this work, we propose
a statistical approach for evaluating the adequate number of
valid search nodes at every level of the search tree, aiming
to optimize the overall computational workload. We use a
massive number of inputs patterns and extensive simulation
to project the number of remaining valid nodes during the
searching process. The simulations have been conducted for
4x4, 6x6 and 8 x 8 MIMO systems. Our results indicate that
for a particular targeted BER, choosing an appropriate sphere
radius is essentially important and the number of necessary
calculations is only large at the middle layers and can be
generically quantified regardless of the system characteristics.
This finding is beneficial for the hardware implementation of
the SD, where the number of computational units has to be
fixed in advance.

Index Terms: Multi-input multi-output (MIMO), maximum
likelihood (ML), sphere decoding (SD)

I. INTRODUCTION

Multiple Input-Multiple Output (MIMO) has become one
of the critical technologies for modern wireless communi-
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cation in recent years. MIMO takes advantage of spatial
diversity to provide wireless communications channels for
simultaneous transmission of signal symbols, the wireless
communication MIMO system can increase the capacity
and spectrum efficiency [1]. Moreover, MIMO systems can
improve the reliability of communication [2]. Nowadays,
the MIMO system becomes a core component of HSPA+
(3G), LTE (4G), 5G, and other modern wireless com-
munication systems. Generally, maximum-likelihood (ML)
detection achieves optimal performance in MIMO systems
with much higher complexity than other detection schemes.
However, with the increase of transmission antennas and
modulation order, the ML detection complexity increases
exponentially to make it unsuitable for real-time hardware
implementation.

Sphere Detection (SD) has emerged as the mainstream
approach for compromising between the computational
complexity and Bit-Error-Rate (BER) in MIMO decod-
ing applied in popular systems such as Space-Division
Multiplexing (SDM) and Space-Division Multiple Access
(SDMA). The SD method was first proposed by Fincke
and Posh [3, 4] for searching the closest vectors in the
given lattice. Then, a number of SD variants have been
introduced for pushing its performance close to that of ML
with significantly reduced computational complexity [5-7].
The basic idea of SD is to limit the candidate set of the
optimal ML solution into a hypersphere around the received
signal vector. Therefore, only lattice points located inside
the hypersphere are examined instead of checking all the
possibilities of the transmitted signal. The search tree of
SD detection can be represented as a search tree based
on depth-first SD, search tree based on breadth-first K-



Research and Development on Information and Communication Technology

best decoder, and breadth-first search tree based on Fixed
SD [7]. Depth-first searching is a sphere decoding method
with near-optimal performance close to ML decoders with
moderate computational complexity for an extensive SNR
range [7]. Another strategy which reduces complexity for
depth-first searching is the Schnorr-Euchner (SE) decryp-
tion algorithm [8, 9]. This algorithm enumerates and sorts
Euclidean distances in an ascending order for priority
searching. This process converges as soon as a satisfactory
solution is found in the hypersphere, thus avoiding further
growth of the computational volume [11, 13]. However,
the computational complexity of this decoding method
depends on the chosen value of the hypersphere radius
and the noise level and channel conditions. These factors
have a random nature and lead to unpredictable throughput,
non-deterministic latency and are unsuitable for hardware
implementation. Therefore, in this work, we mainly employ
the statistical analysis approach to analyze the distribution
of the valid node (i.e., survival search paths in the tree) in
the sphere decoder. The statistical results allow to reduce
unnecessary search paths and the computational units in
each level without scarifying the overall BER performance.
This is especially meaningful for hardware implementation
of the SE, where the structure and computing resources
must be well defined in advance.

The rest of the paper is organized as follows: Section 2
presents the general system model and its corresponding
signal format. In Section 3, statistical analysis of the root
distribution in the sphere decoder is discussed. Section 4
discusses the SD implementation from the hardware per-
spective in comparison with conventional MIMO decoding
schemes. Conclusions are drawn in Section 5.

II. SYSTEM MODEL
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Figure 1. Block diagram of a general MIMO system.

Consider a MIMO system with Np transmit and Ng
receive antennas, as shown in Fig. 1. The MIMO chan-
nel is characterized by its complex channel matrix H =
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(hij)NRXNT € CNRXNT | \whose elements are drawn inde-
pendently from the complex Gaussian distribution with zero
mean and unit variance. Those parameters indicate the at-
tenuation and phase shift for each path from the transmitter
to the receive antennas; they are assumed to be perfectly
known in advance (i.e., through the channel estimation
stage). For transmission, elements x; of complex signal
vector x = (x;,)V™! € @ < CN™! are sent concurrently
through N7 transmit antennas, where Q is the set of the
signal modulation constellation. Hence, the received Ng-
element complex signal vector y = (y;)N&*! ¢ CN**!can
be expressed as

y =Hx +n, (1)

where (n;)V®*! ~ CN(0, 61) is a complex Additive White
Gaussian Noise (AWGN) vector.

The ML detector performs an exhaustive search for all
the possible symbol vectors in  set for obtaining the one
with a minimum squared error:

%1 = argmin ||y - Hx|* )

The ML detection complexity grows exponentially with
the antennas dimension. Therefore, the ML detector can
be replaced with the sphere detector to reduce the com-
putational complexity. The sphere detection only calculates
the Frobenius norm for candidate points inside a hyper-
sphere is formed around the received signal vector with
a predetermined radius 7,p,. The equation (2) can be
transformed as

& = argmin ||y - Hx|]%, 3)
xeS

where {§ ¢ CN™! . |ly — Hx|| < rypn} is a set of all
possible points in the lattice Hx, whose distance to y is
always smaller than the hypersphere’s radius r,;,. Choos-
ing the suitable value of r,p,;, is essentially important for
determining the SD’s computational complexity and BER
performance. To further reduce the amount of computation
in SD, equation (3) can be transformed into the identical
problem applying the QR decomposition (QRD) to the
channel matrix, that is H = Q R where matrix Q is a unitary
matrix whose size is Ng X Ng and Q@ = I while R is
an Ng X Nr upper triangular matrix. Replacing H by QR
and after simple transformation, equation (1) becomes:

3 =Rx +Q"n, 4)

where 5 = Qfy. Note that Q" n has the same statistics as
n, hence equation (3) is equivalently characterized as



% = argmin ||y — Rx||%,
xeS

&)

where § = Rx. Equation (5) can be calculated through cost
function as follows:

D3, 9) = 1F — Rx|]* < rypi’. (©6)

Since the matrix R is upper triangular, the cost function
D(y,y) is also a partial Euclidean distance that can be
calculated recursively from one transmit antenna to another:

L M Nr 2
Dm(~»5’)=2()~’i_zRijxij , @)
i=m J
D(Y,y) = Di1(¥,9), (8)
Ny 2
Dyt (5.9) = D (5. 9) +| T = D Ryri¥i| » O

i=m—1

where §,,_ is the (m —1)"" element of the received signal
vector after multiplication of the received signal vector by
Q1 R;. j is an entry of matrix R that belongs to the i/ h row
and the j*" column, and the cost function D,,(¥,$) is a
partial Euclidean distance of the candidate symbol x at the
search level m-th. For all possible transmit symbol vectors
that are satisfied x € {S c CV™ : |Rx - y| < Tsph}s, We
set D N+l (3,¥) =0, and have the following inequality:

Dy (5.9) S’ = Dy(5,9) (10)
NR
where 7,2 = rpr’— Y, Di(§,9) andm = Ny, Ny — 1...2.
i=m+1

For hardware implementation, it is also more efficient to
perform a Real-Valued Decomposition (RVD) of H, which
simplifies the computation of the Euclidean distance. The
RVD decouples the system equation (1) into a new real-
valued representation as follows [12, 15]

[EEEA|

In (11), R(.), I(.) denote the real and imaginary parts
of a complex number, respectively. So we can solve equa-
tion (1) through equation (11) with the above steps with
transforming the complex constellation set into an integer
set as follows:

S, = {—«/MH,...,\/M—l}

where M is the modulation order. The QRD can then
be performed generally based on the augmented channel

_| R(H)
| 9(H)

~3(H)
R(H)

R(n)

R(y)
J(n)
(1

R(x)
3(y) ] *

J(x)

(12)
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equation in (12). The size of the equivalent channel matrix
(H), the unitary matrix (Q) and the upper triangular matrix
(R) are transformed to 2Ng X2N7, 2Ngr X2Ng, 2Ngr X2Nr,
respectively. The number of levels of tree search change
from 2Ng to 1. In the following section, we are going to
analyze the solution distribution in the sphere decoder.

III. STATISTICAL ANALYSIS OF THE VALID NODE
DISTRIBUTION IN SD SEARCH TREE

In the SD algorithm, the number of satisfied solutions
in the sphere at each layer is randomly distributed and
depends heavily on the model parameters, including the
sphere radius r,,, and the Signal-to-Noise (SNR) ratio.
Indeed, choosing too large r,p;, increases the number of
points inside the hypersphere while setting a small 7y,
essentially constraints the number of candidate points. The
latter increases the probability that the correct solution is
laying outside the sphere. On the other hand, the former
reduces the chances of taking the wrong output vector
at the cost of higher computation and decoding latency.
Furthermore, the SNR ratio inherently affects the SD result,
i.e., the larger (smaller) SNR improves (degrades) the
algorithm’s accuracy (degrades).

This section analyzes the distributions of the number of
valid nodes (i.e., survival search paths) at every SD algo-
rithm’s step with respect to different radius sizes and SNR.
A conventional SD model has been built on MATLAB for
4 x4,6x6 and 8 x 8 antennas MIMO systems. The SD
model would search for every possible path in its tree for
statistically logging and building the node’s distribution in
each level. We generate a massive number of random inputs
(1 million test vectors) of the 16-QAM modulation signal
that ensure reliable evaluation in the statistical sense. Each
element of the equivalent channel matrix H is normalized
to follow the standard Gaussian distribution. AWGN was
adopted for emulating the noise components in the models,
and the Ejp/Ny varies from 0 to 15dB while the radius
varies from 1 to 8, considering the matrix element and
input signals are normalized in the range [-1, 1].

The simulation results for 4 x4, 6 X 6, and 8 x 8 MIMO
systems are reported in Fig. 2, 3 and 4, respectively. The
x-axis denotes the level in the search tree, where 8, 12 and
16 correspond to the root (the top) level in the tree!. The y-
axis represents the mean (i,,4.) and the standard deviation
(0node) of the valid nodes remain in every layer statistically
evaluated for a sufficiently large number of random inputs
for each (r and E}, /Ny) pair. Here, 4x4 MIMO has 8 search
tree levels, 6 X6 MIMO has 12 search tree levels, and 8 X 8

IThe evaluation is considered reliable when increasing the number of
random patterns having little impact its results.
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MIMO has 16 search tree levels, corresponding to the rank
of the matrix H.

From Figs. 2, 3 and 4, some notable trends could be
observed for three models. First, increasing the sphere
radius 7, leads to an increase in both the py,04. and y04e
(i.e., the spreading level of the valid node) in every level for
4x4, 6x6, and 8x8 MIMO systems. As mentioned earlier,
when 7, is too small, there may be no solutions inside the
sphere, making it impossible to locate the correct solution,
especially in the scenarios with high E;/Ny. On the other
hand, when ryp;, is too large, the possible solution may
surge up, leading to a highly inefficient hardware design to
search for the correct transmitted symbol. Therefore, it is
a critical design knob to set an adequate level of r,pj to
balance the hardware efficiency and the BER performance.
This tendency is also observed for the impact of Ej/Ny,
i.e., increase Ejp/Np implies a similar but weaker impact
on the Upode and Oyode-

Furthermore, the maximum of the curve of the mean
and the standard deviation of the valid nodes according
to the level number in the search tree depends mainly on
the sphere’s radius. By selecting a sub-optimal radius, the
maximum value of the valid solutions always lies in the
middle layers of the search tree and gets smaller in the lower
layers. Inversely, when we choose a huge sphere radius,
the number of valid nodes at the lower layers increase
exponentially with the level number. This can be explained
by the fact that the number of nodes exponentially expanded
while lowering the search level and the while the shrinking
the hypersphere at the same time limits the search set. In
detail, the solution vector is not entirely determined at the
top level, so the possible choices are small. The search
tree tends to expand rapidly at a higher layer, but as soon
as a component in the solution vector is determined, the
sphere dimension and its corresponding effective radius are
reduced (see eq. (10)). As a result of the combined effects,
the peak is typically found at the middle level.

It is also noticeable that SD in a 8 x 8§ MIMO system
is much computationally intensive compared to the 4 x 4
MIMO system, where the number of survival search paths
is 10 times higher in both mean and standard deviation.
The high 0y,,4. indicates that in the worst-case scenarios,
the number of search paths could be very large. Indeed,
let us consider 4 x 4 MIMO systems at the moderate
sphere radius (rs,, = 3) with E; /Ny ranging from 0 dB
to 15 dB, the worst-case number would reach 328. From
the practical point of view, it is a considerable saving
in computational volume by not taking the worst case
but limiting a specific search path coverage probability.
From the statistical results, we calculate the number of
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valid nodes for 99.99% coverage® at the most computing-
intensive level (3 —6 for 4 x4, 7—10 for 6 X6 and 8 — 12
for 8 X 8 antennas) and report it in Fig. 5. From the figure,
the number of required search nodes in both cases are also
found weakly dependent on the Ej, /Ny as expected. Also,
the number of search path required for a 4 X 4 antenna is
much lower than that for 8 X 8 configuration. Nonetheless,
by not taking the worst case the number of paths is about
~ 10— 14 times lower than the worst-case (i.e., 20-30 paths
compared to 328), this could be explained by the fact that
Onode | Unode 18 observed large ( ~ 80 — 125%) in most of
the cases (see Figs. 2 and 3). The impact of sphere radius
rsp 18 also notable here, i.e., number of require search paths
increases mostly exponentially with rg,.

The chosen spherical radius significantly influences the
number of valid nodes at each level, as shown in the Figs. 2,
3 and 4. The ML detection could be viewed as the particular
case of the SD algorithm with an infinite radius value. In
such case, the number of nodes to be traversed at the k-th
level is M 2Nr*1-K) \where M is the modulation order, Ng
is the number of receiving antennas in the system, and k
receives value from 2Ng to 1. So, with a large value of 7,
the number of valid nodes from i*" level to (i — 1) level
increases by M times (i.e., exponentially). Thus, the larger
the MIMO system, the more complex the system becomes.
The decoder will have to perform an extremely large num-
ber of calculations for such MIMO systems, which is not
feasible for both software and hardware implementations
in practice. Our statistical analysis points out an important
fact that by selecting an appropriate constraint rgpp, the
SD could improve the searching latency by a few orders of
magnitude while delivering similar level of BER compared
to the ML detection. For example, for 4 x4, 6 X6, and 8 x 8
MIMO systems, SD with choosing r,,, = 3, the number
of search nodes at the critical layer 5, 8, and 11 reduces by
~ 11, ~ 52, and ~ 293 times, respectively, compared to the
total number of nodes in those levels.

IV. FURTHER DISCUSSION ON HARDWARE
IMPLEMENTATION OF SD

Hardware implementation is typically much faster than
the software and required for real systems, but it must ac-
cept the minimum flexibility. Therefore, the SD design must
be rigorously optimized to balance multiple objectives such
as decoding latency, energy, and the bit error rate and the
hardware resource in advance. Although some other works
proposed methods for optimizing the search tree to reduce

2The number search node that with probability of 99.99 % will cover all
the possible search node for all 1 million testcases. This value is extracted
from the cumulative distribution function (CDF) plots as illustrated in
Fig4.
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Figure 3. Mean (u,0de) and standard deviation (0,04e) Of valid search nodes in each level of SD search tree in 16-QAM modulation 6 X 6 MIMO

system, simulated for 1 million random input pattern with AGWN.

the computation effort with the acceptable trade-off in BER
[14-16]. However, those optimization approaches either is
empirically or have been done for software implementations
rather than for hardware ones. In this work, we provide
the entire projection of the statistical distribution of the
valid search node for the SD algorithm. This projection
solely depends on the antenna configuration and could give
some essential knobs for hardware implementation of the
SD algorithm.

From the statistical results in Section 3, the spherical
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radius is an important parameter that essentially determines
the system complexity or the computational workload. The
smaller ryp;, the faster the SD implementation. However,
using small 7y, intuitively would degrade the BER as
it increases the chance that the actual solution populates
outside the sphere. We use the same system model in
Section 3 to quantize the BER performance of the SD
for rspp and Ep /Ny ranging from 1 to 8 and 0 — 15 dB,
respectively. We also compared the SD results with other
popular algorithms, including Zero Forcing (ZF) [17, 18]
and Minimum Mean Square MMSE [17, 18] with the same
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inputs pattern and channel model as presented in Fig. 5.

From Fig. 5, it is clear that ZF and MMSE, which
are very lightweight algorithms (i.e., suitable for hardware
implementation), have much lower performance than the
baseline ML, e.g., BER of ZF and MMSE is quite sim-
ilar and is higher than BER of ML by a few orders of
magnitude. Regarding the SD performance, the simulation
results show that SD shows very poor performance with a
small radius (ry,, < 2). However, the BER of SD with
rspn = 3 and above approach the baseline ML BER. Very
similar results were observed for 8x8 MIMO (the results are
skipped here for the sake of brevity). Therefore, our results
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Figure 6. BER performance comparison among detection algorithms for
4 x4 MIMO, simulated for 1 million random input patterns with AGWN

confirm an important observation that the optimum value
of rgpp could reduce significantly computational workload
in the SD algorithm while maintaining a fairly good level
of BER.

Also, from the analysis in Section 3, the computational
volume of the system is found to be heavy somewhere in
the middle levels. Limiting the solutions at first and the last
layers will certainly not bring any benefit. Therefore, it is
a good practice to support full search nodes in the top and



last levels, and the number of valid nodes in those levels
is typically low. Hence, the hard decision remains for the
middle layer, where it is a must to find the optimum (i.e., the
lowest) number of computation units to match the system
performance. This optimization essentially must be done in
conjunction with the sphere radius optimization discussed
above. For instance, with r,, < 3 the necessary number
of computation units is about (54, (5 for 4 x4 system and
10 for 8 x 8 system), considering other techniques for local
pruning/filtering, the search paths are applied. As a result,
the computation workload of the SD implementation could
be much lower than that of the ML, which is important to
make the design practical.

V. CONCLUSION AND FUTURE WORKS

The sphere decoder and similar tree search algorithms
provide an excellent performance-complexity trade-off,
making them suitable for hardware implementation of the
MIMO communication system. The tree search algorithms
have been extended to iterative decoding, allowing im-
proved error rate performances. Nonetheless, the advanced
5G standard and the increase of the MIMO antenna dimen-
sion pose new technical challenges to the implementation
of 5G devices in general and the channel decoder. Using
the statistical analysis approach, we could provide both
qualitative and quantitative results, which give insights into
how the SD algorithm can be optimized. It is a notable
finding that choosing an appropriate sphere radius and
adequately limiting the computation node at the critical
search tree level could effectively balance the BER per-
formance and computational/hardware efficiency. Based on
those important findings, we will work toward to the sub-
optimized solution for SD realization that may include
approaches for narrowing/pruning search paths, dynamic
resource allocation, and micro-architecture optimization
targeted for hardware accelerator applied in the practical
MIMO systems.

REFERENCES

[1] E. Telatar, "Capacity of multi-antenna Gaussian channels,"
Eur. Trans. Telecommun., vol. 10, no. 6, pp. 585-596, 1999.
X. Chen, S. Zhang and Q. Li, "A Review of Mutual Coupling
in MIMO Systems," IEEE Access, vol. 6, pp. 24706-24719,
2018.

U. Fincke, M. Pohst, "Improved methods for calculating
vectors of short length," Mathematics of Computation, 1985.
M. Pohst, "On the computation of lattice vectors of minimal
length, successive minima," SIGSAM Bull., vol. 15, no. 1,
pp. 37-44, 1981.

H. Jang, S. Nooshabadi, K. Kim and H. Lee, "Circular
Sphere Decoding: A Low Complexity Detection for MIMO
Systems With General Two-dimensional Signal Constella-
tions," IEEE Transactions on Vehicular Technology, vol. 66,
no. 3, pp. 2085-2098, March 2017.

(2]

(3]
(4]

(5]

103

Vol. 2021, No. 2, September

[6] W. Hwang, J. Park, J. Kim and H. -S. Lim, "Optimal
Precoder Selection for Spatially Multiplexed Multiple-Input
Multiple-Output Systems With Maximum Likelihood Detec-
tion: Exploiting the Concept of Sphere Decoding," IEEE
Access, vol. 8, pp. 223859-223868, 2020.

J. Liu, S. Xing and L. Shen, "Lattice-Reduction-Aided
Breadth-First Tree Searching Algorithm for MIMO Detec-
tion," IEEE Communications Letters, vol. 21, no. 4, pp. 845-
848, April 2017

C. P. Schnorr and M. Euchner, "Lattice Basis Reduction:
Improved Practical Algorithms and Solving Subset Sum
Problems," Math. Program, vol. 66, p. 181-191, 1994.

X. Nguyen, M. Le, N. Pham and V. Ngo, "A pipelined
Schnorr-Euchner sphere decoder architecture for MIMO sys-
tems," 2015 International Conference on Advanced Tech-
nologies for Communications (ATC), Ho Chi Minh, Viet
Nam, 2015.

B. Shim and I. Kang, "Sphere Decoding With a Probabilistic
Tree Pruning," IEEE Transactions on Signal Processing, vol.
56, no. 10, pp. 4867-4878, Oct. 2008

K. Nikitopoulos, A. Karachalios and D. Reisis, "Exact Max-
Log MAP Soft-Output Sphere Decoding via Approximate
Schnorr—Euchner Enumeration," IEEE Transactions on Ve-
hicular Technology, vol. 64, no. 6, pp. 2749-2753, June 2015
LA. Bello, B. Halak, M. El-Hajjar, et al. "VLSI Imple-
mentation of a Fully-Pipelined K-Best MIMO Detector with
Successive Interference Cancellation" Circuits Syst Signal
Process 38, 4739-4761, 2019.

Y. Ding, N. Li, Y. Wang, S. Feng and H. Chen, "Widely
Linear Sphere Decoder in MIMO Systems by Exploiting the
Conjugate Symmetry of Linearly Modulated Signals," IEEE
Transactions on Signal Processing, vol. 64, no. 24, pp. 6428-
6442, 15 Dec.15, 2016

X. Jun, G. Diyuan and W. Zengye, "Research of Improved
Sphere Decoding Algorithm," 2019 Chinese Control And
Decision Conference (CCDC), pp. 1043-1047, 2019.

B. Shim and I. Kang, "Sphere Decoding With a Probabilistic
Tree Pruning," IEEE Transactions on Signal Processing, vol.
56, pp. 4867-4878, Oct. 2008.

Y. Sonoda and H. Zhao, "Improved sphere decoding al-
gorithm with low complexity for MIMO systems," 2014
IEEE/CIC International Conference on Communications in
China (ICCC), pp. 11-15, 2014.

M. -T. Nguyen, V. -D. Ngo, X. -N. Tran and M. -T.
Le, "Design and Implementation of Signal Processing Unit
for Two-Way Relay Node in MIMO-SDM-PNC System,"
2019 26th International Conference on Telecommunications
(ICT), 2019

Tran Xuan Nam, Lé Minh Tuén, "X Iy tin hiéu khoéng gian
thoi gian", Nha xudt bdn khoa hoc va ky thudt, 2013

(7]

(9]

(10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

Minh Thuong Nguyen is currently a re-
searcher at Military Institute of Informa-
tion Technology, Viet-nam. He received his
B.Ege. and M.Sc degrees both in electronic
engineering from Le Quy Don Technical
University, Viet-nam, in 2004 and 2012
respectively. He is working toward his Ph.D
! Y degree in electronic engineering at the Mil-
itary Institute of Science and Technology. His research interest
includes space-time signal processing for communications, inte-
grated circuit design.
Email: thuongventt@gmail.com



Research and Development on Information and Communication Technology

Xuan Nam Tran is currently a profes-
sor and head of the research group in
advanced wireless communications in Le
Quy Don Technical University Vietnam. He
received his Master of Engineering (ME)
in Telecommunications Engineering from
University of Technology Sydney, Aus-
: tralia in 1998, and Doctor of Engineer-
ing in Electronic Engineering from The University of Electro-
Communications, Japan in 2003. Dr. Tran’s research interests are
the areas of space-time signal processing for communications
such as adaptive antennas, space-time coding, MIMO, spatial
modulation and cooperative communications.

Email: namtx @mta.edu.vn

Vu Duc Ngo is currently a lecturer at
School of Electronics and Telecommuni-
cations, Hanoi University of Science and
Technology, and a researcher at MobiFone
Research and development Center, Mobi-
Fone corporation, Vietnam. He received the
Ph.D. degree from Korea Advanced Insti-
tute of Science and Technology in 2011.
His research interests are the fields of SoC, NoC design and
verification, and VLSI design for multimedia codecs as well as
wireless communications PHY layer. Dr. Ngo is the recipient of
IEEE 2006 ICCES and IEEE 2012 ATC best paper awards. Dr.
Ngo is a member of IEEE.

Email: duc.ngovu@hust.edu.vn

Quang Kien Trinh received BS (2007) and
MS (2009) Degrees of Applied Mathemat-
ics and Physics respectively from Institute
of Physics and Technologies (State Univer-
sity) in Moscow, Russia; he received PhD
(2018) in Computer Engineering from Na-
tional University of Singapore. Currently,
he is a senior researcher and the deputy
head of the Department of Microelectronics and Microprocessor
Engineering, Faculty of Radio-Electronics, Le Quy Don Technical
University. His research interest includes low-power integrated
circuit design, emerging memory technologies, and hardware
security.

Email: kien.trinh@lqdtu.edu.vn

104

Duc Thang Nguyen is currently a final
year student at Le Quy Don Techincal Uni-
versity. His current researches are on space-
time signal processing for communications
and VLSI, low-power integrated circuit de-
sign.

Email: ducthang98mta@gmail.com

Tien Anh Vu is currently a final year stu-
dent at Le Quy Don Techincal University.
His current researches are on space-time
signal processing for communications and
VLSI, low-power integrated circuit design.
Email: vtienanhmta@gmail.com



INFORMATION FORAUTHORS

Journal of Research and Development on Information and Communication Technology - The MIC Journal of ICT Research,
or ICT Research in short — is a scientific publication of the Journal of Information and Communication, published by Vietnam
Ministry of Information and Communications (MIC) since 1999. ICT Research is peer-reviewed, open-access, and published
four times a year: two issues in English (ISSN: 1859-3534), and two issues in Vietnamese (ISSN: 1859-3526) (Chuyén san Céc
cong trinh nghién cu phat trién Céng ngh¢ Thong tin va Truyén thong).

The purpose of ICT Research is to provide a forum for researchers and professionals to disseminate original and innovative
ideas in the fields of information technology, communications, and electronics in Vietnam and worldwide. Its Editorial Board is
composed of renowned scientists from research institutions throughout Vietnam and other countries.

AUTHOR GUIDELINES

Authors are encouraged to follow good practice of technical paper writing, such as the guidelines on “How to write for
technical periodicals & conferences” of the Institute of Electrical and Electronics Engineers.

Submissions must be made online on the website of ICT Research [https://ictmagvn]. Authors should format the manuscript
as closely as possible to the ICT Research manuscript template.

By submitting a manuscript, authors are required to ensure that the submission has not been previously published, nor
is currently submitted for publication elsewhere. Submission also implies that the corresponding author has the consent of
all authors. The submission file must be in PDF format. To faciliate double-blind review, authors are requested to submit two
versions of the manuscript, one with full information about all authors, the other without.

Submissions of revised manuscripts should follow the same guidelines as for the initial manuscript, plus with a document
entitled “Response to reviewers’ comments” which explains the modifications according to the comments of the anonymous
reviewers.

Upon formal acceptance of a manuscript for publication, the authors are required to prepare the final manuscript in LaTeX,
using the IEEE Transactions style.

PUBLICATION ETHICS

ICT Research is committed to following the rules, standards, and guidelines set forth by the Committee on Publication
Ethics (COPE) in ensuring publication integrity and in handling cases of misconduct. All involved parties (Editors, Authors,
Reviewers, and Publisher) are expected to be aware of and to conform to the respective rules, standards, and guidelines, available
on COPE website.

The Editorial Board of ICT Research will immediately screen all articles submitted for publication. All submissions we receive
are checked for plagiarism by using available online tools. Any type of plagiarism is unacceptable and is considered unethical
publishing behavior. Such manuscripts will be rejected.

PEER REVIEW PROCESS AND PUBLICATION

An area editor of ICT Research (to be considered as the Editor from the point of view of the Authors) is assigned, by the
Technical Editor-in-Chief, to each submission to coordinate the review process. The Editor pre-screens the submission and
determines whether it is appropriate to the interests of readers of ICT Research. If appropriate, the Editor then initiates the review
process. Each submission is then reviewed by at least two Reviewers. The review process is double blind, that is, identities of
authors and reviewers are not revealed to each other.

Review decisions are: (A) Accept submission (i.e., no changes required), (B1) Revision required (i.e., minor revision), (B2)
Resubmit for review (i.e., major revision, the submission needs to be re-worked with major changes and is then subject to a second
round of review), and (C) Decline submission (i.e., reject). Each major round of review may take approximately 1 month. Should
authors be requested by the Editor to revise the manuscript, the revised version should be submitted within 4 weeks for a major
revision or 2 weeks for a minor revision. No more than 1 major revision and 2 minor revisions are allowed.

ICT Research is published with two issues a year in its English Edition (ISSN: 1859-3534). An accepted article will be
immediately published online, with a DOI number, having been copyedited and laid out in compliance with ICT Research
editing rules.

COPYRIGHT NOTICE
Upon acceptance for publication, transfer of copyright will be made to the Publisher of ICT Research, who guarantees that
full content of the published article is freely distributed on the website of ICT Research. The copyright transfer gives the Publisher
of ICT Research full authority to resolve any complaints of misuse or abuse (such as infringement or plagiarism) of the published
article. The author has the freedom to redistribute and reuse the published article in any medium or format for any purpose,
provided the original published article is properly cited. An article submission implies author agreement with this policy.




& CACCONG TRINHNGHIEN CUU,
PHAT TRIEN VA UNG DUNG CONG NGHE |
THONG TIN VA TRUYEN THON :

COMMUN\CAT\ONS
’fllh)(["ﬂh\’l'l(l\\‘\'.‘i'ﬂll\‘il} ~ MINISTRY OF INFORMATION AND

CHUONG TRINH 4o TRONCS,
CHU NHIEM DE Til C3NG B KET QU NGHIEN CUU Ko H(IC

Chuyén san Cdc céng trinh nghién ciu, phadt
trién va ing dung céng nghé théng tin va
truyén théng la 4n pham khoa hoc hang dau
trong linh vuc CNTT&TT, c6 trong danh séach
tinh diém & muc cao clia Hoi ddng gido su nha
nudc vai ca an pham tiéng Viét va tiéng Anh.

Tiép noi truyén thong 21 ndm va hudng téi hoi
nhap quéc té Chuyén san trién khai chuong
trinh ho tro cac nghién cdu sinh (NCS), chu
nhiém dé tai cac cap cong bo két qua nghién cliu
khoa hoc hodn toan mién phi d&n hét nam 2022,
cu thé nhu sau:

- Dam bao tién do6: co két qua phan bién
kin trong vong 1 thdng ké tir khi ndp bai
ding mau truc tuyén trén trang https://
ictmag.vn

HO tro hoan thién bai bao ché ban bang
LATEX véi template dugc cung cép san
trén website;

- H6 trg chuyén nglr sang tiéng Anh: bai
ndp tiéng Viét dugc xtt Iy binh thuang. Khi
dugc chap thuan dang, néu tac gia cé nhu
cau, sé dugc hé trg chuyén ngit dé chuyén
sang dang trén Chuyén san tiéng Anh -
Journal of Research and Development
on Information and Communication;

Hoi dong bién tap Chuyén san cling san sang
tham gia, tai trg hdi nghi, hdi thdo khoa hoc clia
cac don vi nhdm cling Ban T6 chuic phét hién cac
ndi dung nghién cltu c6 kha nang phat trién tot
6 thé cong bo trén Chuyén san. Nhiing két qua
nghién ctu c6 thé chua méi trén thé gi6i nhung
trién khai thuc su, cé tdc dung lan téa 6 Viét Nam
cling dugc khuyén khich.

Moi thong tin chi tiét xin lién hé: TS. Nguyén
Quang Hung, Thu ky HBBT; Tap chi Théng tin
va Truyén thong; Tang 5, s6 115 Tran Duy Hung,
Q. Cau Gidy, HN. DT: (024) 3773 7136; website:
https://ictmag.vn; e-mail: chuyensanbcvt@mic.
gov.vn






