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Abstract

This thesis addresses and investigates the recent development of graph attention
network (GAT) models in the three following aspects: (1) GATs on single graph
learning via the Knowledge Graph Embeddings (KGE) task, (2) GATs on multiple
graph learning via the Cross-lingual Entity Alignment (CEA) task, and (3) GATs
on on-going real-world problems via the COVID-19 (cell) node classification task.
These three aspects of research complement each other in a way that cover a wide
range of graph learning tasks to prove the effectiveness and robustness of GAT-based
models.

First, GAT has demonstrated its strengths in the KGE task recently beyond its
success in many other natural language processing (NLP) tasks. Although GAT
has proven to be promising in achieving the state-of-the-art (SOTA) performance in
the KGE task, also known as relation prediction in KG, the performance of current
GAT-based models are still largely restrained due to two reasons: (1) the existing

models only take the inbound-directional neighbors of a given entity into account,
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while underestimating the rich neighborhood contextual information carried in those
outbound-directional neighbors; (2) the SOTA models only apply the k-th hop out-
put to multi-hop embedding learning, which leads to extensive information loss at
early-stages (e.g., one-hop). To tackle these two problems stated above, we propose a
novel model architecture, bidirectional graph attention network (BiGAT), which fixes
these limitations in a unified framework. Specifically, BiIGAT leverages the GATSs to
learn hierarchical neighbor propagation in a bidirectional manner. Extensive exper-
iments conducted on the four publicly available datasets prove the effectiveness and
robustness of our proposed model.

Second, past studies of the CEA task of multiple graph learning tend to use
traditional approaches, such as translation-based or semantic matching models, to
find equivalent entities in the counterpart knowledge graph (KG). These traditional
methods share one common limitation of missing important structural information
beyond entities in the modeling process. This prevalent issue allows graph neural
network (GNN)-based models to step in. Even though these GNN-based methods
have achieved some degrees of success in improving model performance, most of
them still tend to model KGs of different languages independently for embedding
learning. They tend to either underrate the useful pre-aligned links existing between

two KGs or utilize only a small amount of pre-aligned entities, served as anchors, to



connect different KGE spaces. These characteristics of prior work largely restrain
model performance given the insufficiency of available seed alignments. Moreover,
the underestimation of rich contextual information contained within pre-aligned links
could further deteriorate the model performance. To address these problems stated
above, in this thesis, we propose two novel GAT-based models, Contextual Align-
ment Enhanced Cross Graph Attention Network (CAECGAT) and the Dual Gated
Graph Attention Network with Dynamic Iterative Training (DuGa-DIT), to effec-
tively learn embeddings from different KGs, to capture more neighborhood features,
and to propagate more significant cross-KG information through pre-aligned seed
alignments. Extensive experiments on the CEA benchmark datasets also reflect the
superiority of our proposed models over SOTA methods.

Third, recent studies on the on-going real-world problem of COVID-19 have
shown the possibility of leveraging deep learning models to predict COVID-19 dis-
ease severity. Thus, another important part of this thesis aims to dive into designing
an effective GAT-based model to test out its capability in node classification task.
Our proposed method, graph attention capsule network (GACapNet), has deliv-
ered significantly better experimental results than baseline models. Moreover, from
a biomedical perspective, our study could also indicate predictive features to help

close existing knowledge gaps in the pathogenesis of COVID-19 pneumonia.
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1 Introduction

In recent years, graph attention network (GAT) (170) has shown its effectiveness
and has gained more popularity among multi-disciplinary researchers. Compared to
its fellow models operating on graph structured data, it has only started to become
a mainstream neural network architecture since 2018. Even though it is young, it
has already yielded remarkable performance gains in various natural language pro-
cessing (NLP) tasks, such as language modeling (231), question answering (195),
personalized search and recommendation (29, 98, 185, 191). In this thesis, we focus
on addressing and investigating the recent advances in GAT models for the following
three aspects of graph learning: single graph learning over the Knowledge Graph
Embeddings (KGE) task, multiple graph learning over the cross-lingual entity align-
ment (CEA), and ongoing real-world graph learning over COVID-19 disease predic-
tion. Among these three tasks, they complement each other in a way that cover a
wide range of graph learning tasks to prove the effectiveness and robustness of GAT

models. Moreover, the KGE also serves as a foundation for the CEA task.
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1.1 Background Knowledge

Knowledge graph embeddings (KGEs) aim to embed entities and relations into con-
tinuous vector spaces and to generate low-dimensional representations in a knowledge
graph (KG). The purpose of embedding is to inherit the original structure of KG en-
tities, and to simplify the process of manipulating them in future. Thus, effective
KGEs usually provide a contextualized overview about the given KG that can be uti-
lized to infer missing entities or relations. As the number and the scale of KGs grow
rapidly, KGE becomes more important for KG analyses and semantic data modeling.
Similar to other tasks in NLP, GAT-based models have demonstrated their strengths
in the KGE task itself, as well as in support of the CEA task.

Yago (131, 157), DBpedia (78), and ConceptNet (154) are cross-lingual knowledge
bases developed in the past few years which contain cross-lingual KGs and represent
different concepts and entities with various relations. As these KGs are usually
constructed by information extractions from each monolingual text corpora, there
has been a rising need to align and synchronize those information across various
languages to complement each other and to compose more comprehensive knowledge
bases. Thus, along with the rapid development of these cross-lingual KGs, the NLP
task of CEA has also become increasingly important. Specifically, CEA refers to

a task of matching equivalent entities with same semantic meanings from KGs of



different languages. However, it still remains as a nontrivial and challenging mission,
as those distinct surface forms and heterogeneous structures within KGs can easily
pose obstacles to conventional methods.

COVID-19 is an unprecedented global health crisis that not only threatens the
current healthcare industry but also triggers subsequent economic and financial crisis.
As of November, 2021, there have been more than 261 million confirmed coronavirus
cases worldwide, and the total death toll has exceeded 5.21 million people. Public and
private medical institutions and other healthcare providers from east to west have
been working diligently to study and cure the disease from different medical philoso-
phies and various interdisciplinary approaches. Recent studies have demonstrated
the effectiveness of graph neural networks (GNNs)-based models in COVID-19 dis-
ease predictions. Thus, another significant component of the proposed dissertation
aims to design an effective GAT-based model to test out its capability in the node

classification task with single-cell RNA sequencing (scRNA-seq) datasets.

1.2 Problems and Motivation

As aforementioned, even though some existing methods have presented viable solu-
tions to tackle the tasks listed above, there still remain some potential challenges.

For the KGE task, it is still challenging for those proposed methods to learn hier-



archical multi-hop embeddings effectively, while avoiding excessive information loss
at early stages. For the CEA task, it is still challenging for those existing methods
to link up correspondent entities from different KGs with limited pre-aligned seed
alignments. And for the COVID-19 disease prediction task, there has been limited
number of prior work published due to both the novelty of this research domain and
the lack of publicly available high-quality scRNA-seq data.

Given that, the motivation of this thesis could break down into mainly two folds.
First, the expressiveness of conventional graph learning methods, such as translation-
based methods or semantic matching methods, is largely restrained due to their
simple structures, low scalability, and independent pre-assumption of entities and
relations embeddings. It would be impactful to propose methods that could tackle
extensive and complex KGs structures, model effective hierarchical embeddings by
considering interactions between entities and relations, and preserve significant infor-
mation as much as possible through propagation. Second, even though GAT-based
models have achieved great success in many NLP downstream tasks in the past few
years, it is still relatively young in the graph learning domain with most of the work
published in 2018 and beyond. It would be interesting to see the integration of these
two concepts by applying the GATs to graph learning research topics such as KGE

relation predictions, CEA and other real-world scenarios.



1.3 Contributions of the Thesis

This thesis aims to contribute new perspectives towards all the problems stated
above. In particular, we focus on proposing new GAT-based models for research
domains of KGE, CEA, and COVID-19 disease severity predictions. All the experi-
ments carried out in this thesis have demonstrated the effectiveness and robustness
of proposed methods over SOTA solutions.

In the single graph learning of KGE domain, we propose a novel bidirectional
graph attention network (BiGAT) to learn embeddings in a hierarchical neighbor-
ing propagation manner. Specifically, we propose novel techniques, which not only
consider resourceful neighboring contextual information from both inbound and out-
bound directions, but also avoid extensive early-stage information loss by collecting
and propagating hierarchical hop embeddings from every single layer. In particular,
it takes advantage of the GAT structure for multi-hop neighbor propagation. On
one hand, the proposed method captures multi-hop neighborhood information from
both inbound and outbound direction for each entity, which empowers the model
to leverage more global contextual information. On the other hand, the attention
mechanism in the architecture integrates hierarchical hop embeddings information
from each BiGAT layer to a unified representation. This design allows our model

to perform more robustly compared to other baseline models, and to prevent em-



bedding information loss from early stages. Extensive experiments conducted on
the four publicly available benchmark datasets, WN18RR (27), FB15k-237 (167),
NELL-995 (207) and Kinship (83), justify the effectiveness and superiority of our
proposed method.

In the multiple graph learning of CEA domain, in order to address those relevant
problems stated in Section 1.2, we propose two enhanced GAT models by integrating
more neighborhood contextual information, propagating more cross-KG information,
and enriching new seed alignments iteratively. In order to take full advantage of the
contextual alignments for our CEA task, we propose a novel GAT-based Contextual
Alignment Enhanced Cross Graph Attention Network (CAECGAT) model as pre-
liminary study. CAECGAT learns the embeddings across different KGs jointly by
propagating cross-KG information through pre-aligned seed alignments. Particularly,
we propose a new training strategy by dividing seed alignments into two categories,
namely the contextual and objective seed alignments, with an iterative manner. This
strategy allows our proposed method to capture more cross-KG information effec-
tively. Furthermore, we innovatively develop a new cross graph attention (CGAT)
layer, which consists of a cross-KG aggregation and an attention-based cross-KG
propagation layer, to learn cross-KG information. The cross-KG aggregation layer

serves to transfer entity information across two KGs with pre-aligned seed entities,



and to map these learnt embeddings from different KGs to same semantic space by
shared cross-KG information. The attention-based cross-KG propagation layer serves
to emphasize and propagate those neighbors with essential cross-KG information to
the next layer. Thus, semantic gaps among cross-lingual KGs can be largely allevi-
ated by propagating these cross-KG information. Extensive experiments conducted
on three benchmark datasets demonstrate that our proposed CAECGAT achieves
remarkable performance gains over SOTA models.

Even though CAECGAT is more effective than SOTA approaches, we find that
this preliminary study still faces certain challenges in information propagation stage
when the given number of pre-aligned entity pairs is limited. In turn, we further
enhance the GAT models and mitigate these problems in a unified framework by
introducing a Dual Gated Graph Attention Network with Dynamic Iterative Train-
ing (DuGa-DIT). The DuGa-DIT leverages both neighboring features and cross-KG
alignment information to learn cross-KG embeddings and to bridge the semantic gaps
between cross-lingual KGs. The model architecture comprises several dual KG atten-
tion layers where each layer consists of an intra-KG attention layer and a cross-KG
attention layer. The intra-KG attention layer serves to learn neighboring features for
each KG, and the cross-KG attention layer serves to collect alignment information

across multilingual KGs. By stacking multiple dual KG attention layers, the model



is able to propagate local neighboring information and cross-KG information over
multi-hop neighbors. Unlike other baseline models, DuGa-DIT can make full use
of the pre-aligned entity pairs in both training and prediction stages. Furthermore,
we develop a dynamic iterative training process to dynamically update the cross-
KG attention score matrices by iteratively adding new seed alignments to the input.
This allows more cross-KG information to transfer across different KGs. Similar
to the preliminary study, extensive experimental results on the benchmark datasets
prove our model’s effectiveness, robustness and superiority for CEA task over SOTA
methods.

In the real-world graph learning problem of COVID-19 disease prediction do-
main, we attempt to build a GAT-based hybrid model to facilitate research process
for interdisciplinary researchers and scholars, to promote collaborations, and to com-
bat this COVID-19 battle together. Particularly, we focus on identifying patterns of
SARS-CoV-2 transcriptome and types of molecular cells that indicate different de-
grees of disease severity using single cell transcriptomic data, scRNA-seq. According
to different gene features that the molecular cells carry, all cells in the scRNA-seq
data are classified into different severity levels for cell node classification. We propose
a combination of GAT-based models and capsule network techniques to classify the

cell nodes. These proposed techniques are integrated into a unified framework, called



a graph attention capsule network (GACapNet). GACapNet stacks multi-head at-
tention networks on top of a capsule network, which consists of a primary capsule
layer and a dynamic routing procedure. The multi-head graph attention networks
contribute to aggregate contextual features of the center node, while preserving its
original node features to the maximum. The capsule layer with dynamic routing also
contributes to effectively combine and fuse gene features, allowing more prominent
features of infected cells and healthy controlled cells to be presented at the output
stage. The experimental results on two scRNA-seq datasets show that our proposed
GACapNet is capable of classifying cells according to its severity level effectively.
Moreover, it also largely outperforms the SOTA baseline models. To the best of
our knowledge, we are the first study that extends GATs and capsule networks to
scRNA-seq datasets for COVID-19 disease severity predictions.

In general, the combination of the above three modules composes the main body
of this thesis. The work on single graph learning, Hierarchical Neighbor Propagation
with Bidirectional Graph Attention Network for Relation Prediction, was published
at IEEE ACM Trans. Audio Speech Lang. Process. 29: 1762-1773 (2021). The two
studies on multiple graph learning, A Contextual Alignment Enhanced Cross Graph
Attention Network for Cross-lingual Entity Alignment and Dual Gated Graph Atten-

tion Networks with Dynamic Iterative Training for Cross-Lingual Entity Alignment,



were published at COLING 2020 and ACM Transactions on Information Systems.
TOIS. 2021. 40 (3), 1-30, 2021 respectively. Lastly, the work on real-world COVID-
19 disease prediction issue, How severe will your COVID-19 infection be? Predicting
SARS-CoV-2 infection with graph attention capsule networks, was submitted to an
ACM journal, still under review. These studies included in this thesis aim to inspire
researchers and scholars in relevant fields to come up with more innovative ideas that

can better tackle the persisting challenges, integrate them into unified frameworks,

and make solid progress in KGE, CEA and COVID-19 research domains.

1.4 Outline

This thesis comprises six chapters. The detailed chapters are organized as follows.
Chapter 1 presents a thorough introduction of the research background, and high-
lights the research problems, motivations as well as the contributions of this thesis.
Following that, Chapter 2 introduces the key concepts and provides a thorough lit-
erature review of relevant research areas discussed in this thesis. In the next three
chapters, one GAT-based advanced KGE model is proposed in Chapter 3, two GAT-
based advanced CEA models are proposed in Chapter 4, and one GAT-based capsule
network model is proposed for COVID-19 disease severity prediction in Chapter 5.

The chapter 3, 4 and 5 are organized in a way that complement each other to cover
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a wide range of graph learning tasks to prove the effectiveness and robustness of
GAT models. All the modeling, training and experimental details are elaborated in
each chapter respectively. Lastly, Chapter 6 concludes the thesis by discussing the

implications of this thesis and suggesting several potential directions of future work.
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2 Literature Review

In this chapter, we will provide a thorough introduction to the research background of
this thesis and explore the prior work on graph learning. We first provide a reference
table of the most commonly used notations in Section 2.1. Following that, we intro-
duce the basic concepts of graphs in Section 2.2. Next, we define various machine
learning tasks on graphs in Section 2.3 and discuss various traditional (non-deep
learning) approaches on graph learning in Section 2.4. After that, we summarize the
basics of neural networks in Section 2.5 to serve as a foundation of our deep learning

approaches which would be introduced and reviewed in the following chapters.

2.1 Notations

We begin this section by providing a reference notations table that will be extensively
applied throughout the following chapters of this thesis. Details are presented in

Table 2.1. In addition, other notations will be introduced in each following individual
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Table 2.1: List of Notations.

Name Notation Description
Knowledge Graph g A set of triples in the format (e;,r;;,¢€;)
Entities & A set of entities in KG
Relations R A set of relations in KG
Input Entity Embedding E The input embedding matrix of entities
Input Relation Embedding R The input embedding matrix of relations
Output Entity Embedding E The embedding matrix of entities output by our model
Output Relation Embedding R/ The embedding matrix of relations output by our model

Embedding Size d The dimension of entity and relation embeddings
Entity Number [N The number of entities in KG
Relation Number IR| The number of relations in KG
Attention Head Number P The number of attention head in our model
Hop Number k The number of BiGAT layers of our model
Loss Function L The loss function of our model

chapter if necessary.

2.2 Basics of Graphs

2.2.1 What is a graph?

In this section, we begin by introducing the basic concepts of graphs related to this

thesis. A Graph (G) is defined as G = (V, &), where V represents a set of vertices
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and & denotes a set of edges, respectively. The two end points, u € V and v € V,
of an edge e travel from one to another and are joined by e. Thus, u is called a
neighbor of v, and these two vertices are in adjacent relation. The edges £ can be
either directed or undirected. A graph G can also be a directed graph containing
all directed edges, or an undirected graph containing all undirected edges. The
degree of a vertice refers to the number of edges that are connected with this vertice.

In order to represent a simple graph mathematically, every node in the graph
is indexed to a specific row and column of an adjacency matrix. An adjacency
matrix A € RI"*I" is a convenient algebra representation of a simple graph with n

number of vertices, G = (V, E), where

1, ifvi,v; € Eandi # j
Ay = (2.1)

0, otherwise

If only undirected edges construct the graph stated above, the matrix A is sym-
metric; otherwise, if directed edges construct the graph, it is not necessarily sym-
metric. In certain conditions, graphs may contain weighted edges, where the indexed

entries of the matrix A are arbitrary real-values rather than simply 0 and 1.
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2.2.2 Different Types of Graphs

Beyond the simple graph, we also consider multi-relational graphs with different
edge types or relation types r, which is denoted as (u,r,v) € £. Thus, an adjacency
tensor, A € RIVIXIEXIVI ‘suymmarizes the graph by a collection of relations R.

Under the multi-relational graphs, there are mainly two subsets, namely the het-
erogeneous graphs and the multiplex graphs. The heterogeneous graphs are imbued
with types. Specifically, they consist of nodes and edges representing different types.
For instance, the graph in biomedical domain will have nodes of patients, symptoms,
protein, drugs, diseases and doctors, which are linked via different edge types, such as
has-effect-on, can-cause-to, has-side-effect-to, has-prescribed-to and has-taken etc..
It is worth noting that, on contrary to heterogeneous graphs, there is a category of
homogeneous graph where nodes and edges represent instances and relations of same
type. For example, social networks contain all the entities of people, and relations in
between these entities are friends. Multipartite graph is considered to be a special
subset of heterogeneous graphs. It consists of edges only linking nodes with different
types.

The multiplex graphs refer to graphs composed of n number of different layers.
Each node exists in each layer which corresponds to a certain relation of the intra-

layer edge type. Besides, a same node across different layers can also be connected
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by inter-layer edge types. An example to illustrate the multiplex graphs could be the
entire transportation network in a country, e.g. Canada. All the cities in Canada (e.g.
Toronto, Vancouver, Montreal, Quebec) can be viewed as entities of multiplex graphs,
while each layer of the graph could be viewed as a different mode of transportation
(e.g. flight, boat, train, car, subway). Thus, cities that are connected by the different
modes of transportation are represented as intra-layer edges; and the various options
of transportation within the specific city are represented as inter-layer edges.

Finally, multigraphs are another subset of graphs which contain self-loops and
multiple edges connecting the same pair of entities. However, graphs that do not
contain self-loops and multiple edges are simple graphs as discussed above. In many
cases, a graph G in this thesis refers to directed graph, unless specified.

It is worth noting that features and attributes information are commonly asso-
ciated with graphs in many scenarios, e.g. knowledge graphs. Sometimes, edges of
graphs contain additional information like edge types, ranking, properties or weights,
and entities of graphs contain attribute features or entity types. These features and

attributes usually contain rich context information for graph representation learning.
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2.2.3 Knowledge Graph (KG)

A knowledge graph (KG), typically denoted as A and represented as G =
(E,R,T), is a data structure comprised of entities E, relations R and triples T
where E stands for a collection of entities, R stands for a collection of relations,
and 7" stands for a collection of triples. As Google announced its Google KG (149)
in 2012, the research communities in both industry and academia have been busy
pushing this concept towards further advancement. Facebook(115), LinkedIn (49),
DBpedia (6), Freebase (13), Wikidata (173), OpenCitations (121), ScriGraph (57),
Microsoft Academic KG (34), NELL (101), YAGO (130), BabelNet (105), xlore
(187), etc. are also rapidly developed along with the wave of this research heat. In

this thesis, we will mainly focus on graph learning on knowledge graphs.

2.3 Machine Learning Tasks on Graphs

In machine learning, one of the first questions we consider solving a particular task
is whether it is a supervised or unsupervised task. Machine learning tasks on graphs
are similar, but the usual classifications of supervised and unsupervised may not be
the most useful or informative when the data is in graph structure. In the past
few years, the research on graph learning methods have attracted lots of attentions,

including tasks of:
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e Node classification: Node classification aims to predict type or color of a

given node;

¢ Relation prediction: Relation prediction aims to predict if two nodes are

linked to each other;

e Community detection: Community detection aims to identify densely con-

nected clusters of nodes;

e Classification, regression or clustering on entire graph: This task aims
to make predictions on each individual graph given multiple different graphs
for classification and regression models, and to measure similarities between

graphs for clustering models.

2.3.1 Node Classification

Among the four tasks aforementioned, node classification is perhaps the most popu-
lar task on graph learning in the past few years (47, 65). Although node classification
appears to be a straightforward supervised classification task, it has a fundamental
difference from conventional supervised machine learning where data points are as-
sumed to be independently and evenly distributed. Graph nodes obviously break this

assumption by requiring us to model a set of interconnected nodes with dependency
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considerations. Indeed, the most successful models proposed for node classification

use connections between nodes explicitly.

2.3.2 Relation Prediction

Relation prediction, also known as link prediction, is another popular task on graph
learning recently. The rationale is to infer missing edges between the nodes given
a set of nodes and their incomplete edges. Similar to node classification, relation
prediction often refers to both supervised and unsupervised training. Moreover,
it supports various downstream applications, such as recommender systems (221),
biomedical drug reaction prediction (240), cross database inferences (15, 27, 216),
and cross lingual knowledge graphs (48, 117, 203).

In fact, many promising models have been proposed to tackle the entity align-
ment problem and to predict links on KGs, which are the major focuses of this
thesis. One direct solution to entity alignment is to learn the KGE effectively and
to leverage the embedded representations to predict missing links. Technically, the
existing KGE approaches fall into five main categories: translation-based models, se-
mantic matching models, convolutional neural network (CNN)-based models, neigh-
borhood information-based models, and relation paths/literals-based models. The

KGE task started with translation-based methods and semantic matching methods.
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More recently, there has been a surge of leveraging CNN and GNN models to embed
entities and relations of KGs into continuous vector spaces. Generally, the neigh-
borhood information-based models deliver more promising experimental results by
using graph neural network (GNN)-based models (104, 138, 140). However, most of
these model performances are still largely restrained to single KG. Details of these

prior work will be elaborated in relevant chapters.

2.3.3 Community Detection

Community detection, which aims to identify densely connected clusters of nodes,
is an example of unsupervised clustering. We assume the nodes would follow a
community structure where nodes belong to the same community would be more

likely to be linked to each other.

2.3.4 Classification, Regression or Clustering on Entire Graph

Classification and regression tasks, which aim to make predictions on each individual
graph given multiple different graphs, are typical examples of supervised learning.
Given the assumption of each data point being individually and evenly distributed
over the graph, a classification or regression model aims to map these data points

or graphs to labels with labelled training set. Besides, clustering, which compares
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similarities between two nodes or graphs, is an example of unsupervised learning.
The definition of useful features and attributes to be included in relational structure

remains as a difficult and challenging issue in this research domain.

2.4 Traditional Approaches to Graph Learning

In this section, we dive into the traditional machine learning approaches and hand-
crafted features for graph data. The goal of traditional graph machine learning
pipelines is to leverage d-dimensional vectors to make predictions for a set of objects,

such as nodes, sets of nodes, links and entire graphs.

2.4.1 Node-level Task

For node-level tasks, the goal is to characterize the structures and positions of a target
node in the massive network. There are several node-level features that we could
utilize for this task, which includes node degree, node centrality, clustering coefficient
and graphlets. Based on their functions, we could further categorize them into two
groups, namely the importance-based features, and the structure-based features.
The importance-based features refer to those features that are able to predict
influence of a node in a network. Node degree and node centrality are two features

belong to this category. Node degree refers to the number of edges that a specific
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node has. The essence of the node degree is to exercise simple counting on edges and
to treat all neighboring nodes equally. Node centrality models the node importance
among the neighboring nodes. One of the common approaches to calculate node
centrality is Eigenvector centrality, denoted as,

1
o= Z Cy (2.2)

uENv

where c¢ is the centrality vector, and u is a node belong to the neighborhood of node
v. It assumes that a node is significant if it is surrounded by other significant nodes.
Another common node centrality measurement is betweenness centrality, which as-
sumes the significance of a node if it lies on many shortest paths between other
nodes. The closeness centrality is also commonly seen to measure node centrality,
which views a node to be important if it has small shortest path lengths to all other
nodes.

The structure-based features refer to those features that are able to capture topo-
logical properties of a node’s local neighborhood and to examine a particular role
a node plays in a network. Node degree, clustering coefficient and graphlet degree
vectors are three features belong to this category. Clustering coefficient measures
how connected a node’s neighboring nodes are. The common approach is to count
the number of triangles that a node touches within a given network. Graphlet degree

vectors, which refers to the graphlet-based features for nodes, stand for a count of
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occurrences of different graphlets rooted at a given node.

2.4.2 Link-level Task

For link prediction tasks, the goal is to make predictions on missing links or new
links based on existing links. Therefore, it is important to design features for a pair
of nodes. There are several link-level features that we could utilize for this task,
which include the distance-based features, the local neighborhood overlap and the
global neighborhood overlap. The distance-based features leverage the shortest path
lengths between two nodes but does not learn the degree of neighborhood overlaps.
The local neighborhood overlap captures how many neighboring nodes are shared
by two nodes. The drawback of this feature is that it could become zero when no
neighboring nodes are shared at this moment, however, they could still potentially
be connected in future. The global neighborhood overlap tackles this limitation by
considering the entire graph. It leverages the Katz Index, which counts the number

of paths of all lengths between a pair of nodes, to score two nodes.

2.4.3 Graph-level Task

For graph-level prediction tasks, the goal is to capture features that could character-

ize the entire graph structure and to measure similarity between two graphs using

23



graph kernels. The idea of graph kernels is similar to the bag-of-words function for
graphs. Traditionally, there are two dominant approaches to learn graph-level fea-
tures, namely the Graphlet Kernel (144) and the Weisfeiler Lehman Kernel (143).
Given two graphs G and G’, the Graphlet Kernel is a counting of graphlets computed
as:

K(G,G) =fg"fe (2.3)

However, when the two graphs have different sizes, the resulting value could be
skewed. Thus, features vectors generated in this way need to be normalized. And
this approach is also considered to be computationally expensive. To address the
problem of Graphlet Kernel, Weisfeiler-Lehman Kernel (WL-Kernel) was introduced
to design an efficient graph feature descriptor with bag-of-color concept. The key
idea of this WL-Kernel method is to leverage neighborhood structures to enrich nodes
vocabularies iteratively using color refinement. Specifically, each node in the given
graph is assigned with an initial color. Then, each node goes through the neighbors
to aggregate the neighborhood colors. After that, the resulting aggregated colors are
hashed into respective hash table iteratively. When the node colors are all refined
across the graph, WK-Kernel joins to count the number of nodes with a specific color.
As a result, the WL-Kernel value is computed by the dot product of those color

count vectors. Comparably speaking, WL-Kernel is more computationally efficient
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than Graphlet Kernel as the complexity increases linearly when the number of edges

mcreases.

2.5 Basics of Neural Networks

In the past decade, research in neural network structures has experienced a huge
success. Currently, the existing neural network structures can be classified into

mainly four categories:

2.5.1 Feedforward Neural Networks

The feedforward neural network (FNN), or multilayer perceptrons(MLPs), is the first
and quintessential deep learning architecture of artificial neural network. Typically,
a FNN consists of one input layer, one output layer and several hidden layers in
between. As its name stated, information within the FNN only travels from input
layer, through hidden layer, and exits output layer, in a forward direction. No cycles

or loops are allowed in this network.

2.5.2 Convolutional Neural Networks

The convolutional neural networks (CNNs), introduced by Yann LeCun, is a spe-

cial class of artificial neural networks that mimics the human’s vision system. The
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system usually consists of convolutional operation layers, pooling layers, flattening
layers and fully connected layers. The early version of today’s CNN is called LeNet
(75) which could recognize handwritten digits. In 2012, AlexNet (69), trained on
millions of labelled pictures from ImageNet, showcases the viability of tackling this
computer vision task with deep learning which has never been possible before. Ad-
ditionally, various CNN based approaches (148, 164) have been proposed in the past
few years and the CNN architecture has proven to be robust in various downstream
applications, such as image recognition, image classification, video recognition, rec-

ommender system and other natural language processing related tasks.

2.5.3 Recurrent Neural Networks

Rucurrent neural networks (RNN) is a class of artificial neural networks where con-
nections between neurons follow a temporal dynamic behaviour and effectively pro-
cess sequences of inputs with memories of historical information. In other words,
the output from the previous state carrying memories of all prior states is used as
inputs to the next state, while incorporating hidden states. Similar to CNN, the
RNN architecture is also widely adopted to many downstream tasks, with empha-
sis on sequence-based tasks like natural language processing and speech recognition.

Note that the RNN architecture usually suffers from long term dependency problem.
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Therefore, several variants have been proposed since then to tackle this drawback,

including LSTM (51) and GRU (25).

2.5.4 Graph Neural Networks

Graph neural networks (GNNs) is another class of artificial neural networks which is
designed for performing inferences on data in graph structure. Social networks, eco-
nomic networks, communication networks, information networks, knowledge graphs,
molecular structures are all examples of networks in graph structure. The key idea
of GNN is to learn effective representation of entities that inherit the structure of

the graph and preserves the most expressive features.
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3 Learning on Single Graph: GATSs for
Knowledge Graph Embeddings and Relation

Predictions

In this chapter, we dive into the first module of this thesis on GATSs for single graph
learning. We introduce a new bidirectional graph attention network (BiGAT) to

learn hierarchical neighbor propagation for the KGE task.

3.1 Introduction

Since early 2010s, many large-scale KGs have been constructed, such as Freebase
(13) and DBpedia (78). Typically, a KG refers to a directed graph where entities
are represented as modes and relations between entities are represented as edges.
Specifically, for a collection of factual triples (e;, r, e;) of the massive KG, r stands for

the relation between the head entity e; and the tail entity e;. For instance, among the
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factual triple (Toronto, cityOf, Canada), the entities of Toronto and Canada are the
head and tail entity respectively, and the cityOf stands for the relation between these
two entities. Given those resourceful information existed within its network, KG has
been widely adopted in many downstream NLP applications, including semantic
search (206), question answering (23, 73), dialogue system (94), as well as machine
reading (215).

Despite the applicability of KGs, there still persists several critical challenges in
learning on KGs. One of the key problems is the high degree of incompleteness of the
existing KGs. Specifically, missing links and relations among KGs impose obstacles
to the models and algorithms that aim to learn effective KGE. For instance, the
relation of ”place of birth” is missing among 71% of the people entities in Freebase
and 66% of the people entities in DBpedia; the relation of known parents (150, 192)
is missing among 94% of the people entities in Freebase. In order to tackle the
challenge stated above, many scholars and researchers have emphasized on the task
of knowledge graph embedding (KGE), also known as KG relation prediction, recently.
This task aims to infer missing links and relations within a given KG first, and it
also attempts to make predictions on all possible candidate entities (e.g., (e;,r,7) or
(7,7, €e5)).

In the past, traditional translation-based models, such as TransE (15) and its
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various extensions of TransR (88), TransD (59), TransH (190) etc., and matrix
representations-based models, such as DistMul (216) and ComplEx (167), have been
introduced to learn entities and relations embeddings. Even though models taking
these conventional approaches achieved some promising results, their attempts to
learn embeddings from individual and independent triple weakens the expressive-
ness of those embedding vectors (116). Later on, convolutional neural networks
(CNN)-based models (27, 106) were introduced to enhance embedding expressive-
ness. However, one of the drawbacks of these CNN-based embedding models is that
they still tend to treat entity and relation embeddings as independent vectors at the
computation stage. This characteristic largely ignores the rich contextual dependent
information existed among the entities and relations.

Lately, many researchers and scholars in this domain has been learning embed-
dings by neighborhood information aggregations (9, 107, 116, 138, 140, 176). Compa-
rably speaking, these models have achieved remarkable performance improvements
for the KGE task, but they still appear to be weak in capturing rich neighbor-
hood information. For example, (9, 107, 138, 140) only take immediate neighbors
into account, and (104, 116) only take the top-k hops neighbors away into account.
Specifically, KBGAT (104) is the first model that integrated the GAT (170) struc-

ture into the KGE task. Even though this approach allows it to achieve SOTA
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record performance, the expressiveness of those derived embeddings is still largely
restricted due to two reasons: (1) The KBGAT model only considers neighbors from
the inbound-direction of the given entity while underestimating the neighbors to-
wards the outbound-direction. This one directional approach limits the embedding
expressiveness, and restricts its capability of capturing sufficient neighborhood in-
formation; (2) The KBGAT model solely utilizes the k-th hop output in distant
nodes embedding learning. This characteristic causes the extensive information loss
at early computational stage, such as the one-hop information.

In order to tackle all the modeling problems stated above and to take advantage
of the GAT for multi-hop neighbor propagation, in this chapter, we propose a novel
bidirectional graph attention network (BiGAT) to learn embeddings in a hierarchical
neighboring propagation manner. Explicitly, our BiGAT first concatenates two fea-
tures produced by both the inbound-directional and the outbound-directional GATs.
Then, our model applies a non-linear transformation to get new entities embeddings,
and a linear transformation to get new relations embeddings. After that, we exer-
cise the bidirectional neighborhood information propagation for each hop using the
multiple BiGAT layers. Thus, these multi-hop features in KGs are encoded layer by
layer for aggregation. Lastly, our model applies an attention mechanism to gather

the hierarchical hop embedding information and to integrate them from each BiGAT
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layer.

In general, the main contributions of this chapter can be ascribed as follows:

We propose a novel BiGAT model for single graph learning on the KGE task.
The BiGAT is capable of capturing multi-hop neighborhood information from
both inbound and outbound directions for each entity, which empowers it to

leverage more global contextual information in the modeling process.

An attention mechanism is proposed to integrate the hierarchical hop embed-
ding information generated from each BiGAT layer into an unified representa-
tion. This mechanism not only ensures the model robustness but also prevents

embedding information loss problems at early stages.

In order to prove the effectiveness of our proposed model, we conduct extensive
experiments on four publicly available benchmark datasets, including WN18RR
(27), FB15k-237 (167), NELL-995 (207) and Kinship (83). The experimental
results demonstrate the competitiveness of the BiGAT model on various eval-

uation metrics, as well as its superiority over other SOTA models.

The remainder of this chapter is organized as follows. In Section 3.2, we present

the SOTA progress of the KGE task. In Section 3.3, we describe the architecture of

our proposed bidirectional graph attention network (BiGAT) model and elaborate
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each module in details. In Section 3.4, we report our experimental results along with
model comparisons. In Section 3.5, we conclude this chapter with some ideas for

future research.

3.2 Related Work

In the past few years, a great number of novel models have been introduced to the
KGE task, including several survey papers (39, 61, 84, 181). In this section, we dive
into the recent development of KGE and offer an overview of these recent advances
in entities and relations representation learning.

In general, the existing literature on KGE task can be divided into five categories,
namely the translation-based models, semantic matching models, CNN-based mod-
els, neighborhood-based models and transformer-based models. In the subsequent
sections, we offer a comprehensive review of each category of methods and discuss

their potential benefits and limitations.

3.2.1 Translation-based Models

Translation-based models aim to learn KGE based on translation characteristics. In
other words, it considers the relations between head and tail entities as a form of

translation. The first model introduced belong to this category is TransE (15).
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TransE assumes that the sum of the head entity embedding and the relation vec-
tor should be close to the tail entity embedding. Even though it is able to model
the hierarchical structure of the input graph, the performance is largely restricted
due to the TransE’s limitation on one-to-one relation. After TransE was introduced,
many extentions and variations of it have been proposed. For instance, in order to
address the one-to-many, many-to-one and many-to-many issues, TransH (190) was
introduced to project both entities and relations into a hyperplane while preserving
its translation operations. TransR (88) attempts to learn both entities and relations
embeddings separately first, and project them to the relation space to build trans-
lations accordingly. Taking a similar approach, TransD (59) borrows the idea from
TransR and extends to project head and tail entities as well as the relation vectors
into new space by leveraging dynamic mapping matrices. TransF (32) releases the
restrictions on head and tail entities while constructing a flexible translation scoring
function to tackle the same issue. TransAt (125) chooses to leverage relation atten-
tion mechanism to model the translation embeddings. TransMS (218) transmits the
multi-directional semantics with nonlinear functions and linear bias vectors to ex-
tend the translation-based methods family. TransG (200) and KG2E (50) introduce
Gaussian distribution to their architecture aiming to deal with the uncertainties of

entities and relations.
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3.2.2 Semantic Matching Models

Semantic matching models refer to a group of methods that use vectors and matrices
to calculate semantic similarities. As we commonly agree, SME (14) is the first
model that uses linear and bilinear matching blocks to encode entities and relations
interactions. DistMult (216) utilizes a simplified bilinear transformation to enforce
the relation matrices to be diagonal. RESCAL (111) is the first KGE model which
takes an approach of representing triples with three-way tensor factorization. Built
on top of that, TuckER (8) extends the model by using three-way Tucker tensor
decomposition, which comprises of a core tensor and entities and relations vectors, to
learn embeddings. HolE (110), HolEx (213) and ANALOGY (89) are then introduced
as methods adopting circular correlation of embeddings and their extensions. Models
belong to this category use real-valued space to model representations of entities
and relations. Aside from all above, there are also semantic matching models that
represent entities and relations in complex space. For instance, ComplEx (167) aims
to leverage the Hermitian dot product and to map entities and relations in a complex
space for capturing both symmetric and antisymmetric relations. QuatE (226) uses
the quaternion inner product with three imaginary components to model factual
triples accordingly. RotatE (159) uses element-wise Hadmard product to compute

the relations as a rotation from head to tail entities. Other relevant studies belong
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to this category include but are not limited to TorusE (30) and D4-Gumbel (209).
Even though semantic matching models are fast to train and easy to scale to large

KGs, they still learn embeddings with relatively low quality and expressiveness.

3.2.3 CNN-based Models

CNN-based models tap on their advantage of parameter efficiency to employ multi-
layer CNNs and to generate embeddings more expressively. ConvE (27) models the
local interactions between head entities and relations using a 2D convolution oper-
ations. The ConvE is capable of using multiple non-linear feature learning method
to express semantic information effectively by reshaping the head and relation em-
beddings into 2D matrices. As an extension of ConvE, ConvKB (106), on one hand,
preserves the transitional characteristic of ConvE by employing CNN to model the
global relationships among the same dimensional entries of the embeddings. On the
other hand, it replaces the reshaping characteristic of ConvE by concatenating the
entities and relations directly. InteractE (168) was proposed to derive higher qual-
ity embeddings by increasing number of interactions between entities and relations
embeddings. In general, CNN-based methods are more powerful to learn expressive
features compared to the first two categories, but they suffer from losing plenty of

latent information in KGs when consider each triple independently.
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3.2.4 Transformer-based Models

Transformer-based models are considered to be a group of effective and powerful
KGE models given the large pool of KG contextual information that they could
absorb from in the representation learning process. KG-BERT (220) and MLMLM
(26) utilize the pre-trained language model (e.g., BERT (28)) to encode entities
and relations existed in KGs. Similarly, CoKE(179) also leverages transformers as

encoders for learning sequences of edges and paths.

3.2.5 Neighborhood-based Models

Neighborhood-based models target to learn embeddings by engaging entity neighbor-
hood information. A collection of past studies (9, 107, 138, 140, 176) have demon-
strated significant performance gains over the KGE task. However, a majority of
neighborhood-based approach still lack of the capability of modeling the multi-hop
neighborhood information effectively. Recently, CACL(116) was proposed. Specif-
ically, it leverages connectivity patterns contained in the multi-hop neighbors for
the KGE task to build the context-aware CNNs by considering top-k neighborhood
entities solely. Besides, KBGAT (104) was also proposed to capture the multi-hop
features. The model leverages the attention mechanism from GAT (170) and takes

those inbound-directional neighboring information of a given entity into considera-
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tion. GAAT (182) aggregates neighborhood features by using an attenuated atten-

tion mechanism.

3.2.6 Difference to the Existing Methods

Different from all the methods reviewed above, our proposed BiGAT takes rich neigh-
boring information from both inbound and outbound directions, and propagates
bidirectional neighborhood information to learn embeddings in an iterative manner.

In comparison with the prior work (152), which also considers bidirectional neigh-
borhood information, our models differ in mainly two aspects: (1) Solving the
problem of losing early-stage embedding information: In their study (152),
the authors merely takes the k-th hop output into account, which largely sacrifices the
embedding information generated at early-stage. Contrarily, our proposed BiGAT
solves the early-stage information loss problem by aggregating outputs generated
from each single hop. Thus, our model captures multi-hop hierarchical feature em-
beddings more effectively and efficiently. (2) The capability of capturing global
contextual information through different weighting mechanisms: In their
study (152), equal importance weights are assigned to all neighboring nodes in the

learning stage, where the contextual information is largely undervalued. Contrarily,
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our proposed BiGAT assigns different weights to different neighbors with an atten-
tion mechanism, which leverages both inbound and outbound directional contextual
information fully.

For hierarchical embedding aggregations, some existing studies that leverage
multi-layered embedding approach fail to consider the model feasibility in large-scale
KG training. For instance, DCGCN (45) uses dense connectivities to concatenate all
preceding layer outputs as inputs towards each layer to learn multi-layer embeddings.
Even though the model architecture seems reasonable, this approach drastically in-
creases the number of parameters which impedes its applicability towards large-scale
KGE tasks. In this study, we provide a much more feasible, scalable and elegant solu-
tion, BiGAT, to model multi-hop bi-directional neighbors by leveraging bidirectional

embedding propagation and hierarchical embedding aggregation.

3.3 The Proposed BiGAT Model

In this section, we first present the problem formulation for the KGE task and list

out some important notations that are used in the following chapter.!

Following
that, we introduce the preliminaries of KBGAT (104), which serves as a prior study

and strong baseline of GAT model for the KGE task. Last but not least, we present

'We use upper-case bold letter, lower-case bold letter and non-bold lower-case letter to represent
matrix, vector and scalar, respectively.
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Figure 3.1: The structure of GAT used in KBGAT (104), which just considers the

inbound-directional neighbors and k-th hop output to learn the embeddings.

the details of the modules of our proposed BiGAT model.

3.3.1 Problem Formulation

In this study, we make £ and R denote a set of entities and a set of relations,
respectively. A knowledge graph G refers to a directed graph with a group of factual
triples. For each triple in G, it is represented in a form of (e;, 7; ;, €;), where e;,e; € £
stands for the head and tail entities, and r;; € R stands for a relation of e; to e;.
Mathematically, we denote the entity embedding matrix in a form of E € RI€x4,
where |€] refers to the number of entities in a KG, and d refers to the dimension
of each entity embedding. Similarly, we denote the relation embedding matrix in
the form of R € RI®!*4 where |R| stands for the number of relations existed in the
KG. In our BiGAT model, the architecture takes E and R as inputs, and uses new

embedding matrices E' and R’ for entities and relations as outputs. The KGE task
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aims to predict missing entities of (e;, r

E’ and R’. The list of notations used in this chapter is presented in Table 3.1.

Table 3.1: A list of notations used in this paper.

Name Notation Description
Knowledge Graph g A set of triples in the format (e;,r;;,¢€;)
Entities & A set of entities in KG
Relations R A set of relations in KG
Input Entity Embedding E The input embedding matrix of entities
Input Relation Embedding R The input embedding matrix of relations
Output Entity Embedding E The embedding matrix of entities output by our model
Output Relation Embedding R/ The embedding matrix of relations output by our model
Embedding Size d The dimension of entity and relation embeddings
Entity Number [NV The number of entities in KG
Relation Number IR| The number of relations in KG
Attention Head Number P The number of attention head in our model
Hop Number k The number of BiGAT layers of our model
Loss Function L The loss function of our model

3.3.2 Method

., 7) or (?, r,e;) with new embedding matrices

Graph attention networks (GATs) (170) have gained its popularity among graph
learning in the past few years. Compared to the conventional models, GATs are ca-

pable of capturing more information-rich neighboring features and assigning various
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attention weights to different nodes according to their importance. However, the
vanilla GAT model (170) ignores relation features which serve as an integral part of
KGs.

To address the above issue, KBGAT(104) was introduced as an extension of GATs
to integrate entity and relation features in an attention mechanism. The Figure 3.1
illustrates the general KBGAT framework. The KBGAT first captures multi-hop
neighboring information from the inbound direction of a given entity. After that, it
utilizes the k-hop graph attention results generated in the last output layer to learn
embeddings. Even though the model is largely optimized compared to the vanilla
GAT approach, the KBGAT model performance is still restricted due to two weak-
nesses. First, the KBGAT model only considers neighbors from the inbound-direction
of the given entity while ignoring the neighbors towards the outbound-direction, also
known as neighbors that are connected from this entity. This one directional consid-
eration limits the expressiveness of learnt embeddings, and restricts their capability
of capturing sufficient neighborhood information. Second, the KBGAT model solely
utilizes the k-th hop graph attention output to learn embeddings for those distant
nodes. This causes the underestimation of contributions from each single hop, and
leads to massive early-stage information loss at graph attention stage. For the pur-

pose of addressing all above limitations of KBGAT, we propose a novel bidirectional
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graph attention network (BiGAT) to learn the hierarchical neighbor propagation in

this study.
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Figure 3.2: The framework of our proposed BiGAT. The orange circles and the
green circles represent the neighbors from inbound-direction and outbound-direction
respectively. The solid lines denote 1-hop relations while the dash lines denote the
auxiliary relations for multi-hop neighbors. B! (I =0, - - -

, k) is the attention weights

of the [-th layer for all entities.

3.3.2.1 Bidirectional Embedding Propagation

In Figure 3.2, for each given entity e;, the neighbors are classified to two different

groups according to their directions of relations and edges. For each neighborhood
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triple Tim = (€, Tim, €m) travels from the outbound-direction, we perform concate-
nation on their embedding vectors. Then we exercise a linear transformation to get

the representation of the triple 7;,,, computed as:
Tim = Wl[ei||ri’m||em] (31)

where || denotes the concatenation operation, e;, e, represent the embedding vectors
for entities e; and e, and r;,, is the embedding vector for relation r;,,. W; is the
outbound-directional transformation parameter, which is shared by all neighbors
from outbound-direction.

Similarly, for each neighborhood triple 7;; = (e;, rj;, €;) that travels towards the

center node from inbound-direction, the representation is computed by:
Tii = Walej[r;lei] (32)

where Wy, is the inbound-directional transformation parameter.

In order to learn those entities in distance, we design an auxiliary edge to connect
these k-hop (k >= 2) neighbors by leveraging the multi-hop path-based composition
introduced in PTransE (85). In Figure 3.2, we depicted the auxiliary edge of 2-hop
neighbor as an example in dotted lines. Mathematically, for each multi-hop relation
(e; LN e1 LN €y - ML ex), we denote the direct connection between e; and ey, as

Tir = (€4,751 ©T12 © Tk—1k, €), Where o stands for an addition composition operator
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that calculates the sum of all relation vectors in the path to get the composition
representation. With the help of the path-based composition, the representation of
triple 7;, involving the k-th distant neighbors can be easily computed with Equation
(3.1).

We aggregate the neighboring information from both inbound and outbound di-
rections to generate the output embedding at the [-th layer. Then, we update the
entity embeddings by concatenating neighboring information from both directions
and applying a linear transformation to it. After that, we apply multi-head atten-
tion (169) to our BIGAT model, which is denoted as:

P
=wr| 3 i, H 3 b, (3.3)
p=1 Tim €N T ENF™
where P is the number of attention head, W% is the parameter for the p-th attention

P P : : I !
head, and o, and «j; are the attention weights for 7;, and 7j;,

respectively.

In order to compute the attention weights, we apply a linear transformation and
a non-linear activation (e.g., LeakyRelu (93)) on them. For purpose of comparing
results across different triples, we apply a softmax function to the attention score

normalization. Taking the triple 7;,, as an example, we compute the attention scores

using the following formula:

W exp(LeakyRelu(W%7;,,)) (3.4)
2 enew exp(LeakyRelu(WiTi,, ) '
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where WY is the linear transformation parameter. We choose LeakyRelu as the
activation function since it has been widely used in GAT (170). The attention weight

a; for neighbors from inbound-direction is computed in a similar way.

3.3.2.2 Hierarchical Embedding Aggregation

We collect multi-hop neighborhood information from both the inbound and outbound
directions by stacking multiple BiGAT layers. In prior studies, GAT (170) and
KBGAT (104) only apply the final aggregated output of the k-hop graph attention
to the entity embedding learning process. This could directly lead to underrating the
contributions of those neighbors at early hops. As the number of layers increases,
some of those significant information from early stage embedding are lost during
the graph attention steps. And it directly leads to severe limitations on model
flexibility. Omne simple solution to address the information loss problem above is
to concatenate all the preceding outputs as input towards each of the next layers
using dense connectivities, as demonstrated in DCGCN (45). However, the dense
connectivity operations involve much larger number of parameters, which results in
infeasibility to train over large-scale KGs on the KGE task.

In this section, we design an attention mechanism to concatenate the output

embeddings from all preceding BiGAT layers, which manages to take full advantage of
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each hop embedding information. Thus, it captures more representative hierarchical
embedding information rather than the k-th hop solely, and alleviates the problem
of excessive information loss at early stages. As illustrated in Figure 3.2, the final
entity embeddings of the input KG is computed by using a weighted sum of entity

embeddings from all BiGAT layers, which is denoted as:
k
e; = Z le! (3.5)
1=0

where e! is the embedding of i-th entity in the i-th layer and 3, is the attention weight

l

for e;. To compute the attention weights, we consider both the entity embedding
and its hop information. We use k + 1 vectors to represent the hop embeddings
which is used to encode the position information of each layer. The hop embedding

is denoted as {h'|l € (0,1,--- ,k)}. Then, the attention score is computed as:

gl = exp(Ws(ej + h'))
b Y iseexp(Ws(el +h'))

(3.6)

where Wy is the parameter of the attention function.

Given that, the final entity embedding E’, which considers neighboring infor-
mation from both inbound and outbound directions and captures rich hierarchical
features from each hop, is obtained. Formally, the update rule for entity embedding
is denoted as:

E = Zk: B'E’ (3.7)
1=0
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where Bt = {3, 6|l£|} is the attention weights of the [-th layer for all the entities,
and E' is the entity embedding in the [-th layer. Here, E° is the input embedding E.
For each BiGAT layer, we apply a linear transformation to update the relation

embeddings, which is formally denoted as:
R = WyR! (3.8)

where Wy is the parameter of the linear transformation. Here, R° is the input
relation embedding R and the final relation embedding is computed with attention

mechanism in a similar way:
k
R' =) B"R (3.9)
1=0
where B™ = {g1! ... ,ﬁ’i,lu} is the attention weights of the I-th layer for all the

relations.

3.3.3 Training

Once the final entity embedding matrix E’ and relation embedding matrix R’ are
derived, we apply a multiclass log-loss (71) to optimize our proposed BiGAT model.
Let 7 = (e;,7ij,€;) denote a triple in G, and let 7= denote an invalid triple by
replacing either e; or e; with every other entity. The scoring function for each triple
is thus computed as:

f(r)= Relu(Wy[e;||r;7j])T - Relu(Wge') (3.10)
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where Relu (40) is a non-linear activation function, Wy is the parameter, €, e} € E'
are the final entity embeddings for e;, e;, and r; ; € R’ is the final relation embedding
ﬁHTTLT

The final loss function of BiGAT is defined as follows:

L=—f(r)+log | Y  exp(f(r7)) (3.11)

TTEGr

where G- denotes the collection of invalid triples.

3.4 Experiments

In this section, we list out the datasets, evaluation metrics and parameter settings
that are used to evaluate our model first. Then, we present the extensive experi-
mental results and make comparisons between our BiGAT and other SOTA models.
Finally, in order to verify the significance of each module component of our BiGAT

model, we conduct ablation studies to uncover more details.

3.4.1 Datasets

In this study, we use four publicly available benchmark datasets, WN18RR (27),
FB15k-237 (166), NELL-995 (207) and Kinship (83), to test out the effectiveness of
our proposed model BiGAT. The WN18RR (27) is a refined version of WN18 (15)

which is a subset of WordNet. The FB15k-237 (166) is a revised version of FB15k
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(15) which is a subset of Freebase. Some prior studies (3, 27, 166) have found that
the original WN18 and FB15k datasets suffer from the problem of inverse relations
which can cause data leakage. Thus, the refined versions of both WN18RR and
FB15k-237 datasets got publicized to discard these inverse relations, and to make
the bidirectional neighboring information more prominent in the KGE task. Each
of the four datasets is further decomposed into three subsets for training, validation
and testing purposes, as mentioned in (9, 104, 106). The details of the four datasets

are presented in the table below.

Table 3.2: Description of the benchmark datasets.

#Entity #Relation #Train #Valid #Test

WNI8RR 40,943 11 86,835 3034 3134

FB15k-237 14,541 237 272,115 17,535 20,466

NELL-995 75,492 200 149,678 043 3992
Kinship 104 25 8544 1068 1074

3.4.2 Evaluation Metrics

As we mentioned in previous section, the goal of the KGE task is to learn effective

low-dimensional representations of entities and relations for link predictions. A com-
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mon example of the task could be to predict the head entity e; given (?,7;;,€;) or
predict tail entity e; given (e;,7;;,7). Here, we make predictions on all the head
and tail entities of the triples in testing set, by ranking the collection of candidate
entities in KG.

In order to evaluate the model performance, we employ three widely used evalua-
tion metrics, namely the mean rank (MR), the mean reciprocal rank (MRR) and the
Hits@QN (the correct percentage in the top N results e.g., Hits@3, Hits@10), to the
study. We evaluate all the models with a “Filtered” setting used in the prior work
(15). The setting is able to filter out other correct triples existed in the training,
validation and testing sets. Specially, given a triple (e;, 75 ;,e;) € T, where the T is a
collection of testing triples, we make rank; and rank; to denote the ranking of head

entities and tail entities, respectively. Thus, we can compute the evaluation metrics

as follows:
1
MR = ﬁ E TCLTL]{?Z‘ + ’I“CLTL]{?]‘ (312)
(Ei,ri’j,Ej)eT
1 1 1
MRR = — E 3.13
2| T rank; + rank; ( )

(ei,n,j,ej)ET

) 1
HitsQN = 37 Z I[rank; < N]
(eirrijies) €T (3.14)

+ I[rank; < N]
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where I[x] = 1 if the condition is satisfied else I[x] = 0. Lower MR, higher MRR

and Hits@N indicate the better performance.

3.4.3 Parameter Settings

Embedding: In order to make fair comparisons, the embedding size applied in
BiGAT is set to be consistent with the prior work (104), and the dimensions of the
entities and relations embeddings are set as 200 for kinship, and 100 for FB15k-237,
WNI18RR and NELL-995.

Hyper-parameters: We use Adam (64) to optimize the BiGAT parameters,
and use the grid search to tune other hyper-parameters on validation set which is
determined by the values from the best performed Hits@10 records. Specifically,
we search the initial learning rate from {0.001,0.0005,0.0002,0.0001}, the batch
size from {128,256,512}, the dropout rate from {0.5,0.6,0.7,0.8}, the number of
attention heads from {1,2,3}, the number of layers from {1,2,3,4}. As a result, we
select the initial learning rate as 0.0005 for FB15k-237 and kinship, and 0.0002 for
WNI18RR and NELL-995. The batch size is set as 512. The dropout rate is set as
0.5, the number of attention heads is set as 2, and the number of BiGAT layers is
set as 3.

Training strategy: Most of the existing KGE models use negative sampling (99)
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as the training strategy, which aims to randomly select some negative triples from
the input KG. However, the performance of negative sampling is heavily dependent
on the quality of selected negative triples. Instead, we apply a more feasible and
effective training method, named 1vsAll training strategy (134), to train our BiGAT.
The 1vsAll sees all the other false entities in KGs as negative head or tail entities to
compute the objective function.

Experimental environment: In this study, the popular deep learning frame-
work Tensorflow, version 1.14, is used to implement our model. All the experiments
in this study are conducted on RTX 2080Ti GPUs. The datasets and codes are

available at https://github.com/sherrybbalonsozhu.

3.4.4 Comparison and Results

We compare our proposed BiGAT model with several strong baseline models pre-
sented in the related work. The baselines include the translation-based methods
(e.g., TransE (15), TransH (190), TransR (88) and etc.), the semantic matching-based
models (e.g., Rescal (111), DistMult (216), ComplEx (167) and etc.), the CNN-based
models (e.g., ConvE (27), InteractE (168) and etc.), the Transformer-based models
(e.g., MLMLM [49]), and the neighborhood-based models (e.g., R-GCN (138) and

KBGAT (104)). The experimental results of our BIGAT and the respective baseline
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models on the two benchmark datasets (WN18RR and FB15k-237) are reported in
Table 3.3. 2

As illustrated in Table 3.3, our BiGAT consistently achieves the best performance
on both the WN18RR and FB15k-237 datasets among various evaluation metrics,
except the Hits@3 and Hits@10 on WNI18RR and the MR on FB15k-237. In com-
parison with the conventional methods, including translation-based and semantic
matching models of TransE and DistMult, our proposed BiGAT obtains significant
improvements. In comparison with the CNN-based methods of ConvE and ConvKB,
our proposed BiGAT still achieves remarkable improvements across various metrics.
In comparison with the neighborhood-based models of KBGAT especially, BiGAT
also achieves great performance gains. These comparison results confirm our ob-
servation that both the bidirectional multi-hop neighborhood information and the
early-stage embedding information modules play significant role in the KGE task.

Aside from that, we also present our experimental results on NELL-995 and

2The recent proposed models (ConvKB, CapsE and KBGAT) suffer from the inappropriate
evaluation issue, which has been found and discussed in (162). In order to make a fair com-
parison, we take the results from (162) for these models. Besides, we also note that the pre-
vious work GAAT (182) reports the better results than our BiGAT on FB15k-237. However,
the results reported in GAAT (182) still suffer from the inappropriate evaluation issue since
it uses a CapsE model as decoder. Moreover, the KBGAT (104) and GAAT (182) involves
the test data leakage during negative sampling. Specifically, they will filter out the negative
triples which will appear in the test data. This issue has been widely discussed in Github:
https://github.com/deepakn97 /relationPrediction/issues/28. GAAT does not provide the source
code and the details of the implementations, making it difficult to directly verify the results. There-
fore, we do not compare GAAT and our BiGAT in Table 3.3.
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Table 3.3: KGE results for KGE on WN18RR and FB15k-237 test sets using various
evaluation metrics. * indicates that the results are taken from (27), T denotes that
the results are taken from (162), all other results are taken from the original papers.

The best results are in bold while the second best scores are in underline.

WN18RR FB15k-237
Methods
MR MRR Hits@l Hits@3 Hits@10 | MR MRR Hits@l Hits@3 Hits@10

TransE (15)* 2300 .243 .042 441 532 323 279 198 .376 465
DistMult (216)* 5110 430 -390 440 490 254 241 155 .263 419
ComplEx (167)* 5261  .440 410 460 510 339 247 158 275 428
ConvE (27) 4187 430 400 440 520 244 325 237 .356 .501
R-GCN (138) - - - - - - 249 151 1264 A17
KBGAN (16) - - 213 - 481 - 278 - - 458
NKGE (176)f 4170  .450 421 .465 .526 237 330 241 .365 510
CACL (116) 3154 472 - - .543 235 .349 - - 487
ConvKB (106)f 3433 249 - - 524 309 .243 - - 421
CapsE (108)1 718 415 - - .559 403 150 - - .358
KBGAT (104)t 1921 412 - - 554 270 157 - - .331
TransMS (218) 6523 - - - 460 249 - - 445
A2N (9) - 450 420 .460 510 - 317 232 348 .486
SACN (140) - 470 430 .480 .540 - .350 .260 .390 .540
TuckER (8) - 470 .443 482 .526 - .358 .266 394 544
MuRE (7) - 475 436 487 .554 - .336 .245 .370 521
pLogicNet (126) 3408  .441 .398 446 537 173 332 231 .367 524
GRank (31) - A70 437 482 .539 - 322 .239 .352 489
D4-Gumbel (209) - .486 442 .505 557 - .300 204 332 496
RotatE (159) 3340 476 428 492 571 177 338 241 375 533
QuatE (226) 2314 488 438 508 582 87  .348 .248 .382 .550
GC-OTE (165) - 491 442 511 .583 - 361 267 .396 .550
InteractE (168) 5202 .463 430 - 528 172 354 .263 - 535
HAKE (230) - .497 .452 516 582 - .346 .250 381 542
ATTH (18) - .486 443 499 573 - .348 .236 .384 540
AutoETER (113) - - - - - 170 344 .250 .382 538
MLMLM (26) 1603 .502 439 .542 .611 411 259 187 282 403
BiGAT (ours) 542 .505  .458 521 .594 91 .366 .270 .402 .558
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Table 3.4: KGE results on NELL-995 and Kinship. The comparisons are from (104).

We reproduce the results of KBGAT using the source code provided in (162).

NELL-995 Kinship
Methods
MR MRR Hits@l Hits@3 Hits@10| MR MRR Hits@l Hits@3 Hits@10
TransE (15) 2100 .401 .344 472 501 6.80  .309 .009 .643 .841
DistMult (216) 4213  .485 401 524 .610 5.26  .516 .367 .581 .867
ComplEx (167) 4600 .482 .399 .528 .606 248  .823 733 .899 971
ConvE (27) 3560 .491  .403 .531 .613 2.00 .833 .738 917 981
R-GCN (138) 7600 .120 .082 126 188 25.92  .109 .003 .088 .239
KBGAT (104) 1087 .469 .386 522 .609 2.61  .755 .631 .859 .968
BiGAT (ours) 761 .531 .456 574 .662 1.94 .835 737 .925 .985

Kinship in Table 3.4. From Table 3.4, we find the similar patterns and derive
similar conclusions as we do from Table 3.3. The results on these two datasets
verify the robustness of our BIGAT again.

It is worth noting that our BiGAT model is significantly different from the baseline
KBGAT (104) model in two folds: first, rather than gathering neighborhood from
one direction solely, our BiGAT model aggregates hierarchical neighbors from both
directions; second, rather than training in a pipe line with a GAT as encoder and a
ConvKB model as decoder, our BiGAT model can be trained in an end-to-end manner

in a unified framework. These differences enable our model to perform better than

the KBGAT.
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3.4.5 Performance for Different Relations

As illustrated in Table 3.5 and Table 3.6, we analyze the model performance for
different relations on both the WN18RR and FB15k-237 datasets. The Table 3.5
contains a list of all details of the Hits@10 results of the KBGAT and our BiGAT
model for each relation. The Table 3.6, following (15), contains a list of all details of
the four classified relations, namely the one-to-one, one-to-many, many-to-one and
many-to-many. It also presents the Hits@10 results for different relation categories.
From these experimental results stated above, we can see that our BiGAT model
derives better results for many relations on the WN18RR dataset. On the FB15k-237
dataset, our BiGAT model also outperforms KBGAT across all relation categories.
These results demonstrate that our BiGAT model is capable of yielding superior

performance over various relations.

3.4.6 Ablation Study

Aside from all above, we conduct ablation studies on four benchmark datasets to
demonstrate each module’s contribution towards the BiGAT model. The results are
shown in Table 3.7. The “Inbound GAT” stands for the BiGAT model that only
takes in inbound-directional neighbors, while the “Outbound GAT” stands for the

BiGAT model that only takes in outbound-directional neighbors. Besides, the “In-
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Table 3.5: The relation prediction results for each relation on the WN18RR test set

using H@Q10.

Predicting Head Predicting Tail

Relations KBGAT BiGAT | KBGAT BiGAT

hypernym 0.210 0.108 0.304 0.435

derivationally related form | 0.964 0.966 0.964 0.968

instance_hypernym 0.339 0.330 0.750 0.893
also_see 0.696 0.804 0.609 0.732
member_meronym 0.537 0.504 0.272 0.256
synset_domain_topic_of 0.245 0.391 0.609 0.818
has_part 0.296 0.556 0.195 0.314

member_of domain usage 0.500 0.909 0.273 0.227
member_of domain region 0.385 0.808 0.077 0.077
verb_group 0.974 0.974 0.949 0.974

similar_to 1.000 1.000 1.000 1.000

bound GAT (k-th hop)” and the “Outbound GAT (k-th hop)” represent the model
performance without hierarchical information attached from inbound and outbound
directions respectively. Specifically, the difference between the “Inbound/Outbound
GAT” modules and the “Inbound/Outbound GAT (k-th hop)” modules is that the
“Inbound/Outbound GAT” utilizes the hierarchical hop embedding information for

updating the embedding representations, whereas the “Inbound/Outbound GAT (k-
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Table 3.6: The relation prediction results for each relation category on the FB15k-
237 test set using HQ10. Following [Bordes et al., 2013], we classify relations into

four groups: one-to-one, one-to-many, many-to-one and many-to-many.

Predicting Head Predicting Tail

Relation categories | KBGAT BiGAT | KBGAT BiGAT

one-to-one 0.473 0.635 0.447 0.598
one-to-many 0.328 0.658 0.091 0.284
many-to-one 0.102 0.444 0.57 0.880
many-to-many 0.309 0.469 0.355 0.596

th hop)” solely utilizes the k-th hop output for updating the embedding representa-

tions.

Table 3.7: Ablation study for all datasets.

WNI18RR FB15k-237 NELL-995 Kinship
Methods
MR Hits@l10 | MR Hits@10 | MR Hits@l10 | MR Hits@10
Inbound GAT 584 .590 99 .544 797 .652 2.10 984
Outbound GAT 602 591 96 .548 824 .659 2.07 .982

Inbound GAT (k-th hop) 607 .581 107 531 873 .644 2.74 .965
Outbound GAT (k-th hop) 605 .582 104 533 866 .643 2.79 962

BiGAT (k-th hop) 603 587 102 .536 857 .655 2.15 980

BiGAT 542 .594 91 .558 761 .662 1.94 .985

In this study, we report the experimental results of the ablation study using
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the same parameter settings. According to the Table 3.7, our proposed BiGAT
outperforms both the “Inbound GAT” and “Outbound GAT”, which reassures our
findings of the significance of neighborhood information over the KGE task. Fur-
thermore, our study also shows that the inclusion of outbound-directional neigh-
borhood information can further strengthen model performance, indicated by the
comparisons between “Inbound GAT” vs. BiGAT. This verifies our conclusion that
outbound-directional neighborhood information plays a role in better relation predic-
tions. Compared to the “BiGAT (k-th hop)”, our BiGAT model obtains remarkable
performance gains on all four datasets. Besides, the “Inbound GAT” and “Outbound
GAT” outperform both the “Inbound GAT (k-th hop)” and “Outbound GAT (k-th
hop)” significantly. These comparisons between stacking of modules show the impact
of hierarchical hop embedding on preventing early-stage information loss, as well as
the effectiveness of the hierarchical information for the KGE task.

Figure 3.3 reports the neighbor distribution over all datasets. On one hand, as
indicated in the figure, a significant amount of nodes hold >= 1 neighbors from both
directions. This demonstrates the necessity of including the auxiliary edges and the
bidirectional neighborhood information for KGE task. On the other hand, we notice
that there is a large number of nodes with zero neighbors from the inbound-direction

on sparse datasets, such as WN18RR and NELL-995. The nature of sparsity can
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Figure 3.3: Neighbor distribution from inbound-direction and outbound-direction for

all datasets.

be alleviated by adding in neighbors from the outbound-direction. As a result,
the BiGAT model can capture richer contextual information and further advance

embedding representations.

3.4.7 Complexity Analysis

Even though our BiGAT model has demonstrated its effectiveness and robustness, it
is also necessary to involve complexity analysis to show our model efficiency. We com-
pute the number of parameters of the baselines and our BiGAT model to investigate

the model complexity of two mechanisms, namely the bidirectional neighborhood
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Figure 3.4: Hits@10 results on WN18RR and FB15k-237 with different number of

BiGAT layers.

information and the hierarchical hop embedding. As presented in Table 3.8, our
BiGAT only needs a slight increase of parameters on all datasets (e.g., 4.805M vs.
4.517M on WN18RR and 2.330M vs. 2.042M on FB15k-237). Although two mecha-
nisms are stacked in our model, our BiGAT is still considered as parameter-efficient.
In fact, the computational complexity mainly relies on the entity embeddings, due

to the large number of entities in KGs.

3.4.8 Impact of different BiGAT layers

Apart from all above, we also conduct experiments on WN18RR and FB15k-237 to

learn how the multi-hop neighborhood information and different BiGAT layers affect
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Table 3.8: The number of parameters on four datasets.

Methods WN18RR FB15k-237 NELL-995 Kinship
Inbound/Outbound GAT 4.518M 2.043M 7.849M 2.473M
Inbound/Outbound GAT (k-th hop)  4.517M 2.042M 7.848M 2.472M
BiGAT (k-th hop) 4.804M 2.329M 8.135M 3.617TM

BiGAT 4.805M 2.330M 8.136M 3.618M

the model performance. The Figure 3.4 shows the Hits@10 results with different
BiGAT layers settings on the WN18RR and FB15k-237 datasets. As we can see
from the figure, our BiGAT model performance increases as the number of BiGAT
layers increases from 1 to 3. We conclude that our model can obtain more useful
multi-hop information by stacking more BiGAT layers. However, the Hits@10 results
stagnates at 3, as nodes further apart could be less relevant and thus introduce more

noise that hurts the overall model performance.

3.5 Conclusion and Future Work

In this chapter, we propose a novel bidirectional graph attention network (BiGAT)
for single graph learning on the KGE task. Our BiGAT takes in the neighborhood
information from both inbound and outbound directions and propagates the bidi-

rectional information to learn multi-hop feature embeddings in an iterative manner.
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On top of that, we apply an attention mechanism to integrate the hierarchical hop
embedding information from every single BiGAT layer into a unified representation.
The hierarchical representation can effectively prevent early-stage information loss
and generate more promising embeddings. The experimental results have shown
the superiority of our proposed BiGAT model over all SOTA methods on four KGE
benchmark datasets.

Last but not least, we believe that there are still two ways to further deepen
this study. Firstly, we could extend the proposed BiGAT model to incorporate
text information with knowledge embedded in KGs to further improve our model.
Secondly, we could also apply our BiGAT to graph-based downstream applications,

such as question answering over incomplete KGs (208).
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4 Learning on Multiple Graphs: GATSs for
Cross-Lingual Knowledge Graphs Entity

Alignments

In this chapter, we dive into the second module of this thesis on GATs for multiple
graph learning. We introduce two advanced GAT-based methodologies, namely the
Contextual Alignment Enhanced Cross Graph Attention Network (CAECGAT) and
the Dual Gated Graph Attention Network with Dynamic Iterative Training (DuGa-

DIT), to tackle the persisting issues in the CEA task.

4.1 Introduction

KG refers to a knowledge base of interlinked entities collection where the data are
stored and integrated in graph structure. These entities and relations are repre-

sented in the Resource Description Framework (RDF) format. KG has been served
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as the core and common denominator of many successful downstream tasks, such
as search engines, personalised search recommendation systems (29, 98, 185, 191),
social network sites, and common NLP tasks of question answering (195) and lan-
guage modelling (231). On one hand, open-sourced KGs, including Freebase (13),
DBpedia (6), WordNet (100), Wikidata (173), OpenCitations (121), ScriGraph (57)
and Microsoft Academic KG (34), are widely adopted to real world applications. On
the other hand, as more human capital and crowd-sourcing strategy being invested
in KG constructions, many cross-lingual KGs have also grown substantially, such as
DBpedia (6), YAGO (130), BabelNet (105) and xlore (187) .

Even though KGs have been applied to many scenarios and downstream tasks,
the large amount of missing facts and links still persist in those existing KGs. Thus,
the incomplete characteristic of KGs also affects the effectiveness of systems and
algorithms that use KGs as the denominator. Under certain sensitive scenarios, such
as the clinical decision support system, missing key entities or significant relations
between entities could result in serious consequences. In the context of cross-lingual
KGs, it is thus important to align those distributed entities among KGs of different
languages. Thus, a more vast in scale and higher in-coverage KG would be built to
tackle single KG’s incompleteness problem (62) and to facilitate other cross-lingual-

based NLP tasks.
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To address the above issues, learning effective KGE for CEA would be a cut-to-
the-point solution. CEA is a task which aims to match equivalent entities across
KGs in different languages. This research domain has attracted considerable atten-
tion and rapid growth in the past few years. KGE refers to a group of methods that
can generate KGE and leverage those embedding representations to make missing
link predictions. The research in KGE was kicked off with a group of translation-
based models. Bordes et al. introduced TransE (15) in 2013. Shortly after, various
extensions of it were introduced, including TransH (190), TransD (59) and TransR
(88) etc.. In parallel, various semantic matching-based methods were also introduced,
including RESCAL (111), Bilinear (58), DistMult (216), ComplEx (167), SME (14)
and NTN (20) etc.. The expressiveness of these two conventional groups of models
have always been restricted due to their shallow structures. Moreover, they rely heav-
ily on qualitative machine translation and feature extractions for entity alignment,
unless the size of embedding increases together. Later on, the research continues
to evolve by introducing multi-layered CNN-based models to tackle the problem.
Some examples of the models involved in this category include ConvE (27), ConvKB
(106), InteractE (168), RSN (44) and CTEA (214). Comparably speaking, these
CNN-based models outperform those conventional ones, despite they still could not

model important structural information beyond the entities.
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Most recently, GNN-based models which could effectively learn and aggregate
node’s neighborhood information have shown their success in the KGE task. A2N
(9), R-GCN (138), KBGAT (104), GraphMatch (212), GCN-Align (188), MRAEA
(96), MuGNN (17), HMAN (217), and AliNet (163) are all lately proposed models
belong to this category. However, most of these models are restricted by modeling
each KG individually with a small number of pre-aligned entities served as seeds to
anchor and link different KGE spaces. Some of these models even apply pre-aligned
seed alignments in objective function optimization only, without making full use of
the seed alignments to capture contextual alignment information. In other words,
the information-rich pre-aligned links across KGs of different languages are largely
under-used. These characteristics of the prior work could result in two issues: 1) The
insufficiency of available seed alignments could restrain their model performances; 2)
The rich contextual information among nodes are useful in KGE tasks but greatly
under-investigated.

We intuitively believe that the equivalent entities across KGs of different lan-
guages should share as many pre-aligned neighbors as possible. As shown in Fig-
ure 4.1, although the “(Gothic language)” entity in Chinese should match with the
“Gothic language” entity in English by literal machine translation. The actual entity

alignment pair of “(Gothic language)”’ should be “Guwich’in language”. If we learn
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from contextual alignments existed among the DBP15K y_ gy, such as “(United
States)” and “United States’, “(Canada)’ and “Canada”, “(Na de nene)’ and “Na-
Dene languages’, “(German language branch)’ and “Athabaskan languages’, one
could easily infer that pair correctly given the entity’s context and neighborhood.
And it also proves the necessity of making full use of the contextual alignments for
entity alignment task across KGs.

Given the problems stated above, GM-EHD-JEA (211) introduced a two stage
reasoning and joint entity alignment model which makes predictions on model-
confident alignment as extra input first, and then makes predictions on those re-
maining hard alignments. Although the algorithm design is rational, it requires
large search space and results in extremely high computational cost. In this work,
we propose two models to overcome these challenges.

First, we introduce Contextual Alignment Enhanced Cross Graph Attention Net-
work (CAECGAT) to tackle the multiple graph learning on CEA task. The CAEC-
GAT makes full use of pre-aligned seed alignments to propagate information across
KGs and jointly learns KGE from KGs of different languages. Specifically, we design
a cross graph attention (CGAT) layer, which includes both a cross-KG aggregation
and an attention-based cross-KG propagation layer, to learn information across KGs.

The cross-KG aggregation layer of CGAT serves to use pre-aligned seed entities to
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transfer information across KGs. This allows embeddings from different KGs to be
mapped to the same semantic space with shared information. The attention-based
cross-KG propagation layer serves to propagate important cross-KG information from
entity’s neighbors. Thus the semantic gap across KGs of various languages can be
minimized.

As illustrated in Figure 4.2, we state that our proposed model is fundamentally
different from conventional GNN models. Conventional GNN methods directly feed
pre-aligned entity pairs to models as objective seed alignments for training. The
contextual alignment information which propagates across KGs of different languages
are neglected. However, CAECGAT divides the available seed alignments to both
objective and contextual seed alignments at the training stage. The model selects
one batch of seed alignments for objective purpose (e.g., entity; in Figure 4.2) and
the remaining for contextual purpose (e.g., entitys and entitys) iteratively. On one
hand, the objective seed alignments still optimizes model parameters effectively. On
the other hand, the contextual seed alignments fulfills cross-KG propagation of entity
information and provides more pre-aligned information.

Second, based on the preliminary study of CAECGAT, we also extend our re-
search and propose an improved method Dual Gated Graph Attention Network with

Dynamic Iterative Training (DuGa-DIT). In Figure 4.1, if neighborhood alignment
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of the “(Gothic language)” entity and the “Gothic language” entity does not exist, it
becomes challenging for CAECGAT to perform cross-KG information propagation
because of the insufficiency of pre-algined entity pairs. Our second model, DuGa-
DIT, mitigates CAECGAT’s problems of information propagation across KGs in a
unified framework. Specifically, we propose a dual KG attention layer which consists
of an intra-KG attention layer and a cross-KG attention layer. The intra-KG atten-
tion layer aims to learn features from node’s neighborhood from each KG individually.
While the cross-KG attention layer aims to consolidate alignment information across
KGs of different languages. The combination of this dual KG attention layer allows
both local neighborhood information and cross-KG information propagation to be
performed from neighbors, even with multi-hops. Furthermore, we include dynamic
iterative training process to our model, which allows score matrices of cross-KG at-
tention to be updated dynamically. Thus, more information across KGs of different
languages can be seamlessly transferred.

The key contributions of this line of work are summarized as follows.

e We propose a novel method, CAECGAT, to tackle the task of CEA. The
CAECGAT learns embeddings and propagates information across cross-lingual

knowledge graphs.

e For the purpose of capturing more cross-KG information, we propose a different
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training strategy where we iteratively divide seed alignments into contextual

seed alignments and objective seed alignments.

The experimental results on the three benchmark datasets demonstrate that
our proposed CAECGAT achieves remarkably better performance than the

SOTA methods.

Based on the preliminary study of CAECGAT, we propose an enhanced method,
DuGa-DIT, for CEA. The DuGa-DIT learns cross-KG embeddings to bridge
the semantic gaps between different KGs by leveraging both neighborhood fea-

tures and cross-KG alignment information.

We also develop a dynamic iterative training process to dynamically update the
cross-KG attention score matrices by iteratively adding new seed alignments,

which allows more cross-KG information to transfer across different KGs.

We conduct extensive experiments on two benchmark datasets to evaluate
DuGa-DIT. The experimental results demonstrate that our proposed method

is effective and robust for the CEA task.
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4.2 Related Work

In order to address the CEA task, we hereby discuss mainly two subfields of related
work: KGE and CEA. The detailed discussions and analyses of these two groups of

existing literature are presented as follows.

4.2.1 KG Embedding

KGE refers to embed entities and relations of KGs into continuous vector spaces.
The goal of KGE is to inherit original structures of entities within the KGs, and
to simplify the process of future manipulation. As the scale and the number of
KGs grow extensively, the KGE task becomes more urgent to support further KG

analyses.

4.2.1.1 Translation-based Methods

Translation-based models are one of the earliest and most important approaches to
the KGE task. Bordes et al. proposed a pioneer model, TransE (15), to demonstrate
the feasibility of KG modeling and to predict missing links, classify various triples,
and model large-scale KGs on one-to-one relations. TransE follows an assumption of
h+r = t, for all triples (h,r,t). Given the simple structure of TransE, it is unable
to model complex relations among entities, such as one-to-N, N-to-one or N-to-N
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relations. Shortly after, various extensions of TransE have been proposed (32, 50,
59, 88, 125, 190, 200, 218). Even though some of these model gain relatively better
results, they also suffer from model complexity increase as trade off. TranSparse (60)
takes advantage of the translation approach by designing a hybrid model to increase
the expressiveness of embeddings from both labelled and unlabelled entities in KGs,
and to address the heterogeneity and imbalance nature within KGs. Instead of
using conventional transfer matrices, TranSparse leverages adaptive sparse matrices
in computation. And it uses the number of entities linked by various relations to

calculate the sparse degrees of these matrices.

4.2.1.2 Semantic Matching Methods

Semantic matching methods aim to calculate semantic similarities using vectors or
matrices. RESCAL (111) is the first KGE model which leverages a three-way tensor
factorization to compute triples. Bilinear (58) is a model where entities are associated
with vectors and relations are modeled by matrices. DistMult (216) confirms the
fact that the best relational semantics are captured when the respective embeddings
are learnt by bilinear objectives. The model also characterizes the composition of
relations by the multiplication of matrices. Taking a similar approach as DistMult,

ComplEx (167), which is also known as an extension of RESCAL, uses complex
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valued embeddings to tackle binary relational problems of symmetry and asymmetry.
SME (14) uses both linear and bilinear mattching blocks in neural networks to encode
the interactions among entities and relations. NTN (20) exposes the prior study
(66) to a multi-lingual perspective. KrompaB (70) enhances experimental results on
link prediction tasks by incorporating type-constraints prior knowledge into various
SOTA latent variable methods. KR-EAR (87) models correlations and predictions
on entities, relations and attributes to distinguish attributes and relations within a
single knowledge base. Aside from all above, other prior work belong to this category

include but are not limited to HOLE(109), ProjE(145), etc..

4.2.1.3 CNN-based Methods

CNN-based models aim to generate more expressive embeddings given its high pa-
rameter efficiency. ConvE (27) models local interactions between head entity and
relation with a 2D convolutional operation. The model uses multiple non-linear fu-
ture learning to reshape the head entity and relation into 2D matrices for semantic
expressions. Similarly, by representing triples into a three-column matrix, ConvKB
(106) filters out different feature maps. The feature maps are then consolidated
to generate feature vector that represents triples before multiplying with weighting

vectors to derive final scores. As a result, ConvKB not only captures global re-
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lations among the KG, but also captures translation features between entities and
relations. InteractE (168) enhances the model performance further by increasing
interactions between entities and relations embeddings. RSN (44) and CTEA (214)
are example models which utilize CNN-based deep neural network models to tackle
the KGE task. Context-aware CNN (116) proposes to improve the KGE results by
incorporating neighborhood information. CapsE (108), CoKE (179) and Relncep-
tionE (202) are also CNN-based KGE models belong to this category. Even though
these CNN-based methods show promising results and performance improvement
over translation-based and semantic matching models, most models belong to this
category also share a common problem of modeling each triple independently. This

characteristic causes plenty of latent information loss from KGs.

4.2.1.4 Methods Using Neighborhood Information

Neighborhood information-based models learns embeddings by absorbing entities’
neighborhood information. Recently, a number of models released on this track have
shown great performance gains (9, 104, 107, 138, 140, 176). A2N (9) obtains query
specific neighbors using an attention mechanism. R-GCN (138) is the first model
that leverages the GCNs to model multi-relational data among KGs. KBGAT (104)

utilizes GAT (170) to assign different importance scores to different neighboring
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nodes. As an extension of TransE, TransE-NMM (107) borrows the translation
model concepts while taking in neighboring entities in the modelling process. NKGE
(176) utilizes semantic and topological features of an entity to tackle the KGE task
with a gating mechanism. SACN (140) learns neighborhood information via local
aggregation to generate more expressive representations with embedded GCN and

ConvE model concepts.

4.2.1.5 Methods Using Relation Paths/Literals

The last category of KGE models takes relation paths or literal approaches to
learn and improve embeddings from KGs. DeepPath (207) leverages the reinforce-
ment learning approach to capture multi-hop relation paths and global information.
RTransE (37) and PTransE (86) attempt to leverage multi-step relational paths to
complete KGs, while SimplE (63) and RotatE (159) tackle the same issue by follow-
ing same billinear model paths. Among all the models that learn KGE with literals,
TransEA (199) jointly learns entity relations and numeric attributes with a com-
bination of attribute embedding and translation-based embedding model. Built on
top of the existing latent feature approaches, LiteralE (68) stacks an extra simple
module on the model architecture where literals can be incorporated directly into

the embedding learning process with a parameterized function. In order to integrate
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different latent, relational and numerical feature types, KBLRN (38) proposes to

combine neural representation learning with probabilistic product of expert models.

4.2.1.6 Summary and Comparisons

To summarize, the five groups of KGE approaches have their own pros and cons.
Translation-based models can preserve structural information well while learning the
embeddings. However, as the complexity grows, the number of parameters and com-
putational cost can grow substantially at the same time. Semantic matching models
are fast and easy to be scaled towards the entire KG given their shallow structures.
However, there is a trade off in between it and the capability of capturing more
expressive features. CNN-based models can generally perform better than the above
two categories in learning expressive features. However, most of the existing studies
model each triplet individually, which causes severe latent information loss problems.
Neighborhood information-based models have demonstrated their model superiority
over cohorts in the past few years. However, most of the existing models are impeded
from further performance improvement due to two reasons. First, many prior stud-
ies consider the inbound directional neighbors of a specific entity solely, and tend to
underrate the contexts generated from the outbound directional neighbors. Second,

most of these models solely apply the k-th hop output to learn multi-hop embed-
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dings, which suffers from great early-stage information loss at graph attention steps.
Models using relation-path or literals can exploit long-term dependency of entity
relations spanning over all the relational paths, however, their feature expressiveness

is still restrained.

4.2.2 Cross-lingual Entity Alignment (CEA)

Aside from KGE, another line of related work is to align entities across multiple input
KGs of different languages. Traditional approaches to entity alignment are mainly
human-centric at the cost of time, labor and flexibility (80, 95, 97, 172). However,
as the size of KGs grows substantially over time, those traditional methods become
more inapplicable and unable to scale.

Recently, researchers have developed many advanced deep learning-based mod-
els to tackle the CEA problem. Based on whether the models take in structural,
neighborhood or extra information of the KGs, we can further classify the existing
models into three categories, namely the embedding-based methods (Group A), the
neighborhood information-based methods (Group B), and the methods using extra

information beyond structures (Group C).
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4.2.2.1 Embedding-based Methods

Embedding-based models tap on the embedding characteristic to view relations be-
tween entities as translations between heads and tails.

For the CEA tasks specifically, JE (48) and MTransE (22) are the pioneer models
belong to this category. JE (48) learns a unified vector space for different KGs using
KG structures solely. Based on TransE, MTransE (22) proposes to embed entities
and relations of each individual KG into an embedding space first. Then, the model
learns transitions and minimizes distances between seed alignment embeddings of
different KGs to map them into cross-lingual counterparts. Extending from the
MTransE model, IPTransE (235) applies iterative methods to add in new alignments
as training data for exploiting unlabelled data to a deeper level. After that, it maps
those entities and relations of different languages to unified vector space using same
parameters.

Given that the limited availability of labelled data among KGs, more studies
have tried to exploit unlabelled data using semi-supervised learning, co-training, and
bootstrapping approaches. Semi-supervised entity alignment method (SEA)(117)
proposes to bring both labeled and unlabeled entities information into analyses for
the CEA task. BootEA (161) solves the labelled data limitation problem by improv-

ing KGE methods with limit-based loss and bootstrapping techniques. Similar to
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[PTransE (235), BootEA also utilizes iterative methods to add in new alignments as
training data.

Besides, AKE (82) proposes to use an adversarial knowledge embedding to jointly
learn representations, alignment mappings and adversarial modules. MMEA (146)
proposes to take a novel multiplicative approach to jointly model entities and re-
lations from different KGs. JarKA (19) aims to use attributes to learn entity em-
beddings. And OTEA (119) aims to utilize an optimal transport-based method to

optimize entity-level and group-level losses simultaneously.

4.2.2.2 Neighborhood Information-based Methods

Lately, more researchers and scholars aim to enrich embeddings by aggregating neigh-
borhood information with graph-based methods. GM (212) proposes to represent
entities and neighbors in topic entity graphs by viewing entity alignment as a graph
matching task. This method leverages graph attention-based method to practise
matching entities across two topic entity graphs. KECG (79) embeds entities from
different KGs into a unified vector space with GAT (170) framework of shared pa-
rameters. Then, it applies TransE (15) architecture to implicitly complete different
KGs in a joint manner.

MuGNN (17) aims to complete KGs by rule-based methods and to use multiple

83



channel graph attentions to reconcile the structural differences among input KGs.
AliNet (163) aggregates multi-hop neighborhood information by gating and attention
mechanisms. Specifically, it takes both heterogeneity and differences among coun-
terpart entities neighbors into account, and expands the overlaps between entities
neighborhood structures to attention-based neighbors in distance. As a result, the
model derives final entity alignment by applying a gating mechanism to its distant
and direct neighbors, and a relation loss function for improving entity representa-
tions. HGCN-JE (197) utilizes entity embeddings learnt by GCN (65) to approximate
relation embeddings. Thus, better entities and relations embeddings are learnt in a
joint manner.

MRAEA (96) learns relation-aware representations by using a relation-aware self-
attention mechanism and adds in new alignments for training iteratively by adopt-
ing a bidirectional iterative training strategy. NAEA (236) gathers neighboring in-
formation at subgraph-level with an attention mechanism and proposes a NAEA
neighborhood-aware attention representation method for learning effective neighbor-
hood representations. RDGCN (196) takes advantage of the GCN (65) architecture
to incorporate both relation interactions across KGs and dual relation counterparts
in the computation. GM-EHD-JEA (211) takes an easy-to-hard decoding strategy

to predict new alignments iteratively while addressing many-to-one problem using
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a joint entity alignment algorithm. NMN (198) captures informative neighborhood
features by the application of GCNs and a neighborhood sampling method. REA
(118) proposes to deal with noise labels in CEA task with a reinforced training ap-
proach. SSP (112) captures both global and local feature by leveraging GCNs and
translation-based model architectures. HyperKA (158) proposes to extend GCNs
from the Euclidean space towards a hyperbolic space for the purpose of modelling
KG hierarchical structures better. AttrGCN (92) proposes to learn attribute and
relation triples in a unified framework with an attributed GNN. Other related work

of this category include but are not limited to, (9, 104, 116, 138, 227).

4.2.2.3 Methods Using Extra Information Beyond Structures

The third category of methods are those designed to take in extra information, such
as attributes, entity descriptions, etc., beyond structures. JAPE (160) aims to learn
entity representations from both structural information and attribute information of
different KGs in a joint manner. GCN-Align (188) leverages GCN (65) structure
to learn entities’ neighborhood information and cross-KG equivalent relationships
between entities by incorporating entities and attributes information. HMAN (217)
learns entity embeddings by employing multiple aspects of structures, relations and

attributes. Moreover, they further enhances model performance by leveraging literal
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descriptions of entities and fine-tuning pre-trained multilingual BERT (28). The best
experimental results from their study are generated by an integration of HMAN to
BERT. For the sake of fair comparisons, we only compare our proposed models to
the results of HMAN model solely without stacking the BERT model. KDCoE (21)
tackles the CEA problem by co-training two parallel embedding models, namely the
cross-lingual KGE model and the cross-lingual description embedding model. JarKA

(19) also proposes to take in attributes information to perform the CEA task.

4.2.2.4 Summary and Comparison

In summary, all three categories of CEA methods listed above have certain advan-
tages and disadvantages. The embedding-based models enjoy their simple structures,
while suffering from model expressiveness restraints due to the shallow structures.
The neighborhood information-based models, which aggregate neighboring informa-
tion of an entity, generally demonstrate promising results on the CEA task. How-
ever, most of the existing approaches only capture neighboring information from
fixed graphs, which largely limit the capability of obtaining multi-hop neighborhood
features for various individual relations. For the methods using extra information
beyond structures, one of the biggest obstacles is that those extra information data

might not always be available for learning in real world applications. Thus, no matter
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Table 4.1: A summary of the CEA models involved in this study.

Groups Methods Embedding Model Extra Information Initialization
JE TransE No Random
MTransE TransE No Random
Group A IPTransE TransE No Random
BootEA TransE No Random
MMEA ComplEx No Random
OTEA TransE No Random
KECG GNN+TransE No Random
MuGNN GNN No Random
AliNet GNN No Random
HyperKA GNN No Random
NAEA TransE No Random
SSP GNN+TransE No Random
Group B MRAEA GNN No Random
GM GNN No Pre-trained
RDGCN GNN No Pre-trained
HGCN-JE GNN No Pre-trained
NMN GNN No Pre-trained
GM-EHD-JEA GNN No Pre-trained
CAECGAT GNN No Pre-trained
AttrGCN GNN No Pre-trained
JAPE TransE Attribute Random
GCN-Align GNN Attribute Random
JarKA TransE Attribute Random
Group C
HMAN GNN Attribute Random
KDCOE TransE Description Random
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how good the models are designed, the feasibility of using these methods is largely
affected. Table 4.1 presents and summarizes the key methods belong to these three
categories. On contrary to the methods described above, our proposed CAECGAT
and DuGa-DIT are able to learn cross-KG embeddings and to bridge semantic gaps
between KGs effectively by leveraging both neighborhood features and cross-KG

alignment information.

4.3 Preliminaries

Mathematically, we define a knowledge graph (KG) as G = (E,R,T) which
comprises of E as a collection of entities, R as a collection of relations, and T as a
collection of triples. Thus, we refer Cross-Lingual KG Entity Alignment as the
task of deriving a set of high precision and high recall pairs of entities (e;,e2) €
(E1 x E) from two KGs Gy = (Ei1,Ry,T1) and Gy = (Es, Ry, Ts), in different
languages. These two pairs thus can be considered as same real world entities. The

list of notation list that are used in the following chapter is presented below.

4.4 Methodology

In this section, we aim to elaborate our proposed CAECGAT and DuGa-DIT model

into details.
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Table 4.2: Notation List.

Notation Description

G1,Go The knowledge graphs in different languages.

FE1,Es The entities in G and Gs.

Ry, Ro The relations in G and Gs.

T, T, The triples in G; and Gs.

A The seed alignments.

Actes Ao The contextual and objective seed alignments.

As A’ The newly added contextual and objective seed alignments.

E, Es The initial entity embeddings for G; and Ga.

€1, The final entity vectors for e; € G; and ez € G2 in CAECGAT.
Ef, E% The final entity embeddings for G; and Gy in DuGa-DIT.

L The number of dual KG attention layers.

e, e The initial entity vectors for e; € G and e3 € Go.

€1, The final entity vectors for e; € G; and ez € Ga.

Ne, A set of neighbors for entity e;.

M, M, The intra-KG attention score matrices for G7 and Gs.

Mo The cross-KG attention score matrices from G1 to Gs.

Moy The cross-KG attention score matrices from G5 to Gy.

H{, H, The neighborhood features for G; and G obtained by the [-th intra-KG attention layer.
Cll, Cé The cross-KG alignment features for G4 and G in the [-th cross-KG attention layer.
gate The gate mechanism to combine cross-KG embeddings.
crossAggr The function to aggregate cross-KG information.

crossAtt The function to propagate cross-KG information in different KGs.
L(¢; Aosj) The loss function of the proposed CAECGAT

DuGa-DIT model.

®

D(&,€2)

The trainable parameters in the model.

The L; distance between entity vectors €; and €.
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Attention-based Cross-KG Propagation

Optimization and
Prediction

Contextual seed alignments

L 1
A CGAT layer Stacking multiple CGAT layers

Figure 4.3: The architecture of the proposed CAECGAT model. The cross-KG ag-
gregation layer is used to transfer cross-KG information across different KGs through
contextual seed alignments. And the attention-based cross-KG propagation layer is
used to propagate the cross-KG information in these two KGs. By stacking multiple

CGAT layers, the cross-KG information can be propagated to multi-hop neighbors.

4.4.1 CAECGAT

In this subsection, we first give an overview of the CAECGAT system architecture.
Then, we present a CGAT layer which contains a cross-KG aggregation layer and an
attention-based cross-KG propagation layer. Lastly, we show the optimization and

prediction training processes adopted in our method.

4.4.1.1 Model Overview

In Figure 4.3, we present the architecture of our proposed model, CAECGAT. The

CAECGAT comprises of multiple CGAT layers where each of them contains a cross-
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KG aggregation layer and an attention-based cross-KG propagation layer. Given a
set of pre-aligned entity pairs from two cross-lingual KGs G and G5, our proposed
model uses the set of pre-aligned entity pairs to transfer entity information across
different KGs via the cross-KG aggregation layer. This operation helps to share
cross-KG entity embeddings by mapping entity embeddings from different KGs to
the same semantic space. After that, the CAECGAT gathers important cross-KG
and neighborhood information via the attention-based cross-KG propagation layer.
This operation allows cross-KG information to propagate across two different KGs.
As a result, the entire architecture of CAECGAT can learn multi-hop cross-KG

information by stacking the CGAT layers.

4.4.1.2 Cross-KG Aggregation

Zooming into the first layer of the CGAT, our model makes use of the seed alignments
to transfer graph information across different KGs via the cross-KG aggregation layer.
With the help of those pre-aligned entity pairs, we can predict new entity alignments
effectively by fully leveraging pre-aligned neighbors as contextual information. Even
though the cross-KG alignment information is effective, it has been largely neglected
by many prior methods.

Formally, the two different KGs are represented as G; = (E1, Ry, T1) and Gy =
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(Es, Ry, Ty), and the collection of seed alignments are represented as A = {(ey, e2)|e; €
Ey, ey € Ey}. In this section, we represent the entities from two KGs of different
languages as k-dimensional embedding matrices E; and Es. In the training process,
we divide all the seed alignments into two groups, namely the contextual seed align-
ments Aq, and the objective seed alignments A,,;. The contextual seed alignments
in A., aims to transfer information across different KGs. Then, the cross-KG infor-
mation generated by A, are applied as contextual alignment information to make
predictions on matching scores for entity pairs in the objective seed alignments, A;.

For each pre-aligned entity pair (e, e3) € Au,, our model uses a gating mechanism
to update the respective embeddings by aggregating their own embeddings and their

counterpart entities of the other KG in different language:

hl, = gate(el,eb) =g\ e\ + (1 —g}) €
(4.1)

hl, = gate(eh,el) =g} -eb+ (1 —gl) €

where €l and el are the vectors of entity e; and e, in the I-th layer, ¢} and ¢ are
the gate mechanism to control how much information flow across KGs, which is

computed as:

g1 = o(Wilei[|es] + b})
(4.2)

g5 = o(Wh[eq||es] + b))

where o is the sigmoid activation function which can constrain the output values
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within the range of 0 to 1, Wf{m} and bl{m} are the parameters, || denotes the
concatenation operation.

For those entities with no pre-aligned counterparts in the other KG, our model
preserves their original embeddings in the cross-KG aggregation layer. Thus, this
cross-KG aggregation method allows us to derive cross-KG embeddings H! and H),
which share entity representations for equivalent entities from different KGs. For-

mally, we compute the cross-KG embeddings as follows:

Hll = CTOSSAggr(Ellv ElZv Actx)
(4.3)

Hl2 = crossAggr(EZQ, Ell, Actz)

where crossAggr denotes the cross-KG aggregation layer, which can be formulated

as

gate(el,el), if (e1,e9) € Aue

crossAggr(et EL, Ayy) = (4.4)

el, otherwise

and crossAggr(el, Et | A,) is computed in a similar form.

4.4.1.3 Attention-based Cross-KG Propagation

Recently, GNNs have been successfully applied for entity alignment. Those prelimi-
nary studies use GNNs to propagate neighborhood information in a monolingual KG

but fail to take full use of seed alignments to alleviate the semantic gaps between
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different KGs. In this study, we attempt to jointly learn the entity embeddings and
to propagate cross-KG information in different KGs.

Zooming into the second layer of the CGAT, our model uses GNNs rather than
information from single lingual KG to practice cross-KG information propagation.
Inspired by GAT, CAECGAT aggregates neighboring features at the attention-based
cross-KG propagation layer. This layer serves to choose the most significant shared
neighbors across KGs of different languages to enhance the entity embeddings. Then,
our model achieves to alleviate semantic gaps by emphasizing on shared neighbors
with cross-KG information and eliminating noise neighbors.

Given the entity embeddings output of the cross-KG aggregation layer, e.g., H!
and H}, for two KGs G and G, CAECGAT utlizes a graph attention mechanism to

update entity embeddings by aggregating neighborhood information:

E/™ = crossAtt(H,, G)
(4.5)
ES™ = crossAtt(HY, Gy)

where crossAtt is the attention-based cross-KG propagation function. For each entity

e1 € G, the output feature of crossAtt function is generated by gathering the cross-

94



KG neighborhood embeddings using a weighted sum function:

el = crossAtt(crossAggr(E, EL, Ayy), e1)
= crossAtt(HY, e;) (4.6)

:RGIU(hlel + Z alkhlek)

ekeNel

where Relu (40) is the activation function, N, is a set of neighbors of entity e,
and oy is the normalized attention weight for the neighborhood entity e, which is

computed as:

exp(s(hl , hl ))

o k‘ _= er’ 47
b S exp(s(h, b)) 0

where s is the scoring function which is denoted as:
s(hl ,h! ) = LeakyRelu(v’ [hl ||l ]) (4.8)

where v is the attention vector, LeakyRelu (93) is the activation function which is
widely used in graph attention mechanism. The crossAtt function for the entities in
KG G5 is computed in a similar form.

Formally, we denote the update rule of the cross-KG aggregation and the cross-

KG propagation layers in a CGAT layer as follows:
E\" = crossAtt(crossAggr(EL EY, Ayy), G1)

(4.9)
El;l = crossAtt(crossAggT(Elg, Ell, Actz), G2)
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From above, we derive new entity embeddings E; = El and E, = EZ from the
CGAT layer which contains L cross-KG aggregation layers and L attention-based
cross-KG propagation layers. These new entity embeddings include information from

both cross-KG and multi-hop neighborhood.

4.4.1.4 Optimization and Prediction

In order to ensure the learnt embeddings from equivalent entities of different KGs
are located close to each other, CAECGAT makes full use of seed alignments as
contextual alignments in both training and prediction stages.

In the training stage, the objective seed alignments A,; and margin-based rank-

ing loss function are applied to model optimization, which is denoted as:

L(¢p; Apj) = Z [D(e1,82) + A — D(&1,8;)]+

(e1,62)EAq;

(4.10)
+ ) [D(&1,8) + A - D(e;, &)l

(e1,e2)€Aop;

where [z]+ = maz{0, x}, ¢ denotes the parameters in the model , (e, e; ) and (e, e3)
are the negative entity alignment pairs obtained by randomly replacing the positive
entity e; or ey, & € E; and &, € E, are the vectors of e; and ey, D(€,,8;) = ||6;—&||1
denotes the L distance function, A > 0 is the margin hyper-parameter.

To give a clear picture of our CAECGAT, we present our model algorithm details

in Algorithm 1. It is worth noting that the contextual seed alignments A, and ob-
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jective seed alignments A,,; are in dynamic manner during training. In fact, in order
to ensure that all the seed alignments can be applied in loss function optimization,
the contextual and objective seed alignment sets are set to be changed dynamically.
All the seed alignments in A are divided into different batch seed alignments. For
each optimization step, our model randomly selects one batch seed alignment for ob-
jective purpose Ay, and the rest are naturally grouped as contextual seed alignments
Agz. The operation is repeated until the maximum of training epochs is reached.
Details of this process are illustrated in line 2 to 11 in the Algorithm 1.

In the prediction stage, given test entity e; (or ey) of KG G (or Gs), all the
respective entities in another KG Gy (or GG1) are ranked based on the L; distance.
The L, distances are computed by entity vectors E; and E, generated from our
CAECGAT model. In this stage, all the pre-aligned seed alignments in A can be
used as contextual seed alignments, called A., = A. This process is illustrated in

line 12 to 13 in Algorithm 1.

4.4.2 DuGa-DIT

CAECGAT (203) presented above serves as a preliminary study of our DuGa-DIT
model. CAECGAT designs the system so that it can jointly learn embeddings by

using pre-aligned seeds to propagate information across KGs. However, we dis-
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Algorithm 1 CAECGAT Model

Input: Given KGs G; and G2, as well as the initial entity embeddings E1, Ey and pre-aligned seed alignments A.

Output: The final entity embeddings E1, Eo and parameters ¢.

1: Let E9 = E; and EJ = E,.

2: repeat
3: Select a batch seed alignments as objective seed alignments Aobj and the rest are used as context seed alignments Ac¢g.
4: for Il =1 to L do
5: it = At A E{,EL, A G1);
: 17 = crossAtt(crossAggr(E], Ey, Acta), G1);
6: ELF = A Aggr(EY, EL, A G2);
: o = crossAtt(crossAggr(Ey, Ey, Acta), G2);
7 end for
8:  Set E; = EY and Ep = EL
9: Compute loss function L£(¢; Aobj)-

10: Optimize parameters ¢ in CAECGAT model.
11: until reach the maximum number of training epochs
12: Set Acte = A.

13: Use the learned CAECGAT model to predict the final entity embeddings E; and Eg. =0

cover that information propagation for multi-hop neighbors can be important, so as
making full use of the pre-aligned seed alignments in both training and prediction
stage. Therefore, we aim to optimize our prior study by mainly two ways. First,
we introduce Dual Gated Graph Attention Network with Dynamic I[terative Training
(DuGa-DIT) to learn cross KGE and to bridge semantic gaps between KGs with more
effective information propagation and dynamic iterative training. Second, we aim to
run experiments on more benchmark datasets with various settings and scenarios to
prove the effectiveness and robustness of our newly proposed model.

In this subsection, we first give an overview of the DuGa-DIT system architecture.
Then, we present the two attention layers, namely the intra-KG attention and the

cross-KG attention. We also introduce the gated feature update that helps to yield
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new entity embeddings from the above two layers. Lastly, we show the optimization,

prediction and dynamic iterative training processes adopted in our method.

Iteratively update the contextual seed alignments

/
| \ Cross-kG
I / Attention

Optimization

and Prediction

Q ®

0
Jolio)

Contextual seed alignments

Stacking Multiple Dual KG
A Dual KG Attention Layer Attention Layers

Figure 4.4: The architecture of the proposed Dual Gated Graph Attention Network
with Dynamic Iterative Training (DuGa-DIT). The dual KG attention layer consists
of a intra-KG attention layer and a cross-KG attention layer. The intra-KG attention
layer is used to learn neighborhood features for each KG. And the cross-KG attention
layer is employed to collect alignment information across two KGs. By stacking
multiple dual KG attention layers, the local neighborhood and cross-KG alignment

information can be propagated to multi-hop neighbors.

4.4.2.1 Model Overview

The Figure 4.4 demonstrates the system architecture of our proposed model, DuGa-

DIT. The system comprises of multiple dual KG attention layers where each one has
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a component of a cross-KG attention layer and an intra-KG attention layer. Given
two input KGs G; and Go, and a set of seed alignments across the KGs, the cross-
KG attention layer serves to collect useful alignment information across KGs, while
the intra-KG attention layer serves to collect those neighboring features. In this
way, both intra-KG and cross-KG information are collected. And the multiple dual
KG attention layers, as a whole, serve to multi-hop feature aggregation. After that,
a dynamic iterative training process is applied to our DuGa-DIT to continuously
update the cross-KG entity alignments. And we take advantage from this process to
accumulate more cross-KG alignment features.

Given two KGs of different languages Gy = (Ey, Ry, Th) and Gy = (Es, Ry, T3),
and a collection of seed alignments A = {(e1,ez)le; € Ei,ea € Es}, we express
the entities of the KGs as k-dimensional embedding matrices, E; and E;. In the
training process, we divide the seed alignments into two parts, similar to CAECGAT,
namely the contextual seed alignments A, and the objective seed alignments Ag;.
The contextual seed alignments, A, serves to transfer information across two KGs.
Therefore, the A, provides cross-KG information which can be utilized as contextual
alignment information. It further serves to make predictions on entity pairs’ matching

scores in those objective seed alignments in A;.

100



4.4.2.2 Intra-KG Attention

In DuGa-DIT, it designs an attention-based graph attention mechanism to generate
features from each single lingual KG, named the intra-KG attention layer.

Given two KGs of different languages G| and Go, M} and M), denote the nor-
malized attention matrices respectively for G; and G5. In order to update entity
embeddings for every single KG, the model aggregates significant neighboring fea-

tures through an intra KG attention layer, computed as:

H" = o(MLE/ W)
(4.11)
Hy = o (MyE, W)
where W' is the transformation parameters and o is the activation function (e.g.,
Relu (40)), and ! denotes the [-th layer.

Note that the normalized attention matrices are computed by GATs. The GATs
compute scores for every single neighboring entity first, and normalize scores for all
the neighboring entities after completed. Mathematically, each element in M! is
computed as:

exp(sﬁ j)

M![i,j] = =———21— 4.12
1[ ] Zj/ eXp(Si-jj/) ( )

where 327 ; 1s the attention score between the i-th and j-th entities, which is computed
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as:

LeakyRelu(v'[e}]|e}]) e; € A,

—00 otherwise

where LeakyRelu (93) is an activation function that is widely used in graph attention
layer, v is the attention vector, N, is a set of neighbors for entity ¢;, e; and e; are
the vectors for entity e; and e;, respectively. The normalized attention matrix M)

for G5 can be computed in a similar manner.

4.4.2.3 Cross-KG Attention

The intra-KG attention layer above only serves to capture structural features locally
from single language KG. This is not sufficient for our CEA task. Therefore, our
DuGa-DIT stacks it with a novel cross-KG attention layer which utilizes the graph
attention across two KGs to perform cross-KG alignment information aggregation.
In this manner, our model can use the pre-aligned seed alignments fully and con-
sider these pre-aligned seed alignments as edges to link up the two KGs of different
languages.

Mathematically, given the contextual alignments A..., our model utlizes cross-
KG attention layer to construct the respective cross attention matrices from G to

G5 and from G5 to G;. The M, denotes the attention matrix from G to G5 and
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every single element of My, is computed as:

exp(c; ;)
]
>_yexp(c ) +6

Myli, j] = (4.14)

[

where § = 1le~?® is a smoothing factor, ¢;; is the cross-KG attention score between

the i-th entity in GGy and the j-th entity in G9, which is caculated as:

LeakyRelu(vT[eﬁiHeéj]) (€11, €25) € Acta
4= (4.15)

17‘7

—00 otherwise

where ey; is the i-th entity in Gy and ey; is the j-th entity in G, elli and elzj is the
vector representation of e;; and ey; in the [-th layer, respectively.

Based on above, cross-KG alignment features for G; are collected from the at-
tention score matrix My, after graph attention operation. Details of the operation
are denoted as:

Cit = o(ML,ELWY) (4.16)

where W' is the linear transformation parameters in cross-KG attention layer.

Similarly, the cross-KG alignment features for G5 are computed as:
Ci = o(MLE!W!) (4.17)

where Moy, is the attention score matrix from KG G5 to GG1, which is obtained in a

similar way with Ms.
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With the cross-KG attention in our DuGa-DIT architecture, it allows the equiv-
alent entities across different KGs to have shared cross-KG features, which can be
propagated across KGs. This layer of operation largely enhances results of entity

alignment task.

4.4.2.4 Gated Feature Update

Intuitively, semantic gaps can be largely reduced by utilizing the neighboring fea-
tures, which are resourceful factors to model local structures of a mono-lingual KG,
and the cross-KG features, which are resourceful factors to transfer alignment fea-
tures across different KGs. Thus, our proposed DuGa-DIT integrates both features
into a gated feature update mechanism which serves to update entity embeddings

effectively. Mathematically, the updating rule of our method is formulated as:

Ef'=H{" g +C" (1-g)
(4.18)

ES =HM gy + G- (1 - go)
where - is the element-wise multiplication, g; and gy are the gate mechanism for G

and G, respectively, which are obtained by concatenating the neighborhood features

and cross-KG alignment features, and followed by a non-linear transformation:

g1 = 0(W,[H"||C"'] + by)
(4.19)

g2 = Q(Wg[Hl;lHClQH] + bg)
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where ¢ denotes the sigmoid function, W, and b, are trainable parameters.
In our work, L number of dual KG attention layers are stacked to generate both
neighborhood and cross-alignment features propagation. As a result, DuGa-DIT can

effectively generate new entity embeddings of EX and EZ.

4.4.2.5 Optimization and Prediction

In this work, DuGa-DIT aims to apply the contextual seed alignments as input and to
apply the objective seed alignments as parameters optimizations. The loss function

is defined as:

L(G; Ams) = Y [D(E1,8) + A= D(&,8)];

(e1,e2)€Aop;

(4.20)
+ ) [D(@1,&) + A - D(e;, &)l

(e1,e2)€Aop;

where [z]; = max{0,z}, ¢ denotes the parameters in the DuGa-DIT model , (e1, €5 )
and (e], ey) are the negative entity alignment pairs obtained by randomly replacing
the positive entity e; or ey, & € Ef and & € EL are the vectors of e; and ey,
D(€;,€;) = ||€; — €3]|; denotes the L; distance function, A > 0 is the margin hyper-

parameter.
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4.4.2.6 Dynamic Iterative Training

In real life scenarios, it is difficult to train alignment models due to the insufficiency
of available seed alignments. This characteristic leads to sparsity problems of the
cross-KG attention score matrix My, and My;. It can lead to the fact of capturing
less expressive cross-KG alignment features. Prior works (96, 161, 211, 235) have
proposed to feed in new alignments predicted by training model iteratively. In this
study, our proposed DuGa-DIT dynamically updates both contextual and objective
seed alignments with iterative methods. One assumption is that if and only if e; and
e; are the nearest entity to each other mutually, this entity pair (e;, e;) is defined as
a new alignment. Aligning with prior work (96), DuGa-DIT implements the bidi-
rectional iterative strategy to select the new alignment pairs. Significantly different
from prior work, our proposed method applies the newly added alignment pairs to
update both cross-KG attention score matrices and objective functions dynamically.

Mathematically, A" denotes the newly added contextual seed alignments, and

ctx

every attention score cﬁJ of the cross-KG attention score matrix MY, is updated by:

LeakyRelu(VT[eluHele]) (€11, €25) € Atz |J AT

ctx

d. = (4.21)

Z?]

—00 otherwise

Similar to above, the cross-KG attention matrix M), can also be updated this

way. As a result, our model is capable of generating more resourceful cross-KG
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alignment information and adding new objective seed alignments A5 to update the

new)

objective function, represented in L(¢, Aoy; (J Apy;

To give a clear picture of our DuGa-DIT, we present our model algorithm details
in Algorithm 2. The A™" is set as an empty set at the 1st iteration, shown in
Line 1. In the training stage, DuGa-DIT dynamically splits seed alignments into two
groups, Ag, and A,;. This categorization allows us to take full advantage of the seed
alignments to train the model, shown in Line 5 to 6. Line 7 to 12 shows the process
of updating entity embeddings with L layers of dual KG attention. Then, line 13
to 14 demonstrate how objective function computation and parameter optimizations
are done with Ag; and Apf” in the DuGa-DIT model. After the training stage of
DuGa-DIT is done, new seed alignments are predicted to update A™*. And the
A" is used in the next iterations.

In the prediction stage, as shown in Line 18, Ay, = A|J A™" was set. Given
a test entity e; (or ey) from KG G; (or Gy), all entities in the respective KG Go

(or G1) are ranked based on the L; distance computed by entity vectors EX and EX

calculation done by our DuGa-DIT model.
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Algorithm 2 DuGa-DIT Model

Input: Given two KGs G and Gg, the initial entity embeddings E;, Ey and pre-aligned seed alignments A.

Output: The final entity embeddings EIL and E%

1: Initialize A™®¥ as an empty set

2: repeat

3! Let E = E; and EJ = E,.

4: repeat

5: Randomly choose some seed alignments from A as A,p; and the rest as Ac¢q.

6: Randomly choose some seed alignments from A™" as A7 and the rest as AZ/".
7 for =1 to L do

82 Perform intra-KG attention and cross-KG attention and obtain H{, Hé, Ci and Cé
9: Update entity embeddings:

10: E!=H} g1 +C} - (1-g1);

11: Eb=H} gy +Ch-(1—g2);

12: end for

13: Compute loss function L(¢; Agp; U Agbef’ .

14: Optimize parameters ¢ in DuGa-DIT model.

15: until reach the maximum number of training epochs

16: Predict new seed alignments and update A™¢%"

17: until reach the maximum number of iterations

18: Set Acpr = A AT,

19: Use the learned DuGa-DIT model to predict the final entity embeddings Ef‘ and Eé‘

=0

4.5 Experiment

In this section, we validate our proposed methods, CAECGAT and DuGa-DIT re-
spectively, on widely used benchmark datasets for the CEA task. Then we elaborate
on the implementation details and model comparisons. Lastly, we present our ex-

perimental findings, and make further detailed analyses.
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4.5.1 CAECGAT

In this subsection, we present our datasets, experimental settings and experimental

results for the CAECGAT model first.

4.5.1.1 Datasets

We conduct extensive experiments to test the effectiveness of our proposed CAEC-
GAT on three widely used cross-lingual datasets of DBP15K (160), including DBP15K 7 gy
(Chinese-English), DBP15K ;4 gy (Japanese-English) and DBP15Krr_gn (French-
English). These datasets are extracted from multilingual DBpedia (78), including
four KGs of different languages (English, Chinese, Japanese and French). Each
dataset contains 15,000 inter-lingual links connecting equivalent entity pairs in KGs
with different languages. The statistics of the datasets are summarized in the table

below.

4.5.1.2 Implementation Details

Following the prior work (197, 212) which have achieved promising results, we ini-
tialize the entity embeddings of our proposed method with the sum of word vectors
of entities’ literal or surface format. Beyond that, we also share the same 30% for
training and 70% for testing data split with the prior works (197, 212). We further
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Table 4.3: Statistics of the datasets.

Dataset Entities | Relations | Rel. Triples

Chinese | 66,469 2,830 153,929

DBP15Kzy_gN
English | 98,125 2,317 237,674
Japanese | 65,744 2,043 164,373

DBP15K j4_gnN
English | 95,680 2,096 233,319
French 66,858 1,379 192,191

DBP15Krpr_gN
English | 105,889 2,209 278,590

split the training set into 10% and 90%, where the 10% serves as the development
set for selecting parameters and the 90% serves for training purposes. Adam (64) is
applied to find model parameters optimizations. And the model was trained up to
5,000 epochs.

We utilize grid search to select hyper-parameters in this study, which were derived
from the Hits@1 results on development set. The number of negative pair of entities
are set as {10, 20, 30,50}; the margin parameter A in Equation 4.20 is set as {1, 3,5};
the number of CGAT layers is set as {1, 2, 3}, the dropout rate is set as {0.1,0.2,0.3},
and the batch size is set as {500, 1000, 1500, 2000, 3000}, the learning rate is set
as {0.002,0.001,0005}, respectively. In the end, for each positive pair of entities,

we randomly select a sample of 30 negative pairs, and the margin parameter \ in
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Equation 4.20 is selected to be A = 3.

As described in methodology, our CAECGAT stacks two CGAT layers multi-
hop cross-KG information propagation. The learning rate is set as 0.002. The
dropout rate is set as 0.2. The batch size is set as 2,000. In order to evaluate
the performance of CAECGAT, the standard metrics of Hits@l (H@1), Hits@10
(H@10) and MRR (Mean Reciprocal Rank) are applied in this study. And all ex-
periments reported in this study are conducted on NVIDIA GTX 1080Ti GPUs
and the codes are implemented with TensorFlow. Details are available online at

https://github.com /sherrybbalonsozhu.

4.5.1.3 Models for Comparison

To investigate the efficiency and robustness of our proposed model, CAECGAT, we
compare it with mainly two fields of existing baseline models, namely the embedding-
based models and the GNN-based models.

The embedding-based models involved in our study as baselines are JE (48),
JAPE (160), BootEA (161), MTransE (22), and IPTransE (235). And following
the line of GNN-based work, we include the following GNN-models as baselines for
comparison: GCN-Align (188), KECG (79), MuGNN (17), AliNet (163), HGCN-JE

(197), HMAN (217), MRAEA (96), NAEA (236), RDGCN (196) and GM-EHD-JEA
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Table 4.4: Experimental results on entity alignment. The results of the baselines are
directly taken from the original papers. The best results are in bold, and the second

best results are in underline.

Methods DBP15K ; fy_ N DBPI15K jA_pN DBP15Kpp_pN

Hal H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

JE (48) 21.27  42.77 - 18.92  39.97 - 15.38  38.84 -
MTransE (22) 30.83  61.41  0.364  27.86  57.45  0.349  24.41  55.55  0.335
JAPE (160) 41.18 7446  0.490  36.25 68.5 0.476  32.39  66.68  0.430
IPTransE (235) 40.60  73.50  0.516  36.70  69.30  0.474  33.30  68.50  0.451
BootEA (161) 62.94  84.75  0.703  62.23  85.39  0.701  65.30  87.44  0.731
GCN-Align (188) 41.25  74.38  0.549  39.91 74.46  0.546  37.29  74.49  0.532
GM (212) 67.93  78.48 - 73.97  87.15 - 89.38  95.24 -
KECG (79) 47.77 83.5 0.598  48.97 84.4 0.61 48.64  85.06 0.61
MuGNN (17) 49.40  84.40  0.611 50.10  85.70  0.621  49.50  87.00  0.621
AliNet (163) 53.90  82.60  0.628  54.90  83.10  0.654  55.20  85.20  0.657
RDGCN (196) 70.75  84.55 - 76.74  89.54 - 88.64  95.72 -
HGCN-JE (197) 72.03 85.7 - 76.62  89.73 - 89.16  96.11 -
HMAN (217) 56.20  85.10 - 56.70  86.90 - 54.00  87.10 -
NAEA (236) 65.01 86.73  0.720  64.14  87.27  0.718  67.32  89.43  0.752
MRAEA (96) 75.70  92.98  0.827  75.78  93.38  0.826  78.04  94.81  0.849
GM-EHD-JEA (211)  73.58 - - 79.15 - - 92.43 - -

CAECGAT (ours) 75.55 93.38 0.818 83.58 95.59 0.881 94.68 99.18 0.965

(211).

4.5.1.4 Main Results

The experimental results of CAECGAT and baseline models on cross lingual en-
tity alignment are presented in Table 4.4. These results listed demonstrate that
the effectiveness and robustness of CAECGAT is superior than baseline models. As

illustrated in Table 4.4, our proposed CAECGAT gains the best results across all
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metrics on both DBP15K ;4_gn and DBP15Krr_gny dataset. Meanwhile, it scores
the best for the HQ10 result and the second best for the HQ1 and MRR results on
DBP15Kzy_gn. While in comparison with other GNN-based models, especially the
GCN-Align (188), our proposed method achieved significantly better results and im-
proved the HQ1 score on DBP15K 75— gy by 34.3%, the HQ1 score on DBP15K ;4N
by 43.67%, and the HQ1 score on DBP15Krp_gn by 57.39%. These remarkable im-
provements can be ascribed to our model design. It takes seed alignments as contex-
tual information, allowing cross-KG information to propagate across KGs in different
languages. Generally, our experimental results strengthen the necessity of involving
contextual seed alignments into the CEA task. And our CAECGAT is a successful
showcase model that utilizes contextual seed alignment and GAT approach to bridge

language gaps between cross-lingual KGs.

4.5.1.5 Ablation Study

As shown in Table 4.5, we conduct ablation study on CAECGAT model to investigate
the effect of each model component on the final model performance. In general, we
have three variants that compose the overall architecture of CAECGAT. These are
“BASELINE”, “GAT” and “CrossGCN”. The “BASELINE” is a simple model which

utilizes the learnt embeddings from the sum of word vectors to identify equivalent
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counterparts across KGs of different languages. The “GAT” is the conventional GAT
network which stands for our proposed model without the cross-KG aggregation
layer. The “CrossGCN” stands for the model which uses multiple GCN layers to
replace the attention-based propagation layer. Lastly, models with different numbers
of CGAT layers are represented as subscripts of L = 1,2, 3.

From the results shown in Table 4.5, our observation is that, by taking surface
names into consideration, the BASELINE model can achieve good results. This has
already been proven by existing related works (211, 212). From the GAT and BASE-
LINE results, we can see that performance improves further by adding GNN layers.
While comparing GAT and CAECGAT —,, we can easily draw conclusion on the im-
portance of cross-KG aggregation component of our proposed model. It has helped
to achieve great model performance improvement over GATSs on all datasets. Specif-
ically, it has generated 11.69% performance improvement on HQ1 DBP15Kz5_gn,
11.23% performance improvement on HQ1 DBP15K ;4_gy, and 7.54% performance
improvement on HQ1 DBP15Krr_gy.

In comparison with CrossGCN, our proposed CAECGAT [ —5 also outperforms the
CrossGCN line of work significantly. The attention mechanism adopted in cross-KG
propagation layer is capable of selecting neighbors with more important cross-KG

information. Thus, it helps to propagate cross-KG information better and to shrink
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Table 4.5: Ablation Study.

Methods DBP15KZH,EN DBPlE)KJA,EN DBP15KFR,EN

H@l H@o MRR H@l H@0 MRR H@l H@10 MRR

BASELINE 56.09 7155 0.614 67.1 7825 0.712 8548 91.92 0.878
GAT 63.86 9192 0.709 7235 94.64 0815 86.24 98.70 0.895
CrossGCN 65.45 92.85 0.757 7207 949 0809 93.79 9898 0.958
CAECGATr—; 7225 92.03 0.796 81.9 93.68 0.862 93.55 98.5 0.954
CAECGAT;—» 75.55 93.38 0.818 83.58 95.59 0.881 94.68 99.18 0.965

CAECGAT;—3 7495 93.38 0.818 8246 96.21 0.877 93.78 98.77 0.956

the semantic gap between KGs of different languages. The ablation study results
clearly demonstrate the importance of each component involved in the CAECGAT
model.

In terms of different layers used in CAECGAT models, we can see that CAECGAT
which captures one-hop neighbors performs the worst. Both the two CGAT layered,
CAECGAT—5, and the three CGAT layered, CAECGAT_3, are able to propagate
multiple-hop neighbors perform better. It is worth noting that performance stop fur-
ther improving by adding one more layer from CAECGAT_s to CAECGAT _3. As
stacking more layers also increases number of parameters involved in the modeling

process, thus, we choose CAECGAT —, as the optimal number of CGAT layers.
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4.5.1.6 Performance and Different seed alignments sizes

Aside from the ablation study, we also conduct investigation on the effects of propor-
tions of pre-aligned seed alignments on model performance. Specifically, we evaluate
CAECGAT’s performance when the proportions of training sets were set to 10% to
50%, with each step of change being 10%. Therefore, all the remaining entity align-
ments are used for testing (e.g., from 10% for training and 90% for testing to 50%
for training and 50% for testing).

As illustrated in Figure 4.5, we make comparisons between CAECGAT with
baseline GAT model without the cross-KG aggregation layer. Generally, the model
performance improves gradually as the proportions of training sets increase on all
datasets. Our proposed CAECGAT has demonstrated its effectiveness by consis-
tently outperforming GAT models with large gains in all proportions. It reassures
us the CEACGAT powerfulness on capturing cross-KG features and reducing the

semantic gaps between KGs of different languages.

4.5.2 DuGa-DIT

Built on top of the preliminary study above, in this subsection, we present our
datasets, experimental settings and experimental results in details for the enhanced

DuGa-DIT model.
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Figure 4.5: The MRR results on DBP15K using different proportions of seed align-

ments.

4.5.2.1 Datasets

To evaluate the effectiveness of our proposed model, we apply two benchmark datasets
DBP15K (160) and WK31-60K (21, 22) with rich nodes and edges of different re-
lations to the experiments. Details of these two datasets are presented in Table
4.6. Specifically, the DBP15K dataset comprises of four KGs of different languages,
namely the English, Chinese, Japanese and French. These nodes and relations
are extracted from DBpedia (78). Given these four KGs, cross-lingual subsets are
built as DBP15K ;5 gn (Chinese-English), DBP15K ;4 gy (Japanese-English) and
DBP15Krg_pn (French-English). In total, 15,000 cross-lingual links are connected
between two KGs.

The WK31-60K dataset comprises of three KGs of different languages from
DBpedia, namely the English, French, and German. Every single KG consists of
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Table 4.6: Statistics of the datasets.

Dataset Entities | Relations | Rel.Triples | Training/Dev/Test
Chinese | 66,469 2,830 153,929
DBP15Kzn_EN 4,050/450/10,500
English 98,125 2,317 237,674
Japanese | 65,744 2,043 164,373
DBP15K j4—EN 4,050/450/10,500
English | 95,680 | 2,096 933,319
French 66,858 1,379 192,191
DBP15KFrr—EN 4,050/450/10,500
English | 105,889 | 2,209 978,590
French 45,255 277 258,337
WK31-60Krr—_gN 14,095/1,566/36,544
English | 64,539 458 569,393
German | 43,503 172 244,647
WK31-60Krr-pE 14,451/1605/37,467
English 64,539 458 569,393

around 60K entities, and two cross-lingual entity alignment subsets are built as WK-

60Krr_pn (French-English) and WK-10kpg_pr (German-English).

4.5.2.2 Implementation Details

Hyper-parameters Following the prior work of (160, 217), we share the same 30%
for training and 70% for testing data split with the prior works (160, 217). We

further split the training set into 10% and 90%, where the 10% serves as the de-
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velopment set for selecting parameters and the 90% serves for training purposes.
Table 4.6 is an illustration of the statistics of our data split. Adam (64) is applied
to find model parameters optimizations. And the model was trained up to 3,000
epochs. Same as CAECGAT, we utilize grid search to select hyper-parameters in
this study, which were derived from the Hits@1 results on development set. The
number of negative pair of entities are set as {10, 20, 30, 40, 50}; the margin param-
eter A in Equation 4.20 is set as {1,3,5}; the number of dual KG attention layers
are set as {1,2, 3}, the dropout rate is set as {0.1,0.2,0.3}, and the batch size is set
as 500, 1000, 1500, 2000, 3000, the learning rate is set as {0.004,0.002,0.001, 0005},
respectively. In the end, for each positive pair of entities, we randomly select a sam-
ple of 30 and 50 negative pairs for DBP15K and WK31-60 respectively. The margin
parameter A in Equation 4.20 is selected to be A\ = 3.

As described in methodology, our DuGa-DIT model stacks dual KG attention
layers for information propagation. The learning rate is set as 0.002 and 0.004 for
DBP15K and WK31-60K respectively. The dropout rate is set as 0.2. The batch
size is set as 2,000 and 3,000 for DBP15K and WK31-60K respectively. We select
2 as the maximum iteration number for dynamic iterative training. For the best
performed hyper-parameters of our proposed model, please refer to Table 4.7.

Initialization The random initialization and the initialization with pre-trained
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Table 4.7: Hyper-parameter setting. “#neg” denotes the number of negative entity
pairs. “Ir” denotes the learning rate. “#iter” denotes the number of dynamic itera-

tive training process.

Datasets A L #neg dropout Ir batch_size #iter
DBP15Kzy-n 3 2 30 0.2 0.002 2,000 2
DBP15Kja—Eny 3 2 30 0.2 0.002 2,000 2
DBP15Krr-—En 3 2 30 0.2 0.002 2,000 2

WK31-60Krr—En 3 2 50 0.2 0.004 3,000 2
WK31-60Kpp—gn 3 2 50 0.2 0.004 3,000 2

entity name word vectors are the two most commonly used methods for the entity
alignment model initialization. In this study, we use both ways to perform the
entity embedding initialization. The random initialization aims to initialize entity
embeddings randomly without taking entity names into consideration. However,
entity names usually contain valuable information for our CEA task, especially when
the number of entity neighbors available are limited. As a result, most methods
proposed later on include entity names in the initialization process. Specifically,
they translate the target entity name into English, before calculating the sum of
entity name word vectors (196, 197, 198, 212). In the DuGa-DIT scenario, when our

specific words in the entity belong to out-of-vocabulary category in the pre-trained
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embedding, our model initializes these words of entities with random vectors.

Evaluation In this study, we apply two major standard metrics, HitsQN (HQN)
and MRR, to measure our DuGa-DIT model performance. The higher these two
metrics are, the better the model performance is. Hits@QN (HQN) is an evaluation
on correctly aligned proportion of entities ranking in the top N list. And the MRR
stands for the mean reciprocal rank of the entity alignments results. In order to
make comparisons with prior works, our study reports the Hits@l (H@1), Hits@10
(H@10) and MRR results on DBP15K dataset, and reports an additional metric
Hits@5 (H@5) on WK31-60K dataset.

Implementation

We conduct all experiments of this study on NVIDIA GTX 1080Ti GPUs. All
our source codes are implemented on TensorFlow . For the purpose of facilitating
the experimental results reproduction, all datasets and source codes are available

online at https://github.com /sherrybbalonsozhu.

4.5.2.3 Models for Comparison

To investigate the efficiency and robustness of our proposed model, DuGa-DIT,

we compare it with mainly three fields of existing baseline models, namely the

3https://tensorflow.org
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embedding-based models (Group A), the neighborhood information-based methods
(Group B) and the methods using extra information beyond structures (Group C).

Embedding-based Methods (Group A) The embedding-based models refer
to those methods that aim to learn low-dimensional vectors of entities from different
KGs and to match them by computing entity vectors similarity scores. The list of
models for comparison include, JE (48), MTransE (22), MMEA (146) and OTEA
(119). For methods belong this category but leverage bootstrapping methods to
exploit the unlabelled data, we include BootEA (161) and IPTransE (235) for baseline
comparisons. Other embedding-based methods involved in this study include MMEA
(146) and OTEA (119).

Neighborhood Information-based Methods (Group B) Experimental re-
sults from prior work in this category have shown promising results in feature learn-
ing. The list of models involved in this study for comparison include, KECG (79),
MuGNN (17), AliNet (163), HyperKA (158), NAEA (236), SSP (112), GM (212),
GM-EHD-JEA (211), RDGCN (196), HGCN-JE (197), NMN (198), MRAEA (96),
AttrGCN (92), and CAECGAT (203).

Methods using Extra Information Beyond Structures (Group C) The
Group C involves methods which use extra information beyond structures to complete

the task. The list of models for comparisons include, JAPE (160), GCN-Align (188),
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JarKA (19) and HMAN (217), and KDCoE (21).
All methods mentioned above are included for comparison except AKE (82) and
REA (118), because these two models were run on different datasets and experimental

setups.

4.5.2.4 Main Results

The Table 4.8 illustrates our experimental results on DBP15K. We split our main

results analyses on model comparisons by different groups.

Group A. Group A includes various embedding-based methods for comparisons.
Among the five models in this category, MMEA achieves the best results on both
H@1 and HQ10 across the DBP15K datasets of different languages. The superior
performance comes from its architecture that defines multiplication-based scoring
functions. The functions are capable of dealing 1-N, N-1 and N-N relations. This
flexible characteristic allows it to perform better than other baseline models in this
category. It is worth noting that IPTransE and BootEA models also achieve rela-
tively promising results. Both of these two approaches adopt bootstrapping strategy

to feed in all possible entity pairs to train iteratively.
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Table 4.8: Entity alignment results on DBP15K dataset. The results of the baselines
are directly taken from the original papers. ¥ denotes the models using pre-trained
word vectors as initialization method. DuGa-DIT (rand) is the model using the
random initialization. The best results are in bold, and the second best results are

in underline.

DBP15Kz 5 _EN DBPI15K j4_pN DBP15Kpr_gN
Groups Methods H@1 HQ@10 MRR Ha1 H@10 MRR H@1 H@10 MRR
JE 21.27 42.77 - 18.92 39.97 - 15.38 38.84 -
MTransE 30.83 61.41 0.364 27.86 57.45 0.349 24.41 55.55 0.335
Group A IPTransE 40.60 73.50 0.516 36.70 69.30 0.474 33.30 68.50 0.451
BootEA 62.94 84.75 0.703 62.23 85.39 0.701 65.30 87.44 0.731
MMEA 68.07 86.74 - 65.53 85.90 - 67.70 89.01 -
KECG 47.77 83.50 0.598 48.97 84.40 0.610 48.64 85.06 0.610
MuGNN 49.40 84.40 0.611 50.10 85.70 0.621 49.50 87.00 0.621
AliNet 53.90 82.60 0.628 54.90 83.10 0.654 55.20 85.20 0.657
HyperKA 57.20 86.50 0.678 56.40 86.50 0.673 59.70 89.10 0.704
NAEA 65.01 86.73 0.720 64.14 87.27 0.718 67.32 89.43 0.752
SSP 73.90 92.50 0.808 72.10 93.50 0.800 73.90 94.70 0.818
MRAEA 75.70 92.98 0.827 75.78 93.38 0.826 78.04 94.81 0.849
Group B
DuGa-DIT (rand) 75.62 85.78 0.805 78.11 91.36 0.829 83.73 91.97 0.867
oMt 67.93 78.48 - 73.97 87.15 - 89.38 95.24 -
GM-EHD-JEAY 73.58 - - 79.15 - - 92.43 - -
RDGCN? 70.75 84.55 - 76.74 89.54 - 88.64 95.72 -
HGCN-JEf 72.03 85.7 - 76.62 89.73 - 89.16 96.11 -
NMN* 73.30 86.90 - 78.50 91.20 - 90.20 96.70 -
CAECGAT? 75.55 93.38 0.818 83.58 95.59 0.881 94.68 99.18 0.965
AttrGCN* 79.60 92.93 0.845 78.33 92.08 0.834 91.85 97.77 0.910
DuGa-DIT | 80.73 88.17 0.832 91.44 95.21 0.928 98.17 99.22 0.985
JAPE 41.18 74.46 0.490 36.25 68.5 0.476 32.39 66.68 0.430
GCN-Align 41.25 74.38 0.549 39.91 74.46 0.546 37.29 74.49 0.532
Group C HMAN 56.20 85.10 - 56.70 86.90 - 54.00 87.10 -
JarKA 70.58 87.81 0.766 64.58 85.50 0.708 70.41 88.81 0.768
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Group B. Group B includes various methods from mainly two different set-
tings, namely the random initialization and the pre-trained word vectors as initial-
ization. Based on the results presented in Table 4.8, GNN-based models, such as SSP,
MRAEA, GM-EHD-JEA, HGCN-JE, CAECGAT etc., achieve better results as they
can make full use of the neighborhood features effectively. Those methods, which
adopt bootstrapping strategies to train their models iteratively, can further improve
model performances, such as CAECGAT and DuGa-DIT. Besides, under the random
initialization setting, we observe that the DuGa-DIT (rand) we proposed achieves
comparable results as the best reported MRAEA. For methods using pre-trained
word vectors as initialization, our proposed model, DuGa-DIT, scores the highest
for H@1 on DBP15K 4 _gn, the highest for HQ1 and MRR on DBP15K ;4_gn, and
the highest for HQ1, H@10 and MRR on DBP15Krr_gny. Among the two settings,
most existing approaches use pre-trained word vectors as initialization which gener-

ally performs better than random initialization.

Group C. Group C involves a group of methods utilizing extra information, in-
cluding attribute and entity description. The JAPE, JarKA and KDCoE take the
embedding-based approach to encode the KG structure. And the GCN-Align and

HMAN adopt GNN-based approach. Surprisingly, our experimental results have
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shown that all approaches belong to this category do not have significant perfor-
mance gains. It can be derived that those extra information could contain a lot of

noise, which hurt model performances to some extent.

Comparison Across Groups. Based on the experimental results presented in
Table 4.8, we derive to three findings as follows: (a) Comparing Group A to Group
B, we believe neighborhood information-based methods, which take advantage of the
resourceful neighborhood features, achieve generally better performance than naive
embedding-based methods; (b) Comparing Group B to Group C, we believe that the
literal or surface names of entities are more significant than extra attribute informa-
tion; (¢) Comparing BootEA vs. MTransE from Group A to GM-EHD-JEA vs. GM
from Group B, we believe that models adopt iterative approach can generate greater

performance gains than those do not adopt iterative approach.

Analysis of our DuGa-DIT model. Given that our DuGa-DIT aggregates
neighboring features using a GAT approach, our proposed method should belong to
Group B. For the purpose of fair comparisons, we include DuGa-DIT with random
initialization, DuGa-DIT (rand), as one setting reported in the end results. Com-

pared to other existing methods with random initialization settings (e.g.SSP and
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MRAEA), the model performance of DuGa-DIT (rand) is comparable across all the
datasets. Whereas our DuGa-DIT with pre-trained word vectors as initialization
achieves significantly better results than SOTA methods across all the datasets, ex-
cept the HQ10 and MRR on DBP15K ;5 _ gy and the HQ10 on DBP15K j4_gy. As
shown in the Table 4.8, DuGa-DIT outperforms our preliminary study, CAECGAT,
by 7.68% on HQ1 for DBP15K ;4_gy and achieves great improvement of 3.49% on
H@1 for DBP15Krr_gn. The results of the statistical significance test, t-test, also
demonstrate the superiority of DuGa-DIT over preliminary study CAECGAT and
DuGa-DIT (rand) on HQ1 with confidence of p < 0.5.

As a result, our proposed DuGa-DIT model is capable of capturing neighbor-
hood features from intra-KG and cross-KG alignment information using cross-KG
attention. By incorporating the dynamic iterative training into the architecture,
DuGa-DIT dynamically updates the cross-KG attention score matrices effectively
and provides more cross-KG alignment information. These characteristics of our

model allow it to obtain better entity representations for the CEA task.

Impact of the Initialization. Prior works (196, 197, 198, 203, 212) have proved
the literal or surface forms of entities as resourceful information. Therefore, many ex-

isting models, including GM, GM-EHD-JEA, RDGCN, HGCN-JE, NMN, AttrGCN
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and CAECGAT, initialize entity embeddings with word vectors of entities’ surface
forms. Aligning with these prior work, DuGa-DIT also takes the same approach.
DuGa-DIT (rand) and DuGa-DIT aim to investigate the impact of various initial-
ization settings. Based on the results from Table 4.8, such as HGCN-JE vs. AliNet
and DuGA-DIT vs. DuGa-DIT (rand), we can tell that models without consider-
ing entities names achieve less promising results than those involved entities names.
As equivalent entities from different languages always contain shared words in their
translated surface forms, those surface forms can be resourceful information for en-
tity pairs alignment. It is worth noting that our DuGa-DIT also outperforms those
methods adopting entity names, such as CAECGAT vs. DuGa-DIT and AttrGCN

vs. DuGa-DIT on HQ1 metric.

As presented in Table 4.9, we also run experiments on WK31-60K, which is
larger in size and more challenging in task dataset than the DBP15K. For models
which do not contain results on WK31-60K, such as RDGCN, HGCN-JE, NMN, SSP
and CAECGAT, we ran source codes to obtain the results. Table 4.9 demonstrates
the superiority of our proposed DuGa-DIT over the SOTA models. Compared to
our preliminary study CAECGAT, DuGa-DIT achieves a significant performance

improvement of 6.45% on HQ1 for WK31-60Krr_gy and a great improvement of
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Table 4.9: Entity alignment results on WK31-60K dataset. * denotes the models
using pre-trained word vectors as initialization methods. DuGa-DIT (rand) is the

model using the random initialization.

WK31-60Kpp_ g N WK31-60Kpp_ pN
Groups Methods H@1 Ha@5 HQ10 MRR HQ1 Ha@5 HQ10 MRR
MTransE 13.95 20.25 - 0.177 3.37 10.07 - 0.072
JAPE 16.85 35.41 - 0.271 14.71 23.86 - 0.192
Group A
BoostEA 33.31 51.14 - 0.425 23.28 39.29 - 0.316
OTEA 36.07 54.08 - 0.447 26.97 43.97 - 0.352
GCN-Align 21.47 37.81 - 0.293 13.8 24.55 - 0.190
MRAEA 54.34 76.03 - 0.646 42.76 62.77 - 0.524
SSP 62.67 76.64 81.11 0.693 60.55 77.01 80.46 0.684
DuGa-DIT (rand) 66.12 78.32 80.84 0.718 59.67 75.12 77.64 0.669
Group B
RDGCN* 77.91 91.72 93.31 0.843 70.87 85.37 86.74 0.776
HGCN-JEf 76.59 90.26 93.85 0.834 71.91 85.67 86.71 0.781
NMN# 77.63 91.25 92.66 0.841 70.91 85.59 86.75 0.778
CAECGAT? 78.24  92.23  95.23  0.852  71.41 87.20 89.26  0.788
DuGa-DIT? 84.69 95.06 95.47 0.897 73.67 85.99 86.84 0.796
Group C KDCoE 48.32 - 56.95 0.496 33.52 - 45.47 0.349
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2.26% on HQ1 for WK31-60Kpr_gn. These improvements are statistically signifi-
cant with p < 0.5 on a t-test. These improvements double confirm the effectiveness
and robustness of our model on entity alignment tasks. Between the DuGa-DIT
and DuGa-DIT (rand), we find the superiority of pre-trained entity embedding over
random initialization on WK31-60K performance. Thus, in the rest of this study, we

mainly report the DuGa-DIT results with the pre-trained entity embeddings.

4.5.2.5 Efficiency Analysis

We make comparisons between our proposed model and baseline models on perfor-
mance and prediction times to evaluate the efficiency of our DuGa-DIT. The analyses
are run on both DBP15Krr_gxy and WK31-60K pr_ gy datasaets, presented in Ta-
ble 4.10.

We notice that the differences in parameter settings and environment running
the models might have an impact on the time costs. But we try our best to provide
an objective overview of these models by using the settings they reported in original
papers. Table 4.10 shows that GM-EHD-JEA is the most time-consuming model on
DBP15Krgr_gn, as its architecture adopts the time consuming joint entity alignment
approach for prediction. Significantly different from GM-EHD-JEA, our proposed

method shows much higher efficiency. As shown in Table 4.10, GM-EHD-JEA re-
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Table 4.10: Performance and prediction time (seconds) for different models on

DBP15KFR,EN and WK31—60KFR,EN.

DBP15Kpr_gn | WK31-60Kpr_gNn

Methods
Time Ha1l Time Ha1l

GM-EHD-JEA 1,474 92.43 - -
RDGCN 45 88.64 366 77.91
HGCN-JE 50 89.16 392 76.59
NMN 84 90.20 407 77.63
CAECGAT 42 94.68 382 78.24

DuGa-DIT 44 98.17 385 84.69

quires 1,474 seconds* on DBP15Krg_gx while our proposed model only requires
44 seconds. Compared to the preliminary study, CAECGAT, and other baselines,
our DuGa-DIT still enjoys higher efficiency and more promising model performance.
Even though on the WK31-60K pr_gn dataset, the time costs rise dramatically across
all models due to the increasing number of parameters and test samples, our proposed
model still managed to perform efficiently and effectively. This efficiency analysis re-

confirms the superiority of our proposed model over other SOTA baselines.

4The results are reported in the original paper. As GM-EHD-JEA did not release the source
code, we also do not report the model results on WK31-60Kgr_gn.
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Table 4.11: Ablation Study.

Methods DBPlE)KZH,EN DBP15KJA,EN DBP15KFR,EN

H@l H@o MRR H@l H@0 MRR H@l H@10 MRR

BASELINE 56.09 71.55 0.614 67.10 78.25 0.712 8548 91.92 0.878
DuGa 69.17 89.96 0.765 81.29 94.58 0.861 94.42 9896 0.961
DuGa w/o C 63.86 91.92 0.709 7235 94.64 0.815 86.24 98.70 0.895
DuGa w/o I 57.98 76.62 0.644 76.78 86.39 0.812 91.29 96.30 0.935
DuGa-DITjter—1 7848 89.54 0.822 89.34 95.14 0913 97.61 99.21 0.982

DuGa-DITje,—2 80.73 88.17 0.832 91.44 95.21 0.928 98.17 99.22 0.985

4.5.2.6 Ablation Study

In this subsection, we conduct a series of ablation studies to learn the significance of
the three main components of DuGa-DIT, namely the intra-KG attention layer, the
cross-KG attention layer and the dynamic iterative training process.

In Table 4.11, the “BASELINE” refers to a naive model which aims to capture
equivalent counterparts across KGs using the sum of word vectors from entities sur-
face names as embeddings. The “DuGa” refers to the DuGa-DIT model without
dynamic iterative training. The “DuGa w/o C” refers to the DuGa model without
the cross-KG attention layer. The “DuGa w/o I” refers to the DuGa model without

the intra-KG attention layer. The “DuGa-DIT;;,—;” and “DuGa-DIT};.,—s” refer to
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our DuGa-DIT model with dynamic iterative training of 1 and 2 iterations respec-
tively.

From Table 4.11, we note that, as demonstrated by prior works (211, 212), the
“BASELINE” gets good experimental results as it absorbs surface names. The
“DuGa” achieves better results than “BASELINE”, which proves the significance
of both the intra-KG and cross-KG attention mechanisms. The “DuGa w/o C”
achieves less promising results than the “DuGa” which shows the necessity of in-
cluding the cross-KG attention layer. Similarly, the “DuGa w/o I” also performs less
promising than the “DuGa”, because eliminating the intra-KG attention layer also
hurts the model performance. The combination of our model with dynamic iterative
training has shown great model performance improvement. The “DuGa-DIT;;e.—1”
outperforms “DuGa” greatly, while the “DuGa-DIT};.,—»" lifts the performance even
more as we increase the number of iterations. This ablation study further strengthens

the necessity of including each module in our DuGa-DIT architecture.

4.5.2.7 Impact of the Number of Layers

We conduct further experiments to learn the impact of number of dual KG attention
layers on model performance with no dynamic iterative training. In Figure 4.6, we

present the experimental results of DuGa with different number of layers, L =1 to
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L = 3. We note that the DuGa model with two layers (e.g., L = 2) performs the
best among the three different number of layers. The model performance of L = 2
is superior than L = 1 on all datasets which shows that stacking more layers can
improve the model performance. The reason is that the added layer allows multi-
hop neighborhood information and cross-KG alignment features to be propagated
effectively. However, the L = 3 does not further improve the results which shows
that further neighbors do not provide additional resourceful information for our entity
alignment task. Moreover, stacking more layers also further increases the number of
parameters in the model, which could hurt model efficiency. Therefore, we set 2 as

optimal number of dual KG attention layers.

4.5.2.8 Impact of Different Proportions of Seed Alignments for Training

Aside from above, we also conduct experiments to learn the impact of different
proportions of seed alignments for training. We choose 10%, 20%, 30%, 40% and 50%
as the proportions of training, and the remaining entity alignments 90%, 80%, 70%,
60% and 50% as testing sets. The experimental results between DuGa-DIT and other
baselines are shown in Figure 4.7. The DuGa is the version of DuGa-DIT without
aggregation layer of the cross lingual KG. The general trend of model performances

over all datasets follow an uprising pattern as the number of seed alignments goes
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Figure 4.6: The results on DBP15K and WK31-60K with different number of layers.

up. Our proposed model have demonstrated its effectiveness and robustness on

the CEA task by adopting an iterative approach and adding in new seed alignments

dynamically. The DuGa-DIT trendy lines in blue color are much smoother compared

to the ones in red representing DuGa. This implicates the robustness of our proposed

model with limited seed alignments.

4.5.2.9 Results for Entities with Different degrees

The degree of entities plays a significant role in GNN-based model performance. In

our proposed model, neighboring features aggregation is done within the intra-KG
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attention layer. The degree of entities is linked to the richness of the neighboring fea-
tures. Figure 4.8 is a good illustration of the impact of entity degrees on Hits@1 and
MRR metrics of DBP15K and WK31-60K. For DBP15K 7 5_gx and DBP15K j4_gw,
both MRR and H@1 metrics increase as the degree increases, and both metrics de-
crease slightly as the degree decreases slightly. For the DBP15Kgg_ gy specifically,
the metrics increase rapidly as the degree reaches 10, and keep stable at around
the 0.96-0.98 level. Intuitively, we believe that large degree-entities would have more
neighbors. Thus, we can capture more of their neighboring features, which are key to
the CEA task, leveraging the intra-KG attention layer. The DBP15Krg_ gy dataset
contains similar entities surface forms between English and French which makes the
entity alignment relatively easy. Thus, evaluation metrics can reach high accuracies
on DBP15Krr_gny with fewer degrees. Similarly, we can also observe similar trends

on the WK31-60K dataset.

4.5.2.10 Impact of the Number of Negative Samples

In this study, the number of negative samples is considered as an important hyper-
parameter. We sample a number of negative entity pairs to perform the objective
function computation for model training. In order to investigate the impact of the

number of negative samples, we compare the experimental results with various num-

137



0.86
0.84
0.82
0.80
0.78
0.76
0.74
0.72

0.98
0.97
0.96
0.95
0.94
0.93

—®- MRR

—%- H@l 0.92

.\.\ 0.96
/ 0.94
0.92
e 0.90
0.88
0.86
@ MRR
—k— H@1 0.84
5 10 15 20 25 5
Degree

(a) DBP].5KZH,EN

0.94

0.92

0.90

0.88

0.86

0.84

0.82

f//*'\rf e

~@- MRR
—k— H@1
5 10 15 20 25
Degree

(d) WK31-60K pr—pn

10

15
Degree

(b) DBP15K 4 pn

0.92
0.90
0.88
0.86
0.84
0.82
0.80
0.78

~@®- MRR
—*— H@1

20 25 5 10

5 10 15

Degree

(e) WK31—6OKDE_EN

15
Degree

20

25 30

(C) DBP15KFR,EN

Figure 4.8: The results on DBP15K and WK31-60K for entities with different de-

grees.

138



Table 4.12: Results on DBP15K with different number of negative samples.

DBP15Kzr_EN DBP15K ja_EN DBP15Krr_EN

Negative Samples H@1 HQ@Q10 MRR H@l H@0 MRR H@l H@10 MRR

10 68.67 88.92 0.762 80.76 94.67 0.858 93.44 98.95 0.957
20 68.85 89.90 0.763 80.74 9440 0.857 93.93 9887 0.957
30 69.17 89.96 0.765 81.29 94.58 0.861 94.42 98.96 0.961
40 68.76 89.85 0.763 81.41 94.64 0862 94.16 98.09 0.959
50 68.72 89.68 0.761 81.58 94.57 0.863 94.29 99.07 0.960

bers of negative samples on the DBP15K dataset. Table 4.12 shows the experimental
results of different number of negative samples, ranging from 10 to 50, on DuGa-DIT.
The general trend can be summarized as follows: as the number of negative samples
increases, the model performance improves respectively. However, it is worth noting
that the degree of improvement is restricted once it surpasses 30. Therefore, taking
both the effectiveness and efficiency of the model into consideration, the optimal

number of negative samples is set to be 30.

4.6 Conclusions and Future Work

In this chapter, we propose both CAECGAT and DuGa-DIT with dynamic iterative

training for multiple graph learning on the CEA task. Both approaches make full use
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of the pre-aligned seed alignments to try alleviate semantic gaps between different
KGs.

In the CAECGAT model, we transfer entities information across different KGs
over a cross-KG aggregation layer. It enables the embeddings from various KGs
to share cross-KG information. After that, we gather important neighboring cross-
KG information over an attention-based cross-KG propagation layer. The stacking
architecture of multiple CGAT layers allows cross-KG information propagation to
happen between two KGs.

In the DuGa-DIT model, we aggregate local neighboring features with intra-KG
attention layer and consolidate cross-KG alignment information with a cross-KG
attention layer. The embeddings of two KGs are thus updated by merging these two
features together. Besides, we update the cross-KG attention score matrices with
dynamic iterative training. This allows us to capture richer cross-KG information.

We run extensive experiments on benchmark datasets for both models. As an-
alyzed above, these experimental results demonstrate our model effectiveness and
robustness over SOTA methods on the CEA task.

Lastly, we would like to present several possible directions of future work, pre-

sented as follows:

e The proposed models in this chapter simply consider entity alignments across
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two KGs. In future, the task could increase difficulty by practising entity
alignments across three or more KGs. This would require us to learn auto-

alignments and to take more entity information into consideration.

The second promising research direction could be to design a distributed auto
alignment method. In practice, the size of KGs is normally extensive, especially
for downstream tasks like personalised recommendations or personalised search.
It thus becomes necessary to have a distributed auto alignment method to

tackle this potential issue.

We could also continue applying our model to the CEA task in other languages,
such as English to Spanish, English to Portuguese, or English to South East

Asia-based languages.
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5 Learning on Real-World Problems: Cell Node

Classification for COVID-19 Disease Prediction

In this chapter, we dive into the third module of this thesis on GATSs for an on-
going real-world problem, the COVID-19 disease prediction. We introduce a new
GNN-based method which leverages single-cell RNA sequencing (scRNA-seq) data
for predictions on the Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-
CoV-2) infection. We develop a novel graph attention capsule network (GACapNet)
model to perform the node classification task on infected cells of different severity
levels. Specifically, we consider genes of the scRNA-seq data as cell features to in-
put into our model. As a result, our GACapNet effectively identifies the patterns
of SARS-CoV-2 transcriptome and associates various types of molecular cells with

different degrees of disease infectiousness.
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5.1 Introduction

The month of December, 2021 marks the two-year anniversary since the World Health
Organization announced the global outbreak of COVID-19. This COVID-19 pan-
demic has spread across the globe and has hit us hard with severe public health and
economic consequences. The infection of the Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2), similar to its same virus family members of Severe
Acute Respiratory Syndrome (SARS) and Middle East Respiratory Syndrome CoV
(MERS-CoV), can lead to fatal pneumonia that is in association with rapid repli-
cation of the deadly virus, an elevation of proinflammatory cytokines, as well as an
infiltration of immune cells. While people from all over the world are anticipating the
roll-out of a third dosage of effective coronavirus vaccines, a potentially more deadly,
contagious and transmissible variant, Omicron, was found by various countries by
the end of 2021°. The cost of human capital continues to mount over the past few
months, with more than 265.2 million cases confirmed worldwide, more than 20.9
million active cases and more than 5.26 million deaths as of December, 20216.
During the course of two years, a great amount of COVID-19 related data from

a wide range of sources and formats have been accumulated. These data collections

Shttps://www.channelnewsasia.com/business/imf-chief-warns-omicron-covid-19-variant-could-

slow-global-growth-2357731

Shttps://www.worldometers.info/coronavirus/
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are considered as valuable and key theoretical basis and evidence for further clinical
research and biomedical analyses. Since the disease belongs to the department of
respiration by nature, most of the existing COVID-19 related data collections are
constructed and presented in a graph structure. Indeed, there is a great portion
of important real-world information and data that have long been presented in a
form of graph structure before COVID-19. These graph structured data include
person-person relationship in social networks (41, 115), product knowledge graph
for e-commerce (67, 123, 175), medical knowledge graph in healthcare industry (122,
127,142, 151, Lally et al.), and those publicly available COVID-19 related knowledge
graphs (10, 141, 178, 180, 193, 225) etc.. Even though various evidences have hinted
it as an important research direction for machine learning to extend neural networks
to process graph structured data, this research domain has not caught high attention
until very recently.

Graph Attention Networks (GATSs) (170) is a lately introduced neural network
architecture that is capable of operating graph structured data and supporting pre-
dictive tasks, such as node classifications and link predictions. In the past few years,
a great number of studies have been published using the GAT and conventional
GNN approach. Specifically, these models have been widely adopted to explicit re-

lational data structures such as knowledge graphs (46, 189), non-explicit relational
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data structures such as texts (170), and other applications such as generative models
(12). Although these existing studies have shown promising results, they also share
one deficiency that they usually model each interactions individually without con-
sidering complex relations between them enough. This characteristic of these past
studies restrict them from absorbing more relevant and useful neighborhood features,
and transforming them into more useful outputs. In the context of COVID-19, it
is important for us to empower our current medical research with these advanced
machine learning methodologies to uncover secrets hidden in the infection and patho-
genesis of SARS-CoV-2, and to suggest viable therapeutic directions.

Given that the counts of transcripts are correlated with expressions of genes,
the technology of single-cell RNA sequencing (scRNA-seq) is often used to capture
thousands of expressions of cell genes under different circumstances to comprise large
data collections (56, 155, 233). Even though massive single-cell data can be captured
effectively, the high sparseness, high heterogeneity and high dimensions characteris-
tics of these single-cell data pose challenges in sorting out significant features that
can formulate causal relations to the pathophysiological trajectory and interactive
reactions.

Our research interest thus arises from two recently published work (129, 139).

The first paper applies GATs to disease states prediction with scRNA-seq data
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Figure 5.1: An example of sub-graph in the COVID-19 patients (81) dataset. The
purple node represents the center cell node and the blue nodes represent the neigh-
boring cell nodes. All cells are classified into three infectious levels, namely the

healthy controls, moderately infected and severely infected.

(128). While the second paper aims to apply quantitative methods to understand
the characterizations of genes, cells, as well as changes in cell states interrelated with
SARS-CoV-2 infection in the human airway.

Aligning with the work above, we focus on identifying the patterns of SARS-
CoV-2 transcriptome and the types of molecular cells linked to the degree of disease
infectiousness and severity with single cell transcriptomic data collections. However,
different from all prior works, in this paper, we take a new approach by proposing a
graph attention capsule network (GACapNet) which stacks the multi-head attention
networks above a capsule network, comprising of a primary capsule layer and a
dynamic routing procedure. To the best of our knowledge, we are the first one to

extend GATs and Capsule networks to scRNA-seq datasets for COVID-19 disease
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state predictions.

The proposed architecture GACapNet has a strong advantage in dealing graph
structured data and generating more useful and representative node features for
enhancing GATSs’ performance on cell node classification. To align with the prior
work (139), we use the processed and clustered dataset in graph structure as inputs
to our model. The prior work constructed the graphs from cells by utilizing batch-
balanced weighted KNN graph (124) with matrices of gene features. In other words,
the structure of the graph was constructed by finding the closest cell nodes with
KNN. The task of our study is to identify and classify SARS-CoV-2 infected cells
that are linked to different degrees of infectiousness. For example, Figure 5.1 shows an
example of a sub-graph in the dataset which aims to group cells into different levels
of cell node infectiousness, namely the severely infected class, the mildly infected
class, and the healthy controls. All cells are grouped under the assumption that the
cells with similar gene features should be closer to each other. If the two cell nodes
belong to the same category, an edge is formed in between these two nodes.

For a given constructed graph G, we first use multi-head graph attention to ag-
gregate features from the neighbors of a center node, shown as the purple node in
Figure 5.1. The center node stands for a cell with a sequence of gene features. Each

cell in the dataset can be a center node, and the surrounding nodes are defined
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as neighboring cell nodes, shown as the blue nodes in Figure 5.1. In order to pre-
serve the center node feature (or the cell’s feature), we use a simple feed-forward
network on the node features to obtain a transformed node feature from the cen-
ter node. Then, the neighborhood features generated from different attention heads
and those transformed node features are fed into a capsule network. The capsule
network comprises of a primary capsule layer and a dynamic routing process. From
the experimental results on two scRNA-seq datasets, we prove and reason that our
proposed GACapNet is able to classify cells according to its severity level effectively.
In other words, it outperforms other SOTA models in extracting insightful data of
SARS-CoV-2 transcriptomic patterns and molecular cell types that are linked to the
COVID-19 severity prediction.

This work makes four primary contributions in general, which are summarized as

follows:

e We apply advanced GATs and Capsule networks to the COVID-19 domain
of research. To the best of our knowledge, our GACapNet is the first one to
extend the GATs and Capsule networks models to scRNA-seq data, aiming
to uncover the secrets hidden in the infection of SARS-CoV-2, to understand
the COVID-19 pathogenesis, and to suggest the therapeutic directions and

development by identifying the patterns of SARS-CoV-2 transcriptome and the
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types of molecular cells that are linked to the degree of disease infectiousness

and severity;

e We propose to use multi-head graph attention networks in our model architec-
ture to aggregate more information-rich neighborhood features, and to preserve

its original node feature to the maximum;

e We incorporate a capsule layer with dynamic routing into our model to ef-
fectively combine and fuse the gene features, and to allow more prominent
features of the severely infected cells and healthy controlled cells to present in

the output;

e The outstanding experimental results of our model on two scRNA-seq data
collections can be used as basic hypotheses for the future COVID-19 research

and clinical validations.

The remainder of this chapter is organized as follows. Section 2 gives a thor-
ough literature review on the relevant research background. Section 3 describes the
architecture of our proposed GACapNet model in details. Section 4 illustrates our
experimental results and presents our model comparisons. Lastly, in Section 5, we

conclude our chapter with some ideas for future research.
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5.2 Related Work

To address our proposed approach, we elaborate on mainly two fields of related
studies, namely the modeling graphical data using Graph Neural Networks (GNNs)

and machine learning for COVID-19.

5.2.1 Modeling Graphical Data using GNN

In this section, we introduce the concept of GNN, a non-spectral learning method,
following by some of its downstream applications, such as text classification, relation
extraction, image classification, knowledge graph, graph generation, as well as the
drug and protein interaction mining etc..

Scarselli et al. (137) were the first researchers who proposed the concept of GNN.
GNN extends the existing neural network models to serve the processing needs of data
in graph structures. In general, the aim of a GNN model is to capture neighborhood
information of each node and to generate a state embedding of h; € R™, where the
h; stands for a hidden state of node and R™ is the m-dimensional Euclidean space.
Several variants of the original GNN model have been proposed recently, and one of
the variants is the GAT model. GATs have gained quite amount of attention by the
machine learning research community in recent years. It is introduced by Velickovié¢

et al. (170) in 2018. Its structure of stacking masked self-attentional layers, which
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assigns different weighting scores to different neighborhood features, overcomes the
shortcomings of prior models and lowers computational costs.

Recently, GNN-based methods have achieved great success in processing graph
structured data. Tasks such as link prediction on general knowledge graphs (202),
entity alignment on cross lingual knowledge graphs (204), personalised recommen-
dation on product knowledge graphs (174)and biomedical knowledge graph for drug
discovery (201, 232) have gained significantly more promising results. Lately, Caps-
GNN (205) was proposed to extract features of nodes with capsules so that the
routing mechanism could be applied to capture graph-level significant information
from various aspects. Even though CapsGNN (205) is also an integration of GNNs
and capsules, CapsGNN uses GCN (65) rather than GAT (170) in the model archi-
tecture. Moreover, CapsGNN utilizes the output of each layer as capsule whereas
our proposed GACapNet is an improvement and optimization of the GAT model,
where capsules in our model refer to the output of multi-heads attentions.

The most commonly seen downstream applications for these GNN models com-
prises of text classification (5, 35, 47, 65, 120, 170, 219, 228), relation extraction
(102, 153, 229), image classification (36, 76, 186), knowledge graph (46, 189), graph
generation (12, 114, 222), graph classification (11) as well as the drug and protein

interaction mining (33, 132, 240). The comprehensive discussion about these works
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are out of the scope of this paper. Here, we mainly focus on utilizing GAT methods
to effectively predict disease state and to derive links between our single-cell data
and the infection of SARS-CoV-2. Up to date, we find limited collection of prior
work in this field, which consists of mainly (129, 139). This provides opportunities

for more advanced machine learning models to step in.

5.2.2 Machine Learning for COVID-19

Machine learning refers to a sub-field of artificial intelligence studying computer al-
gorithms which are capable of building, improving and automating analytical models
through learning experience with minimal human intervention. Despite the data in
medical domain are able to provide insights to diagnosis and treatments, they have
not been well-understood for long because of its nature of high volume, incomplete-
ness, heterogeneity, and complexity. These unique characteristics of medical data
leave huge space for machine learning, especially deep learning, models to show their
talents in uncovering unknown knowledge.

In fight with the global community against COVID-19, our machine learning
fellows have mostly focused on three areas of research: 1) text analytics, machine
translation and social media studies for COVID-19 literature; 2) image studies of CT

scans and X-rays for COVID-19 diagnosis and detection; and 3) disease prediction
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with various relevant features.

The first area of research aims to build text analytics tools, machine translation
and social media studies. An end-to-end recommender system for academic research
paper was introduced by Shen et al. (141) to match these papers with potential
downstream COVID-19 use-cases. A COVID-19 knowledge graph (CKG) was con-
structed by Wise et al. (193) to illustrate complex relations between enriched entity
information and graph structured COVID-19 scientific articles, utilizing Amazon
Web Services (AWS) technologies and latent schemas. An EVIDENCEMINER sys-
tem was presented by Wang et al. (184) to facilitate the COVID-19 literature text
mining process for researchers and scholars. Aside from that, a series of empirical
studies on the retrieval results of the COVID-19 from both Google and Amazon were
conducted and compared to academic prototypes evaluated by the TREC-COVID
track (133). Other related literature in COVID-19 text analytics and knowledge
bases include (2, 4, 43, 156).

The second area of research aims to assist to diagnose and treat patients in clinical
scenarios with deep learning techniques, CT scans and X-rays. COVID-Net (177)
is an open-sourced disease diagnosis and detection system specializing in COVID-19
cases using chest X-ray images. Similarly, Gozes et al.(42) applies 2D and 3D CNN

algorithms to develop an automated analytical tool of CT Chest scan for COVID-19
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diagnosis and detection. Other related publications include but are not limited to
CT images screening(183), auto-detection of coronavirus using X-ray and CNN(103),
and classification of COVID-19 X-ray images using DeTraC and CNN (1). However,
these work mainly focus on image-based deep learning approaches. We exclude them
as out of the research scope of this specific study.

The third area of research aims to practise disease prediction with various fea-
tures. Given the scope of this study, we mainly focus on molecular and cellular
features clustering and classification, which is as significant as the other areas afore-
mentioned. Ravindra et al. (128) present a deep learning approach to predict dis-
ease state with GAT applied on Multile Sclerosis (MS) patients and single-cell data.
Sehanobish et al. (139) propose to combine edge features generated from a set trans-
former and node features generated from GNN architectures to effectively practice
node classification task in a self-supervised learning manner. The purpose is to
identify the key cells and genes from scRNA-seq datasets that could lead to severe
infectiousness of COVID-19. Other studies in this field include but are not limited
to (81, 129, 234). Ravindra’s study (129) performs single-cell RNA sequencing of
infected human bronchial epithelial cells (HBECs) and presents the major targets
of infections in their study. Liao et al. (81) collects and classifies bronchoalveolar

lavage fluid immune cells from COVID-19 patients, who are of different severity lev-
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els, to acquire a landscape of bronchoalveolar immune cells across different patients’
profiles for disease prediction. Zheng et al. (234) proposes a hybrid Al model with
traditional epidemic model, a NLP module and a long short-term memory (LSTM)
network to predict COVID-19 diseases. In summary, our proposed study pioneers
the research in both machine learning and medical domain by extending the GATs
and Capsule networks to COVID-19 disease state prediction with scRNA-seq data.
Significantly different from the preliminary studies (129, 139), our proposed study
takes a novel approach by applying a multi-head graph attention network to learn
local structure features in a graph first. Then, it uses a capsule layer to transform
node feature vectors into multiple capsules and combines them through dynamic

routing procedure for more representative and significant output.

5.3 Methods

In this section, we first introduce the overview of our proposed GACapNet architec-
ture. Following that, we present the three major compositions of our model: (i) the
multi-head graph attention networks to learn local structure features in a graph; (ii)
the primary capsule layer of the capsule networks to transform each node feature
vector from the multi-head graph attention layer into multiple capsules using feed-

forward networks; (iii) the dynamic routing procedure of the capsule networks to
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Figure 5.2: The architecture of the proposed graph attention capsule network
(GACapNet). The model consits of multi-head graph attention layer, primary cap-
sule layer and dynamic routing layer. The multi-head attention layer is used to
generate features from different aspects. In the primary capsule layer, we transform
the node features into multiple capsule vectors. Then, the dynamic routing layer is

applied to obtain output capsule vectors.

combine different input features and to determine which information to be generated

as output capsules.

5.3.1 Overview

Given a graph G = (V,&,V,Y), where V denotes a set of nodes, £ denotes a set of
edges, V and Y denote the node attribute matrices and node labels, respectively. The
goal of the node classification task is to learn node representations and a classification
function which can be used to map the node vectors into corresponding node labels.

The architecture of our proposed GACapNet is illustrated in Figure 5.2. The

156



proposed GACapNet consists of a multi-head attention layer and a capsule networks
layer. For a given graph G, we first use the multi-head graph attention to aggregate
features from neighbors of the center node. To preserve the features of this center
node, we also use a simple feed-forward network on the node features to obtain
a transformed node feature from the center node itself. Then, the neighborhood
features from different attention heads and the transformed node feature are fed into

a capsule network with primary capsule layer and dynamic routing process.

5.3.2 Sequence to Graph

The input graph structure of our proposed GACapNet was created from cells by
gene counts feature matrices which stem from the collection of single-cell samples.
Sehanobish et al. utilized Scanpy (136, 194) to preprocess all single cell samples
using the standard preprocessing pipeline of single cell RNA-seqencing. Then, a
batch-balanced weighted KNN (BB-KNN) (124) method was applied to construct
the KNN graph by identifying the top-K nearest neighbours of the center cell node in
the batch. Specifically, the gene feature matrices are mapped into low-dimensional
principle component analysis (PCA) space. Then, for two nodes v; and v, the

similarity score is calculated by using the Euclidean distances between the PCA
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vectors of these two nodes:

dij = ||xi — %2 (5.1)

where x; and x; are the PCA vectors for nodes v; and v, respectively. Based on the
distance between nodes, k nearest neighbors were generated by applying BBKNN
algorithm and the distance between respective nodes was generated as edge weights.

Conventionally, the KNN algorithm identifies the k nearest neighbors for each cell
node across the entire data point collections. These cell nodes thus become massively
connected network, which is hard to link up cell types across various batches, for
further studies. Instead of dealing with the entire data collection directly, BBKNN
identifies each cell’s relatively smaller k nearest neighbors by batch. These batch-
based KNN results are integrated to the final cell node neighboring list. This allows
the analogue cells to be connected from different batches without making changes in

counts and PCA space.

5.3.3 Multi-head Graph Attention

GNNs have shown promising results on modeling graph-structured data in the past.
In this study, we use GATs (170) to learn the local structure features in a cell graph.
Each node v; € V in the graph can be represented as a vector v;. As shown in

Figure 5.2, we use multi-head graph attention layer to model the given graph. For
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each graph attention head, the input is the node features in the graph and the output
is a set of updated node features. Formally, for a node v;, we can update its features
by aggregating the neighbors using a weighted sum function:

h" =o¢ Z it W (5.2)

v €N,

where N, is a set of neighboring nodes of v;, v; is the vector representation of the
neighboring node v; € N,,, h!" is the updated node feature for v; using the m-th
head, o is an activation function, W™ is the transformation parameters, and «; is
the attention weight for v; using the m-th head, which is computed by normalizing

the attention scores of the neighboring nodes:

. exp(sg?)
L SPwr=r ey

where 577 is the attention score for node v;, which is computed as:
sy = LeakyRelu(WY"[vi]|v;]) (5.4)

where || is a concatenation operation, W7 is a trainable parameter and LeakyRelu
is the activation function.

To better preserve the original feature of the node, we also apply a simple feed-
forward network (FFN) to update the node representation, which is denoted as:

h? = o(W%, + b?) (5.5)
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where WY and b® are the trainable parameters.
By applying multiple graph attention heads and the FFN layer, we can obtain a

0 M

set of new node features for each node v;, which is denoted as V; = {h{, h}, h? ... hM}.

5.3.4 Primary Capsule Layer

The node features obtained from multi-head graph attention layers can be viewed as
different aspects of this node. We use a capsule layer with a primary capsule layer
and dynamic routing process to compute the output features of the node.

As shown in Figure 5.2, in the primary capsule layer, each node feature vector
from the multi-head graph attention layer can be transformed into multiple capsules
using feed-forward networks. Formally, a capsule vector produced in the primary

capsule layer can be computed as:

z! = squash(W_h" +b,) (5.6)

where squash (135) is a non-linear activation function, which is denoted as:

|z]>
h L ——— .
squash(x) T+ 2l T2l (5.7)

By applying the primary capsule layer, we can obtain a list of primary capsule

Vo222l

1285y by

vectors for the node v;, which is denoted as Z; = {z
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5.3.5 Dynamic Routing

Each capsule vector represents a specific property of the node. The dynamic routing
layer is used to combine these input features and to determine what information
should be used to generate the output capsules. As shown in Figure 5.2, a vote
vector is computed by using a linear transformation from each input capsule vector.

It is denoted as:

2 = Wz (5.8)

where Wy, denotes the transformation parameter from the ¢-th input capsule vector
to the k-th output capsule vector.
Then, all the vote vectors are combined using a weighted sum function to obtain

a new capsule s¥:

sk = Z cftif” (5.9)
t

kt . eXP(r)

i = S oxp) is a coupling coefficient between input capsule z! and the

where ¢

k

+, and it is determined by a dynamic routing process with a zero

output capsule s

initialized logits b¥t.

After that, we apply a non-linear squashing (135) to each capsule vector sk:

u? = squash(s?) (5.10)

In the dynamic routing process, the logits o™ can be iteratively updated by
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measuring the agreement between the output u¥ and the vote vector ﬁflm:

Gy L A (5.11)

7

5.3.6 Model Optimization

In the dynamic routing capsule layer, there is a total K capsules obtained, where K
stands for the number of node labels in the node classification task. Thus, we use

the length of each output capsule to compute the probability of each class:

e exp(l[uf]])

P S ()

(5.12)

To optimize the parameters in the model, we use a cross-entropy loss as the objective

function:

Z Z yFlog(pk (5.13)

where y¥ = 1 if the node v; is an instance of the k-th class, otherwise y¥ = 0.

5.4 Experiments

5.4.1 Datasets

In order to evaluate the effectiveness of our model, we run experiments on two scRNA-
seq data collections, namely the SARS-CoV-2 infected organoids and the COVID-19

patients.
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The SARS-CoV-2 infected organoids (129) is a dataset on infected human bronchial
epithelial cells which were infected by SARS-CoV-2 and co-cultured for 1, 2, and 3
days-post-infection (dpi). A cell is considered to be infected if more than 10 tran-
scripts are aligned to the SARS-CoV-2 genome in the cell. The cells that were not
infected in 1, 2, 3 dpi samples are labeled as bystander cells. Besides, there are
some controlled samples, labeled as “Mock”, which stands for neither bystander nor
infected. Given that, all the cells can be grouped into 7 classes according to whether
the cells are infected or bystander in the 3 time-stamp points, namely the Mock,
infected_1dpi, bystander_ldpi and etc.. Aligning with the prior work, our study
constructed on the assumption that all SARS-CoV-2 infected organoid cells show
transcriptomic signatures of them being infected or bystander cells, which differen-
tiate them from mock-infected or control sample cells.

The COVID-19 patients (81) is a dataset collected from Shenzen Third People’s
Hospital in Guangdong Province, China. The dataset supports the node classifica-
tion task on COVID-19 infected cells, and identifies those cells that are highly ex-
pressed by severely infected patients and other cells that are preferentially expressed
by healthy controls and moderately infected patients. Specifically, the dataset, con-
sisting of 12 patient samples, allows us to use 10x genomics to measure scRNA-seq

to classify different lung immune microenvironment in the bronchoalveolar lavage
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Table 5.1: Statistic of the datasets.

Dataset Nodes(train/val/test) Node features Edges(train/val/test) Classes
SARS-CoV-2 infected organoids 54353/11646/11648 24714 1041226/230429/228630 7
COVID-19 patients 63486,/13604/13605 25626 2746280/703217/707529 3
Genes
AAAGTCCGTCCAAATC-1 = HES4  AL390719.2 INTS11 VWA1 MIB2 GNB1 RER1 TNFRSF14
AAAGTCCGTCCGTTTC-1 PLEKHN1 HES4 TTLL1O SDF4 UBE2J2 CPTP AURKAIP1  MRPL20
AAAGTCCGTCTCCTGT-1 ~ HES4 ISG15  CI1QTNF12  INTS11 DVL1 e CCNL2 MRPL20 GNB1
AAAGTCCGTGAGCCAA-1  AGRN SDF4 DVL1 MRPL20 VWA1 . MIB2 NADK GNB1
% AAAGTCCTCGGAAGGT-1  NOC2L HES4 AGRN TTLL1I0  AURKAIP1 .. SsuU72 GNB1 CFAP74
© AAAGTGAAGACTTCAC-1  HES4 SsuU72 GNB1 RER1 PEX10 e TNFRSF14 RPL22 ERRFI1
AAAGTGAAGGGCAGAG-1/ PLEKHN1 HES4 AGRN RNF223  AURKAIP1 SsuU72 CDK11A GNB1
AAAGTGAGTCGCTTAA-1  NOC2L DVL1 GNB1 TNFRSF14-AS1 TP73 KLHL21 CAMTA1 PARK7
AAAGTGATCAACGCTA-1  SDF4 DVL1 AURKAIP1 SSu72 RER1 e HES2 CAMTA1 PARK7
AAAGTGATCGTTCATT-1 LINCO0115  HES4 AGRN RNF223  Clorf159 e SDF4 PUSL1 INTS11

Figure 5.3: Some examples of the cell nodes in the graph.

fluid (BALF) comprehensively. Among these 12 samples, more than 25,000 node
features are collected from 3 healthy control samples, 3 moderately infected samples
and 6 severely infected samples. The categorization comes from the Diagnosis and
Treatment Protocol of COVID-19 (the 7th Tentative Version) released by the Na-
tional Health Commission of China. Aligning with the prior work, we further split
the dataset into 63,486 nodes of cells for training, 13,604 nodes of cells for valida-
tion, and 13,605 nodes of cells for testing. All cells taken from patient’s sample were
labelled in accordance with a severity level.

The details of these datasets are summarized in Table 5.1. For the purpose of

presenting the formats of the datasets clearly, we show some examples of the cells in

164



Figure 5.3. The input graph structure of our proposed GACapNet is the processed
and clustered dataset from prior work (139). Sehanobish et al. (139) constructed
the cell graphs by utilizing batch-balanced weighted KNN graph (124) with matrices
of gene features. The collection of gene features is used as cell features to input
into the model. For more details about the data collections, please refer to (139).
As illustrated in Figure 5.3, each row represents a cell which contains some gene
features, and each column denotes the gene features represented in the correspond-
ing cells. For example, “AAAGTCCGTCCAAATC-1”" is the cell name, “HES4”,
“AL390719.2”, ..., “TNFRSF14” represent the specific gene features contained in
the cell “AAAGTCCGTCCAAATC-17. Thus, these gene features representing the
characteristics of cells reflect the ones that were infected by SARS-CoV-2 and the
ones that were healthy controls in the RNA sequences. The edges between these
cells are constructed by identifying the top k£ nearest neighbors, which aligns with

the prior work (139).

5.4.2 Parameter Settings

We optimize the parameters of our model using the Adam (64) optimizer with an
initial learning rate of 0.001. For each dataset, we use grid search to select hyper-

parameters according to the accuracy on validation dataset. Specifically, we select
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the number of heads in multi-head graph attention layer from {2,4,6}, the hidden
size of each attention vector from {8, 16,32}, the number of primary capsules from
{1,2, 3,4}, the size of each capsule vector from {4, 8, 16}, and the number of iterations
in dynamic routing from {2,3}. Finally, the number of heads in multi-head graph
attention layer is set to 2 for SARS-CoV-2 infected organoids and the COVID-19
patients, since these parameter settings obtain the best performance on the validation
dataset. The hidden size of each vector in multi-head attention layer is set to 32.
Each node feature in graph attention layer can be transformed into 4 primary capsule
vectors and the dimension of each capsule is set to 8. The number of iterations in
dynamic routing is set to 3. The batch size is set to 128. The dropout rate is set 0.4
and the weight decay is set to 4e-5.

The code of our model is implemented using Pytorch and all the experiments are

conducted on a server with a single NVIDIA GTX 1080Ti GPU 7.

5.4.3 Comparing Methods

We compare our model with a series of strong baselines, summarized as follows.

e ClusterGCN (24) uses a graph clustering algorithm to sample a dense subgraph,

and then performs GCN (65) on the subgraph.

"We will release the code and datasets for research community once the paper is accepted at
https://github.com/sherrybbalonsozhu.
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GAT (170) uses self-attention mechanism to aggregate neighborhood features.

The methods ClusterGCN + DeepSet, ClusterGCN + Set2Set, and Clus-
terGCN + Set Transformer use ClusterGCN to aggregate neighborhood fea-

tures and use different methods to encode edge features (e.g., Deep Set (224),

Set2Set (171) and Set Transformer (77)).

Similarly, the methods GAT + DeepSet, GAT + Set2Set, GAT + Set Trans-
former use GAT to learn neighborhood features and incorporate edge features

using Deep Set (224), Set2Set (171) and Set Transformer (77).

GIN + EdgeConv (52) incorporates edge features into Graph Isomorphism

Network (GIN) (210).

EdgeConditionedConvolution (147) uses graph convolutions with edge-conditioned

filters to incorporate edge features.

GraphSAGE (47) uses rich node features, such as node attributes, node degrees

to learn better node embeddings.

CapsGNN (205) uses GCN and capsule neural network to extract high-level

features.
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5.4.4 Main Results

In this section, we present the experimental results of our proposed study. The
main experimental results on the test sets are summarized in Table 5.2. We use the
accuracy metric on the test sets to measure the performance. For each dataset, we
run the model 10 times with different random seeds and report the average accuracy
as well as the minimum and maximum accuracies in the bracket.

We compare our model with some strong baselines listed in Table 5.2. Be-
sides the model GraphSAGE and CapsGNN, the results of other baselines are taken
from (139). The proposed GACapNet outperforms all the baseline models on both
datasets. On COVID-19 patients dataset, our model achieves the best result with
an accuracy of 99.21%, outperforming all the baselines. On SARS-CoV-2 infected
organoids dataset, our model also shows superior performance and achieves the best
result among all the SOTA methods. It is worth noting that GAT+Set Transormer
model incorporates many edge features pre-trained by predicting metadata in the
graph, which is not always available in practice. Instead, the proposed GACapNet
obtains better performance without using any additional edge features. Further-
more, our GACapNet outperforms the CapsGNN by 4.13% on SAR-CoV-2 organoids
dataset and 5.38% on COVID-19 patients respectively. It proves that even though

both models used the integration of GNNs and capsules, our proposed GACapNet,

168



Table 5.2: Experimental Results on node classification task in terms of accuracy
evaluation metric. The bold fonts show the best results, and the underlined fonts
show the second best results. We run the model 10 times with different random seeds
and report the average accuracy as well as the minimum and maximum accuracy in

the bracket.

Models SARS-CoV-2 infected organoids | COVID-19 patients

ClusterGCN 65.43 (65.21-65.65) 89.26 (89.06-89.47)

ClusterGCN + DeepSet 79.75 (78.75-80.75) 87.2 (87.02-87.38)

ClusterGCN + Set2Set 71.65 (69.89-73.42) 88.34 (87.89-88.79)

ClusterGCN + Set Transformer 81.61 (79.34-83.87) 92.84 (91.95-93.74)

GAT

GAT + DeepSet
GAT + Set2Set
GAT + Set Transformer
GIN + EdgeConv

EdgeConditioned Convolution

73.10 (70.93-75.27)
79.45 (77.98-80.92)
82.95 (81.75-84.15)
89.8 (88.89-91.71)
63.36 (62.53-64.19)

46.15 (34.72-57.59)

92.25 (91.27-93.24)
75.99 (74.8-77.68)
92.87 (92.62-93.12)
95.12 (94.02-96.22)
89.56 (88.54-90.58)

88.63 (86.07-91.20)

GraphSAGE 89.51 (88.13-90.47) 96.71 (95.61-97.42)
CapsGNN 87.84 (84.87-89.89) 93.86 (91.36-95.33)
GACapNet 91.97 (90.58-93.45) 99.24 (98.66-99.46)
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which utilizes GAT and the output of multi-heads attentions as capsules, is sig-
nificantly more effective than the CapsGNN. In general, these experimental results

demonstrate the superiority and robustness of our proposed GACapNet.

5.4.5 Node Visualization

The task of node classification aims to learn good node representations which can be
used to distinguish different node types. To understand the results of our GACapNet
model more intuitively, we concatenate the output capsules as the vector for each
node and apply t-SNE (74) to map the the node vector into a 2-D space for visualiza-
tion. As illustrated in Figure 5.4, we compare our GACapNet with the GAT model.
In Figure 5.4, different color indicates different categories of nodes. For both the
SARS-CoV-2 infected organoids and the COVID-19 patients datasets, our GACap-
Net is able to map the nodes with different labels into different areas. Moreover,
the nodes belonging to the same categories are grouped in the same areas. This

demonstrates the model ability of label-discrimination.

5.4.6 Analysis of Model Convergence

To estimate the convergence of our model on node classification task, we analyse

the accuracy score curve with different training epochs. As shown in Figure 5.5,
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Figure 5.4: Visualization of node representations learned by the proposed GACap-
Net vs. GAT model. Different colors correspond to different node classes. 0_1dpi
and 1_1dpi denote infected_1dpi or bystander_1dpi, respectively, and other classes in

SARS-CoV-2 infected organoids are represented in a similar manner.
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we compare our model with a strong baseline GAT model. We can see that our
GACapNet quickly achieves good performance within 10 epochs for both of the
datasets. After that, the performance gradually stabilizes at a high level of accuracy.
Compared to the baseline GAT model, our GACapNet model outperforms the GAT
model by large margin along all the training epochs (e.g, more than 20% accuracy
score over the GAT model on SARS-CoV-2 infected organoids and more than 6%
accuracy score on COVID-19 patients). This experiment clearly shows the superiority

of our proposed GACapNet.

—o—GACapNet —e—=GAT —o—GACapNet —e—=GAT
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Figure 5.5: Accuracy score versus training epochs.
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5.4.7 Analysis of the Gene Features

Figure 5.6 shows top 10 important gene features for each dataset. We extract the
weights from the multi-head graph attention layers and average them over the heads
as the importance scores. To illustrate the analytical results, we rank all the gene
features according the importance scores and select the top 10 genes to present in
Figure 5.6.

These 10 genes are ranked as the most important features among the COVID-19
patient profiles from the two selected datasets. Given that the sizes of the datasets
are relatively small and the virus keeps evolving, clinical implications of these top
ten gene features require further studies and validation. However, this ranked gene
feature list can potentially deliver great contributions if integrated well with two
other studies: 1) Virology studies: our approach of studying the single-cell RNA
sequencing is closest to the study of virology in general. The differences in genetic
features of the healthy cohorts and the sick patients can strengthen the understanding
of COVID-19 virology and epidemiology from a micro molecular and cellular scope.
2) Clinical studies: together with PCR test reports, blood test results, immunity
function report and CT scans, our study is able to assign COVID-19 patients with
severity scores and to provide comprehensive guidelines to clinical diagnoses and

treatments.
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Figure 5.6: Top 10 important gene features for each dataset, colored by learned

weights.
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5.5 Discussions and Potential Implications

We hope our study could serve to help contain the deadly spread of the disease, to
help improve the efficacy rate of the COVID-19 treatment, and to control the tragic
economic and broader societal impacts on the global population to some extent.

Here, we seek to predict SARS-CoV-2 severity level from a machine learning
perspective. Our proposed model learns the cellular node features, distinguishes
transcriptional signatures of the evolving SARS-CoV-2, and extracts transcriptomic
patterns as predictive features. Specifically, we propose a GAT and capsule network
architecture to identify the most relevant cells and genes that can determine the
infectiousness of SARS-CoV-2. From an economic perspective, effective genes and
cells classification could potentially support many downstream applications, such
as fast diagnosis of COVID-19 disease, fast track of the SARS-CoV-2 infections
mutations, precision treatment of the COVID-19 patients, and robust endorsement of
vaccines effectiveness. From a data integration perspective, a well classified collection
of genes and cells could facilitate the process of merging, integrating or managing the
genetic sequencing data in the near future. We hope the experimental results derived
from this work can facilitate future research, clinical validations and investigations
in COVID-19 therapeutic properties.

However, we acknowledge that there are still some caveats to our results in the
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paper. Even though the experiments have shown significantly better results than the
SOTA models in the node classification task, our study still lacks of robust clinical
proven theories, large heterogeneous patient samples and strong interpretability to
support clinical use. Instead, we could engage these output features as hypotheses
into further studies and aim to derive and prove more clinical assumptions. There-
fore, we hope researchers and scholars from various domains could work together to
conduct more interdisciplinary studies to learn what other factors can possibly cause

severe SARS-CoV-2 infection, such as aging or changes in immune systems.

5.6 Conclusion and Future Work

In this chapter, we extend the GAT-based techniques to an ongoing real-life med-
ical problem of COVID-19 disease prediction, and propose the GACapNet model
accordingly. Compared to the SOTA methods, our GACapNet, which comprises of
a multi-head attention layer and a capsule network layer, has delivered significantly
better experimental results on two scRNA-seq datasets. Specifically, the GACap-
Net extracts more representative and insightful features from nodes and genes and
generates predictive SARS-CoV-2 transcriptomic patterns. For the computer science
research community, our work demonstrates the capability of GAT-based methods to

practise graph learning in medical domain. For the medical background researchers,
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our experimental results also indicate potential roles for advanced machine learn-
ing techniques to play in closing existing knowledge gaps of the pathogenesis and
recovery of COVID-19 pneumonia.

To go one step further, we pose several future directions of research, listed as

follows:

e First, we look forward to seeing more high quality COVID-19 single-cell RNA
sequencing data to become available to support the SARS-CoV-2 infection
prediction research in the near future. Because of the novelty of this COVID-
19 pandemic topic and the evolution of the virus, the access to high quality and
large quantity of scRNA-seq data is not available yet. Therefore, we only apply
two datasets to test our proposed method in this work. With more scRNA-seq
datasets become available, we hope to lift our proposed model performance up

onto the next level.

e Second, our proposed model is considered just as a starting point of solving
the COVID-19 disease prediction problem due to the time restrictions. We
have planned further advancement of our GACapNet, which involves incorpo-
rating more features, such as cell type and edge features, into our analysis.
This improvement of our model also requires more high quality datasets to be

available, as mentioned in the previous point.
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e Third, we hope to conduct more interdisciplinary research with various COVID-
19 related fields to learn how to improve, utilize, employ and deploy our ad-

vanced machine learning models more safely and appropriately.
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6 Conclusions and Future Work

6.1 Conclusions

In this thesis, we explore various advanced GAT-based solutions to tackle issues in
single graph learning, multiple graph learning and ongoing real-world graph learning
problems. Specifically, we propose four models to tackle the KGE, CEA and COVID-
19 disease predictions respectively. These models include, 1) a GAT-based solution
of bidirectional graph attention network (BiGAT), which learns embeddings in a
hierarchical neighboring propagation manner, to capture better KGE; 2) a GAT-
based solution of Contextual Alignment Enhanced Cross Graph Attention Network
(CAECGAT), which jointly learns the embeddings in different KGs by propagating
cross-KG information through pre-aligned seed alignments, to obtain more CEA; 3) a
GAT-based solution of Dual Gated Graph Attention Network with Dynamic Iterative
Training (DuGa-DIT), which learns cross-KG embeddings to bridge the semantic

gaps between different KGs by leveraging both neighborhood features and cross-KG
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alignment information with dynamic iterative training, to further enhance CEA; and
4) a GAT-based solution of Graph attention capsule network (GACapNet), which
extends GATs and Capsule networks to scRNA-seq datasets to predict COVID-19
disease severity.

Through extensive experiments, we demonstrate that these proposed models sig-
nificantly outperform the baselines across various evaluation metrics. By comparison,
we conclude that for the KGE task, the proposed BiGAT achieves the best perfor-
mance compared to the SOTA approaches on four KGE benchmark datasets. Its
superiority lies not only in the model architecture but also its effectiveness and ef-
ficiency. For the CEA task, the proposed CAECGAT model is at least comparable
to, if not better than, the SOTA baseline models with optimal parameter settings.
The DuGa-DIT model is more promising and robust among two thirds of the evalua-
tion metrics than all baseline models. Moreover, it addresses performance restraints
of the SOTA models using a unified model framework. Besides, its capability of
capturing both neighboring and cross-KG alignment features send this model to the
top of the performance ranking list. For the COVID-19 disease predictions, the pro-
posed GACapNet model has delivered significantly better experimental results on
two scRNA-seq datasets in the cell node classification task. We also prove that the

model architecture indicates that both the proposed approaches and the parameters
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are robust and optimal.
Based on the analyses above, the implications of this thesis can thus be ascribed

to three folds, stated as follows:

e BiGAT serves as an advanced model to apply GAT (170) architecture to single
graph learning on KGE tasks. It not only tackles the limitations of existing
methods that learn embeddings from unilateral direction of the neighborhoods,
but also leverages the GAT mechanism to capture multi-hop features in KGs
and to avoid early-stage information loss. The respective section of the thesis
provides a viable solution to address existing problems in the KGE research

field.

e Both the CAECGAT and the DuGa-DIT models serve as advanced GAT-based
models to address multiple graph learning on CEA tasks. Both proposed meth-
ods aim to make full use of the seed alignments among two input graphs to
alleviate the semantic gaps between different KGs. As a preliminary study,
CAECGAT solves a prevalent problem in conventional GNN-based methods,
where they tend to regard all pre-aligned entity pairs as objective seed align-
ments for training while underestimating the contextual aligned information
for cross KG aggregation. Contrarily, our CAECGAT chooses one batch as ob-

jective seed alignments and the rest as contextual seed alignments to train the
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model iteratively. With this setting, the model learns better cross-KG embed-
dings by propagating contextual seed alignments across different KGs. Based
on the prior work and our preliminary study, DuGa-DIT builds an enhanced
GAT-based model, which optimizes CAECGAT in an unified framework. It
manages to make full use of the pre-aligned entity pairs in both training and
prediction stages. Furthermore, with the dynamic iterative training process,
we can dynamically update the cross-KG attention score matrices. This allows
more cross-KG information to transfer across different KGs and to achieve bet-
ter overall performances. As a result, these two proposed models unfold more

promising solutions to tackle the CEA task.

e The GACapNet model demonstrates the applicability of GAT-based models in
the medical domain. It is able to extract more representative and insightful
gene features and to generate predictive SARS-CoV-2 transcriptomic patterns

that are linked to the infectiousness and severity predictions of the COVID-19.

6.2 Future Work

Last but not least, we would like to provide some possible directions of future work
to conclude this thesis. In this study, we mainly focus on deep learning approaches to

address all relevant challenges and problems on single graph learning, multiple graph
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learning and real-world graph learning. One simple and general direction of future
work could be to involve some non-deep learning methods in experiments for model
comparisons. This would allow us to discuss the advantages and disadvantages of
various models, and to address significant topics in real-world application, such as
model explanability, the number of available training examples and the respective
computation costs. The proposed methods will also be applied and evaluated on
more data sets for more applications, such as biomedicine, Clinical and Chinese IR,
in the near future (53, 54, 55, 90, 91, 223, 237, 238, 239).

For GAT-based models on single graph learning via KGE task, we suggest the
future work could be done in mainly two aspects. First, on the micro level, we could
try to incorporate more text information that are embedded in the KGs to further
enhance the model performance. We could also expand our KGE solutions towards
bringing in new advanced machine learning concepts and building more hybrid ar-
chitectures with attention mechanisms. Second, on the macro level, we believe re-
searchers could apply these existing models to more NLP downstream applications,
such as question answering over incomplete KGs, personalised recommendations,
etc.. We could also validate our models on a number of real-life KGs and use cases,
such as predicting missing links among biomedical protein network.

For GAT-based models on multiple graph learning via CEA task, we suggest the
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future work could be done in mainly six aspects. First, we can extend our CEA to
three or more KGs. Even though it seems straightforward to increase the number
of KGs, the difficulty of aligning precise entities across various KGs could grow ex-
ponentially. For initial trials, we should try to apply our existing models to three
KGs for the entity alignments task and to optimize them accordingly. However, if
the experimental results appear to be sub-optimal, we should consider tailor-made
models for different number of KGs and solve respective issues as the number of
KGs increases. Second, we should consider involving more entity information, such
as entity properties and descriptions, in the learning process. On one hand, as more
information being incorporated in the algorithms, the accuracy should improve sig-
nificantly. On the other hand, we should also consider the re-applicability of these
models to other KGs, including those open-sourced ones and domain specific ones.
Third, we realize that practising CEA task with our current solutions can be costly
and not sustainable in long term. In many real life scenarios, the size of KGs expands
exponentially everyday. Thus, it would eventually become too large to train, espe-
cially for tasks in personalised search and recommendations. Given the structural
differences and inherited variances, KGs can be even bigger. Therefore, designing
and developing distributed auto alignment methods and auto learning approaches

would become much more important for future research. We hope to see our future
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solutions to become more applicable, effective and cost-efficient. Fourth, as our re-
search domain continues expanding, our existed models need to go beyond dominant
languages of English, Chinese, French and Japanese. This would require more high
quality benchmark datasets to be constructed and made available to the public. For
example, as the e-commerce platforms become more trendy and lively in South East
Asia (SEA), many tech giants have been eyeing the SEA market to expand their busi-
ness. However, datasets on key regional languages such as Indonesian, Thai, Malay
and Vietnamese are still largely under-developed compared to dominant languages
used in our thesis. It could be challenging for them to support effective downstream
tasks such as product recommendations. Fifth, the input graphs involved in this
thesis contain quite a number of equivalent surface form entities across KGs of dif-
ferent languages. It would be worth running experiments and designing algorithms
to test model performances when all these information given are removed. Lastly,
while developing new solutions, we should not stop keeping an eye on our published
solutions and keeping them up to dated. We should continuously apply and test
them to different datasets, industry domains and real life scenarios, which might
derive unexpected insights and results.

For GAT-based models on the COVID-19 disease severity predictions, it is still a

relatively young and underdeveloped research domain due to its novelty, interdisci-
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plinary characteristics and evolving situations. As a fundamental building block, we
look forward to seeing more high quality COVID-19 single-cell RNA sequencing data
and other COVID-19 related datasets to become available in the near future. As dif-
ferent variants of COVID-19 evolve and spread around the world, more COVID-19
related questions have been and will be continuously generated. We hope to conduct
more interdisciplinary research with various COVID-19 related fields to learn how
to improve and to utilize our advanced machine learning models more safely and

appropriately.
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A Appendices

Our experiments from Chapter 3 and 4 are conducted on the deep learning framework
Tensorflow ® for our model implementation. The version is Tensorflow 1.14. All the
experiments in this thesis are conducted on RTX 2080Ti and NVIDIA GTX 1080Ti
GPUs respectively. Our experiments for Chapter 5 are conducted on a server with a
single NVIDIA GTX 1080Ti GPU with PyTorch. All the datasets and codes in this

thesis are available at https://github.com/sherrybbalonsozhu.

A.1 TASLP
A.1.1 Data Explanations

The datasets used in this study are listed below:

8https://tensorflow.org
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Table A.1: Description of the benchmark datasets.

#Entity #Relation #Train #Valid #Test

WNISRR 40,943 11 86,835 3034 3134

FB15k-237 14,541 237 272,115 17,535 20,466

NELL-995 75,492 200 149,678 543 3992
Kinship 104 25 8544 1068 1074

A.1.2 Code Explanations

Details of the codes are included in the documentation in files on Github link.

A.2 CAECGAT

A.2.1 Data Explanations

DBpedia is a large-scale multi-lingual KB including inter-language links (ILLs) from
entities of English version to those in other languages. In our experiments, we ex-
tracted 15 thousand ILLs with popular entities from English to Chinese, Japanese
and French respectively, and considered them as our reference alignment (i.e., gold
standards). Our strategy to extract datasets is that we randomly selected an ILL
pair s.t. the involved entities have at least 4 relationship triples and then extracted

relationship and attribute infobox triples for selected entities. The statistics of the
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Algorithm 3 CAECGAT Model

Input: Given KGs G; and G2, as well as the initial entity embeddings E1, Ey and pre-aligned seed alignments A.

Output: The final entity embeddings Eq, E2 and parameters ¢.
! Let E{ = E; and EJ = Eo.
. repeat
Select a batch seed alignments as objective seed alignments Aobj and the rest are used as context seed alignments Ac¢g.

for I =1 to L do

1
2
3
4
5: Ell'*'1 = c'rossAtEt(crossAgg'r(El1 s Elz, Actz), G1);
6 EIQ'_*'1 = cTossAtt(crossAggT(Elz, Ell, Acte), G2);
7 end for

8 Set Eq = Ef‘ and Eg = Eé‘

9 Compute loss function L£(¢; Agpj).

10: Optimize parameters ¢ in CAECGAT model.

11: until reach the maximum number of training epochs

12: Set Acte = A.

13: Use the learned CAECGAT model to predict the final entity embeddings E; and Eg. =0

three datasets are listed in Table 1 in the chapter, which indicate that the number
of involved entities in each language is much larger than 15 thousand, and attribute

triples contribute to a significant portion of the datasets.

A.2.2 Code Explanations

The training process of our CAECGAT model is illustrated as follows: Other details

of the codes are included in the documentation in files on Github link.

236



Table A.2: Statistics of the datasets.

Dataset Entities | Relations | Rel.Triples | Training/Dev/Test
Chinese | 66,469 2,830 153,929
DBP15Kzn_EN 4,050/450/10,500
English 98,125 2,317 237,674
Japanese | 65,744 2,043 164,373
DBP15K j4—EN 4,050/450/10,500
English | 95,680 | 2,096 933,319
French 66,858 1,379 192,191
DBP15KFrr—EN 4,050/450/10,500
English | 105,889 | 2,209 978,590
French 45,255 277 258,337
WK31-60Krr—_gN 14,095/1,566/36,544
English 64,539 458 569,393
German | 43,503 172 244,647
WK31-60Krr-pE 14,451/1605/37,467
English 64,539 458 569,393
A.3 TOIS

A.3.1 Data Explanations

The datasets used in this study are listed below:

A.3.2 Code Explanations

The training process of our DuGa-DIT model is illustrated as follows: Other details

of the codes are included in the documentation in files on Github link.
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Algorithm 4 DuGa-DIT Model

Input: Given two KGs G and Gg, the initial entity embeddings E;, Ey and pre-aligned seed alignments A.

Output: The final entity embeddings EIL and E%

1: Initialize A™®¥ as an empty set

2: repeat

3! Let E = E; and EJ = E,.

4: repeat

5: Randomly choose some seed alignments from A as A,p; and the rest as Ac¢q.

6: Randomly choose some seed alignments from A™" as A7 and the rest as AZ/".
7 for =1 to L do

82 Perform intra-KG attention and cross-KG attention and obtain H{, Hé, Ci and Cé
9: Update entity embeddings:

10: E!=H} g1 +C} - (1-g1);

11: Eb=H} gy +Ch-(1—g2);

12: end for

13: Compute loss function L(¢; Agp; U Agbe]@ .

14: Optimize parameters ¢ in DuGa-DIT model.

15: until reach the maximum number of training epochs

16: Predict new seed alignments and update A™¢%"

17: until reach the maximum number of iterations
18: Set Acpr = A AT,
19: Use the learned DuGa-DIT model to predict the final entity embeddings Ef‘ and Eé‘

=0

Table A.3: Statistic of the datasets.

Dataset Nodes(train/val/test) Node features Edges(train/val/test) Classes
SARS-CoV-2 infected organoids 54353/11646,/11648 24714 1041226/230429/228630 7
COVID-19 patients 63486,/13604/13605 25626 2746280/703217/707529 3

A.4 GACapNet

A.4.1 Data Explanations

The datasets used in this study are listed below:
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A.4.2 Code Explanations

Details of the codes are included in the documentation in files on Github link.
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