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Abstract

With growing popularity of the machine learning methods, there have been a
great number of machine learning methods proposed for graph analytics. In this
thesis, we design three machine learning based models for the popular graph
analysis tasks such as node classification, graph representation learning, graph
interaction prediction and subgraph matching.

Firstly, we design a binarized graph neural network to efficiently obtain the
vector representations for vertices and graphs. Recently, there have been some
breakthroughs in graph analysis by applying the Graph Neural Networks (GNNs)
following a neighborhood aggregation scheme, which demonstrate outstanding
performance in many tasks. However, we observe that the parameters of the
network and the embedding of nodes are represented in real-valued matrices in
existing GNN-based graph embedding approaches which may limit the efficiency
and scalability of these models. It is well-known that binary vector is usually
much more space and time efficient than the real-valued vector. This motivates
us to develop a binarized graph neural network to learn the binary represen-
tations of the nodes with binary network parameters following the GNN-based
paradigm. Our proposed method can be seamlessly integrated into the existing
GNN-based embedding approaches to binarize the model parameters and learn
the compact embedding. Extensive experiments indicate that the proposed bina-
rized graph neural network, namely BGN, is orders of magnitude more efficient
in terms of both time and space while matching the state-of-the-art performance.

Secondly, we first design a graph of graphs neural network for entity interac-
tion prediction, and then extend the model to support the graph classification
task with more expressive representations. Entity interaction prediction is essen-
tial in many important applications such as chemistry, biology, material science,

and medical science. The problem becomes quite challenging when each entity is
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represented by a complex structure, namely structured entity, because two types
of graphs are involved: local graphs for structured entities and a global graph to
capture the interactions between structured entities. We observe that existing
works on structured entity interaction prediction cannot properly exploit the
unique graph of graphs structure. In this thesis, we propose a Graph of Graphs
Neural Network, namely GoGNN, which extracts the features in both struc-
tured entity graphs and the entity interaction graph in a hierarchical way. We
also propose the dual-attention mechanism that enables the model to preserve
the neighbor importance in both levels of graphs. Based on GoGNN, we further
propose a Powerful Graph Of graphs neural Network, namely PGON, which has
3-Weisfeiler-Lehman expressive power and captures the attributes and structural
information from both structured entity graphs and entity interaction graph hi-
erarchically. Extensive experiments are conducted on real-world datasets, which
show the superior performance of GoGNN and PGON compared to other state-
of-the-art methods on both graph classification and graph interaction prediction

tasks.

Thirdly, we design a reinforcement learning based query vertex ordering
model for subgraph matching. Subgraph matching is a fundamental problem
in various fields that use graph structured data. Subgraph matching algorithms
enumerate all isomorphic embeddings of a query graph ¢ in a data graph G. We
apply the Reinforcement Learning (RL) and Graph Neural Networks (GNNs)
techniques to generate the high-quality matching order for subgraph matching
algorithms. Instead of using the fixed heuristics to generate the matching order,
our model could capture and make full use of the graph information, and thus de-
termine the query vertex order with the adaptive learning-based rule that could
significantly reduce the number of redundant enumerations. With the help of the

reinforcement learning framework, our model is able to consider the long-term

iii



benefits rather than only consider the local information at current step.

iv



PUBLICATIONS

e Hanchen Wang, Defu Lian, Ying Zhang, Lu Qin, Xiangjian He, Yiguang
Lin, and Xuemin Lin. “Binarized graph neural network.” World Wide Web
Journal (2021). (Chapter 3)

e Hanchen Wang, Defu Lian, Ying Zhang, Lu Qin, Xuemin Lin. “GoGNN:
Graph of Graphs Neural Network for Predicting Structured Entity Inter-
actions.” In the Proceedings of 29th International Joint Conference on Ar-

tificial Intelligence. (IJCAI 2020) (Chapter 4)

e Hanchen Wang, Defu Lian, Wanqi Liu, Dong Wen, Chen Chen, Xiaoyang
Wang. “Powerful Graph of Graphs Neural Network for Graph Classifica-
tion” World Wide Web Journal (2021). (Chapter 4)

e Hanchen Wang, Ying Zhang, Lu Qin, Wei Wang, Wenjie Zhang. “Rein-
forcement Learning Based Query Vertex Ordering Model for Backtracking
Based Subgraph Matching” In Submission (Chapter 5)



Contents

CERTIFICATE OF AUTHORSHIP/ORGINALITY

ACKNOWLEDGEMENTS

PUBLICATIONS

1 Introduction

1.1
1.2
1.3

Binarized Graph Neural Network . . . . . .. ... .. ... ...
Graph of Graphs Neural Network . . . . . ... ... ... ....
RL-based Query Vertex Ordering . . . . . ... ... ... ....

2 Literature Review

2.1

2.2

2.3

Graph Representation Learning . . . . . . . .. ... ... .. ..
2.1.1  Graph Embedding . . . . . .. .. ... 0.
2.1.2  Graph Neural Networks . . . .. .. ... ... ......
2.1.3  Graph Neural Networks for Specific Applications . . . . .
2.1.4 Binary Hashing . . . . . .. ... .. ... ... ......
Graph Applications . . . . . . . ...
2.2.1  Graph of Graphs . . . . . . .. ... L.
2.2.2  Structured Entities Interaction Prediction . . . . . .. ..
2.2.3 Subgraph Matching . . . . . . ... ... L.
Machine Learning Techniques . . . . . .. .. ... ... .....
2.3.1 Reinforcement Learning. . . . . . ... .. ... ... ...
2.3.2 Binarized Neural Networks . . . . . . ... ... ... ...

3 Binarized Graph Neural Network

3.1
3.2
3.3

Chapter Overview . . . . . . . . . . .. ... .
Background and Preliminaries . . . . . . . . ... ... ... ...
Model . . . . . .
3.3.1 Framework . . . ... .. ... ...
3.3.2 Binarization . . . . ... ... Lo

vi

ii

iii

10

16
16
17
18
18
19
20
20
21
21
22
22
23



CONTENTS

3.3.3 Optimization Objectives . . . . . . . ... ... ... ... 32
3.3.4 Techniques to Improve the Model . . . . . . .. ... ... 33
3.3.5 Adapted to Other GNN Based Models . . . . ... .. .. 36
3.4 Experiment . . . . . .. ... 37
3.4.1 Dataset . . . . . ... 38
3.4.2 Baseline Methods . . . . . ... ... ... ... ... ... 38
3.4.3 Experiment Setup . . . . .. ... 39
3.4.4 Classification Results . . . . . ... ... ... ... .... 40
3.4.5 Comparison of Time and Space Efficiency . . . .. . . .. 42
3.4.6  Analysis of Binarization . . . . ... ... ... ... ... 43
347 CaseStudy . . . .. ... 44
3.4.8 Discussion . . . . ... ... 48
3.5 Conclusion . . . . . . . . ... 49
Graph of Graphs Models 50
4.1 Chapter Overview . . . . . . . . . . . . .. 50
4.2 Preliminaries . . . . . . . ... 51
4.2.1 Problem Definition . . . . . ... ... ... ... o1
4.2.2 Input Graph of Graphs . . . . . . .. .. ... ... .. .. 52
4.2.3 'Theoretical Definitions . . . . . . .. .. .. ... ... .. 53
4.2.4 The Weisfeiler-Lehman graph isomorphism test. . . . . . . 53
4.3 Graph of Graphs Neural Network . . . . . . ... ... ... ... 54
4.3.1 Framework of GoGNN . . . . .. ... ... ... ..... 54
4.3.2 Molecule Graph Neural Network . . . . . .. ... .. ... 55
4.3.3 Interaction Graph Neural Network . . . ... .. ... .. 57
4.3.4 GoGNN Model Training . . . . . . ... ... ... .... 59
4.4 Powerful Graph of Graphs Neural Network . . . . . . .. .. ... 60
4.4.1 Framework . . .. . ... 61
4.4.2 Local Graph Neural Network . . . . .. ... .. ..... 61
4.4.3 Interaction Graph Neural Network . . . ... .. ... .. 64
4.44 PGON Model Training . . . . . . .. ... ... ... ... 66
4.5 Analysis . . . .. 68
4.5.1 Framework of PGON . . . . . .. . ... ... .. ..... 68
4.5.2 Permutation invariance of pooling and GIN operators . . . 69
4.6 Experiment . . . . .. ... 71
4.6.1 Dataset . . . . . . ... 71
4.6.2 Baselines. . . . ... ... 73
4.6.3 Classification Result . . . . . ... ... ... ... .. .. 75
4.6.4 CCI Prediction Results . . . . ... ... ... ... .... 76
4.6.5 DDI Prediction Results . . . . . .. ... ... .. ..... 77
4.6.6 Ablation Results of GoGNN . . . . ... .. ... ... .. 78

vii



CONTENTS

6

viii

4.6.7 Ablation Results of PGON . . . . . . . . . ... ... ...
4.6.8 Parameter Sensitivity Analysis. . . . .. . .. ... .. ..
4.7 Conclusion . . . . . . .

Reinforcement Learning based Query Vertex Ordering
5.1 Chapter Overview . . . . . . . . . . . .. ... .
5.2 Background . . . ... ...
5.2.1 Preliminaries . . . . . . . . . ... ... ...
5.2.2  Problem Statement . . . . . . ... ...
5.2.3 State-Of-The-Art . . . . . . . .. ... ... ... .....
5.3 Our Approach . . . . . . . ...
5.3.1 Motivation . . . . . .. ...
5.3.2 Framework . . . ... ... ...
5.3.3 Query Vertex Ordering as Markov Decision Process . . . .
5.3.4 RL-QVO Policy Network Architecture . . . ... ... ..
5.3.5  Policy Training . . . . . . . .. .. ...
5.3.6 Complexity Analysis . . . . . .. ... ... ... ... ..
5.4 Experiment . . . . . ...
5.4.1 Experiment Setup . . . . . . .. ..o
5.4.2  Query Processing Time Comparison . . . . . . . . . .. ..
5.4.3 Enumeration Time Comparison . . . . . . . .. ... ...
5.4.4 Training Time and Order Inference Time . . . . . . . . ..
5.4.5 Space Evaluation . . . . .. ... ... ... ...
5,5 Conclusion . . . . . . . . ...
EPILOGUE

85
85
85
86
88
89
94
94
95
96
101
103
104
105
105
109
110
113
114
115

116



List of Figures

1.1
1.2

3.1

3.2

3.3

3.4

3.5

3.6

4.1
4.2
4.3
4.4
4.5

Interaction graph of molecule graphs. . . . . . . . . ... ... ..
Example query graph and data graph. . . . ... ... ... ...

The overall framework of the proposed model BGN. (a) All input
node features are projected into a unified representation space
by binary-valued weights.(b) Masked summation between binary
matrix and real-valued matrix is employed to speed up the dot
product. (c¢) Binary attention coefficients are produced based on
the hidden representations. (d) Output of the layer is calculated
via multi-head attention mechanism. (e) xnor and popcount are
employed to calculate the dot product between binary-valued ma-
trix. (f) Loss calculation and end-to-end optimization for the node
classification task. . . . . . .. ..o Lo
The toy examples of (a) dot product (b) Masked summation and
(¢) znor and popcount instruction . . . . . ... ... L
Classification results of three citation network dataset among the
binary-valued embedding methods with different embedding di-
MENSIONS . . . . o v v v e e e e e
Classification results of three citation network dataset among the
GNN-based methods with varied bit width for embedding vector .
The performance of graph matching and inference time for GMN
and BGN-GMN w.r.t the number of nodes per graph . . . . . ..
The performance comparison of graph matching task between
original version of GMN and the BGN-GMN with (a) graph rep-
resentations binarized and (b) node representations binarized . . .

Framework of Graph of Graphs Neural Network. . . . . . . .. ..
Framework of Powerful Graph of Graphs Neural Network.
Ablation experiment result for graph classification. . . . . . . ..
Ablation experiment result for graph interaction prediction.

The average and standard deviation of critical parameters

X

42

46

47

o1
60
79
30
81



LIST OF FIGURES

4.6
4.7

5.1

5.2
5.3
5.4
9.5
5.6

Parameter sensitivity experiment results for graph classification . 82
The average and standard deviation of critical parameters . . . . 83
[lustrating the construction of bipartite graphs for candidate fil-

tering . . . ... 90
Framework of RL-QVO . . . . . ... .. ... ... ..., 93
Average Query Processing Time Comparison . . . . . . . . . . .. 108
Query Processing Time Percentile Comparison . . . . . . . .. .. 109
Average enumeration time comparison with varying query sizes . 111
Enumeration time spectrum analysis with permutation orders . . 112



LIST OF FIGURES




	Title Page
	Certificate of Original Authorship
	Acknowledgements
	Abstract
	Publications
	Contents
	List of Figures



