THE UNIVERSITY OF

SYDNEY

PHD THESIS

DISCIPLINE OF BUSINESS ANALYTICS

ENHANCING GRAPH REPRESENTATION
LEARNING: DATA-AWARE ADVANCES IN
GRAPH NEURAL NETWORKS

Author: Ye XIAO
Supervisor: Prof. Junbin GAO

Prof. Andrey VASNEV

A thesis submitted in fulfillment of the requirements for the degree of
Doctor of Philosophy

The University of Sydney
BUSINESS SCHOOL

2026



Contents

1 Introduction 9
1.1 Relational Worlds Beyond Points . . . . . . ... .. ... .. .... 10
1.2 Learning from Relations . . . . . .. .. .. ... ... ... ... 11
1.3 The Price of Relational Richness . . . . . . ... ... ... ... ... 12
1.4 Beyond Model-Centric Design . . . . . . ... .. ... ... ... .. 15
1.5 Contributions . . . . . . . ... Lo 16
1.6 Thesis Outline . . . . . . . . . . ... 20

2 Background 22
2.1 Graphs in Machine Learning . . . . . . . . ... ... ... ... 22

2.1.1  Definition of Graph . . . . . . . . ... 23
2.1.2  Graph Laplacian . . . . . ... ... ... ... ... ..., 24
2.2 Graph Representation Learning . . . . . .. . ... ... ... ... 26
2.2.1 Representation Learning Tasks on Graphs . . . . .. ... .. 27
2.2.1.1 Training Paradigm . . . . . . ... ... ... .. .. 27

2.2.1.2 Learning Subject . . . . . . ... ... 28

2.2.2 Data-Centric Techniques on Graphs . . . . . ... .. .. ... 30
2.2.2.1  Graph Sampling . . ... ... ... 31

2.2.2.2  Graph Generation . . ... ... ... ... .. .. 32

2.2.2.3 Graph Augmentation . . . . . . . . ... ... ... 34

2.2.3 Model Architecture . . . . . .. ..o 38
2.2.3.1  Graph Neural Networks . . . .. ... ... . .... 39



CONTENTS

2.2.3.2 Graph Pooling . . ... ... .. .. ... ..., 42

2.2.3.3 The Dendritic Neuron Model . . . . . . . .. .. .. 44

2.2.4  Learning Objective . . . . . . . . . . . ... ... 47
2.2.4.1 Supervised and Semi-Supervised Objectives . . . . . 48

2.2.4.2 Unsupervised and Self-Supervised Objectives . . . . 48

3 Enhancing Objective Function by Laplacian Eigenmaps 51
3.1 Imtroduction . . . . . . . . .. 52
3.2 Related Works . . . . . . .. ..o 54
3.2.1 Graph Neural Network Frameworks . . . . . .. ... .. ... 54
3.2.2 Laplacian Eigenmaps . . . . . . . .. ... 5%)

3.3 Methodology . . . . . . . . ... 56

3.3.1 Laplacian Eigenmaps for Representation Learning on Graphs . 57

3.3.2 Laplacian Eigenmaps Enhanced Loss . . . . . .. .. ... .. 59
3.3.2.1 Node-level Implementation . . . ... ... ... .. 59

3.3.2.2  Graph-level Implementation . . . . . .. .. ... .. 61

3.4 Experimental Evaluation . . . . . . . ... ... .. ... .. ... 66
3.4.1 Experimental Setup . . . . . ... ... 66
3.4.1.1 Datasets . . . . .. ..o 66

3.4.1.2 Configuration . . . . .. ... ... ... ... 67

3.4.2 Performance Analysis . . . . . . ... ... ... ... ... 68
3.4.3 Ablation Analysis . . . . . . .. ... oL 70
3.4.4 Hyperparameter Sensitivity Analysis . . . . .. ... ... .. 70

3.5 Conclusion . . . . . .. .. 72
4 Leveraging Precious Anomalies for Class Imbalance 73
4.1 Introduction . . . . . . . .. .. 74
4.2 Related Works . . . . . . . ..o 7
4.2.1 Graph-Level Anomaly Detection . . . . . . ... .. ... ... 7
4.2.2 Graph Mixup . . . . ... ... 79

i



CONTENTS

4.3 Methodology . . . . . . . . . 80
4.3.1 Augmented-Tasks Generation Module . . . . . . .. ... ... 80
4.3.1.1 Anomalous Graphs Augmentation . .. ... .. .. 80

4.3.1.2 Balanced Learning Task . . . . . .. ... ... ... 83

4.3.2 Reference Alignment Module . . . . . .. ... ... ... ... 84
4.3.2.1  Shifting Normal References . . . . . .. .. ... .. 85

4.3.2.2 Reference Contrastive Loss . . . . ... ... .. .. 85

4.3.3 Time Complexity Analysis . . . . . . .. ... ... ... ... 88

4.4 Experimental Evaluation . . . . . . . . ... ... ... ... ... .. 90
4.4.1 Experimental Setup . . . . . . .. ..o 90
4411 Datasets . . . . .. ..o 90

4.4.1.2 Baselines . .. ... ... ... ... ... 92

4.4.1.3 Configuration . . . . . . . . ... ... 93

4.4.2 Performance Analysis . . . . . . ... ... L. 93
4.4.3 Albation Analysis . . . . . . . .. ..o 95
4.4.4 Performance Flip Persistence Analysis . . . . .. ... .. .. 97
4.4.5 Sensitivity Analysis . . . . . ... 98
4.4.6 Augmentation Effectiveness Analysis . . . . . ... ... ... 99

4.5 Conclusion . . . . . . .. Lo 101
5 Promoting Model Efficiency under Capacity Expansion 102
5.1 Imtroduction . . . . . . ... 103
5.2 Related Works . . . . . . . . . 106
5.2.1 Continual Graph Learning . . . . . . ... ... .. ... ... 106
5.2.2 Parameter-Isolation Paradigm on Graphs . . . . . . . ... .. 108
5.2.3 Dendritic Neuron Model . . . . . . ... ... ... .. .... 109
5.2.4  Problem Definition . . . . ... ... ... 110

5.3 Methodology . . . . . . . . 111
5.3.1 Context-Aware Hierarchical Masking . . . . . .. ... .. .. 112

il



CONTENTS

5.3.1.1  Dendritic Masking (Stage 1) . . . . . ... ... ... 112

5.3.1.2 Low-Rank Masking (Stage2) . ... ... ... ... 115

5.3.2 Task-specific Context . . . . . . ... ... ... ... .. ... 118
5.3.3 Theoretical Analysis . . . . .. ... .. ... ... ... ... 119
5.3.3.1 Effective Parameter Reuse . . . . . . .. ... .. .. 119

5.3.3.2 Fisher Regularization. . . . . . ... ... ... ... 122

5.3.4 Complexity Analysis . . . . . . . .. .. ... L. 123

5.4 Experimental Evaluation . . . . . ... ... ... 000 126
5.4.1 Experimental Setup . . . . . .. ... ... ... ... ... .. 126
5.4.1.1 Datasets . . . . .. ..o 126

54.1.2 Baselines . . .. .. ... oL 128

5.4.1.3 Evaluation Metrics . . . . . ... ... ... ... 128

5.4.1.4 Hardware and Experimental Framework Setup . . . . 129

5.4.2 Hyperparameter Search Space . . . . . . ... ... ... ... 129
5.4.3 Performance Analysis . . . . . . . .. ... L. 132
5.4.4 Efficiency Analysis . . . . .. ... ... .. L. 134
5.4.5 Scalability Analysis . . . . . ... ... oL 136
5.4.6 Inteference Analysis. . . . . . .. .. ... L. 141
5.4.7 Ablation and Sensitivity Analysis . . . . . .. ... ... ... 143

5.5 Conclusion . . . . . . . .. 144
6 Conclusion 146
6.1 Summary . . . . ... 146
6.2 Future Outlook . . . . . . . .. ... . . 148

v



List of Figures

2.1

2.2

2.3

An example of an undirected and unweighted graph (Left) with six
nodes and one self-loop, and its adjacency matrix A (Right). . . . . .
An example of how graph augmentation enhances graph contrastive
learning. . . . . . ..
An overall workflow of G-Mixup. It contains three key steps: (1) Es-
timate a graphon for each class. (2) Interpolate graphons of different
classes. (3) Generating synthetic graphs from mixed graphons. For a
binary classification task with two classes of non-attributed graphs GGy
and G5 with corresponding labels 0 and 1, G-Mixup generates class-
wise graphons W, and Wy, for two classes, respectively, mapping
graphs of different sizes and different classes into the same augmen-
tation space G. It then interpolates W, and W, to obtain a mixed
graphon Wg, and performs sampling on W to generate synthetic

graphs that possess structural patterns of two classes. Ultimately,

given A = 0.5, the corresponding label 3 of synthetic graphs will be 0.5. 37



LIST OF FIGURES

24

2.5

2.6

3.1

3.2

4.1
4.2
4.3

An illustration of the two-layer message passing. After two rounds of
propagation, the representation of a vertex héQ) is formed by aggregat-
ing information from its 1-hop neighbors {h'®, A{¥}, which have al-
ready incorporated information from their own neighborhoods, bring-
ing 2-hop context to the vertex. The same process extends naturally
to deeper layers for a larger receptive field (multi-hop information per-
ception). In this way, successive message passing in multi-layer GNNs
first aggregates local information and then progressively refines node
representations by integrating information from increasingly distant
neighborhoods. . . . . . . . ... ..o 40
An overview of the DENN structure, which is incorporated into the
feedforward part and possesses intragroup sparsity. B refers to the
branch number corresponding to each output neuron, and MAX se-
lects the strongest branch response for each output neuron. . . . . . . 45
An overview of the structure of ADN, which comprises the feedfor-
ward part and the dendrite part. The dendrite part takes contextual
information as input and produces context-aware activation on feed-
forward outputs. B refers to the branch number corresponding to
each output neuron, and MAX selects the strongest branch response

for each output neuron. . . . . . . .. ... 47

[ustration of Laplacian Eigenmaps Enhanced Loss. The top right
is the process of node-level implementation, and the bottom is the
process of graph-level implementation. . . . . .. ... .. ... ... 59
Effect of the weight A of the regularization term and different graph

kernels on test accuracy. . . . . . .. ..o 71

A brief example of reference alignment that provides a contrastive view. 75
GARA: Augmented-tasks Generation Module. . . . . . . ... .. .. 81
GARA: Reference Alignment Module. . . . . . .. ... ... .. ... 84

vi



LIST OF FIGURES

4.4  Performance Surface by Two Core Hyperparameters in the Augmented-
tasks Generation module. . . . . .. ..o 98

4.5 Visualization of Graph Similarity. . . . . . . .. .. .. .. ... ... 99

5.1 Intuitive comparison of full-network and decoupled propagation in
parameter-isolation continual learning. Conventional methods, such
as PackNet (Mallya & Lazebnik, 2018), Piggyback (Mallya et al.,
2018), HAT (Serra et al., 2018), and WSN (Kang et al., 2024), prop-
agate through the entire network despite using only task-specific sub-
networks (Left). Our method instead decouples selected subnetworks
from unselected parameters while preserving a shared parameter space
for knowledge transfer (Right). TAAM (J. Liu & Zhang, 2026) pro-
vides a related alternative by assigning task-specific modulators to a
frozen backbone, but it isolates new knowledge into separate mod-
ulators and only promotes coarse-grained parameter sharing on the
entire frozen backbone. . . . . . ..o oo 104

5.2 A brief demonstration of CAGNN, consisting of a graph convolutional
feedforward part and a masking part. The graph convolutional feed-
forward part operates across the entire training to learn representa-
tions, while the masking part searches subnetwork structures during

the warm-up phase. When the warm-up phase is completed, the sub-

network structure is fixed for the corresponding task. . . . . . .. .. 112
5.3 MHlustration of Dendritic Masking. . . . . . . .. ... ... ... .. 113
5.4 Ilustration of Low-rank Masking. . . . . .. .. ... ... ... .. 115

5.5 Per-Task Performance of 10 Models on Citeseer, OGB-Arxiv, MNIST,
and CIFAR10 datasets . . . . .. .. ... ... ... ... .... 133
5.6 The Impact of Fisher Regularization on Parameter Utilization (50
Warm-Up in 500 Epochs) . . . .. .. ... 137

5.7 The Impact of Warm-Up Epoch on Parameter Utilization (A =1) . . 138

vil



LIST OF FIGURES

5.8 Visualization of subnetwork structures using task-specific context and

random context on Task 34 in the first convolutional layer on CoraFull.140
5.9 Performance comparison against neuron-wise masking. . . . . .. .. 143
5.10 Sensitivity to the Number of Branches and Hidden Dimension (Model

Capacity) on the CoraFull Dataset . . . . . ... ... ... .. ... 144

viil



List of Tables

3.1
3.2

3.3

4.1
4.2

4.3

4.4

5.1

Hyperparameter Search Space . . . . . . .. ... ... ... .....
Graph classification accuracies (%) of LEEL0SSmode), LEELOSS (graph)
and LEELOsS(,g) versus the original cross-entropy loss with GCN,
GraphSAGE, and GIN on 7 datasets. . . . . ... ... ... .....
Comparison results of separate implementations to the combination

implementation, and ultimately to none of them.. . . . . . . . .. ..

Statistics of Datasets . . . . . . . .. ... oL
Detection ROCAUC and F1 performance on nine datasets. For unsu-
pervised baselines, results are reported as the average performance of
5 iterations. For supervised baselines, experiments are conducted us-
ing 5-fold cross-validation with the splitting setting of 80% /10%/10%/,
and results are reported according to the average performance where
the model achieves the best average ROCAUC on the validation
set. The best and second-best results are highlighted by gray and
underlining, respectively. . . . . . . .. ..o

Ablation study on three datasets. GA indicates the Augmented-tasks

Generation Module and RA indicates the Reference Alignment Module. 96

Detection performance by considering different classes as the anoma-

lous class. . . . . . .

Summary of Dataset Statistics and Characteristics . . . . . . . . . ..

X



LIST OF TABLES

5.2
2.3

0.4

5.5

0.6

5.7

2.8

2.9

Hyperparameter search spaces and fixed settings. . . . . .. ... ..
Performance of CAGNN on GCN (CAGCN) and GAT (CAGAT), and
baselines on 8 datasets. Results are reported as the Average Per-
formance (AP) and Average Forgetting (AF) of 5 iterations. Each

dataset’s best and second-best results are highlighted with gray and

underline, respectively. . . . . . . ... oL

Average runtime per epoch and runtime multiple on three different

Memory usage (in MB) of CAGNN and WSN across 140 tasks on the
synthetic CoraFull dataset. . . . . . . .. .. ... ... .. ......
Ablation studies on the effect of contextual information on the syn-
thetic CoraFull dataset, using sparsity 0.99. . . . . .. ... ... ..
Ablation studies on the effect of differentiable proxy on the synthetic
CoraFull dataset, using sparsity 0.90. . . . . .. ... ... ... ...
Performance comparison under different overlap ratios on the Cora-
Full dataset. . . . . . . . . . .
Ablation study of two-stage masking. For each dataset, the same

sparsity is used across different stage variants. . . . . . .. ... ...

131

139

143



CERTIFICATE OF ORIGINALITY

This is to certify that to the best of my knowledge, the content of this
thesis is my own work. This thesis has not been submitted for any degree

or other purposes.

I certify that the intellectual content of this thesis is the product of my
own work and that all the assistance received in preparing this thesis

and sources have been acknowledged.

Ye Xiao




Abstract

Graph-structured data is a fundamental data modality across diverse
domains, in which the relations among entities can be as crucial as the
entities themselves. However, the irregular nature of it renders tradi-
tional Euclidean-based deep learning methods inadequate for modeling
its intricate interdependent structure. Graph Neural Networks (GNNs)
have emerged as the de facto paradigm for learning effective representa-
tions that capture relational information, offering favorable performance
through their message-passing mechanism. Despite their development,
many recent advances address different tasks primarily in a model-centric
view, revolving around more sophisticated designs to enhance represen-
tation learning. Considering that the evolving demand for classification
further drives models toward more complex architectures, this thesis
aims to contribute to the advancement of effective representation learn-
ing by placing data at the center of methodological design. To this end,
the thesis delves into various data-aware schemes to efficiently and del-
icately exploit the potential of the graph, thereby enhancing the graph
representation learning capabilities of GNNs. To be specific, the thesis
follows a unified data-aware principle and investigates it via three prac-
tical perspectives of the classification problem of graphs, across three
core levels of the representation learning framework, respectively. At
the objective level, the thesis investigates multi-label graph classifica-
tion and introduces a plug-in regularization that augments classification
with Laplacian eigenmaps on the constructed metagraph, pulling struc-
turally proximate samples together to preserve generalization on a global

scale. At the data level, it studies binary graph classification under se-



vere class imbalance and exploits the potential of available samples by
developing a training scheme specialized for supervised graph anomaly
detection, with graph augmentation and prototype alignment that can
solidify the decision margin in anomaly detection. At the architecture
level, it examines classification in continual task streams and proposes a
capacity-agnostic GNN framework that perceives external context stim-
uli and decouples task-specific subnetworks from each other under the
parameter-isolation paradigm, substantially boosting the representation
learning efficiency under the expanding model capacity scenario in con-
tinual learning. To contribute to a more practical basis for representation
learning, the thesis advances techniques that yield more robust, effective,

and comprehensive representations in real-world graph applications.
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Chapter 1

Introduction

The rise of deep learning, propelled by the relentless gains in computational resources
and data at an unprecedented scale in recent decades (LeCun et al., 2015; Sarker,
2021), has redefined how modern applications are built, bringing a growing tide of
data-driven explorations. These efforts have delved into developing various sophisti-
cated Deep Neural Networks (DNNs) to recognize and harness patterns inherent in
data of various types, giving rise to a wide range of intelligent applications that are
capable of providing insights in the relevant domains. For instance, recurrent neu-
ral networks (RNNs) are widely adopted in speech recognition (Graves et al., 2013),
machine translation (Cho et al., 2014), and time-series forecasting (Qin et al., 2017),
and have long been popular for sequence and tabular data modeling (Salehinejad
et al., 2017). Convolution neural networks (CNNs) are developed for grid-like data
and still constitute a core building block in many practical systems for various com-
puter recognition tasks (Z. Li et al., 2021), such as face recognition (Lawrence et al.,
1997), medical treatment (Litjens et al., 2017), and autonomous driving (P. Li et al.,
2019). In particular, transformers, largely owing to their strong capacity for cap-
turing long-range dependencies of sequential data, have witnessed booming progress
and become the mainstay of numerous artificial intelligence fields (Lin et al., 2022).
In recent years, a growing body of advanced variants has continued to push the

boundaries of state-of-the-art records, reinforcing a data-driven paradigm in which



1. INTRODUCTION

models learn effective representations from real-world data to support downstream

tasks.

1.1 Relational Worlds Beyond Points

With the development of digital infrastructures and services, much real-world data
has presented increasingly heterogeneous and intertwined characteristics, reflecting
rich interactions among entities rather than isolated ones. Under these circum-
stances, graphs, throughout which irregular and non-Euclidean topological struc-
tures are intrinsic, have emerged as a natural data representation and have attracted
growing attention across broader research and industrial communities (J. Zhou et al.,
2020). Graphs, composed of nodes representing entities and edges encoding mutual
interactions between them, are ubiquitous around us. Many complex real-world sys-
tems can be universally depicted by the language of graph structures, within which
intricate pairwise relationships are captured and quantified in abstraction. Some
typical examples include molecules with atoms linked by chemical bonds, trans-
portation systems where traffic conditions are monitored by sensors at the ends
of roads, and social networks involving friendship, collaboration (Velickovié¢, 2023;
Z. Wu et al., 2020; Newman, 2012).

Despite its inherently irregular and non-Euclidean nature, graph data remains
tightly connected to other structured data modalities. By explicitly modeling rela-
tionships among entities, it enriches these modalities with additional relational de-
pendencies and, in turn, enhances their expressive capacity. For example, an image
annotated with objects, attributes, and relationships (e.g, girl-feeding-elephant) can
be organized into a scene graph, which has shown effectiveness in the vision-language
domain (Krishna et al., 2017). In today’s interconnected world, many real-world ap-
plications are shaped by the surge of graphs, bringing to light advanced graph-based

solutions.

10



1. INTRODUCTION

1.2 Learning from Relations

Beyond its regular-structured counterparts (e.g., 1D sequences and 2D images on
grids), graph data impose further challenges in deep learning due to their structural
complexity, with unordered nodes having varying numbers and features, and non-
uniform neighborhood relationships across instances being common (J. Zhou et al.,
2020). Therefore, those techniques for regular-structured data inherently assume a
fixed and ordered local neighborhood structure, and thus induce inductive biases for
Euclidean regularities (Bronstein et al., 2021) but are not naturally compatible with
irregular graph topologies. As a result, conventional operations (e.g., recurrence
in RNNs; convolution in CNNs, and self-attention in transformers) and enhance-
ment techniques (e.g., rotation, cropping, and shifting) usually lead to suboptimal
performance.

To handle such complexity, Graph Neural Networks (GNNs) (Gori et al., 2005)
arose as a dominant paradigm in response to this need. Their many variants (Deffer-
rard et al., 2016; Kipf & Welling, 2017; Velickovié¢, Cucurull, et al., 2018; W. Hamil-
ton et al., 2017; K. Xu et al., 2018; F. Wu et al., 2019) have since become a pre-
eminent family for representation learning on graph data. By design, GNNs learn
representations through the message-passing mechanism (Gilmer et al., 2017), where
nodes collectively aggregate and transform information from their neighbors along
edges, embedding graphs from non-Euclidean space into vectors of Euclidean space.
With graph data emerging at an unprecedented pace, learning effective representa-
tions of graph data has become a fundamental building block for developing practical
machine learning applications (F. Chen et al., 2020). In this context, GNNs, ow-
ing to their compelling capability to integrate the node information as well as the
topological structure, have attracted extensive research interest and seen widespread
adoption across diverse downstream tasks on graphs.

Classification tasks highlight the practical value of GNNs across multiple levels.

For node classification and link prediction, GNNs have been widely adopted to

11



1. INTRODUCTION

build recommender systems, where user-item interactions and user-user relations
themselves can be modeled as graphs (Fan et al., 2019). GNNs have also become
a powerful tool for financial fraud detection (D. Wang et al., 2019; Z. Liu et al.,
2018) that can effectively identify suspicious accounts or transactions and uncover
potential malicious transactions before they occur, enabling financial institutions
to assess risk better and take preventative actions. For graph-level classification in
cheminformatics and Al for medicine, GNNs showcase outstanding performance in
predicting biochemical properties of molecules and proteins, such as enzymes versus
non-enzymes (Xie et al., 2021; J. B. Lee et al., 2018).

Compared with traditional methods that solely consider immediate relations
(i.e., one-hop neighbors), GNNs can leverage higher-order neighborhood information
across multiple hops, which has proven beneficial for these scenarios (S. Wu et
al., 2022; Z. Liu et al., 2018). More broadly, many real-world systems mentioned
in Section 1.1 can be formulated as labeled graphs, making GNNs well-suited for

learning rich representations for various classification tasks.

1.3 The Price of Relational Richness

Despite the success of GNNs, applications in practice are expanding to more complex
settings, calling for further powerful representation learning capabilities (Khoshraftar
& An, 2024). In this context, classification, as one of the most common learning
paradigms and a long-serving testbed, has witnessed numerous efforts of GNN de-
sign aiming at learning discriminative representations of graphs. The landscape of
GNNs in various types of classification tasks, however, becomes more nuanced as
these pressures often drive GNN designs toward increasing architectural sophistica-
tion, prompting many studies to introduce complex ‘task-specific’ architectures or
mechanisms so as to better exploit higher-order dependencies and complex relational
patterns suited to different tasks (Z. Wu et al., 2020; T. Chen & Wong, 2020; S. Wu
et al., 2022).

12



1. INTRODUCTION

Graphs in the real world can be large and noisy (Pan et al., 2014), exhibiting
sparse patterns confined only to small neighborhoods (J. B. Lee et al., 2018). In
conventional multi-label graph classification, one typically expects GNNs to map
graphs belonging to the same class to similar representations that help distinguish
them from graphs of other classes. A typical GNN, therefore, combines graph con-
volutional layers with graph pooling (readout) layers, where the former learn node
representations from node features and underlying graph structure, and the latter
addresses the inconsistent number of nodes across graphs by aggregating node rep-
resentations into a holistic but informative graph-level representation. In order to
better capture and extract such patterns into representations, some approaches were
dedicated to enhancing the message passing of the graph convolutional layers, such
as incorporating substructure-aware or much deeper propagation, to better perceive
structural information (G. Li et al., 2020; Corso et al., 2020; Bouritsas et al., 2022;
D. Zeng et al., 2023). Some researchers have explored the graph pooling layer in
various settings, such as hierarchical structures, to preserve comprehensive informa-
tion in compacted graph representations (Z. Ying et al., 2018; J. Lee et al., 2019;
J. Wu et al., 2022; C. Liu et al., 2022).

Graphs in the real world may be scarce and highly heterogeneous, with severely
skewed and dispersed distributions that give rise to rare, hard-to-characterize pat-
terns (Akoglu et al., 2015; Pang et al., 2021). This challenge has, in turn, motivated
extensive research on graph anomaly detection, which can actually be formulated
as binary graph classification with severe class imbalance. In this situation, popular
GNN designs, particularly those relying on standard aggregation schemes, are prone
to over-smoothing, producing representations where normal and anomalous graphs
are nearly indistinguishable and thus restricting their practical utility (Qiao et al.,
2025). Nonetheless, few advanced GNN techniques specifically designed for super-
vised graph anomaly detection have been proposed. G. Zhang, Yang, et al. (2022)
designed a GNN that couples a graph convolution with a random-walk kernel to

jointly exploit anomalous node attributes and anomalous substructures, detecting
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anomalous graphs in a dual-discriminative manner. X. Ma et al. (2023) proposed
a deep evolutionary graph mapping framework that maps each graph into a new
feature space based on its similarity to a set of learned representative nodes, yield-
ing representations that are both discriminative and interpretable for anomalous
graphs. Dong et al. (2024) recognized spectral energy differences between normal
and anomalous graphs as the Rayleigh Quotient, and designed a GNN framework
that combines a Rayleigh Quotient learning module with a Chebyshev wavelet GNN
and RQ-pooling.

Graphs in the real world may arrive in continually expanding task streams, with
evolving features, structures, and classes that induce persistent distribution shifts
across tasks (Yuan et al., 2026; X. Zhang, Song, & Tao, 2024). Implementing classi-
fication under this scenario, termed as continual graph learning, exposes GNNs to a
so-called catastrophic forgetting problem (French, 1999), wherein they may overwrite
previously useful parameters when continually optimized on new tasks, resulting in
severe performance degradation on earlier tasks. Critically, the coupled evolution
of node features and graph structures substantially complicates the learning of sta-
ble and effective representations (Q. Zhu et al., 2022; S. Hu et al., 2025), further
accelerating the obsolescence of previously acquired knowledge and consequently
rendering GNNs particularly vulnerable. In general, solutions for tackling this chal-
lenge fall into three paradigms, which are regularization-based, replay-based, and
parameter isolation-based (X. Zhang, Song, & Tao, 2024; Febrinanto et al., 2023).
In continual graph learning, however, the mechanisms of these approaches must
contend not only with catastrophic forgetting but also with graph topology (H. Liu
et al., 2021; Y. Xu et al., 2020; F. Zhou & Cao, 2021; X. Zhang, Song, Chen, &
Tao, 2024; X. Zhang et al., 2022; P. Zhang et al., 2023), inevitably incurring higher
computational and memory complexity. This issue is particularly pronounced in pa-
rameter isolation—based methods, which typically require enlarged model capacity

to encapsulate more tasks (Yuan et al., 2026).
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1.4 Beyond Model-Centric Design

Machine learning researchers often pursue higher model accuracy even when the
improvement is marginal and comes with substantial complexity overhead (Sculley
et al., 2015). Indeed, many works on GNNs gain higher benchmark performance on
the aforementioned classification tasks, but they do so at the price of architecturally
heavy designs. This deviates from the prevailing trend toward efficient designs in the
development of DNNs for Euclidean data (Xiao et al., 2022). Although some efforts
on efficiency have been witnessed and demonstrated that such architectural complex-
ity is often misaligned with practical utility (R. Ying et al., 2018; F. Wu et al., 2019;
He et al., 2020), the need-driven complexity cannot be entirely eliminated due to the
necessity to accommodate diverse tasks. Moreover, many approaches that incorpo-
rate efficiency-oriented designs (e.g., pruning, distillation, sparsification, sampling,
and compression) entail an inherent trade-off, sacrificing a certain degree of predic-
tive accuracy, even if only marginal, in exchange for higher efficiency (Cheng et al.,
2017; Shi et al., 2025; S. Wu et al., 2022; Kaler et al., 2022). In general, as sum-
marized in recent surveys, a large body of work on GNNs remains predominantly
model-centric (J. Zhou et al., 2020; Z. Wu et al., 2020; Zha et al., 2025). That
is, most current methods treat graph data largely as a fixed input and thus priori-
tize increasingly complex architectural innovations to enhance graph representation
learning (Y. Guo et al., 2024), rather than incorporating graph data into the design
of the overall representation learning framework. Ultimately, further advances in
graph representation learning require moving beyond purely model-centric designs
and exploiting the intrinsic properties of graph data to improve both effectiveness

and efficiency.
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1.5 Contributions

The demand of going beyond model-centric design leads to the central question of
this thesis: How can graph data be systematically incorporated into the
representation learning framework to unlock the full potential of GNNs in
various classification tasks? There are a few pioneering studies investigating this
issue, particularly for various complex classification tasks mentioned in Section 1.3.
Revolving around the central question, this thesis systematically decomposes it into
three concrete research questions and advances GNNs’ graph representation learn-
ing capability by explicitly incorporating a data-aware principle into methodological
development across three key levels of the representation learning framework. These
three research questions respectively focus on multi-label graph classification at the
objective level, supervised graph-level anomaly detection at the data level, and con-
tinual graph learning at the architecture level. In each case, the choice reflects the
main leverage point of the problem: the learning objective function for conventional
classification, the severely imbalanced and shifting data distribution for anomaly
detection, and the architecture’s capability to retain and transfer knowledge in con-

tinual learning.

Research Question 1 (Objective Level): How can the standard objective
function in GNN-based graph classification be enhanced to better exploit
inter-graph information among graphs?

We propose LEELoss to enhance the supervised objective by incorporating graph-
structure priors that explicitly model inter-graph relationships, leading to more ro-
bust and generalizable graph representations without relying on sophisticated GNN
architectures. In response to Research Question 1, this work makes the following

contributions:

e Integrating graph-structure priors at both the node and graph levels into a

supervised learning objective, allowing the objective to exploit original struc-
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tural information beyond the aggregated representations produced by message

passing and pooling.

e Investigating the role of Laplacian eigenmaps in representation learning for
graph classification and extending it from its conventional node-level formula-

tion to a graph-level design that is more aligned with graph classification.

e Demonstrating that the objective block of GNNs remains under-explored, and
showing that a carefully tailored loss function can consistently strengthen mul-

tiple vanilla GNN backbones for graph classification.

Conventional message passing and graph pooling mainly operate within indi-
vidual graphs and do not explicitly capture global relations among graphs. To ad-
dress this limitation, we propose Laplacian Eigenmaps Enhanced Loss (LEELoss),
which integrates graph-structure information into Laplacian eigenmaps at both node
and graph levels. By constructing suitable similarity matrices, LEELoss steers the
learned representations to better preserve intrinsic structures and inter-graph rela-
tionships through the learning objective. Experiments show that LEELoss consis-
tently improves the graph classification performance of multiple vanilla GNNs in

graph-level classification.

Research Question 2 (Data Level): How to help models generalize better
to unseen anomalies by fully exploiting and leveraging scarce anomalous
graph samples?

We address this question by developing a specialized training scheme, GARA, for
supervised graph-level anomaly detection, which reshapes the data distribution seen
by the model via tailored graph augmentation and reinforces a more robust decision
margin under severe class imbalance. In response to Research Question 2, this work

makes contributions summarized as follows:

e Developing an intuitive and effective training scheme for supervised graph-
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level anomaly detection that leverages anomalous graphs to help the model
learn more discriminative graph representations and generalize to unseen en-
vironments, in contrast to existing methods that largely focus on fitting a fixed

set of known anomalous patterns.

e Investigating the feasibility of mitigating class imbalance by explicitly aug-
menting anomalous graphs. By incorporating graph-level mixup as a prin-
cipled graph augmentation strategy, this study addresses the limited use of

graph-level augmentation in supervised graph-level anomaly detection.

e Achieving outstanding empirical performance without architectural sophisti-
cation. Experiments also demonstrate the robustness of this framework under
the flipping phenomenon across different anomaly-downsampling directions,
which represents a more challenging special-case scenario in anomaly detec-

tion.

Supervised graph-level anomaly detection is fundamentally constrained by the scarcity
and limited diversity of labeled anomalies. While augmentation techniques that can
potentially alleviate this issue are rarely exploited due to the higher graph-level com-
plexity, even with modified losses to mitigate class imbalance, some sophisticated
models are still trained on a narrow set of anomalous patterns and thus gener-
alize poorly to unseen cases. To address this limitation, we propose the Graph
Augmentation-based Reference Alignment framework (GARA), which consists of
two components: the Augmented-Task Generation Module and the Reference Align-
ment Module. These two modules respectively reshape the data distribution seen by
the model via tailored graph augmentation and encourage anomalous and normal
graphs to align with normal references, reinforcing a more robust decision margin
under a severe class imbalance scenario. Evaluation of these two modules demon-
strates that GARA effectively enriches anomalous graphs and achieves outstanding

performance even under the more challenging special-case scenario.
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Research Question 3 (Architecture Level): How to sustain computational
efficiency of the parameter-isolation paradigm under the model’s capac-
ity expansion while enabling flexible and extensive cross-task parameter
reuse?

We develop the CAGNN framework to enable flexible cross-task parameter reuse
while keeping training and inference as efficient as a lightweight vanilla GNN. In

response to Research Question 3, this work makes the following contributions:

e Identifying an efficiency bottleneck of existing parameter isolation-based meth-
ods in continual learning, which is an efficiency failure induced by continual
capacity expansion for accommodating more tasks, and highlighting compu-

tational efficiency as a key dimension for evaluating isolation-based methods.

e Presenting a biological neuron-inspired GNN framework that leverages task-
specific context to guide efficient subnetwork construction and yields a capacity-
agnostic design for efficiency, simultaneously addressing catastrophic forget-

ting and improving computational efficiency.

e Establishing theoretical guarantees for the effectiveness of the proposed ar-
chitecture, and introducing a regularization term that facilitates the model’s

scalability to future tasks.

Parameter isolation is a prevailing paradigm for continual learning, yet it inevitably
demands enlarged model capacity as task streams grow and parameter usage be-
comes saturated. In practice, many isolation-based methods still rely on full-network
propagation, where task-specific computation is carried out over the entire shared
backbone, and masked parameters continue to participate in propagation. With the
model capacity being expanded to accommodate more future tasks, the capacity-
driven overhead accumulates and eventually leads to another failure beyond forget-
ting. We identify it as a critical efficiency bottleneck of most existing parameter

isolation-based methods, and propose the Capacity-Agnostic Graph Neural Net-
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work (CAGNN) with Context-aware Hierarchical Masking (CHM) as the solution.
CAGNN possesses a neuron-inspired architecture that can perceive task contextual
information for the construction of subnetworks and is structurally compressible.
By leveraging task-specific context as prior knowledge, CHM efficiently identifies
task-specific subnetworks, supports parameter sharing across tasks for greater scal-
ability, and stores masks in a memory-friendly manner. Crucially, CHM decouples
task-specific subnetworks from the holistic network, setting aside unused parame-
ters from other tasks. Therefore, CAGNN is able to train and infer as efficiently as
a vanilla. GNN while possessing larger parameter capacity. CAGNN not only pre-
serves knowledge learned from previous tasks, but also saves training time by up to
2 times compared to baseline methods under the same parameter capacity budget,
achieving state-of-the-art performance in handling both catastrophic forgetting and
computational complexity.

Recognizing that data serves as the fundamental substrate for representation
learning, this thesis moves beyond further burdening GNNs with increasing archi-
tectural complexity and follows a unified principle across these three perspectives,
developing advanced data-aware GNN frameworks that collectively contribute to a
more practical basis for the representation learning of graph data in more complex

real-world applications.

1.6 Thesis Outline

This thesis is organized into six chapters, with the main content of each chapter

briefly described as follows:

Chapter 1: Introduction
This chapter introduces the research background and motivation, outlines a key
research gap in graph representation learning, and presents the three research ques-

tions that frame the thesis.
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Chapter 2: Background
This chapter reviews the background of graph neural networks (GNNs) and graph
representation learning, establishing fundamental preliminaries that form the foun-

dation for the technical developments in subsequent chapters.

Chapter 3: Enhancing Objective Function by Laplacian Eigenmaps
This chapter addresses Research Question 1. It investigates objective-level designs
for graph classification, aiming to strengthen the learning objective to obtain more

discriminative and robust graph representations.

Chapter 4: Leveraging Precious Anomalies for Class Imbalance
This chapter addresses Research Question 2. It focuses on supervised graph-level
anomaly detection and proposes a data-level training scheme to improve generaliza-

tion to unseen cases by better leveraging scarce anomalies.

Chapter 5: Promoting Model Efficiency under Capacity Expansion

This chapter addresses Research Question 3. In this chapter, an under-explored
problem regarding model efficiency in continual graph learning is discussed and
highlighted, and a novel capacity-agnostic framework is presented that contributes

to advancing the parameter-isolation paradigm.

Chapter 6: Conclusions
This chapter concludes the thesis by summarizing the main findings and contri-
butions of the three research works, and discusses potential future directions from

data-aware advances toward data-centric advances.
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Background

To provide a foundation for the understanding of the three research works, this
chapter introduces the fundamental background knowledge of graph representation
learning and graph neural networks (GNNs), providing the key concepts and the
problem settings relevant to this thesis. It also formalizes notations and termi-
nologies, and presents the essential preliminaries that will be consistently applied
throughout subsequent chapters, serving as the basis for the proposed methods and
analyses. Note that in this thesis, we denote scalars by italicized lowercase letters
(e.g., z), vectors by italicized bold lowercase letters (e.g., @), matrices by italicized
bold uppercase letters (e.g., X), and sets by calligraphic letters (e.g., X') for clarity

and consistency.

2.1 Graphs in Machine Learning

Graphs are an expressive tool for representing entities and their pairwise relation-
ships. Consisting of a collection of nodes (vertices) representing entities and edges
(links) encoding mutual interactions between them, graphs provide an abstract but
universal description of a wide range of real-world complex systems, such as trans-
action networks, social networks, citation networks, and molecular structures, and

so on. According to the taxonomy of graphs, they can be categorized along several

22



2. BACKGROUND

orthogonal dimensions (A single graph can belong to multiple categories at once).
Graphs can be static or dynamic depending on whether their topology evolves over
time; Graphs can be directed or undirected depending on whether the direction of
interactions matters; Graphs can be weighted or unweighted depending on whether
their edges encode interaction strength; According to their node attributes, graphs
can be homogeneous or heterogeneous if they have nodes of one types or multiple
types; From a structural perspective, graphs can also be bipartite graphs where
nodes are partitioned into two disjoint sets with edges only connecting across sets,
or hypergraphs which possess hyperedges that can simultaneously connect multiple
nodes to model higher-order interations. This thesis centers on elevating graph data
to a design principle of different levels of the representation learning framework.
Building on this perspective and for the sake of consciousness, the thesis is pre-
sented primarily in the context of static graphs, which are the most commonly used

setting across many graph learning tasks and benchmarks.

2.1.1 Definition of Graph

Mathmatically, an graph G is defined as a tuple G = (V, £), where V = {vg, v1, ..., vy}
is set of [V| nodes and € = {eg, e1,...,ejg} € V x V is set of |€] edges of G, where |V|
and |£| are the number of nodes and edges. For an edge connecting node v € V and
node u € V, e can be denoted as a tuple (v,u) € £. For an edge connecting node
v € V and the node itself, the edge e = (v,v) € &€ is referred to as a self-loop. Two
nodes that are directly connected by an edge are called one-hop neighbors of each
other, and the neighborhood of v usually collects one-hop neighbors and can be de-
fined as N'(v) = {u € V| (u,v) € £}. Nodes that can be reached via two consecutive
edges (i.e., through an intermediate node) are called two-hop neighbors, and so on
for higher-order neighborhoods. According to the homophily assumption (McPher-
son et al., 2001), nodes that are connected usually share similar properties and are

more likely to belong to the same class.
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The information encoded by a graph can be broadly decomposed into two com-
plementary components: attribute information and structure information. Attribu-
tion information is typically associated with V' and represented by a node feature
matrix X € RV*F where N = |V|, F is the number of feature, its i-th row corre-
sponds to v;. Structural information is most commonly expressed by an adjacency
matrix A € RV*N where each row and column index a node in V. For unweighted
graphs, its (7, j)-th entry A;; = 1if (v;,v;) € € and A;; = 0 otherwise. For weighted
graphs, A;; € R if there exists an edge, quantifying the strength, frequency, or dis-
tance of the relationship. This representation also naturally accommodates undi-
rected graphs where A is symmetric, and directed graphs where A is asymmetric.
Equivalently, a graph can be read as G = (X, A). Figure 2.1 demonstrates a simple
graph example and how its structural information is presented by the adjacency

matrix.

Q‘Q i1 2 3 4 5 6
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Figure 2.1: An example of an undirected and unweighted graph (Left) with six nodes
and one self-loop, and its adjacency matrix A (Right).

2.1.2 Graph Laplacian

Graph structure can also be characterized by the graph Laplacian, which is obtained
by degree-based transformation on the adjacency matrix and contributes useful al-

gebraic and spectral properties in machine learning.
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Definition 2.1.1 (Graph Laplacian). Given a graph G = (X, A), the unormalized

graph Laplacian, denoted as L, is defined as:
L=D-A (2.1)
where the degree matrix D is diagonal with entries D;; = Zjvzl A;;, summarizing

the number of one-hop neihbors of each node.

Apart from the unnormailzed form of L, two widely used normalized variants
are the symmetric normalized Laplacian and the random walk normalized Laplacian.

The symmetric normalized Laplacian is given by:
L., =D '?LDV*=1-D'?AD™"/? (2.2)

where I is the identity matrix with the same size of A. The random walk normalized

Laplacian is given by:
L.,=D'A=1I-D'A (2.3)

Both variants retain key properties of L. For undirected graphs with nonnegative
edge weights, L is symmetric such that L = L', and the following quadratic form
holds for V& € RV

1
wTLJI = § Xl: XJ: A”(wl — .’11]')2

(i,9)€€
Equation (2.4) immediately tells that L is positive semi-definite and has real and
nonnegative eigenvalues, ordered as 0 = A < Ay < --- < \,. Moreover, it high-
lights that the graph Laplacian L measures the smoothness of a graph signal «,

quantifying the extent to which a graph signal x varies across connected nodes.
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These properties of L offer a concise lens for understanding how graph structure
shapes graph representation learning, and form the theoretical basis of graph spec-
tral domains (e.g., Harmonic functions on graphs (X. Zhu et al., 2003) and Laplacian
Eigenmaps (Belkin & Niyogi, 2003)). This line of theory laid the foundation of the
earliest spectral graph neural network, which applies spectral filters to graph sig-
nals via the eigen-decomposition of L (Bruna et al., 2013), and ultimately gave rise
to modern message-passing GNNs, where graph representations are learned by it-
eratively aggregating information from local neighborhoods (Kipf & Welling, 2017;
Gilmer et al., 2017). Generally, the graph Laplacian provides a useful theoreti-
cal explanation for both the strengths and limitations of message-passing GNNs;,
within which many widely adopted graph convolutional operations can be implicitly
interpreted by Laplacian smoothing. This is equivalent to low-pass filtering that
encourages representations across adjacent nodes to be consistent, and explains the
denosing functionality of the message-passing mechanism. It also explains the well-
known over-smoothing phenomenon that those deep message-passing GNNs usually
suffer from, where representations of nodes tend to become increasingly similar and

thus indistinguishable.

2.2 Graph Representation Learning

Graph representation learning concerns learning low-dimensional vector represen-
tations of graph data that capture both graph features and topological informa-
tion for downstream tasks. It can be viewed as the graph-specific instantiation
of the representation learning of a broader view. Because graphs inherently cou-
ple entities through edges, representation learning on graphs typically relies on
graph-specific models and has gained increasing attention in machine learning lit-
erature (W. L. Hamilton, 2020; F. Chen et al., 2020). Similar to the broad repre-
sentation learning, the effectiveness of graph representation learning is ultimately

governed by the interplay among the quality of the underlying graph data, the way
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graphs are constructed and processed, the model that explicitly encodes graph infor-
mation, and the learning objective that the model is optimized for, which together
determine how and what information is retained in learned representations. Re-
search on graph representation learning can be organized by where methodologies
are placed in the representation learning framework. Therefore, this section re-
views from three perspectives, which are data, model architecture, and the learning
objective, to summarize the background knowledge relevant to this thesis. Before
introducing these three parts, this section first reviews the major representation
learning tasks on graphs (e.g., node-level, edge-level, and graph-level) under differ-

ent training paradigms.

2.2.1 Representation Learning Tasks on Graphs
2.2.1.1 Training Paradigm

First, graph representation learning tasks can be classified by the type of supervision
available, which are supervised learning, unsupervised learning, and semi-supervised

learning.

Supervised Learning Supervised learning assumes that labels are provided for
the prediction target. Based on supervisory signals, the model is trained to directly
optimize the predictive performance by learning representations, which are then
fed into a prediction head (usually a fully connected layer or a multi-layer percep-
tron (MLP)) for generating predictive values. Typical supervised learning tasks for
representation learning are classification and regression, while the former is more

prevalent in the graph domain.

Unsupervised Learning Unsupervised learning aims to learn representations
(commonly called embedding in unsupervised learning) without relying on explicit
labels of the prediction target, but instead directly from the data itself, such as

graph structure and node features. Among unsupervised learning branches, the
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most popular subset is called self-supervised learning. Self-supervised learning con-
structs pretext supervision signals by generating pseudo labels from the input data,
and enables the model to capture more implicit but informative patterns. Typ-
ical unsupervised learning tasks for graph representation learning include binary
classification, where patterns of negative samples are usually modelled to provide
contrastive views (e.g., anomaly detection and link prediction), and graph cluster-

ings (Y. Liu et al., 2022).

Semi-Supervised Learning Representation learning on graphs further accounts
for another prevalent one, called semi-supervised learning, which stands in the mid-
dle of the above two most conventional training paradigms. Semi-supervised learning
is most notable in node and edge prediction on a single observed graph, where the
full graph (node features and edge connectivity) is available but with only a small
portion of nodes being labeled. The learning objective of semi-supervised learning is
to encourage representation to generalize from labeled to unlabeled nodes through

the shared graph structure.

2.2.1.2 Learning Subject

Second, graph representation learning tasks can be more specifically categorized by

the learning subject, according to the different granularities of the graph.

Node Level Node-level learning treats each node as an instance and aims to learn
a representation for each node. At the node level, typical tasks are node classifi-
cation, where node representations are mapped to label probabilities via a classifi-
cation head; node regression, where continuous targets are predicted from learned
node representations through a regression head; and node clustering, which groups
nodes into coherent communities based on similarity in the learned representation
space. Nevertheless, among node-level tasks, most scholarly attention usually falls

into node classification, often under the semi-supervised learning paradigm intro-
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duced above (Y. Liu et al., 2022). Given a graph G with a feature matrix X and an

adjacency matrix A, the pipeline for a node-level task is presented as the following

process:
Graph Prediction
g<X7A) {h17h277hN} = hl Yi (25)
Encoders | | Head
Input Graph Node Representations H | Prodicti |
rediction

where h; is a representation vector of v; and y; is its corresponding prediction target.

Edge Level Edge-level tasks are similar to node-level classification tasks in most
situations, but are slightly different in terms of their prediction targets. They both
learn node representations for the downstream tasks. Rather than on an individual
node, edge-level learning focuses on predicting properties of node pairs by estimat-
ing the likelihood that an edge exists or will form between two nodes. A typical
approach to represent edge representation is to combine node representations using
a concatenation or scoring function. The most common edge-level tasks are edge
classification and link prediction. Link prediction aims to determine whether an
edge should exist between a pair of nodes, and is typically treated as a binary clas-
sification problem. While edge classification assumes edges are given and focuses
on predicting the type or attributes of each edge. It is usually based on the repre-
sentations of the connected nodes and, when available, explicit edge features. The

pipeline for an edge-level task is presented as follows:

Graph

Prediction
Q(X,A) m l{hth,...,hN}l - hi,hj — S(hz,hg) K) Yij (26)
Input Graph Node Representations H | |

Prediction

where s(-, ) refers to the scoring function or the concatenation operation, and y;; is

the predicted edge label between v; and v;.

Graph Level Graph-level learning treats each entire graph as an instance and
aims to produce a single graph representation vector of the entire graph for predic-

tion. In addition to modeling the structural information within each graph, graph-

29



2. BACKGROUND

level tasks operate over a collection of graphs and are therefore closer to conventional
learning settings in Euclidean space, where each graph is treated as an independent
instance. However, compared with node-level and Euclidean-based learning, where
each instance has a fixed size (e.g., feature vector or image pile), graph-level tasks
must handle varying graph sizes and structures. Therefore, graph-level learning
usually favors a pipeline that combines a graph encoder with a pooling strategy
to obtain a uniform-dimensional graph representation before the prediction head.
This setting underlies many graph classification benchmarks, where graph pooling
is essential for summarizing local node patterns into a global one (W. L. Hamilton,
2020). Similar to node-level tasks, graph-level tasks include graph classification,
graph regression, and graph clustering. The following illustrates the pipeline for a

graph-level task:

Graph Predicti
G X,A) —>= {hy,hy,...hy} = POOL(H) — hg ——"% y5  (2.7)
Encoders | | | Head |
Input Graph Node Representations H Prodiction

here POOL(+) is a graph pooling operation on node representation matrix H, hg
and yg are a graph representation vector and predicted graph label.

Three research questions discussed in this thesis revolve around classification
at the node level and the graph level. To be specific, Chapter 3 focuses on conven-
tional supervised graph-level classification. Chapter 4 addresses supervised graph-
level binary classification with severe class imbalance, that is, supervised graph-level
anomaly detection. Chapter 5 considers both semi-supervised node-level and super-

vised graph-level classification under the continual learning setting.

2.2.2 Data-Centric Techniques on Graphs

Graph representation learning relies critically on abundant and high-quality data to
effectively capture the underlying information of graphs. In practice, however, real-

world graphs usually exhibit various problematic attributes, including label scarcity,
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heterogeneousness, data incompleteness, data noise, data complexity, and data dis-
tribution shift, and thus introduce data-level challenges that may hinder effective
representation learning (J. Zhou et al., 2025). To illustrate, label scarcity may
cause models to overfit the limited labeled instances and fail to generalize beyond
the observed supervision. In the graph representation learning pipeline, the data
level mainly concerns how the graph signals, before being fed into the model, can
be shaped through various data-centric techniques to mitigate the above challenges,
thereby enabling more effective representation learning. As researchers’ focus has
increasingly shifted toward a data-centric paradigm, graph data, not only the model,
has become a primary lever of performance (Zha et al., 2025). In what follows, some

fundamental methods on the data level will be introduced.

2.2.2.1 Graph Sampling

A first family of data-centric methods on graphs is graph sampling, whose purpose
is to make graph representation learning scalable by controlling the computational
and memory overhead induced by complex neighborhood structure. This is particu-
larly important for large-scale or dense graphs, because typical GNNs introduce the
complexity of O(NF? + |E|F), and its receptive field can grow rapidly when recur-
sively aggregating information from neighborhoods across layers, ultimately leading
to neighborhood explosion. Technically, sampling methods operate by associating
nodes or edges with sampling probabilities and removing those with a higher pos-
sibility, and they are heuristically grouped into random sampling and importance
sampling.

Random sampling treats sampled nodes as approximately drawn from a uniform
distribution. A fundamental strategy is uniform neighbor sampling, which samples

a fixed number of neighbors for each node, such that:

S(v) C N(v) (2.8)
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For each node w in the sampled neighbor set S(v), it follows:

u ~ Uniform(N (v)), q(ulv) = di (2.9)

v

where ¢(u|v) is the probability measure for a particular neighbor u given a vertice v,
and d, = |N(v)] is the degree of v. This sampling strategy has been incorporated as
a core idea for the architecture design in GraphSAGE (W. Hamilton et al., 2017),
where each node aggregates information from a uniformly sampled neighborhood.
Beyond each seed node, Cluster-GCN (Chiang et al., 2019) further applies random
sampling in units of subgraphs through partitioning a graph into several clusters,
and randomly selects and combines a fixed number of clusters into a subgraph for
training. Despite random sampling’s simplicity, it may ignore some informative
neighbors.

Importance sampling assigns non-uniform sampling probabilities to preserve
informative neighbors and can thus reduce the variance from sampling, making
representation learning more stable. The general formulation of it, according to
FastCGN (J. Chen et al., 2018) and LADIES (Zou et al., 2019), can be achieved by

the following unbiased estimation:
1 $(v, u)
Bl 3 2990 SY G, weSw) ~quly)  (210)
SO 2 qtal) |~ 2

where ¢(v,u) is the contribution of neighbor u to vertice v. Although sampling
is sometimes described as a data-level technique, importance sampling in scalable
GNNs is more appropriately viewed as an algorithmic component of the architecture

(e.g., as part of the sampling-based message-passing mechanism).

2.2.2.2 Graph Generation

Data-centric methods also introduce graph generation, which instead aims to learn

a distribution over graphs and synthesize new graphs with both high fidelity and
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diversity. In literature (Y. Guo et al., 2024), graph generation differs mainly by
what object they generate, including node sequence, adjacency matrix, latent node
embedding, and spectral components. One core method discussed in Chapter 4 is
most closely related to graphon-based techniques, which can be interpreted as a

non-parametric adjacency matrix generation.

Definition 2.2.1 (Graphon). A graphon is a symmetric measurable function W' :

[0,1]* — [0, 1], where symmetric means W (z,y) = W (y, z) for any z, y.

Definition 2.2.2 (Associated Graphon of a Graph). For a graph G with N nodes,
its associated graphon W : [0,1]? — [0, 1] is constructed by partitioning [0, 1] into
n equal-length intervals Iy, I, ..., Iy and defining Wy to be 1 on each block I; x I;

whenever the e;; exists, and 0 otherwise.

Generally, the associated graphon of a graph Wy is essentially the adjacency ma-
trix represented as a step function, which specifies edge probabilities. For graphon-
based graph generation, the adjacency matrix A of a synthetic graph can be gener-
ated by sampling edges independently conditioned on random variables {U}, which
determine how likely a node v connects to others through the graphon (Diaconis &

Janson, 2007):

A;; | U;,U; ~ Bernoulli(W (U;, U;))

U;, U; "% Uniform(0, 1) (2.11)

For the node sequence-based method, it simplifies a graph into an ordered

sequence and models the sequence using autoregressive methods (J. You et al., 2018):
N+1
(@) = [ p(s715%) (2.12)

=1

where p(G) is the distribution of a graph G and S™ = (ST, ..., S%) is the node sequence

mapped from G. Latent node embedding generation considers generating a graph
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in an indirect way, via representing the adjacency matrix A by node embeddings z,

such as:

Ajj | zi,z; ~ Bernoulli(o(2] 2;)) (2.13)

where o(-) is a squashing function. VGAE is a practical example that utilizes GNNs
to learn the node representations into a multivariate Gaussian distribution and re-
constructs the graph structure through link prediction tasks (Kipf & Welling, 2016).
For spectral component-based graph generation, such as SPECTRE (Martinkus et
al., 2022), it primarily involves utilizing an adversarial network and a diffusion model
to generate the eigenvalues and eigenvectors of graphs that encode a graph’s global
structure. Overall, these methods provide different trade-offs between expressiv-
ity, scalability, and invariance to node permutations. In this thesis, we emphasize
the graphon as a particularly efficient and effective method, which enables other
data-centric techniques such as mixing and interpolation in the function space for

augmentation.

2.2.2.3 Graph Augmentation

Among data-centric methods, data augmentation plays a prominent role in enhanc-
ing representation learning at the data level. By modifying existing data or syn-
thesizing new data, data augmentation serves as an implicit regularizer that can
mitigate the model’s overfitting, and has been widely employed in computer vision
and natural language processing (J. Zhou et al., 2025). However, conventional aug-
mentation techniques designed for Euclidean data are often ill-suited to graphs due
to their irregular structure. To address this, graph augmentation has been devel-
oped to enrich both node features and topological information, and has now been
widely applied in various graph representation learning tasks. Especially in graph
contrastive learning, augmentation is crucial for constructing contrasting views that

help the model capture positive patterns more accurately (Y. You et al., 2020;
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Trivedi et al., 2022). As illustrated in Figure 2.2, in graph contrastive learning,
one can create multiple augmented views of each original graph. Two views derived
from the same source graph are treated as a positive pair, while views coming from
different source graphs are treated as negative pairs. A contrastive objective then
encourages the model to bring positive pairs closer and separate negative pairs in

the representation space, thereby enhancing the distinguishability between graphs.

Offo% %;Pjﬂﬁ—l

Postive Pair (Gy1, G12) { Graph } ‘ Contrastive J

EA A [ —

Negative Pair (Gy1, G21)

Augmentor

fo

Input Graphs G; G,

Figure 2.2: An example of how graph augmentation enhances graph contrastive

learning.

In abstraction, graph augmentation can be expressed as a transformation func-
tion on graphs:

fo:G=(X,A)—G=(X, A (2.14)

In terms of whether 6 is optimized before or during training, graph data augmen-
tation techniques can be broadly classified as learnable and non-learnable methods.
Because graph augmentation spans a wide range of techniques with diverse formu-
lations, in this section, we primarily focus on Graph Mixup methods, on which the

training scheme introduced in Chapter 4 is built.

Definition 2.2.3 (Graph Mixup). Given two graphs G; = (X;, A;) and G; =
(X;,A;) and their corresponding labels y; and y;, graph mixup first aligns them

into an augmentation space GG, and then performs linear interpolation on them to
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generate an augmented graph G with the corresponding mixed label . Specifically:

(Gm gg) = Align(gi, gj)

G~pG|(1-NG +AG)) (2.15)

¥ =(1-= Ny + Ay,

where Align(-,-) is the alignment operation, A € [0, 1] controls the weight of two
graphs, and Gi. Qj € G.

Existing graph mixup methods mainly differ from each other in how they align
two graphs into the augmentation space G before performing interpolation. For
instance, ifMixup (H. Guo & Mao, 2023a) pads graphs of unequal sizes by adding
virtual nodes with zero features, enabling mixing directly in the topological space.
IGM (Jia et al., 2024) maps graph pairs into a shared graph representation space
using a graph encoder and graph graph pooling. G-Mixup (Han et al., 2022) esti-
mates class-wise graphons and samples synthetic graphs from the mixed graphons.
S-Mixup (Ling et al., 2023) computes a soft assignment matrix via a graph matching
network to align a graph to the other.

There are various other advanced graph augmentation techniques, which can be
more specifically categorized into structure-oriented augmentation, feature-oriented
augmentation, and label-oriented augmentation (Y. Guo et al., 2024). For structure-
oriented methods, one other example is edge perturbation, such as DGI (Velic¢kovic,
Fedus, et al., 2018), which modifies the graph structure by randomly adding or

dropping edges, following:
A=AaC, C, ~ Bermoulli(p) (2.16)

where C' is the perturbation matrix determined by the perturbation ratio and &
refers to the XOR operation. Graph diffusion, such as personalized PageRank (Page

et al., 1999) and heat kernel (Kondor & Lafferty, 2002), is another effective method
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Figure 2.3: An overall workflow of G-Mixup. It contains three key steps: (1) Es-
timate a graphon for each class. (2) Interpolate graphons of different classes. (3)
Generating synthetic graphs from mixed graphons. For a binary classification task
with two classes of non-attributed graphs Gy and G with corresponding labels 0 and
1, G-Mixup generates class-wise graphons W, and W, for two classes, respectively,
mapping graphs of different sizes and different classes into the same augmentation
space G. It then interpolates W¢, and W, to obtain a mixed graphon W, and per-
forms sampling on W to generate synthetic graphs that possess structural patterns
of two classes. Ultimately, given A = 0.5, the corresponding label y of synthetic
graphs will be 0.5.

that inserts global topological information into the original graph by multi-step
random walks or diffusion, reconnecting nodes that are not directly connected but
are considered strongly related within multi-hop neighbors. A general formulation

of graph diffusion can be expressed by:
A=) yT" (2.17)
k=0

where T' € RV*¥ is the transition matrix generalized from A, ~, controls the global-
local information ratio, and a common constraint is » .- v = 1 to guarantee the
convergence of A. Intuitively, [T*);; represents the probability of reaching node

v; from node v; in k steps. Note that the graph sampling and graph generation
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techniques discussed above are also widely used as components of structure-oriented
augmentation. For feature-oriented and label-oriented techniques, they are often
closer to generic augmentations. In contrast, modifying the graph structure A
directly alters the path the message passes, making structure-oriented augmentation

more graph-specific and thus worth a more detailed discussion.

2.2.3 Model Architecture

Model architecture plays a pivotal role in representation learning as it directly
governs how representations are computed from input graph signals. Due to the
topological diversity of graphs in non-Euclidean spaces, conventional Deep Neural
Networks (DNNs), which lack the architecture or mechanisms to model relational
dependencies, are often less effective in learning graph representations. Early efforts
addressed these challenges primarily through network embedding (Cai et al., 2018)
and graph kernel methods (Kriege et al., 2020), within which the former learns a
mapping function that projects nodes as low-dimensional vectors while preserving
graph topological information, and the latter utilizes a kernel function to represent
graph representations by similarity measures. Once such vector representations are
crafted, conventional DNNs can process graph data in a standard Euclidean feature
space. These traditional methods, however, often run into computational bottle-
necks and, more importantly, rely on a two-stage decoupled pipeline rather than
end-to-end learning (Z. Wu et al., 2020).

Consequently, there has been a wealth of work devoted to learning graph rep-
resentations with deep neural networks in an end-to-end fashion, giving rise to the
modern family of graph neural networks (GNNs) (Defferrard et al., 2016; Kipf &
Welling, 2017; Gilmer et al., 2017; K. Xu et al., 2018; F. Wu et al., 2019). In the
graph representation learning pipeline with GNNs, the architecture level concerns
the information propagation mechanism that aggregates and transforms node in-

formation over the graph, the graph pooling operations that summarize node-level
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representations into graph-level ones, and the structure design that adapts to differ-
ent task requirements and graph settings. In what follows, this thesis reviews these

three aspects.

2.2.3.1 Graph Neural Networks

Spatial GNNs Modern GNNs excel at modeling irregular, non-Euclidean graph
data largely because of their neural message-passing mechanism (Gilmer et al., 2017),
where nodes exchange and aggregate vector-shaped messages along edges and iter-

atively update their representations through network propagations.

Definition 2.2.4 (Graph Message Passing). Let a graph be G = (V, ) with the
node feature matrix X = {x,|v € V} € RV*¥ and the adjacency matrix A € RV*V,
and the output node representation at layer ¢ (initialized by hfjo) = x,) of a message-
passing GNN be h,ff) € RP, where D is the hidden dimension of layer ¢. For each

layer £ =0,1,..., L — 1, message passing is defined by:

u

mj(\é,)(v) = AGG® <{h(e) Tu € N(v)})

h{*) = up® (h£@)7mj(\ff)(v)> (2.18)

where A(v) denotes the neighborhood of v, the AGG®) () is a permutation-invariant
aggregation function (e.g., sum, mean, and max or attention-based), and UP(-) is

the update function.

Practically, instantiating the above message-passing formulation requires spec-
ifying the layer-wise aggregation function AGG(Z)(-) and update function UP(Z)(-).
An example following the early GNN formulations (Merkwirth & Lengauer, 2005;
Scarselli et al., 2008) considers the summation aggregation, where each node v € V

updates its representation by combining its own state with the aggregated neigh-
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Layer 2

Target Node

Figure 2.4: An illustration of the two-layer message passing. After two rounds of
propagation, the representation of a vertex héQ) is formed by aggregating information
from its 1-hop neighbors {h?), hf)}, which have already incorporated information
from their own neighborhoods, bringing 2-hop context to the vertex. The same
process extends naturally to deeper layers for a larger receptive field (multi-hop in-
formation perception). In this way, successive message passing in multi-layer GNNs
first aggregates local information and then progressively refines node representations

by integrating information from increasingly distant neighborhoods.

borhood information:

hz()Hl) — 0 ng)hl(}f) + Wj(\t;) Z hq(f) + b (2.19)
ueJ\/’(v)

where ng), Wj(f}) e RPYxDD are learnable weight matrices, b(® is an optional
bias term, and o(-) denotes a nonlinear activation function (e.g., tanh, ReLU, or
sigmoid). Under this instantiation, the two core components in Definition 2.2.4

become:

UPO() + b =0 (WPRY + Wilm{( +b0) (2.20)

From a matrix-view, letting H) € R¥N*P" collect all node representations at
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layer ¢, the same update can be written for a graph as:
H = o (HOWY + AHOW +1061)7) (2.21)

where the adjacency matrix A is consistent with the definition of N'(v), and 1 € RY
is an all-ones vector. Ultimately, one can consider adding self-loops as sharing

parameters between Wy, and Wy, thus rewriting Equation (2.21) as:
H" =4 ((A + DHHOYWO 4 1(b<f>)T) (2.22)

This simplification implicitly incorporates the update into the aggregation opera-
tion, and can mitigate the model overfitting, but at the cost of model expressiv-

ity (W. L. Hamilton, 2020).

Spectral GNNs The message-passing mechanism and implementation introduced
above correspond to spatial GNNs. Historically, however, the early graph neural
model was first developed from a spectral perspective, where Bruna et al. (2013)
introduced spectral graph convolutions by defining learnable filters in the graph

Fourier domain to compute node representations.

Definition 2.2.5 (Spectral Graph Convolution). Let G = (V,€) be a graph with
with the node feature matrix X € RV*¥ and symmetric normalized Laplacian L =
I - D '2AD7 2. Given the eigen-decomposition L = UAU ", where the graph
Fourier basis U € RV*YN contains the orthonormal eigenvectors and spectra A =
diag(A1, ..., Ax) contains eigenvalues, the spectral graph convolution * is defined by

applying a learnable spectral filter gg in the graph Fourier domain such that:
gox X =Uge(MNU'X (2.23)

where gg(+) acts diagonally on A.
The operation in Equation (2.23) introduces the computational complexity of
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O(N?) due to explicit eigen-decomposition. To avoid such a problem, practical
spectral GNNs typically parameterize gg using a truncated Chebyshev polynomial
expansion of order K (Defferrard et al., 2016), which approximates the graph con-

volution as the following, reducing the computational costs to O(K|E]):

K-1

go(A) = Y Ox T(A)

where A = 2A/Amax — I, Tp(L) € RV*Y is the Chebyshev polynomial of order k
on the scaled Laplacian L =2L /Amax — I, and 0 € RE the Chebyshev coefficient

vector.

2.2.3.2 Graph Pooling

Typically, L-layer GNNs produce node representations HY = {h{D|y e V} €
RN XD(L), which is readily applicable to node-level tasks. For graph-level tasks,
however, a compact and uniform-dimensional graph representation is required to
summarize the whole graph G. A graph representation hg € R'*P * can usually be
derived by graph poolings (or readout operation) that condense a set of node repre-
sentations to a single vector. Depending on whether the pooling explicitly constructs
multi-scale coarsened graphs, graph pooling methods are commonly categorized into

global graph pooling and hierarchical graph pooling strategies (J. Lee et al., 2019;
Z.-P. Li et al., 2021; C. Liu et al., 2022).

Global Graph Pooling Global pooling, also called flat pooling, summarizes node
representations into hg in a single step. Although it does not explicitly consider a
hierarchical structure, it can still capture structural patterns implicitly through the

node representations produced by message passing. The generalized form of the

42



2. BACKGROUND

global pooling can be written as:
hg = POOL ({h{"|v € V}) (2.25)

where POOL(-) is permutation invariant with respect to node ordering. Common

instances include:

Sum: hg=>»_ h{"
MEAN: hg = 1 > hY (2.26)

MaX: hg = ma]}hgf-), i=1,.,D%
ve

Due to their inherent simplicity, the global pooling is computationally efficient and
is widely used as the default readout for graph classification, especially when graphs

are of moderate size.

Hierarchical Graph Pooling Straightforwardly compressing all node represen-
tations into a single vector may discard useful information (e.g., motifs and com-
munities) (J. Lee et al., 2019). Hierarchical pooling addresses this issue by learning
a differentiable coarsening procedure that progressively coarsens the graph into a
smaller one, yielding hierarchical representations for a graph (Z. Ying et al., 2018).
Specifically, at the coarsening stage t, hierarchical pooling computes an assignment

matrix S € RN*Net1 from the current graph:
SO = fldon (A, HY) (2.27)

where N, is the node (cluster) number of the coarsened graph at stage t. Using S ®

one can obtain a coarsened adjacency matrix and node feature matrix by:
A — (§OHT A0 M) HE — (S(t))TH(t) (2.28)
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where A® ¢ RNoxNe and H® ¢ RM*P_ This coarsening procedure can be inter-
leaved with GNN layers on each coarsened graph, and the final graph representation
is usually obtained by applying a global pooling on the coarsened graph of the last

layer. In general, the hierarchical pooling can be read as:

AT HT = POOL(AY, HY) (2.29)

2.2.3.3 The Dendritic Neuron Model

Structure design at the architecture level further determines how a model is param-
eterized and organized to suit task requirements and graph settings. For instance,
HyGCN (J. Zhu et al., 2020) employs a skip-connection design that concatenates
layer-wise representations while incorporating multi-hop neighborhoods, which helps
retain the ego signal in learning representations in heterophilous graphs. The struc-
tural advance developed in Chapter 5 draws inspiration from biological neurons,
whose distal dendrites enable a routing mechanism for them to perceive contex-
tual stimuli and make context-aware decisions, thereby adapting to diverse environ-
ments (Yang et al., 2016). In this regard, we briefly introduce two relevant dendritic
neuron models, the Dendritic Neural Network (X. Wu et al., 2018) and the Active
Dendrite Neuron (Iyer et al., 2022), even though they were not originally designed
for graph representation learning but for simulating these advantageous properties
observed in real neurons. Note that some of their detailed properties related to
the proposed method will be specifically discussed in Chapter 5. Here, we clarify
the terminology for the dendritic neuron model. We refer to the feedforward part
(e.g., linear transformation) in conventional deep neural networks as the biological
neuron’s soma (cell body), and the dendritic structure as the biological neuron’s

dendrites.

Dendritic Neural Networks Dendritic Neural Networks (DENNS) incorporate

the dendritic structure into the feedforward part to enrich the expressivity of the
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DENN Structure

Q)

Q

B et

Input Dendrite Branches Output Neurons Outputs

Figure 2.5: An overview of the DENN structure, which is incorporated into the
feedforward part and possesses intragroup sparsity. B refers to the branch num-
ber corresponding to each output neuron, and MAX selects the strongest branch

response for each output neuron.

model. Instead of directly connecting output neurons with input units and per-
forming a dense linear transformation, DENNs assign multiple dendritic branches
to each output neuron, while each input unit selectively connects to one branch for
each output neuron. Such mutually exclusive synaptic connectivity is commonly
implemented by a binary mask and introduces the intragroup sparsity of dendrites.
Combined with selecting the strongest branch response at the neuron output, the
overall operation simulates the dendritic nonlinearity. In this context, the struc-
ture design of DENNSs is closer to dendrites themselves, rather than a neuron that
possesses dendrites.

Formally, given the input feature vector £ € R”, a DENN layer constructs
B dendritic branches for each output neuron, all parameterized by a weight matrix
W € RP*PoutxB gand a binary mask M of the same size. Then, the branch responses

D € RB*Pout 3cross output neurons can be computed as:

D=(MoW) (2.30)
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where ©® denotes the Hadamard product. The final activation of output neurons is

obtained by a branch-selection operation (max-pooling) such that:
y= Hl;;iX(D) +b (2.31)

where max,(-) is taken element-wisely to select strongest branch singal b over the B
branches of each output neuron. Compared with a standard fully connected layer,
a DENN layer improves representational capacity by allowing different branches to
capture different input patterns, while the masking scheme promotes intra-group

sparsity and can reduce redundant connections.

Active Dendrite Neuron Active Dendrite Neuron (ADN) models dendrites
as a context-aware activation that modulates the neuron’s somatic signals, whose
structure design is closer to the biological view that distal dendrites can selectively
amplify or suppress somatic signals, thereby enabling context-specific adaptation
and reducing interference across somatic signals. By design, ADN takes a primary
input © € RY by the feedforward part f(-) and an additional contextual information
c € RY by dendrite part d(-), where f(-) simulates the neuron soma and performs

linear transformation on x and d(c) simulates dendritic activation and generate

branch responses from c. Specifically, these two parts are calculated as:

(@) y=Watb

d(c):d=maxU'c (2.32)

beB

where W € RP*Pout js the weight matrix of the feedforward part, and U €
RE*CoutxB ig the weight matrix of the dendrite part.
Similarly, ADN typically activates the strongest branch by max,(-) and converts

its response into a signal modulating factor through a sigmoid function o(+). Finally,

the neuron outputs of one ADN layer are defined by modulating the feedforward
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Figure 2.6: An overview of the structure of ADN, which comprises the feedforward
part and the dendrite part. The dendrite part takes contextual information as
input and produces context-aware activation on feedforward outputs. B refers to
the branch number corresponding to each output neuron, and MAX selects the

strongest branch response for each output neuron.

outputs with corresponding modulating factors using the Hadamard product:
g=W'z+b) oo (mbax UTC) (2.33)

This formulation highlights the key role of active dendrites, that is, activating
context-aware patterns within deep neural network training. However, it does not

model the sparse synaptic connectivity of dendrites.

2.2.4 Learning Objective

A well-designed model, even with high-quality graph data, does not automatically
acquire meaningful graph representations. It also demands a learning objective that
provides an explicit training signal and guides it to learn effective representations
readily for downstream tasks. The objective level concerns how supervision signals
and inductive biases are encoded in optimization targets (e.g., loss function and
regularization term) to drive the predicted outputs toward desired targets as opti-

mization proceeds. Taking supervised learning as an example, the loss quantifies
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the discrepancy between model predictions and supervision signals during the for-
ward pass, and its gradients are then computed through backpropagation to update
model parameters via an optimizer. While it may appear routine, a carefully de-
signed learning objective is essential for further improving the model’s capability
and downstream performance. In the graph representation learning, the choice of
the objective depends strongly on the training paradigm. The rest of this section
first reviews common objective functions of different training paradigms and then

introduces two objective functions that are also relevant to the thesis.

2.2.4.1 Supervised and Semi-Supervised Objectives

For node-level and graph-level classification, as well as link prediction under super-
vised or semi-supervised settings, cross-entropy is the most widely used objective
function. It can be viewed as the negative log-likelihood of a categorical distribution

parameterized by the classifier’s predicted probabilities:

C
Lon(§,y) = — ) yilogd (2.34)
=1

where v is the predicted class probabilitiy vector of training samples, y is the one-hot
encoded gournd truth labels, and C' is the number of classes. In practice, it is often
implemented with task-specific adaptations (e.g., class reweighting or additional

constraints) to improve generalization.

2.2.4.2 Unsupervised and Self-Supervised Objectives

When labels are unavailable or scarce, graph representations are often learned from
the graph itself using unsupervised or self-supervised objective functions. Two repre-
sentatives are reconstruction loss and contrastive loss. Meanwhile, Laplacian Eigen-

maps and one-class classification objectives are also widely used.
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Reconstruction Loss Reconstruction loss learns a graph encoder that produces
graph representations which are predictive of observed graph structure or features,
and also a decoder that maps graph representations back to the original data space.

A generic formulation of the reconstruction loss is:

H = f&(g>7 A = g(b(H)? ERCC = K(Av A) (235>

where fy is an encoder, g, is a decoder, and ¢(-, -) can be a binary cross-entropy loss
for graph structure reconstruction or a mean squared-error loss for feature recon-

struction.

Contrastive Loss In contrastive learning, one usually constructs positive and
negative pairs, and learn representations by pulling positives together while pushing
negatives apart via the contrastive loss. Given two stochastic views x; and ] of the
same instance i, and a graph encoder yielding representations z; and z;, the widely

used contrastive loss is the InfoNCE loss, which is defined as the following:

Loe = — Zl 8 5~ P (sim(2;, 2;)/7) (2.36)

> = 1 exp (sim(z;, Zj)/T)

where sim(-,-) is a similarity measure (e.g., cosine similarity), 7 is a temperature

hyperparameter, and B is the batch size.

Laplacian Eigenmaps The core idea of the Laplacian Eigenmaps is intuitive: if
two points are adjacent and similar in the original space, then they should also
be close to each other in the low-dimensional representation. Laplacian Eigen-
maps (Belkin & Niyogi, 2001, 2003) achieve this by constructing a proximity graph
with a weighted adjacency matrix A € RV*Y for N data points, using e— neighbor-
hoods or k—nearest neighbors. Given the degree matrix D and the graph symmetric

normalized Laplacian matrix L, Laplacian Figenmaps solves the following equations
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to find representations:

1
2 Z(yz —y;)?Aij =y Ly
,J
y* = argmin y' Ly (2.37)
s.t. yT Dy=1

Here, y = [y1, ..., yn] ' collects one dimension of representations of all N data points
(one-dimensional representations), and y; is the scalar representation value of the
1-th data point. The constraint aims to prevent trivial solutions and leads to the
generalized eigenvalue problem Ly = ADy, where y* is given by the eigenvector of
D™ 'L, corresponding to the smallest non-zero eigenvalue. This solution can also be
interpreted by the Laplacian smoothing, where eigenvectors associated with smaller
non-zero eigenvalues are smoother and therefore exhibit less variation across adja-
cent nodes in the representation space. Generally, this objective function penalizes
mapping nearby data points far apart, thereby encouraging representations to be

closer in terms of the neighborhood structure.

One-Class Classification Objective For binary classification with severe class
imbalance (i.e., anomaly detection), one-class classification (OCC) provides a simple
yet effective objective that learns a compact description of normality in the repre-
sentation space. Let fy(G) denote the learned representation of a graph and ¢ be a

fixed center, the OCC objective can be defined as:

Locc = [116(9) —cll3 (2.38)

which maps normal samples into a hypersphere with the center ¢. At inference time,
an anomaly score can be defined as s(G) = || fo(G) — cl|3, where larger values indicate

a higher degree of abnormality.
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Chapter 3

Enhancing Objective Function by

Laplacian Eigenmaps

Graph-level classification typically follows a pipeline, where GNNs first compute
node representations through message passing among nodes, and the readout op-
eration then summarizes them into a graph-level representation. Apparently, the
inductive bias of standard message-passing GNNs is largely local, as it only explic-
itly models intra-graph interactions. In this context, the most direct signals that
encourage discriminative graph representations across different graphs come from
the objective function, which shapes graph representations according to supervi-
sion of the label. Although recent progress in GNNs has steadily improved graph
classification performance, most of these advances, however, are driven by archi-
tectural innovations. Meanwhile, the learning objective, typically cross-entropy, is
often left largely unchanged. Such a generic objective may not provide sufficiently
explicit guidance for inter-graph interactions that help construct the relative geom-
etry among graph representations.

This chapter responds to the Research Question 1: How can the stan-
dard objective function in GNN-based graph classification be enhanced
by better exploiting inter-graph information among graphs? and presents

a simple yet effective regularizer that augments the commonly used cross-entropy.
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Leveraging the smoothness property of Laplacian Eigenmaps, the proposed regu-
larization term encourages more inter-graph-aware representations, while remaining

plug-and-play for existing GNN architectures.

3.1 Introduction

Graph representation learning has attracted great attention in the recent decade
as ballooning data is being generated in the form of graphs. Compared with regu-
lar lattice information such as images, audio, or text, graphs simultaneously carry
intricate object interactions over high-dimensional features, challenging researchers
to conduct feature engineering to generate adequate graph representations. Since
the rise and wide application of Graph Neural Networks (GNNs), the situation has
changed, and research effectiveness on downstream prediction tasks has been sig-
nificantly improved. The essence of the machine-learning applications of various
GNNs (e.g., node classification (Kipf & Welling, 2017), link prediction (M. Zhang &
Chen, 2018), and graph classification (Z. Wang & Ji, 2020)) depends highly on the
output of different but sequential blocks of GNNs. A basic GNN learns node repre-
sentations and is normally ready for node classification and link prediction tasks, as
these tasks involve only node-level information. Graph-level classification problems,
where more compact representations on the graph level are necessary, further entail
a readout function or graph pooling layers that enable GNNs to integrate the node
representation vectors and graph topological information into a graph representation
vector. At last, with a classification head and a carefully crafted objective function,
GNNs perform these tasks in an end-to-end manner (Z. Wu et al., 2020).
Although having yielded outstanding experimental results, many recent dis-
tinguished works for graph classification concentrate on model architecture, where
different building blocks are explicitly formulated. For example, some research on
different message passing schemes dig into the graph convolutional operation (node

information transmission and neighborhood aggregation algorithms) from the spec-
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trum or space domain (Kipf & Welling, 2017; W. Hamilton et al., 2017; Levie et al.,
2018; K. Xu et al., 2018), and some are devoted to the readout layer and propose
various graph pooling strategies that can filter less informative features or capture
different-order statistics of graphs (Z. Ying et al., 2018; J. Lee et al., 2019; Z. Wang
& Ji, 2020). However, this limits their view to relationships within graphs, as pri-
mary signals that encourage their learned graph representations to be distinguished
from each other come only from the supervision of labels in the objective function.
Considering that the objective function is usually set as routine, those works seem
to be indifferent to its room for improvement in the graph representation learning
and show less effort in explicitly modeling the intrinsic structure and relationships
among graphs. Given this situation, we concentrate on the objective level of those
works to investigate whether enhancing the objective function can facilitate the
graph classification performance of an arbitrary GNN framework without altering
its internal building blocks.

Considering a wide range of applications demonstrating the Laplacian Eigen-
maps’ efficiency in mining the local geometry of the high-dimensional data (Brun et
al., 2003; Z.-L. Sun et al., 2005; Mi et al., 2013; Z. Chen et al., 2019), this work pro-
poses approaches based on Laplacian Eigenmaps (Belkin & Niyogi, 2003), namely
Laplacian Eigenmaps Enhanced Loss (LEELoss), to enhance the representation
learning capability of models through regularizing the objective function. To be
specific, we implement our approaches by applying the Laplacian Eigenmaps as a
regularization term on the cross-entropy loss to jointly optimize graph representa-
tions. In this work, we specifically discuss the property of Laplacian Eigenmaps for
supervised representation learning, and implement the LEELoss from the node-level
perspective, and then extend it to the graph-level perspective. For the node-level
implementation, we borrow the idea from the work by H. Zhu et al. (2021) to set
Laplacian Eigenmaps into a contrastive setting. For the graph-level implementation,
we construct graph similarity matrices from graph priors and adapt LEELoss to the

graph level by treating each graph as a node in a meta graph, so that the regulariza-
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tion aligns with the inductive bias of message passing, offering a higher-dimensional
view of the relationships among graphs. Attributed to the extra discriminative
capability powered by Laplacian Eigenmaps, GNNs are expected to achieve higher
graph classification accuracy and faster convergence without introducing substantial
architectural complexity:.

The contributions of this chapter are summarized as follows:

e We propose the LEELoss by implementing Laplacian Eigenmaps for super-
vised graph classification tasks, which is simple and intuitive to enhance graph

representation learning.

e We construct the graph similarity matrix to model inter-graph interactions
and extend Laplacian Eigenmaps from their original node level to the graph

level, offering further signals beyond graph labels.

e Extensive experiments on seven benchmark datasets have shown that the
LEELoss facilitates the representation learning capability of popular vanilla
GNN models, revealing further potentials of the objective function when it
is carefully regularized or redesigned, other than previous blocks of a GNN

framework.

3.2 Related Works

In this section, we review recent advances in GNNs and Laplacian Eigenmaps that
provide useful insights for designing the proposed LEELoss. The mechanisms and
mathematical formulations of GNNs and Laplacian Eigenmaps are presented in Sec-

tion 2.2.3.1 and Section 2.2.4.2, respectively.

3.2.1 Graph Neural Network Frameworks

Feature engineering for graphs is a complicated and costly process. However, the

rapid expansion of end-to-end deep learning paradigms enables the model itself to
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learn representations without many handcrafted features, which can significantly
boost the efficiency of downstream tasks. Different from some classical graph em-
bedding methods, including dimension reduction, random walk, and matrix factor-
ization, GNNs naturally enable end-to-end representation learning on graphs with
arbitrary structures, preserve higher-order neighborhood information, and support
a broad range of learning objectives (Goyal & Ferrara, 2018; F. Chen et al., 2020).

In recent years, many popular graph modeling techniques based on GNNs have
come to light and achieved outstanding performance. For instance, the Graph Con-
volution Network (GCN) (Kipf & Welling, 2017), which is a spectral-based ap-
proach, capitalizes on the first-order Chebyshev polynomial and symmetric normal-
ized Laplacian to extract feature information of proximity and has been proven to
be a simple yet efficient framework. Since GCN, many advanced GNNs have been
proposed from the aspect of the spatial domain; GraphSAGE (W. Hamilton et al.,
2017) generates variations of nodes by learning functions of sampling and aggregat-
ing node features to simulate data for the unseen nodes; Graph Attention Network
(GAT) (Velickovi¢ et al., 2017) utilizes the attention mechanism, which measures the
weight of edges according to features of the corresponding node pair, to gather more
information from nodes of high significance; K. Xu et al. (2018) proposed the Graph
Isomorphism Network (GIN) which successfully recognizes some isomorphic graph
structures that previous GNNs fail to distinguish and share the similar capability

with Weisfeiler-Lehman graph isomorphism test.

3.2.2 Laplacian Eigenmaps

Laplacian Eigenmaps (Belkin & Niyogi, 2003) is a geometrically motivated nonlin-
ear manifold learning method that can construct a low-dimensional representation
for high-dimensional data and retain the inferred graph structure from data. Based
on the assumption that the data resides on a low-dimensional manifold embedded

in a high-dimensional space, Laplacian Eigenmaps preserve the feature and struc-
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ture information of data by keeping the correspondence of local Euclidean distance
between data representations if those data points are tightly related in the global
space. Compared with many other manifold learning techniques, such as isometric
mapping (Tenenbaum et al., 2000), locally linear embedding (Roweis & Saul, 2000),
and diffusion maps (Coifman et al., 2005), Laplacian Eigenmaps are more celebrated
among researchers for their computational simplicity and availability on arbitrary
manifolds and have been broadly applied for dimension reduction and feature ex-
traction (B. Li et al., 2019).

In the computer vision domain, Laplacian Eigenmaps have been used for hu-
man brain image processing and showed their property of clustering via visualizing
fiber trace of the human brain with a color close to its neighbors’ colors (Brun et al.,
2003). W. Luo (2011) implemented Laplacian Eigenmaps into face recognition tasks
as a feature extraction technique to quantify and preserve the locality of informa-
tion, proving their advantages over some other methods, such as principal compo-
nent analysis and locality-preserving projections. In the graph domain, Z. Chen et
al. (2019) proposed a Teacher-Student mechanism to regularize the representation
learning process, utilizing the main idea of Laplacian Eigenmaps to force the node
to be distributionally similar to its neighboring nodes. Laplacian Eigenmaps have
also been reformulated as an objective function for unsupervised contrastive learn-
ing for node classification tasks and have demonstrated their superior representation
learning capability when concatenated with multiple GNN frameworks (H. Zhu et
al., 2021).

3.3 Methodology

Considering the architecture of GNN models, the primary objective of this work
is to enhance the graph-level classification capability of any existing vanilla GNN
model without modifying its structure or intrinsic properties across different blocks.

In this section, we first discuss how Laplacian Eigenmaps can be leveraged as an
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objective function to enhance the graph representation learning capability of GNNs,

and provide an overview of the implementation of our proposed LEELoss.

3.3.1 Laplacian Eigenmaps for Representation Learning on

Graphs

Apparently, when considering one-dimensional representations from Laplacian Eigen-

maps to D-dimensional representation, Equation (2.2.4.2) can be rewrote as:

Z |y, — Y; ||2 Aij = TT(YTLY)
1,7

Y*= argmin Tr(Y'LY) (3.1)
st. YTDY=I

where Y = [y,, ¥y, -, yn]' € RY*P and y, represents the D-dimensional represen-
tation of node 7. Similarly, the optimal node representation y; of the matrix Y can
be obtained by solving the generalized eigenvalue problem with D smallest non-zero
eigenvalues.

When utilizing Laplacian Eigenmaps as an objective function for representa-
tion learning tasks instead of their original dimensionality reduction tasks, we note
that the clustering property of Laplacian Eigenmaps can support GNN encoders to
learn representations based on the similarity in terms of pair-wise nodes’ Euclidean
distance, other than their common application of constructing low-dimensional rep-
resentations. That is to say, given a graph G with a node feature matrix X € RV*¥
and an adjacency matrix A € RV*V as input, a multi-layer GNN encoder can map
it into a node representation matrix H € RY¥*P which collect learned representa-
tions of all nodes, and D is equal to the neuron number of the output layer. By
simply considering the representation matrix Y from Equation (3.1) as H from the

GNN encoder, we have an objective function on the basis of Laplacian Eigenmaps
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for unsupervised classification tasks:
> |l hi—h; |* Ay = Te(H LH) (3.2)
,J

With the adjacency matrix A as an indicator of the node’s similarity, this objective
function favors similar representations for adjacent nodes and will force them to be
closer through the network propagation. In supervised learning, however, consid-
ering the conventionally used cross-entropy loss function guides the representation
learning primarily via supervision signals from the label, absorbing Equation (3.2)
into the supervised setting would be a feasible option to provide further supervision
signals based on the graph Laplacian matrix L. Nevertheless, integrating graph
priors (e.g., L) into Equation (3.2) to enhance interactions between learned repre-
sentations is not easy at the graph level. In this context, we focus on the graph
classification problem and thus conduct supervised graph representation learning
while leveraging the advantages of Laplacian Eigenmaps to better exploit graph
data.

Following the work by J. Zeng & Xie (2021), who used contrastive learning
to regularize models in classification, we can consider the following form of the

optimization formulation to solve this problem:

L = L)(G,y | Graph Encoder, Classification Head) + AL;(G | Graph Encoder)
(3.3)

where L) denotes the conventional classification loss function and L(;) denotes the
Laplacian Eigenmaps loss function, A\ is a hyperparameter controlling the effect
of L), and G and y refer to a set of input graphs and their corresponding labels,
respectively. The Graph Encoder can be any GNN framework, and the Classification
Head can be a fully connected layer. Note that both loss functions share the same

Graph Encoder.
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Figure 3.1: Hlustration of Laplacian Eigenmaps Enhanced Loss. The top right is the
process of node-level implementation, and the bottom is the process of graph-level

implementation.

By design, the first part takes training graphs as input and performs prediction
on graph representations. The second part serves as a data-aware auxiliary task
to refine the representation learning process. As a consequence, the GNN model
will produce representations with stronger expressivity, presenting more satisfac-
tory graph classification performance. Figure 3.1 visualizes the specific process of

LEELoss in node-level implementation and graph-level implementation, respectively.

3.3.2 Laplacian Eigenmaps Enhanced Loss

In this section, we introduce specific implementation details of LEELoss on the node
level and graph level, respectively.

3.3.2.1 Node-level Implementation

We define the fundamental formulation of LEELoss, which is constructed on the

node level, by straightforwardly appending Laplacian Eigenmaps behind the cross-
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entropy loss:

LEELoss = Log(G,y) + A Tr(H'LH) (3.4)

It is obvious that LEELoss directly shapes node representations H to support
more effective node representations. Sequentially, effective node representations
always contribute to more robust graph representations, which then lead to sat-
isfactory classification outcomes. In addition, we note that Contrastive Laplacian
Eigenmaps (COLES) (H. Zhu et al., 2021) further integrate a negative sampling
mechanism into Laplacian Eigenmaps and have shown outstanding performance in
node-level unsupervised learning tasks. The objective function of COLES is defined

as the following equation:

H* = argmin Tr(H'L™WH) - 2 Z Tr(H'L{, H)
st. HTH=I M =1
= argmax Tr(H'AAH) (3.5)
st. HTH=I
77 m
here AA=A® - L 3.6
where - Z (3.6)

m=1

Here m refers to the number of negative samples. L) is a symmetric graph
Laplacian matrix generated based on the adjacency matrix A of the input graph.
Lﬁn_ ) is also a symmetric graph Laplacian matrix but is purposely constructed via
a randomized adjacency matrix A,,, which is generated based on the negative
sampling from the random graph sampling theory (Erdés & Rényi, 1960). Note

that L = 1T — AW L&) = 1 — AS) and both A = D"Y24D~Y? and

m ),
qu;) = D7 Y2A,,D™"? are symmetric normalized adjacency matrices. 0 < n <1
is a hyperparameter controlling the weight of the negative part.

Introducing a contrastive mechanism, COLES becomes a block contrastive loss
and has access to blocks of similar data that give rise to better generalization ca-

pability of the model. COLES is also a Wasserstein distance-based method that is

resistant to situations of poor data distribution overlap. Given these advantages,
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we have a direct adoption of COLES in LEELoss:

LEEL0SS(node) = Lon(G,y) — A - Tr(H AAH)

_ . TN~ 4O T A
— Lop(Gy)+ A (n Te(H m;Am H)-T(H A H)) (3.7)

Consequently, LEEL0SS(04¢) favors similar representation pairs in normal Laplacian

Eigenmaps but penalizes dissimilar pairs in randomized Laplacian Eigenmaps.

3.3.2.2 Graph-level Implementation

Appropriate node representations, however, are not sufficient for a classifier to per-
form prediction on graph labels. Within a GNN framework for graph classification,
there exists a readout function layer, typically graph pooling, that helps the model
learn a representation from the graph perspective in the manner of summarizing a
stack of node representations into a vectorized graph representation. Most impor-
tantly, graph representations generated by different graph pooling strategies further
encapsulate topological information, which is crucial for the classifier to precisely
recognize and distinguish among graphs. Heuristically, directly refining graph rep-
resentations would be more reasonable for graph-level tasks. Therefore, we can have
an extension for the fundamental LEELoss from its original node level to the graph
level.

To implement such an extension, one can view Laplacian eigenmaps from a
higher-dimensional perspective. We suppose that, for a given set of N graphs G =
{G1, ...,Gn}, we can gather a set of node representation matrices H = {H, ..., H v}
readily to be processed by the readout layer. With a graph pooling strategy (e.g.,
mean pooling, sum pooling, SortPool (M. Zhang et al., 2018), DiffPool (Z. Ying
et al., 2018)), we can further flatten H into a graph representation matrix H, =
[hg1,...hyn|, where h; is the representation of G;. If we consider a meta graph, which
is essentially the high-dimensional manifestation of a batch of individual graphs that

each node in this meta graph corresponds to a graph in G, it is natural for us to
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construct a Laplacian matrix L, for the meta graph. Under these circumstances,
we consider the natural substitution of the node representation matrix H in Equa-

tion (3.4) by the graph representation matrix H ;:
LEEL0SS(graphy = Lop(G,y) + A - Tr(H, L,H,) (3.8)

Remarkably, the major hurdle of this implementation is the acquisition of the graph
similarity matrix A, (adjacency matrix of the meta graph), which is used for cal-
culating L,. Unlike the adjacency matrix, which naturally represents node-level
interactions of a graph, A, should be artificially created with graph priors to mea-

sure the relationship among individual graphs.

Label-Based Graph Similarity Matrix For supervised graph classification tasks
where label information is involved in the learning process, we intend to view label
information as evidence to establish edges among graphs, such that graphs with the
same label are deemed to connect:

ij
0, if yg, # yg, or i =j

where yg, is the label of graph G;. In the way that using labels to construct A,, we
have both classification loss and Laplacian eigenmaps loss involving both explicit

and implicit label information, respectively.

Kernel-Based Graph Similarity Matrix Graph kernels, which are a family
that directly defines a similarity metric on graphs in the manner of calculating an
inner product in a Hilbert feature space, have long been a popular tool to accurately
measure the similarity between graphs (Siglidis et al., 2020). Formally, a graph

kernel is defined as a symmetric, positive semidefinite function £ on a set of graphs
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G such that k : G x G~ RIGIXIGI:

k(Gi, Gj) = (9(Gi), (G)))n (3.10)

where G;, G; € G, ¢ is a feature map, and (-, -),, is an inner product operation in
a Hilbert feature space. Having the effectiveness and access to multiple powerful
kernel methods, we can use graph kernels to construct our graph similarity matrix
Ay, within which [Ag];; = k(G;,G;). Note that [A,];; = 0 for i = j. Here, we

consider two different graph kernels.

Weisfeiler-Lehman Optimal Assignment Kernel Given two graphs G =
(V,€) and G = (V', &), the Weisfeiler-Lehman optimal assignment kernel (Kriege
et al., 2016), which is extended from the Weisfeiler-Lehman subtree kernel based on

the theory of valid assignment kernels, is defined as:

k(G,G") :BEI&XV D Za (3.11)

(v,v'EB)

where 2B(V, V') represents the collection of bijections between V and V', v is a node
in the node set V', h represents the number of iterative relabeling procedure of the
Weisfeiler-Lehman kernel, ¢;(v) is the label of node v after i label refinement step.
Weisfeiler-Lehman optimal assignment kernel measures similarity between graphs
relying on the base kernel k(v,v') = S2I 0(¢;(v), 4(v')), which is induced by a
hierarchical relabeling procedure, to calculate the degree on similar neighboring
node of node v and v’. Generally, the involvement of the optimal assignment kernels
offers the Weisfeiler-Lehman optimal assignment kernel a more accurate description

of graphs’ similarity than its original one.

Shortest-Path Kernel Given two graphs G = (V,€) and G’ = (V| &),
and a procedure that correspondingly decomposes them into shortest-path graphs

S = (Vs, &) and &' = (V., &), where each edge is assigned a label equivalent

s)Y's
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to the shortest distance between its endpoint nodes in their original graphs, the
shortest path kernel (Borgwardt & Kriegel, 2005) measures graph similarity through

an exclusive comparison operation, following the formula below:

(S, 8) =D kolee) (3.12)
ec&s el
where kfvl 3114 is a 1-length walk synthetic kernel designed with a comparison mecha-
nism that is based on labels of edges e and €/, and also the node label of the endpoints
of those edges. Generally, the shortest-path kernel first transforms graphs into their
shortest-path versions and then compares shortest paths in pairs in shortest-path
graphs.

To conclude, although the graph similarity matrix calculated by graph kernel
methods does not indicate the pair-wise graph relationship of the same accuracy
level as that using label information, it further considers the unseen graphs’ rela-
tion. Because entries of the kernel-based graph similarity matrix are valued from
0 to 1, they can reflect the degree of similarity between graphs. Most importantly,
unlike the traditional adjacency matrix, which is sparse, or the label-based graph
similarity matrix whose entry values are set to either 0 or 1, the kernel-based graph
similarity matrix is a dense one, and each entry of it can, to some extent, imply the
potential relationship among graphs instead of naively treating their relationship in
a binary manner. In this way, using graph kernels to construct a graph similarity
matrix A, considers unseen cases, and this method is believed to enable GNNs a
better generalization capability and overfitting resistance. Noticeably, graph kernel
methods render all graphs connected with different degrees, which is not an ideal
case. Hence, noises may arise within A, and disturb the learning efficiency of our
proposed method. An approach to this problem is sampling according to the prob-
ability distribution (e.g., Gumbel-softmax sampling (Jang et al., 2016) and argtopk
sampling). Since every entry value of A, calculated by graph kernels can also be

viewed as the probability of how likely a graph connects to the other, performing
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probability sampling on elements of A, will help remove those entries with low
probability and thus alleviate the negative impact brought by noise.

Given the availability of the graph similarity matrix A,, we propose another
similar method, which borrows ideas from both the information aggregation in mes-
sage passing and Laplacian Eigenmaps. Recalling the fundamental principle that
GNNs aggregate and transfer node information, different types of GNNs learn node
representations in a graph by aggregating neighboring nodes’ information and then
updating their corresponding representations. By setting [ aggregation layers, GNNs
are capable of capturing graph structural information within the /-hop neighbor-
hood. Considering the random walk normalized Laplacian L = I — DA into

Equation (3.2), we derive:

Tr(H, L,H,) (3.13)
=Tr(H,"(I-D,;'A)H,) (3.14)
=Te(H, H,) — Tr(H, A,H,) (3.15)

N

where A, is degree-normalized A,. Focusing on the latter part, one can easily
observe that the term AQH 4 reflects the way that the node-level information is
aggregated in the message passing of GCN. Intuitively, it is easy for us to interpret
that the term H gTAgH 4 intrinsically aggregates 1-hop neighboring information for
a graph and compares representations between that graph and the average of its
neighbors. However, the value of the term Tr(H QTAQH 4) will be out of scale, as
the more similar two graph representations are, the larger their inner product is.
Considering the scale and direction of the cross-entropy loss, we invert this term,
ensuring that its value is of the same scale as the cross-entropy loss. Ultimately, we

define this method as the following equation:

LEEL0SS(4g9) = Leg(G,y) + X - (Tr(H,TA,H )™ (3.16)
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Similar to the underlying motivation of Laplacian Eigenmaps, the latter term will
also force representations of graphs to be similar according to the relationship in-

formation encapsulated in A,.

3.4 Experimental Evaluation

To validate the effectiveness of our proposed method, LEELoss, we evaluate its
performance with three classic vanilla GNN models, which are GCN (Kipf & Welling,
2017), GraphSAGE (W. Hamilton et al., 2017), and GIN (K. Xu et al., 2018), and
make a comparison with their original setting, which is with the cross-entropy loss.

The objective of this experimental evaluation is to solve the following two questions:

e Question 1: Can the proposed LEELoss enhance the representation learn-
ing capability of vanilla GNNs on graph-level classification tasks, by simply

appending after the conventional cross-entropy loss?

e Question 2: Which variants of LEELoss is the final choice? Can explicitly
introducing inter-graph information for graph-level classification bring better

performance for these GNN models?

3.4.1 Experimental Setup
3.4.1.1 Datasets

We use 7 datasets, which originate from the graph classification benchmarks (Ya-
nardag & Vishwanathan, 2015), to evaluate the effectiveness of LEELoss. These
datasets are categorized into two major classes: Molecules (MUTAG, PTC, PRO-
TEINS, NCI1) and Social Networks (IMDB-BINARY, COLLAB, REEDIT-BINARY).
To be consistent with the original settings for the molecule datasets and social net-
works datasets (K. Xu et al., 2018), whose experimental goal is to let the model
learn a representation depending on the network structure rather than input node

features, the input node features of these datasets are set as categorical labels and
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are artificially created, respectively. For social network datasets, REEDIT-BINARY

has the same feature for all nodes, and IMDB-BINARY and COLLAB use the one-

hot encoding of node degree as their node features.

Table 3.1: Hyperparameter Search Space

Hyperparameter Search space
Batch Size {32, 64, 128}
Hidden Dimension {16, 32, 64}
A {0.0001, 0.001, 0.01, 0.1, 1}
Graph Similarity Matrix {Label, WL, SP}!
Sampling Type {None, Gumbel, Argtopk }*
n {0.1, 1}

! Label, WL, and SP are the corresponding abbreviations of the
aforementioned graph similarity construction methods.
2 Sampling type for the kernel-based graph similarity matrix.

3.4.1.2 Configuration

To clearly identify the effectiveness of LEELoss, we keep the basic configuration of
the compared pair the same. That is to say, for different datasets, we fix the fine-
tuned settings of original GNN frameworks for models with LEELoss to assess the
performance of our proposed method under the same and relatively fair environment
as its counterpart. For models involved, we utilize a 5-layer setup (including the
input layer) and append batch normalization (Ioffe & Szegedy, 2015) on each hidden
layer. Adam optimizer (Kingma & Ba, 2014) is also applied, where the learning rate
is initially set to 0.01 and decayed by 0.5 per 50 epochs. To avoid overfitting, the
number of epochs for different datasets ranges from 100 to 350 according to their
learning curves, as well as their dataset sizes, displayed by K. Xu et al. (2018).
Regarding other hyperparameters, the number of negative samples m is fixed to 5,
and Table 3.1 shows the search space for the rest. In our experiment, we perform
10-fold cross-validation following Yanardag & Vishwanathan (2015) and Niepert et

al. (2016). Due to the small dataset size, the cross-validation only uses training sets
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and validation sets. Our cross-validation strategy records the best performance of
each fold and reports the average and standard deviation of the maximum validation

accuracy across 10 folds.

3.4.2 Performance Analysis

Table 3.2: Graph classification accuracies (%) of LEEL0SS(node); LEELOSS (grapn), and
LEEL0sS(agg) versus the original cross-entropy loss with GCN, GraphSAGE, and

GIN on 7 datasets.

GCN
Dataset Original LEEL0SS (n0de) LEELoSS(grapn) LEELosS(444)
MUTAG 91.46+6.8 91.46+5.9 91.99+4.9 92.57+5.4*
PTC 70.96£5.3 71.55+5.6 72.714+5.2* 71.27+6.5
PROTEINS 78.34+3.3 78.97+2.8 78.62+3.0 79.87+3.0*
NCI1 76.47+1.5 76.30+1.7 76.59+1.6* 76.11+2.1
COLLAB 80.38+1.6* 80.38+2.0* 79.68+1.4 80.06+1.1
IMDB-B 77.90+1.8 77.90+1.8 78.50+2.5* 78.30+2.0
REDDIT-B 50.00 50.00 50.00 50.00

GraphSAGE
MUTAG 90.44+6.1 90.96+4.7 92.02+5.9 92.51+4.9*
PTC 73.85+3.8 74.13+5.5 75.914+5.2* 74.42+2.5
PROTEINS 78.97+3.3 79.15+3.3 78.97+3.6 79.33+3.5*
NCI1 75.11+1.4 74.79+1.4 75.184+1.5* 74.11+1.4
COLLAB OoOM OOM OoOoOM OoOoOM
IMDB-B 77.50+2.7 76.40+2.4 78.00+2.9* 78.00+2.4*
REDDIT-B OoOM OOM OOM OOM

GIN
MUTAG 94.68+4.7 94.1245.7 95.15+6.2 95.76+4.6"
PTC 70.06+4.5 72.10+4.8 72.384+4.6 73.861+6.1*
PROTEINS 78.70+3.6 79.424+2.7 79.61+3.4 79.69+3.6
NCI1 83.80£1.6* 82.77+1.7 83.36+£2.1 82.63£1.3
COLLAB 80.24+1.2 80.38+1.4 78.78+1.5 80.46+1.6"
IMDB-B 77.80+1.9 78.60+1.9 78.50+2.4 78.80+2.1*
REDDIT-B 80.64+2.8* OOM 79.95£2.3 78.90£2.9

! LEELoss results that outperform the original counterpart are highlighted in bold.
2 For each dataset, the best performance within each backbone across losses is marked with *.

3 OOM refers to out of memory.

Although the proposed method is not a specific model, test performance still

qualifies the generalization capability that directly determines future downstream
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applications of a model and thus indicates to what extent a model can be improved
when applied with LEELoss. In response to Question 1, Table 3.2 compares predic-
tion accuracies between the original cross-entropy loss and LEELoss, which includes

LEELO0SS(n0de), LEELOSS (grapn), and LEELoss Note that in (LEEL0SS(grapn) and

agg)-
LEELO0SS(qqg)), We consider that label-based and different kernel-based graph simi-
larity matrices are of types for the graph-level implementation, and only report the
best result between them.

As can be seen, it is quite obvious that the proposed method has better pre-
diction accuracies in most cases, which demonstrates that LEELoss is indeed rich
in capacity to facilitate the representation learning process of chosen models. Es-
pecially in MUTAG, PTC, PROTEINS, and IMDBBINARY datasets whose sizes
are relatively small, both node-level and graph-level implementations of LEELoss
consistently show an overwhelming performance over the original one on three GNN
frameworks. The consistency of LEELoss on these datasets implies that it is prob-
ably more suitable for datasets with a smaller scale. However, although certain
specific methods have achieved higher scores, LEELoss yields weaker average perfor-
mance for large-scale datasets, including NCI1, COLLAB, and REDDITBINARY.
The occurrence of such an opposite situation is expected, as more data introduces
too many uncertainties for the representation learning based on Laplacian Eigen-
maps to handle. Overall, six out of six datasets with GCN, five out of five datasets
with GraphSAGE, and five out of seven datasets with GIN have recorded their high-
est prediction accuracies by LEELoss, demonstrating the robust expressive power
of LEELoss. Remarkably, among different implementations of LEELoss, the graph-
level implementation seems to be superior to its node-level counterpart, as graph
classification problems favor more graph-level information. Within graph-level im-
plementation, LEEL0sS (444 is more compatible with GIN and performs better than
the other two. Also, LEELosS(n04.) demands a higher computational cost, lead-
ing to the out-of-memory problem in REDDITBINARY. Noticeably, GCN fails to

converge on REDDITBINARY due to its weaker ability to distinguish isomorphic
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graphs (K. Xu et al., 2018).

3.4.3 Ablation Analysis

Table 3.3: Comparison results of separate implementations to the combination im-

plementation, and ultimately to none of them.

Loss MUTAG PTC PROTEINS IMDB-B
LEELOSS(graph) 95.76+4.6  73.86+6.1 79.69+3.6 78.80+2.1
LEELOSS (node) 94.1245.7  72.1044.8 79.4242.7 78.60=1.9
LEELOSS node tgraph) | 94.1244.4  71.80+4.9 79.2442.8 78.4042.2
w/o LEELoss 94.68+4.7  70.0624.5 78.70+3.6 77.80+1.9

In response to Question 2, Table 3.3 demonstrates the experimental results of
the ablation study on four major datasets, where our proposed methods are signifi-
cantly beneficial, with the implementation of the combination gradually reduced to
the original cross-entropy loss. As expected, the simultaneous application of node-
level and graph-level implementations results in a longer computation time, but it
can still achieve a better or comparable classification capability compared to its
original counterpart. However, it is clear from the results that the effectiveness of
the combination is less than that of cases where the node-level or graph-level im-
plementation is exclusively considered. Considering its corresponding high training
performance on these datasets, this is likely due to overfitting resulting from the
overlapped function of the node-level and graph-level modules. Therefore, we con-
clude that the individual module of the node level or graph level will suffice for our

loss function enhancement.

3.4.4 Hyperparameter Sensitivity Analysis

In addition, we observe how the performance of LEELoss varies with the weight A
and the choice of graph kernel. Note that we fix other variables of LEELoss(444) to

fairly justify the influence of these two parameters, and the results in this experiment
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Figure 3.2: Effect of the weight A of the regularization term and different graph

kernels on test accuracy.

do not represent its best performance. Figure 3.2 respectively shows test accuracies
by different A\ and different graph kernels. As we can see, the left diagram shows
a pattern that our regularization term has essential facilitation on model perfor-
mances around A of 0.0001 and 0.1. Starting from A = 0, which is equivalent to the
original objective function case, A tends to exert a positive influence on the model
performance as it increases. Normally, as the A continuously increases to 1, model
performance should drop since the regularization term itself is originally designed for
unsupervised learning and dominates the classification loss of a supervised model.
According to the right diagram, we find that different graph similarity matrices
based on different graph kernels do not show obvious tendencies of influence on the
classification accuracy. We also test an extra Geometric Random Walk Kernel, but
it fails to converge when applied to large-scale datasets due to the out-of-memory

problem caused by its high computational cost.
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3.5 Conclusion

This work investigates enhancing models’ original objective function using graph
priors without altering models’ structure or intrinsic properties. Highlighting that
Laplacian Eigenmaps naturally shorten the distance between similar objects in the
representation space, we present LEELoss by applying Laplacian Eigenmaps as a
regularization term of the cross-entropy loss. Since the graph classification learn-
ing process involves representations of different states, we implement LEELoss from
the node level and then extend it to the graph level to investigate the representa-
tion learning capability promoted by Laplacian Eigenmaps of different perspectives.
To take advantage of Laplacian Eigenmaps in graph-level implementation, various
measures are used to construct a graph similarity matrix that captures different
inter-graph relationships. We conduct comprehensive experiments, demonstrating
that the proposed method improves graph classification performances of three clas-
sic GNN frameworks on most datasets. Most importantly, we realize that exploiting
appropriate data priors in the objective function other than the previous blocks
can also facilitate representation learning, enabling a stronger generalization ca-
pability of models. Particularly for the graph-level classification problem, where
GNNs struggle to explicitly model interactions between graphs, introducing addi-
tional graph priors at the objective level would be a promising and lightweight way

to enhance graph representation learning.
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Chapter 4

Leveraging Precious Anomalies for

Class Imbalance

Graph-level anomaly detection (GLAD) remains relatively underexplored compared
with node-level anomaly detection, and the supervised setting is even less studied
than the dominant unsupervised paradigm. This gap largely stems from a long-
standing assumption that anomalies are rare, weakly labeled, or even unobservable
in practice. Nevertheless, recent studies have begun to revisit supervised GLAD
by exploiting a limited number of labeled anomalous graphs and have reported en-
couraging experimental results. Most existing approaches, however, alleviate the
severe class imbalance mainly through reweighting the conventional objective func-
tion to balance the model’s focus on anomalies. More critically, many of them still
follow the standard graph classification recipe that treats anomalies as well-defined
targets, but further places emphasis on modeling the detailed information about
them. These approaches are to some extent vulnerable because anomalous graphs
often contain incomplete, biased, highly diverse information. Therefore, overfitting
to their patterns can hurt the robustness and generalization of the model. This led
us to shift our focus to the data itself and investigate its potential to enhance graph
representation learning in graph-level anomaly detection tasks.

This chapter responds to the Research Question 2 (Data Level): How
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to help models generalize better to unseen anomalies by fully exploiting
and leveraging scarce anomalous graph samples? and develops a training
framework that consists of two modules that leverage anomalies to address the
class imbalance and improve generalizability from a data-level perspective, without

requiring sophisticated layers tailored to anomaly patterns.

4.1 Introduction

Graph-level anomaly detection (GLAD) aims to recognize individual graphs that
exhibit patterns significantly deviating from those of the majority. GLAD has appli-
cations in various fields, such as detecting rare chemical compounds in biochemistry,
identifying fraudulent activities in transaction networks, and recognizing abnormal
behavior, including bot activity, in social networks (Akoglu et al., 2015; X. Ma et
al., 2021). Many recent studies on GLAD, leveraging the ability of Graph Neural
Networks (GNNs) to capture topological information and graph features effectively,
have made significant progress and established GNN-based methods as the main-
stream paradigm in the field of graph anomaly detection (Zhao & Akoglu, 2023;
Zhao et al., 2022; Qiu et al., 2022; X. Luo et al., 2022; R. Ma et al., 2022; Y. Liu et
al., 2024). Furthermore, these mainstream GLAD studies often highlight the high
cost of labeling anomalies, which exacerbates the class imbalance problem, and as-
sume that anomalies are generally unknown in advance (X. Ma et al., 2021; Pang
et al., 2021; Kim et al., 2022). As a result, these studies discard anomalous sam-
ples and adhere to the unsupervised learning paradigm. Since anomalies are only
marginally observed in such tasks, unsupervised GLAD methods are limited in uti-
lizing labeled anomaly data (Pang et al., 2021). As illustrated in Figure 4.1(Right),
this lack of diversity in training data renders the model suboptimal in constructing
the boundary for normal and anomalous graphs.

However, although it is widely acknowledged that incorporating any available

labeled data, even a small amount, can significantly improve anomaly detection
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Figure 4.1: A brief example of reference alignment that provides a contrastive view.

performance (Aggarwal & Aggarwal, 2017; X. Ma et al., 2021, 2023), and that the
inherent antagonism between normality and anomaly allows anomaly detection to be
framed as a binary classification problem where one class is rare (F. Liu et al., 2022;
H. Wang et al., 2022; Lim et al., 2018; Z. Xu et al., 2022), only a few state-of-the-art
works have attempted to leverage labeled anomaly data and introduce GLAD into
the supervised learning paradigm (G. Zhang, Yang, et al., 2022; X. Ma et al., 2023;
Dong et al., 2024). These methods primarily employ revised loss functions to miti-
gate a so-called class imbalance problem brought by the scarcity of labeled anomalies
and have achieved notable performance. Considering the higher-dimensional com-
plexity of the graph-level tasks, they bypass augmentation techniques as commonly
adopted in other domains (Pang et al., 2023; F. Liu et al., 2022; D. Wang et al., 2019;
Lim et al., 2018) for addressing the class imbalance issue. Some cutting-edge studies
at the node level have utilized augmentation techniques of different modalities to in-
crease the sample size and improve model robustness (F. Liu et al., 2022; Ding et al.,
2021). However, the non-Euclidean nature and the higher-dimensional complexity
of graphs render these typical augmentation techniques, which investigate the point
information within an individual graph, less applicable to graph-level tasks. Addi-

tionally, anomalous graphs are heterogeneous (Pang et al., 2021) in that they arise
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from many different types and causes, challenging the models’ generalizability on
unseen cases. Therefore, two key challenges arise for current label-leveraged super-
vised GLAD methods. Challenge 1: The structural irregularity across graphs has
made graph-level augmentation techniques underexplored in GLAD, despite their
potential to address the fundamental scarcity of labeled anomalies. Challenge 2:
The extreme scarcity of anomalous samples available hinders these GLAD methods
from modeling detailed graph patterns to generalize to unseen cases (Pang et al.,
2021; Y. Gao et al., 2023).

Recognizing these challenges, in this work, we propose a GLAD framework
that enhances the use of precious anomalies, which we term Graph Augmentation-
based Reference Alignment framework (GARA). GARA is trained in a supervised
manner and comprises two distinct components: (1) an augmented-task generation
module based on the Mixup technique (H. Zhang et al., 2018) to create a vari-
ety of balanced learning batches. Considering that graph generation (Ding et al.,
2022), which generates new graphs by capturing key motifs from observed graphs,
has proven to be effective for enlarging the scale of training samples in graph-level
classification, and that GLAD tasks can be regarded as a special case of binary clas-
sification, we investigate this method for augmenting anomalous graphs and then
constructing a balanced training environment. (2) A reference alignment module
that aligns normal and anomalous graphs with jointly learned normal references. To
tackle Challenge 2 that current GLAD methodologies overemphasize the training
on existing uncomprehensive anomalies and compromise the models’ generalizability
to unseen ones, the reference alignment module contracts the normal boundary while
expanding the security margin with multiple views of the normal distribution, en-
hancing resilience to unseen anomalies, all without undermining the contributions
of predominant normalities when leveraging anomalous samples in training (Fig-
ure 4.1(Left)). To summarize, this work contributes to GLAD from the following

points:
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e We develop GARA, an intuitive and effective GLAD framework that considers
a contrastive perspective using normal references to exploit the potentialities
of scarce anomalous graphs, distinguishing it from existing supervised GLAD

models, which mainly revolve around modeling existing anomalous patterns.

e We investigate the feasibility of enriching the pool of the anomalous class via
anomaly augmentation and employ an anomaly-specialized graph generation
strategy, specifically incorporating graph mixup techniques, to mitigate the

class imbalance in the GLAD problem.

e Comprehensive experiments on real-world datasets demonstrate the superi-
ority of GARA, which achieves outstanding performance with an intuitive

design.

4.2 Related Works

In this section, we briefly introduce the background of graph-level anomaly detection
and recent advanced GNN-based approaches for this problem. We also review the
Graph Mixup methods and discuss some of their characteristics. Definition and an

example of the Graph Mixup are presented in Section 2.2.2.3.

4.2.1 Graph-Level Anomaly Detection

Real-world anomalies inherently exhibit characteristics of sample scarcity and het-
erogeneity (Pang et al., 2021; Akoglu et al., 2015). Although anomalies can be
grouped into a single category in practical implementations, they are much rarer
and can exhibit significant diversity in their classes or attributes. This results
in a severely skewed and dispersed distribution when compared to that of nor-
mal instances. In this context, anomaly detection has been extensively studied for
downstream applications, aiming to identify abnormal patterns or objects that de-

viate from the mass distribution. In the realm of various anomaly detection tasks,
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graph-level anomaly detection (GLAD) significantly challenges researchers. These
challenges arise not only from the non-Euclidean nature of graphs but also from
the higher dimensional complexity involved, rendering the detection of anomalous
graphs more intractable than that of anomalies with conventionally tabular or grid-
like structures (e.g. textual data represented as bag-of-words (X. Sun et al., 2018)
and hyperspectral image represented as fined-grained spectral vectors (X. Ma et al.,
2020)), and that of node-level and edge-level counterparts that investigate individ-
ual graphs (X. Wang et al., 2021; Ding et al., 2021; Song et al., 2021; G. Zhang, Li,
et al., 2022).

Despite the relatively fewer research efforts devoted to it in the past than its
node-level counterparts (X. Ma et al., 2021; Kim et al., 2022), GLAD still holds
significant and impactful applications in real-world scenarios, ranging from recogniz-
ing rare chemical compounds in biochemistry to identifying fraudulent transaction
networks in e-commerce (Jiang & Ma, 2018; Akoglu et al., 2015), and is draw-
ing gradually increasing attention. Recent advancements in GLAD works, such as
OGCIN (Zhao & Akoglu, 2023), GLAM (Zhao et al., 2022), GLocalKD (R. Ma et
al., 2022), and OCGTL (Qiu et al., 2022), primarily revolve around the unsupervised
paradigm, concentrating on learning normal patterns. The principle of unsupervised
approaches, which solely train on normal samples and identify unusual instances by
matching them with the modeled normal distribution, offers an alignment view in
GLAD and demonstrates a certain extent of robustness in such scenarios, even with-
out the supervision from labels. Few works, including iGAD (G. Zhang, Yang, et
al., 2022), GmapAD (X. Ma et al., 2023), and RQGNN (Dong et al., 2024), consider
anomalies in training. Nevertheless, these approaches often focus on exploiting the
differences between normal and existing anomalous graphs, easily failing to general-
ize to unseen cases. Specifically, the first utilizes a random walk kernel to investigate
anomalous substructures, the second considers informative nodes as a class indica-
tor via the evolutionary mapping algorithm, and the third involves the Rayleigh

quotient as class-wise information. Even capturing sophisticated anomalous pat-
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terns well, they tackle the class imbalance problem by adjusting the loss function’s
attention on two classes without considering augmentation techniques, which are
prevalent in node-level tasks. Therefore, the above oversights leave a significant gap

in the supervised GLAD framework.

4.2.2 Graph Mixup

Mixup is a data augmentation technique that interpolates the features and labels of
two random samples to generate synthetic training examples and has shown signif-
icant improvement in the model’s generalizability (Ding et al., 2022). Traditional
Mixup (H. Zhang et al., 2018), however, is designed for regular grid-like data and
is vulnerable to graph data that is located in non-Fuclidean space. For instance, a
simple adjustment to an edge in a graph may significantly destroy a graph property
and change its semantics. In the graph domain, several existing mixup approaches
primarily focus on both the dimensions of the graph adjacency matrix and the node
feature matrix and utilize various tricks to circumvent this challenge. Manifold
Mixup (Verma et al., 2019) mixes graphs in the embedding space, where the uni-
form representations of graphs can be interpolated with each other. ifMixup (H. Guo
& Mao, 2023b) aligns graphs with arbitrary node order to perform interpolation.
However, both of them are unable to preserve graph motifs, which are vital for label-
ing generated graphs. G-Mixup (Han et al., 2022) and S-Mixup (Ling et al., 2023)
are the two most advanced candidates for graph mixup.

To be specific, G-Mixup is a non-training approach that utilizes graphon to
perform graph generation. It first estimates the graphon of each class and then
interpolates between graphons to obtain a mixed one, which serves as a probability
matrix for sampling synthetic adjacency matrices. The major issue for G-Mixup is
the mixup of node feature matrices since it was originally designed for non-attributed
graphs. One proposed solution is to assign the mean feature of all graphs in a class as

the feature of the corresponding graphon. In contrast, S-Mixup is a training-based
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approach that utilizes a graph-matching network to train assignment matrices of
pair graphs. It uses the assignment matrices to align the shape of pair graphs so
that two graphs can be mixed up together. Compared to the first two methods,
G-Mixup and S-Mixup are capable of keeping the critical information of graphs and

are implemented at the input level.

4.3 Methodology

In GLAD tasks, graphs are traditionally categorized into two classes, i.e., normal
(class 0) and anomalous (class 1). In the following context, we use the symbols '—’
and '+’ to represent the normal and anomalous graphs, respectively. The overall
framework of GARA consists of two core components: the Augmented-Tasks Gen-
eration Module and the Reference Alignment Module. Overviews of the structure
of these two modules are depicted by Figure 4.2 and Figure 4.3, respectively. Incor-
porating the Mixup technique, the initial augmented-task generation module gener-
ates additional anomalous training samples to construct random balanced batches
7;. With this balanced setting, the reference alignment module applies the reference
contrastive loss Lrc, which evaluates the fair distances between graph representa-
tions of normal graphs H, and anomalous graphs H, to normal references r¢-. In
conjunction with the cross-entropy loss function L¢g, this module outputs predicted

labels to identify anomalies.

4.3.1 Augmented-Tasks Generation Module
4.3.1.1 Anomalous Graphs Augmentation

Because supervised GLAD aligns with a special case of graph-level classification, the
utilization of graph generation can offer valuable insights into potential solutions for
the class imbalance problem in GLAD. Particularly based on the Mixup (H. Zhang

et al., 2018), our augmented-task module conducts anomaly-specialized graph aug-
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Figure 4.2: GARA: Augmented-tasks Generation Module.

mentation to generate synthetic anomalies within the input feature space, enriching
anomalous training samples and thereby mitigating the sample scarcity associated
with the anomalous class. Given a random pair of samples (x;,y;) and (x;,y;), the

formal mathematical expression of Mixup is:
=X x;,+(1—-Nxz;, y=Ay+(1—-Ny; (4.1)

where the random variable A ~ Beta(cq, o) controls the weight of ingredients. Con-
sidering the irregularity of graphs, where their adjacency matrices A and features
X are normally in different shapes, we follow the Equation (2.15) and use M to
represent the whole mixup operation on graphs. Specifically, for an attributed graph
set G = {G;}¥,, we define an augmented graph by graph mixup as the following
equation:

G =M{G,G;} G N (4.2)

where the corresponding augmented adjacency matrix and features, respectively,

are:

EZM<AUA]7)\)7 /XJ:M(X“XJ,)Q (43)
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Different from the conventional graph classification problem, the GLAD problem
suffers from severe class imbalance. This issue poses a major question regarding the
mix-up strategy in the GLAD task. Typically, graph mixup employs a strategy of
mixing graphs from different classes (Han et al., 2022; Ling et al., 2023) using the
random variable X. To preserve the representative motifs of anomalous graphs, we
consider two strategies from inter-class and intra-class perspectives and investigate

their performance in detection.

Corrupted Mixup Strategy. Given a random anomalous graph G; as the base
from the anomalous graph set G, the corrupted mixup strategy expects more di-
verse anomalous graphs and slightly corrupts G; with a random normal graph §G;

from the normal graph set G~ to generate augmented anomalies:
G"=M(G|GH,G;|G™,\) with 0<\<0.5 (4.4)

The random A drawn from the beta distribution may diminish the significance of
augmented graphs as anomalies, as a large weight assigned to the normal ingredient
introduces excessive noise or incorrect information. Instead of a random A\, we fixed
A as a hyperparameter with a small value on normal graphs, and (1-A) on anomalous
graphs so that anomalous graphs have a more focused contribution relative to normal

graphs.

Pure Mixup Strategy. The pure mixup strategy expects pure anomalous graphs

and mixes graphs within the anomalous class:
G = M ({6, G,}1G*, ) (4.5)

Remaining the random A, this strategy generates different combinations of observed
anomalies with the guarantee of the number as well as the purity of augmented

anomalies.
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With the aim of providing a sufficient amount of anomalies for the subsequent
construction of learning tasks, both strategies assign labels of augmented graphs
to be that of the anomalous class, i.e., ¥ = y*. Notably, although augmented
graphs smooth the dispersed distribution of the anomalous class and prevent the
model from overfitting to observed anomalies, we still highlight the importance of
observed anomalies since they provide essential contrasts to normal graphs. Given
the substantial disparity in quantity between the two classes in the original sample,
both mixup strategies are designed to work collaboratively with the oversampling,
which selects observed anomalies with replacement, for generating the augmented

anomalous graph set.

4.3.1.2 Balanced Learning Task

We construct a variety of balanced learning tasks to simulate diverse data back-
grounds. To be specific, given an initial training set G = {G—,GT} and an aug-
mented graph set Gt after anomaly augmentation, we first merge them such that
G' = {G~,G;,}, where G, = G U Gt. Considering the dispersed distribu-
tion of the anomalous class against the normal one, we iteratively perform random
masking on graphs within G~ to create numerous subsets G, , which serve as back-
grounds with different normal distributions. Each subset G is then combined with
anomalies to create a distinct learning scene S; = {G, ,Gf,,} and each learning
scene S; constitutes the data pool 7; for a balanced learning task. Through ran-
domly sampling graph subsets G- and G;Ci where G C G, G% C G, and
|G| = |G| = Bathsize " we have a balanced batch T; = {G7,G%}.

Ultimately, we will use these generated learning tasks as training batches for the
subsequent GNN encoder. It is noticeable that due to the overlapping across learn-
ing tasks, the augmented-tasks generation module usually anticipates the number
of learning tasks to be larger than that of batches from the conventional mini-batch
method, i.e., |T| > %. As highlighted in (Pham et al., 2020; Shimizu et al.,

2018), utilizing balanced batches rather than the conventional mini-batch method
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proves effective for imbalanced classification. Most importantly, we introduce shift-
ing normal distributions with further randomness in the sample selection of learning
tasks to create customized backgrounds. Carefully customized training backgrounds,

consequently, encourage the model to generalize well to unseen environments.

4.3.2 Reference Alignment Module
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Figure 4.3: GARA: Reference Alignment Module.

One point of view that supports unsupervised anomaly detection is that con-
sidering anomalies as one category for the binary classification problem suffers from
the heterogeneity of anomalies (H. Wang et al., 2022), which results in poor gener-
alizability of the model. Specifically, the inherent heterogeneity of anomalies may
make the model harder to train, and the relatively low heterogeneity of accessi-
ble anomalous samples does not provide the model with a comprehensive view of
real-world anomalies. Driven by the one-class classification (OCC)(Noumir et al.,
2012), we highlight the role that normal instances play in anomaly detection and
propose the reference alignment module to bridge this gap. Akin to the unsuper-
vised anomaly detection paradigm, the reference alignment module aligns normal
but further anomalous graph representations with shifting normal references within
a shared parameter space, thus allowing dynamic centers for normal instances and

reinforcing their boundary in a contrastive manner.
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4.3.2.1 Shifting Normal References

Given the normal set G~ from the initial training set G and the normal set G-
from the task 7;, the reference alignment module first constructs a normal reference

set G

Ti?

where graphs are randomly sampled from the set {G~\G7.} with the re-
striction of |G| > |G|, for each T;. Other than the normal patterns encapsulated
within each learning task 7;, this module produces a representation ro- € R,
or reference, from different normal reference sets G to investigate normal graphs
from a broader perspective. Note that D is the number of hidden dimensions. Now
let fo(-) : G — RP with learnable parameters # be a GNN encoder appended by
a readout function R that maps a graph into a graph representation, each normal
reference utes is computed as the mean of representations of graphs belonging to the
associated normal reference set G :

1
T = ia > folG)) (4.6)

" G;€Gr,

4.3.2.2 Reference Contrastive Loss

We aim to shorten d(Hg,rg-) and increasing d(H, rg-), where d(-,-) : RP x
RP + [0, +00) is a distance function, and H and H{, are normal and anomalous
graph representations respectively. As a popular paradigm for unsupervised anomaly
detection, OCC sheds light on the choice of the distance function and offers us an
insight into the issue of graph heterogeneity, that is, learning from the view of normal
instead of anomalous against normal. Specifically, one should avoid overly focusing
on the local details of anomalies but instead should consider anomalies as instances
deviating from the normal distribution and analyze them from the perspective of

non-normal, contrasting to normal. Recall from Section 2.2.4.2; the objective of

OCC is defined as:
Loce = [ f6(G) —cl3 (4.7)
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This loss function utilizes Euclidean distance to map data points into a hypersphere
with a fixed center ¢ so that anomalies can be identified if they lie outside the
boundary. Based on the OCC objective, we propose the reference contrastive loss,

which considers anomalies in training and is defined as the following equation:

o B 2
1/6(G) — a3 if G is normal

Lro = ? 4.8
"I UG~ el .

¥

if G is anomalous

where ¢ is a normalization factor computed by:

N

o= D (Ife(G) = re-13)° (4.9)

=1

and N is the number of graphs.

Instead of the fixed center ¢ in Equation (4.7), the reference contrastive loss
employs the normal reference rg- as the center that provides a relative view between
normal and anomalous graphs. As previously mentioned, rg- is jointly learned by
the GNN encoder and varies with the learning task 7; so that graph representations
can be continuously revised through dynamic centers, which in turn can be recipro-
cally updated. Similar to the OCC objective, the first term penalizes the distance
between normal graphs and the normal reference and encompasses them within
the corresponding hypersphere. The second term incentivizes the distance between
anomalous graphs and the normal reference to reinforce the normal hypersphere and
simultaneously push it away from anomalous graphs. Additionally, a normalization
factor ¢ is applied to ensure that both distances are on a comparable scale, thereby
enabling fair measurement regarding minimizing this loss function. In general, our
proposed reference contrastive loss concentrates on leveraging observed anomalies to
improve the robustness of the normal graph representations and the security mar-
gin between normal and anomalous graphs, such that the model’s resilience to the

heterogeneity of anomalies can be enhanced.
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It is noticeable that the distance term d(-,-) in Equation (4.8) and (4.9), specif-
ically || fo(G) — ra-||3, may produce a nonconvergent case by dying ReL.U, which
we call a trivial downgrade. In detail, when especially used for a basic GNN en-
coder (e.g., GCN (Kipf & Welling, 2017)) with ReLU as the activation function
(ReLU(z)= max(0, x)), this distance term d(-,-) may learn trivial representations,
including the normal reference ro-, and in turn renders the reference contrastive
loss Lrc yield an infinite value. We discuss this problem below:

Consider a Fuclidean-based distance where the components are within the same
space. Then, for input @ = {z,...,z,} and a simple network having monotonic
activation function o(-) that has a lower bound/upper bound with inf,o(x) =

0/sup,o(x) = 0, one can always learn the weight of k-th feature wy to satisfy

k

%

k

wgzy < 0 such that z; = o(wgx?) = 0. This indicates that representations after
a zero-bounded activation function can be downgraded to all 0’s vectors, result-
ing in the Euclidean distance between representations being consistently zero. By
mapping all inputs below /above the zero infimum /supremum, the Euclidean-based
distance can be consistently approximated to a trial solution as a consequence. To
address this trivial downgrade, one should consider activation functions with non-
zero bounds, such as Leaky ReLU or GeLU. Alternatively, one might also utilize
more sophisticated networks, such as GIN (K. Xu et al., 2018), which are less sus-
ceptible to the dying ReLLU. Last but not least, we assign a lower bound to the

normalization factor ¢ to prevent division by zero:

¢ = max(1, ) (4.10)

Ultimately, given the balanced design of our learning tasks, we assume their

structure in which the first half is normal and the second half is anomalous. In this
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context, our Lrc can be rewritten from the batch perspective as:

& o(G)) VG [

ﬁRc——Z

1£6(Gj) — v 113
1— N Z (4.11)

j=N/2 ¥

where 7~ corresponds to each 7;. Ultimately, the reference contrastive loss collab-
oratively works with a weighted cross-entropy loss to train the model. On top of

this, the overall loss function of GARA is formulated as:

L=Lcg+ a-Lro (4.12)

where Lo refers to the weighted cross-entropy loss and « is a hyperparameter con-
troling the weight of Lzc. Beyond the binary classification, the reference alignment
module extends further and enables the model to separate normal and anomalous
graphs from a contrastive perspective that favors anomaly detection. The detailed

process of GARA is presented in Algorithm 1.

4.3.3 Time Complexity Analysis

The Augmented-Tasks Generation module adopts two approaches to generate aug-
mented graphs, which are G-Mixup (Han et al., 2022) and S-Mixup (Ling et al.,
2023), respectively. Given K training graphs and K synthetic graphs, the computa-
tion complexity of the graph generation using G-Mixup involves graphon estimation
at least O(KN?) and graph generation O(KN?). Within the graph generation
using S-Mixup, each cross-graph matching operation by the graph matching net-
work (Y. Li et al., 2019) also requires O(KN?), and the calculation of the soft
alignment matrix for graph generations requires O(K N?). Note that even though
S-Mixup possesses less theoretical computational cost for a single graph, it requires
an additional training stage and usually suffers from O(K N?) complexity on both
time and space. Particularly on large graphs, S-mixup is less efficient than the

G-mixup due to its iterative cross-graph matching operations.
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Algorithm 1: GARA

Input : Attributed graph set G = {G~, G"}; Training epochs F; Task

number T'; Reference sample number R; Batch size B.

Output: Predicted labels Y

1 Initialization
2 Using G in G as the base, perform M based on (4.4) or (4.5) and

oversampling to generate augmented set G such that |G| + |G| ~ |G|
and merge G with G as G,

aug*

3 while epoch< E do

4

10

11
12
13
14

Randomly mask data in G~ to generate 1" subsets G ; Merge them with
G,y to obtain T' learning scenes S; = {G, , G,

aug aug

for:=1...T do

Randomly sample % graphs from G, and G, to construct a
balanced learning task 7; = [G'7, G}n]

Randomly sample R graphs from set {G~\G7.} to construct a
reference set G

Learn the normal reference rq- based on (4.6)

Learn graph representations H = [H, H] by fo

Calculate (4.12) using H and G, and obtain predicted labels y; by
Classifier

Update fp and Classifier by minimizing (4.10)

end

return Y = {y,},

be approximated as O(N F?+ N?F). Since the neighborhood aggregation operations
are calculated using a sparse operator, it can be rewritten as O(NF?+|E|F'), where
|€| is the edge number. The reference alignment module calculates the normal refer-
ence through the message-passing of GIN and therefore yields the same complexity
of O(NF? + |E|F). Despite the additional complexity induced by the Augmented-
Tasks Generation Module, its augmented graphs generation process only operates
at the initial stage of training and thus can be considered as data preprocessing.
Thereby, the computational complexity of GARA with G-Mixup and S-Mixup can

be separated into two parts, which are approximately equal to O(K N?) before train-

Given the weight matrix W € R¥*" the computational complexity of GIN can

ing and O(NF? + |E|F) for each GIN layer during training, respectively.
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4.4 Experimental Evaluation

In this section, we conduct extensive experiments and an ablation study to evalu-
ate the performance of the proposed GARA framework by answering the following

questions:

e Question 1: Can GARA be comparable or superior to up-to-date GLAD

models with a specific training strategy rather than sophisticated model layers?

e Question 2: How is the effectiveness of the two key modules of GARA, and

how do they contribute to the overall detection performance?

e Question 3: When using classification datasets for GLAD, how is GARA’s

resistance to the performance flip issue?

¢ Question 4: How is GARA’s sensitivity to different hyperparameters?

4.4.1 Experimental Setup
4.4.1.1 Datasets

We evaluate the performance of our method on nine commonly used graph-level
binary classification datasets, which are obtained from TUDataset (Morris et al.,
2020): AIDS, MUTAG, Mutagenicity, NCI1, PROTEINS, IMDB-BINARY, REDDIT-
BINARY, KKI, and OHSU. These datasets range from biochemistry to online social
networks. Detailed descriptions of the nine datasets used in experiments are pro-

vided below, and their corresponding statistics are provided in Table 4.1:

e MUTAG is a small molecule dataset containing nitroaromatic compounds.
Class 0 represents their mutagenicity on Salmonella typhimurium, and class 1

represents their non-mutagenicity on Salmonella Typhimurium.

e Mutagenicity is a small molecule dataset of chemical compounds where Class

0 represents mutagen drugs and Class 1 represents non-mutagen ones.
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e AIDS is a small molecule dataset where Class 0 are chemical compounds in-

active against HIV and Class 1 are active against HIV.

e PROTEINS is a bioinformatics dataset containing graph structures of proteins.
Class 0 represents the structures of the enzyme, and Class 1 represents those

of non-enzymes.

e NCI1 is a bioinformatics dataset containing chemical compound data published
by the National Cancer Institute (NCI). Class 0 represents compounds that
can inhibit the growth of non-small cell lung cancer. Class 1 represents those

inactive for non-small cell lung cancer.

e IMDB-BINARY is a social network dataset of movie collaboration. Class 0
represents ego-networks extracted from romance movies, and Class 1 represents

those from action movies.

e REDDIT-BINARY is a social network dataset where Class 0 contains online
discussion threads extracted from Reddit, and Class 1 contains online ques-

tion/answer threads extracted from Reddit.

e KKI is a bioinformatics dataset where Class 0 represents brain networks with

attention deficit hyperactivity disorder and Class 1 represents healthy ones.

e OHSU is a bioinformatics dataset where Class 0 represents Brain networks

with hyperactive-impulsive disorder and Class 1 represents healthy ones.

By default, we consider class 0 ((p) as the anomaly. For the first seven datasets,
we follow the method in works (Zhao & Akoglu, 2023; Qiu et al., 2022) to down-
sample anomalous graphs in the train set to 10% of their original size to simulate
real-world anomaly scenarios. It is noticeable that KKI and OHSU are two brain
network datasets for an abnormal brain disorder diagnosis called ADHD (Pan et al.,
2016) in that the meaning of their labels is consistent with the context of anomaly.

Therefore, we retain all their data for training as the work (X. Ma et al., 2023) does.
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Table 4.1: Statistics of Datasets

Dataset #Graphs (Raw) | #Nodes (Avg.) | #Edges (Avg.) | #Features
Co G Co Gy Co Gy

AIDS 400 1600 37.61 10.2 89.9 204 38
MUTAG 63 125 13.9 14.9 29.2 44.8 7
Mutagenicity | 2401 1936 29.4 31.5 60.6 62.7 14
PROTEINS 663 450 49.9 22.9 188.1 83.1 3
NCI1 2053 2057 25.7 34.1 55.3 73.9 37
IMDB 500 500 20.1 14.9 193.6 192.6 -
REDDIT 1000 1000 641.3 218.0 14719  519.1 -
KKI 37 46 190.0 190.0 2374 239.3 190
OHSU 35 44 190.0 190.0 400.5  381.1 190

The attributes of these datasets are generated using one-hot encoding from node

labels, if available; otherwise, they are generated based on node degrees.

4.4.1.2 Baselines

We compare GARA against two groups of competitors, 7 state-of-the-art GLAD
baseline methods: (1) unsupervised method, including OCGIN (Zhao & Akoglu,
2023), OCGTL (Qiu et al., 2022), GLocalKD (R. Ma et al., 2022),

SIGNET (Y. Liu et al., 2024), (2) supervised method, including iGAD (G. Zhang,
Yang, et al., 2022), GmapAD (X. Ma et al., 2023), and RQGNN (Dong et al., 2024).
For those who have not been introduced, OCGIN and OCGTL apply a one-class
SVDD classifier (i.e., OCC) to find a hypersphere for normal graphs and identify
those lying outside the hypersphere as anomalies. GLocalKD learns normal graphs
from local and global perspectives by comparing both graph and node representation
pairs. SIGNET considers mutual information between two views of graphs and

further achieves the interpretation of anomalies.
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4.4.1.3 Configuration

The training frameworks and objectives between unsupervised and supervised GLAD
methods entail separate experiment implementations. For unsupervised baselines,
we base our results on the unified unsupervised framework from Y. Wang et al. (2024)
to report the average performance of 5 iterations. Since these methods identify
anomalies with respect to anomaly scores and labels, we report only their ROCAUC.
For supervised baselines, we perform 5-fold cross-validation with the splitting setting
of 80%/10%/10%/. We select the average performance (ROCAUC and Macro-F1
score) where the model achieves the best average ROCAUC on the validation set.
In GARA, we choose GIN (K. Xu et al., 2018) as the base of graph convolution and
investigate the performance of the model with the two representative graph mixup
methods (i.e., G-Mixup and S-Mixup). We optimize hyperparameters using the

automated search toolbox: Optuna (Akiba et al., 2019) for GARA and baselines.

4.4.2 Performance Analysis

In response to Question 1, we evaluate the anomaly detection performance of
GARA using two commonly used evaluation metrics, which are ROCAUC and F1
score. Table 4.2 provides the performance comparison against seven SOTA base-
lines on nine benchmark datasets. The experiment results reveal that our proposed
GARA achieves exceptional performance, specifically for six datasets in terms of
both average ROCAUC and Macro-F1 score. Resting on the assumption that
anomalies are unobservable, four unsupervised GLAD baselines tend to be less
powerful in detection capability than supervised methods due to the exclusion of
anomaly-related information. In particular, by leveraging treasured anomalous la-
bels and extending OCC into a contrastive fashion, GARA takes the lead by approx-
imately 11.67% across nine datasets in terms of average ROCAUC compared with
OCGIN, OCGTL, and GlocalKD, which adopt OCC to capture the normal distri-

bution. Notably, attributed to its strong ability to model normal patterns, SIGNET
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Table 4.2: Detection ROCAUC and F1 performance on nine datasets. For unsupervised baselines, results are reported as the average
performance of 5 iterations. For supervised baselines, experiments are conducted using 5-fold cross-validation with the splitting setting
of 80%/10%/10%/, and results are reported according to the average performance where the model achieves the best average ROCAUC
on the validation set. The best and second-best results are highlighted by gray and underlining, respectively.

Datasets MUTAG Mutagenicity AIDS PROTEINS NCI1 IMDB-B REDDIT-B KKI OHSU
OCGIN ROCAUC | 69.31+£3.2 59.87+1.7 96.684+0.8 74.524+4.8 65.46+1.3 64.22+3.6 79.104+2.2 52.114+6.5  59.73+6.3
OCGTL ROCAUC | 72.57+3.3 72.17+£2.4 99.03+1.2 72.1943.1 73.61+£0.9 65.80£3.3 82.57+1.9 47.57+£59  60.29+5.1

Unsupervised

GLocalKD | ROCAUC | 76.27+5.5 68.32+1.9 98.744+1.2 76.03+0.9 70.75+2.1  59.07£2.1 81.88+2.2 53.594£5.9  62.71+5.1

SIGNET ROCAUC | 85.49+4.4 74.81£2.1 97.62+1.1 75.56+2.7 74.32+1.3  73.48%3.5 85.4242.6 55.724+4.7  62.66%3.8
ROCAUC | 86.94+6.4 76.05+£1.5 99.344+0.5 79.2242.1 68.76+1.7 72.96+3.6 OOM 70.714+8.7  66.85+1.2
iGAD

F1 69.58+3.0 67.23+1.4 77.4546.9 51.40+5.7 53.27+2.7 64.33£3.1 OOM 63.61+6.9  35.154+0.7
ROCAUC | 82.23+3.8 75.71£1.6 99.074+0.7 83.35+2.8 73.97+£1.9  81.2142.7 84.1943.1 63.31+5.3  72.46+6.1

GmapAD
F1 74.30+5.8 69.9242.8 82.77+1.1 64.84+1.9 59.43+2.4  74.27£3.1 77.1943.7 56.16+8.8  68.6248.0
ROCAUC | 89.89+5.6 84.41+1.5 99.5610.5 78.50£1.8 81.254+2.4  79.84+4.3 79.20£3.0 66.91+7.4  72.7849.8

Supervised RQGNN
F1 74.35+7.5 72.99£4.0 85.7943.0 69.194+4.8 69.38+6.4  57.01£4.9 67.05+2.9 55.904+8.8  53.1847.2
ROCAUC | 88.81+7.0 85.73+1.3 99.5040.3 79.5940.9 81.08+1.6  80.10+3.4 88.73+4.4 68.09+8.7  74.72+9.1

GARA-G
F1 72.66+7.3 77.73£2.3 84.72+1.7 66.98+3.7 71.904£2.0 72.14+5.6 78.9245.2 54.3749.2  68.944+9.5
ROCAUC | 90.04+5.8 85.714+1.1 99.60+0.4 79.5542.7 81.51+1.7 80.72+2.8 OOM 73.80£9.5  69.444+6.3

GARA-S
F1 79.35+5.9 79.24+1.0 84.98+5.4 64.5146.1 69.784+4.8  73.00£3.1 OOM 56.554+10.3 53.44+8.6
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achieves detection performance that is most comparable to that of supervised meth-
ods. Nevertheless, it is quite obvious that the supervised GLAD methods generally
perform better than unsupervised GLAD methods, highlighting the effectiveness of
incorporating anomalous information during GLAD training.

Within the supervised category, GARA has significant advantages compared
with iGAD and GmapAD on average, except for PROTEINS and IMDB-BINARY.
The RQGNN model demonstrates competitive performance across seven datasets
with node labels, but its effectiveness, especially the F1 score, is diminished on
IMDB and REDDIT datasets, which lack node labels. GARA of two G-mixup and
S-mixup share similar performance on both metrics. It is expected since these two
methods exhibit competitive performance in graph classification tasks. However, the
latter demands a higher computational cost due to the training of a graph-matching
network (Y. Li et al., 2019). Notably, on the KKI and OHSU datasets, where we did
not perform the downsampling, GARA detects anomalies better, underscoring the
model architectures that are exclusively designed to capture anomalous patterns in
the balanced GLAD context.

By reviewing these two evaluation metrics across 9 datasets, GARA exhibits
strong consistency and is at least comparable to leaders in those datasets where
it does not outperform. GARA introduces a specifically tailored training strat-
egy with the minimal involvement of anomalous samples to handle GLAD tasks,
showcasing salient generalizability and flexibility when compared with those with

GLAD-specialized model layers.

4.4.3 Albation Analysis

In response to Question 2, we conduct an ablation study on two modules of our
framework. We begin the experiment from the original GIN and sequentially stack
the augmented-tasks generation module and the reference alignment module be-

cause the latter is built upon the balanced design of the former. Experiments are

95



4. LEVERAGING PRECIOUS ANOMALIES FOR CLASS IMBALANCE

Table 4.3: Ablation study on three datasets. GA indicates the Augmented-tasks
Generation Module and RA indicates the Reference Alignment Module.

Metric Variants KKI PROTEINS Mutagenicity
w/o GA & RA 50.43+6.4 70.25+1.1 77.83+0.8
ROCAUC | w/ GA 67.02+6.7 (32.8%1) 74.73+1.1 (6.4%1)  83.16+0.9 (6.8%1)
w/ GA & RA 68.09+8.7 35%1)  79.5940.9 (13.3%+) 85.73+1.3 (10.2%1)
w/o GA & RA 46.75+5.7 62.58+2.4 70.52+1.2
F1 w/ GA 51.70+6.9 (10.6%1) 63.25+3.2 (1.1%1)  76.61+1.9 (8.6%1)
w/ GA & RA | 54.37+9.2 (16.3%1) 66.98+3.7 (7.0%t) 77.71+2.3 (10.2%1)

implemented on KKI, PROTEINS, and Mutagenicity datasets over five-fold cross-
validation, and we use the same weighted cross-entropy loss as well as the same
hyperparameter setting for each stage of the experiment to guarantee a fair playing
field.

Table 4.3 showcases the improvement of ROCAUC and F1 performance af-
ter plugging two modules. We observed that adding the augmented-tasks genera-
tion module can boost the detection performance significantly on KKI. Despite the
KKI dataset remaining at its original size under our setting, the diverse anomalous
samples and balanced learning tasks introduced still enable the model to capture
patterns of both classes fairly, indicating this module’s capability of enhancing gen-
eralizability. However, there is no substantial gain from the reference alignment
module. An ablation study on three datasets shows that the model, combined with
these two modules, achieves gradual improvement, evidencing the effectiveness of
the two modules under conventional anomaly detection scenarios. According to the
results, it is evident that the improvement mainly comes from the augmented-tasks
generation module, which aims to alleviate the class imbalance problem. The refer-
ence alignment module, however, still offers a comparative perspective that further
supports the model in anomaly detection. Overall, this ablation study suggests
that appropriately designing a training framework for GLAD can also bring about

significant improvement in detection performance.
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4.4.4 Performance Flip Persistence Analysis

Table 4.4: Detection performance by considering different classes as the anomalous

class.
MUTAG Mutagenicity AIDS
Down Class
X/ Cy Non-X/C; | X/C, Non-X/C,| X/Cy Non-X/C;
ROCAUC 88.81+7.0 88.53+2.1 85.73+1.3  83.56+05 99.60+03  99.25+0.6
F1 72.66+7.3 75.53+1.9 T7.71+2.3 77.08+0.8 84.72+1.7 84.80+2.7
PROTEINS NCI1 IMDB-B REDDIT-B
X/ Cy Non-X/C; | Non-X/Cy X/ C X/ Cy Y/C X/ Cy Y/C,

79.59+0.9 76.53+3.4 81.08+1.6 80.62+2.2 80.10+3.4 74.1546.0 88.73+4.4 85.93+1.1
66.98+3.7 71.04+6.4 71.90+2.0 72.24+1.8 72.14+5.6 66.17+6.8 78.92+5.2 77.91+3.6

Performance flip on anomaly detection was first recognized in the work (Zhao &
Akoglu, 2023) when using graph classification datasets for evaluation, and is defined
as a severe performance gap between two different downsampling directions. This
issue is said to be severe within the datasets of X&Non-X semantics as the Non-X
class usually exhibits the dispersed distribution in contrast to the dense distribution
by the X class. Normally, treating the Non-X class as the normal class leads to a
harder task because its pattern is not centralized and would be difficult to learn. In
response to Question 3, Table 4.4 presents the ROCAUC and F1 performance of
downsampling class 0 (Cp) and class 1 (Cy) as anomalies, respectively.

It can be observed that there is no evident performance flip across five X&Non-
X-type datasets regarding ROCAUC. Although most of their F1 score remain similar
between different downsampling directions, that of MUTAG and PROTEINS gains
an increase when treating the Non-X class as the anomaly and follows the typi-
cal easy task in anomaly detection. For IMDB-BINARY and REDDIT-BINARY,
which are X&Y-type, both of their ROCAUC and F1 performance witness a slight
drop when downsampling class 1. Performance flip is not usual in such datasets,
and this slight phenomenon may be raised due to their lack of node features. Over-
all, this improvement can be attributed to conducting GLAD under a supervised
setting where the mapping between inputs and outputs is guided by label informa-

tion. Furthermore, two modules by GARA provide a more general and contrastive
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view between normal and anomalous graphs that allows the model to distinguish

effectively between their patterns.

4.4.5 Sensitivity Analysis
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Figure 4.4: Performance Surface by Two Core Hyperparameters in the Augmented-

tasks Generation module.

To assess the specific influence of graph augmentation on the detection perfor-
mance of our model and answer Question 4, we conduct a sensitivity study on NCI1
and IMDB-BINARY datasets over two critical hyperparameters in the augmented-
tasks generation module: A which controls the portion of normal instance in mixed
graphs, and Augmentation Factor that designates how many augmented graphs to
generate in terms of the multiple of anomalous sample size. Note that A = 0 refers

to the pure mixup strategy case where A is assigned a random value between 0 and
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1. By observing the Figure 4.4, we notice that, although the ROCAUC change is
not obvious on the NCI1 dataset, which is limited in a range of 4.5%, the choice of
mixup strategy and number of augmented graphs indeed exerts a certain influence.
According to the distributions of the F1 score presented, the F1 score seems to be
vulnerable to the A while not being so for the augmentation multiplier. Overall,
the distribution from Figure 4.4 demonstrates that the augmented-tasks genera-
tion module facilitates the detection performance. Moreover, the contour surface
stretches along both the z-axis and y-axis, indicating that introducing more cor-

rupted augmented anomalous samples into training would be more beneficial.

4.4.6 Augmentation Effectiveness Analysis
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Figure 4.5: Visualization of Graph Similarity.

Graph anomalies are often characterized by rare and subtle structural motifs,

and overly aggressive augmentation may introduce noise or dilute anomalous seman-
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tics. Therefore, GARA does not aim to replace the scarce observed anomalies with
unrestricted synthetic samples, nor does it assume that augmentation alone can fully
capture the heterogeneous space of real-world anomalies. Instead, the augmented-
task generation module is designed to make more reliable use of limited anomalies
by generating smooth local variations around them, without severely diluting gen-
uine anomalous signals. In the corrupted mixup strategy, each augmented anomaly
is anchored by an observed anomalous graph, while the contribution of the normal
graph is controlled by a small A to avoid overwhelming the anomalous semantics. In
the pure mixup strategy, graphs are mixed within the anomalous class to preserve
anomaly purity. Moreover, the original anomalous graphs are always retained in
the training pool and continue to provide essential contrasts against normal graphs.
The sensitivity study in Figure 4.4 shows that the augmentation strength affects the
detection performance, suggesting that semantic preservation depends on a proper
degree of corruption.

In addition, we conduct graph similarity analysis to provide structural evidence
that the generated anomalies remain less similar to normal graphs and preserve use-
ful anomalous characteristics. To clearly identify the efficacy of augmented graphs,
we visually observe the similarity among 100 normal, anomalous, and augmented
graphs using the corrupted mixup strategy. Figure 4.5 provides a visualization of
their corresponding similarity matrix of the Mutagenicity dataset calculated by the
Weisfeiler-Lehman Optimal Assignment Kernel (Kriege et al., 2016). As can be
seen, both similarity matrices of Normal vs Anomalous and Normal vs Aug-
mented possess a larger deeper portion than that of Anomalous vs Augmented
on average, indicating that the augmented anomalous samples generated by our
proposed mixup strategy feature anomalous patterns and are less similar to normal
graphs as those original anomalous graphs do (See Figure 4.5(a) (b) and (c)). Fig-
ure 4.5(d) provides the similarity matrix between 100 and another 100 anomalous
graphs. Notably, native anomaly samples often exhibit a higher degree of simi-

larity among themselves, substantiating the expressivity of augmented graphs as
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4. LEVERAGING PRECIOUS ANOMALIES FOR CLASS IMBALANCE

anomalous graphs. Hence, the role of augmentation in GARA is not to explicitly
enumerate all possible anomalous patterns, but to reduce overfitting to a few biased

observations while maintaining their contrastive value through reference alignment.

4.5 Conclusion

In this chapter, we realize how the distribution of data in the real world not only
challenges people in precisely capturing useful information in data, but also models
in generalizing to future unseen cases. Thereby, we highlight the importance of even
a small portion of anomalous graphs without fixating on modeling specific patterns
of them, but instead enriching their expressivity through data-level techniques to
provide stronger and more diverse supervision signals. To better leverage limited
anomalies, we design an anomaly-specific training scheme that explores the graph
mixup methods in augmenting anomalous samples to alleviate the class imbalance
problem and constructs a contrastive view in the context of anomaly detection. This
training scheme, instantiated by two specific modules, inherits the graph classifica-
tion recipe but simultaneously extends the spirit of one-class classification to the
supervised paradigm such that abundant normal instances can provide references
that enhance detection boundaries. Comprehensive experiments on downsampled
real-world datasets elucidate that approaching the graph-level anomaly detection
task as a regular classification task, through data-level efforts, can also achieve su-

perior detection performance.
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Chapter 5

Promoting Model Efficiency under

Capacity Expansion

Continual graph learning studies how to learn a sequence of graph tasks over time
while preserving previously acquired knowledge and adapting to new tasks, typically
under limited memory and strict efficiency constraints. A prevailing solution is
parameter isolation, which allocates task-specific subnetworks to mitigate a so-called
catastrophic forgetting problem. Although parameter isolation-based approaches
inevitably necessitate architectural design or related mechanisms to achieve this,
they do not consider how data can benefit this process in generating subnetworks
with efficiency and interpretability, and force the model to infer subnetworks fully
implicitly during training. Particularly for graph data, which exhibits irregular and
non-Euclidean characteristics, poses further challenges in leveraging it in generating
effective task-specific subnetworks. Most importantly, existing parameter isolation-
based methods suffer from a huge efficiency bottleneck, as their architecture designs
will incur substantial computational overhead if they demand larger model capacity
to accommodate more tasks as the task stream grows. This observation motivates us
to design a model architecture that can simultaneously address these two challenges
when learning representations over continual graph task streams.

In this chapter, we propose a novel GNN framework with a biological neuron-
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5. PROMOTING MODEL EFFICIENCY UNDER CAPACITY EXPANSION

inspired architecture to answer Research Question 3: How to sustain com-
putational efficiency of the parameter-isolation paradigm under contin-
ual capacity expansion while enabling flexible and extensive cross-task
parameter reuse? To this end, the proposed model leverages graph contextual
information as a data prior for the construction of task-specific subnetworks, and
further decouples these subnetworks during both training and inference, achieving

state-of-the-art effectiveness as well as computational efficiency.

5.1 Introduction

“Continual learning is the constant development of complex behaviors with no final
end in mind (Ring, 1994)”. As a popular continual learning paradigm, parameter
isolation-based methods inevitably enlarge model capacity when parameter usage
becomes saturated, incurring substantial space and computational overhead, espe-
cially on large datasets (Yuan et al., 2026; X. Zhang et al., 2022). Existing methods
have largely overlooked the computational complexity issue induced by capacity ex-
pansion, but instead prioritize improving the utilization efficiency of the available
parameter budget (L. Wang et al., 2024), suffering from a huge efficiency bottleneck.
To be specific, they involve the full-network propagation, meaning that task-specific
computations are performed over the entire shared network, and volumes of unused
(i.e., masked) parameters still participate in the calculation during propagation (Fig-
ure 5.1 Left). In other words, with disjoint subnetworks and D,,; output units for
each task, the per-task complexity is O(D;;, - (T'Dyyt)), increasing linearly with the
expected maximum task number 7. Under the assumption of no end in Continual
Learning, these methods will eventually suffer from a severe efficiency bottleneck.
Under these circumstances, “emproving the computational efficiency for the
parameter isolation-based method under model capacity expansion” be-
comes a critical demand for this paradigm.

A straightforward solution is to allocate a neatly partitioned parameter block
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Figure 5.1: Intuitive comparison of full-network and decoupled propagation in
parameter-isolation continual learning. Conventional methods, such as Pack-
Net (Mallya & Lazebnik, 2018), Piggyback (Mallya et al., 2018), HAT (Serra et
al., 2018), and WSN (Kang et al., 2024), propagate through the entire network de-
spite using only task-specific subnetworks (Left). Our method instead decouples
selected subnetworks from unselected parameters while preserving a shared parame-
ter space for knowledge transfer (Right). TAAM (J. Liu & Zhang, 2026) provides a
related alternative by assigning task-specific modulators to a frozen backbone, but it
isolates new knowledge into separate modulators and only promotes coarse-grained

parameter sharing on the entire frozen backbone.

to each task (e.g., neuron-wise selection). However, this method poses challenges
to parameter reusability as it reuses parameters on a coarse granularity level, easily
causing bias in the transfer of knowledge (Mallya & Lazebnik, 2018; Golkar et al.,
2019; P. Zhang et al., 2023; Ko et al., 2025). Parameter reusability is a critical
metric of interest; although reducing reuse may avoid bias, it rapidly exhausts free
parameters. Fine-grained methods such as Piggyback (Mallya et al., 2018), Sup-
Sup (Golkar et al., 2019), and WSN (Kang et al., 2024), learn self-adaptive masks
and perform element-wise reuse, allowing for the transfer of knowledge between tasks
with fine granularity. Yet, these masks entail continual optimization and offer no
guarantee of reuse level, nor a transparent interpretation of why those parameters
should be reused. Most importantly, they still incur full General Matrix-Matrix

Multiplication operations on the full network due to their irregularity. Ultimately,
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it turns back to the original challenge of pursuing effective parameter reuse. Un-
der these circumstances, we reformulate our question as: "How can we design a
parameter isolation-based model that maintains computational efficiency
under continual capacity expansion while enabling flexible and extensive
cross-task parameter reuse?".

Inspired by biological neurons that possess distal dendrites to perceive exter-
nal stimuli from context and adapt to diverse environments (Schachter et al., 2010;
Harnett et al., 2012; R. Li et al., 2025) and the underexplored role of parameter
isolation in the graph domain (X. Zhang, Song, & Tao, 2024; Ko et al., 2025), we
propose the Capacity-Agnostic Graph Neural Network (CAGNN) for continual graph
learning, featuring computational efficiency and effective parameter reusability. As
a parameter isolation-based method, CAGNN enjoys twofold efficiency through a
Context-aware Hierarchical Masking (CHM): (1) CHM leverages task-specific con-
text as a prior to construct subnetworks during a brief warm-up, where parameters
are shared based on cross-task common patterns, thereby avoiding persistent mask
optimization and improving the interpretability of parameter selection; (2) By de-
sign, CHM supports memory-friendly mask storage and enables training of each
task in a decoupled fashion, where every task-specific subnetwork is structurally
compressible and can be decoupled from the holistic network (Figure 5.1 Right).
After warm-up, CAGNN trains and infers as a compact vanilla backbone, excluding
unused parts from other tasks.

We theoretically justify parameter reuse under CHM and introduce a Fisher
information-based regularization (Kirkpatrick et al., 2017; H. Liu et al., 2021) to
refine subnetwork structures during warm-up. These designs collectively reduce the
sensitivity to the model’s capacity, alleviating computational complexity brought by
capacity expansion. To the best of our knowledge, this is the first work to explicitly
study capacity-driven efficiency degradation in parameter isolation under continual
model capacity expansion. Empirical analysis verifies that graph contexts can pro-

vide sufficient initial bias for subnetwork generation, and comprehensive experiments
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show that CAGNN well-handles catastrophic forgetting and improves computational
efficiency on node- and graph-level task-incremental learning benchmarks when com-
pared with state-of-the-art parameter isolation-based methods. The contributions

are summarized as follows:

e We identify the efficiency bottleneck in parameter isolation-based continual
learning induced by capacity expansion, and highlight computational effi-
ciency as a crucial dimension of performance for the parameter isolation-based

paradigm.

e We propose a novel biological neurons-inspired GNN framework, which pos-
sesses architectural superiority that leverages the task-specific context for ef-
ficient subnetwork construction and decouples task-specific subnetworks for

capacity-agnostic efficient training and inference.

e We provide a theoretical justification for the proposed architecture and intro-
duce a Fisher information-based regularization to promote effective parameter

reuse for greater model scalability for the ongoing task stream.

5.2 Related Works

In this section, we briefly introduce the background of continual graph learning and
recent parameter-isolation approaches on graphs. We then review the dendritic neu-
ron model and redefine its structure into a generalized formulation, which underpins
the proposed CAGNN framework. Finally, we formalize the task-incremental contin-
ual learning problem for the parameter-isolation paradigm. Details of the dendritic

neuron model are provided in Section 2.2.3.3.

5.2.1 Continual Graph Learning

Beyond sequential data streams themselves, learning tasks in many real-world ap-

plications often unfold in a sequential manner. Instead of being fully accessible and
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jointly trainable at the beginning, tasks are usually revealed to the model one by
one as new data, new categories, or new scenarios emerge over time. This learn-
ing process requires a model to continuously acquire new knowledge from incoming
tasks while preserving the knowledge learned from previous ones. Continual Learn-
ing (Ring, 1994; L. Wang et al., 2024), also known as Incremental Learning, has
emerged as a crucial research field to tackle this scenario. A central challenge in
Continual Learning is catastrophic forgetting, where a model continually updates
its parameters to adapt to new tasks but unintentionally overwrites previously ac-
quired knowledge. As a consequence, the model may achieve good performance
on the current task while suffering from severe performance degradation on earlier
tasks (French, 1999; Kirkpatrick et al., 2017). This issue becomes particularly im-
portant when old data are no longer accessible due to storage, privacy, or practical
constraints, making it difficult to simply retrain the model on all historical tasks.
While most existing studies in Continual Learning focus on independent data
such as images and text, the same learning paradigm naturally extends to rela-
tional data, represented by graphs. Graph-structured data are inherently dynamic
in many real-world scenarios, where new types of nodes, associated edges, or even
entire graphs may emerge over time. Therefore, graph learning models are also ex-
pected to adapt to newly arriving graph tasks without forgetting previously learned
structural and semantic knowledge, giving rise to the paradigm of Continual Graph
Learning. For instance, in social or citation networks, entities may establish or
cease relationships with existing or new entities as the network evolves (J. Liu et
al., 2019; K. Wang et al., 2020). Similarly, in molecular databases, new types of
chemical compounds are gradually collected as experimental techniques advance,
and novel structures are identified (Huang et al., 2014; Z. Wu et al., 2018). These
scenarios highlight the necessity of developing continual learning methods that can

effectively handle graph-structured data.
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5.2.2 Parameter-Isolation Paradigm on Graphs

Analogous to the principal research streams of Continual Learning, Continual Graph
Learning approaches also fall into three broad categories, which are Regularization-
based methods, Replay-based methods, and Parameter isolation-based methods,
respectively (De Lange et al., 2021; L. Wang et al., 2024; X. Zhang, Song, & Tao,
2024; Febrinanto et al., 2023). Although substantial advances have emerged in re-
cent years (H. Liu et al., 2021; F. Zhou & Cao, 2021; Cui et al., 2023; X. Zhang,
Song, Chen, & Tao, 2024; P. Zhang et al., 2023), parameter isolation-based meth-
ods on graphs remain significantly underexplored, with far fewer studies in the field
compared to the other two (X. Zhang, Song, & Tao, 2024; Ko et al., 2025). As
the name implies, parameter isolation-based methods tackle catastrophic forgetting
by featuring task-specific subnetworks within an over-parameterized global space,
where model parameters are isolated for different tasks to different extents. Rather
than mitigating catastrophic forgetting, this paradigm guarantees a minimal level
of this problem (can be zero percent of forgetting if parameters of previous tasks
are completely separated or frozen), showcasing absolute dominance in model per-
formance (Ko et al., 2025).

Nevertheless, there is a trade-off between the effectiveness of models in solving
catastrophic forgetting and their space complexity (X. Zhang, Song, & Tao, 2024),
and many existing works adopt various strategies on parameter sparsity, capacity,
and reusability to pursue models’ scalability for future tasks. Specifically, Pack-
Net (Mallya & Lazebnik, 2018) frees capacity by pruning low-magnitude parameters;
Winning Subnetworks (WSN) (Kang et al., 2022, 2024) are grounded in the Lottery
Ticket Hypothesis (LTH) (Frankle & Carbin, 2019) to identify sparse, potentially
overlapping subnetworks through task-specific masks; Parameter Isolation GNN (PI-
GNN) (P. Zhang et al., 2023) progressively rectifies stable information and expands
networks for subsequent tasks; Hierarchical Prototype Networks (HPNs) (X. Zhang

et al., 2022) employ Atomic Feature Extractors (AFEs) to construct, select and
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combine multi-level prototypes, enabling implicit parameter reuse from a prototype
viewpoint. Hard Attention to the Task (HAT) (Serra et al., 2018) learns task-specific
attention masks over output neurons and protects parameters important for previous
tasks. More recently, Task-Aware Adaptive Modulation (TAAM) (J. Liu & Zhang,
2026) freezes a shared GNN backbone and assigns each task a lightweight Neural
Synapse Modulator (NSM), which performs node-attentive adaptive modulation.
However, it relies on adding task-specific modulators on top of a frozen backbone,
which isolates new knowledge into separate expert modules but does not explicitly
promote fine-grained parameter sharing across tasks, leading to linearly increasing
task-specific parameters as the task stream grows. Notably, PI-GNN (P. Zhang
et al., 2023) employs a resampling and compression mechanism to mitigate this
problem, but this mechanism demands additional training and is not universally
applicable to other methods since it was originally designed for time-incremental
contexts (dynamic graphs). In task-incremental contexts, which are the main arena
for parameter isolation-based methods, PI-GNN is more accurately classified as a

hybrid approach.

5.2.3 Dendritic Neuron Model

A neuron’s soma itself provides only a limited membrane area for synaptic input,
constraining its responsiveness to external stimuli. However, a neuron’s dendrites
substantially enlarge this receptive surface and actively transform synaptic signals,
enabling integration of inputs from diverse sources and modulation of somatic out-
put (Fiala & Harris, 1999; Harnett et al., 2012; Schachter et al., 2010). Many
dendritic neuron models have been developed to mimic this information-processing
mechanism in real neurons (S. Gao et al., 2018, 2021; Rall, 1962; Todo et al., 2019).
According to earlier advances (Grewal et al., 2021; X. Wu et al., 2018; Iyer et al.,

2022; R. Li et al., 2025), the dendritic neuron model can be formulated as the fol-
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lowing representation:
. T T
Y= (Wfa:—f—b)@a(rgleagc(WdGMd) c) (5.1)

The model is a joint of the feedforward and dendritic unit. The former functions as
neuronal soma and computes the base response from input . The latter functions
as dendrites and perceives the context ¢ to generate branch-wise modulation signals.
The random binary mask M, determines branch b’s connection with each dendrite
input unit, across B branches in each output unit without replacement, to enforce
synaptic connectivity in dendrite weight W ;. The strongest branch response of each
dendrite output is selected and passed through a sigmoid gate o(-) to modulate the

feedforward output via Hadamard product ©.

5.2.4 Problem Definition

We study task-incremental continual graph learning under the parameter-isolation
paradigm. Denoting a graph that has a node set V, edge set £, and node features
X € RV as G = {V,€,X}, where N is the number of nodes and F is the
number of node features, we consider node-level and graph-level classification in the
task-incremental setting with a sequence of class-disjoint tasks 7 = {71, 7s, ..., Tr}
arriving to the model sequentially, with task identity available during both training
and inference. For each task 7;, parameter isolation learns a binary mask my, to
select a task-specific subnetwork from the shared parameter space 0, i.e., 87, =
my,(0). After task 7; is learned, its training data is no longer accessible for the

training of the rest of the tasks.

Node Classification 7;, identified by corresponding task id t, consists of a sub-
graph G, = {V,, &, X} extracted from a complete graph G, a label set y, =
{Y1,Y2, .. .,Ye} corresponding to labled nodes V| C V;. Given a sequence of tasks

T, a graph operator fy : G — RY*C parameterized by 0, is trained sequentially to
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estimate the sample class, by solving the following optimization procedure:

* *
07, m; =

Z L(f(G; m7,(0))[v], y) (5.2)

0,mr, ’UGV/

Graph Classification 7; consists of a labeled graph set Gy = {G1,Ga,...,G,},
where each G; in G} is a complete graph, a label set y, = {y1,%2,...,¥e, }, and
corresponding task id t. For a graph operator fy : G — RC the objective is to

solve the following optimization problem:

Z £ gumT 0))?3/1) (53)

GieGy

05, m; = arg min ——

amTt

IGtI

5.3 Methodology

In this section, we present the proposed Capacity-Agnostic Graph Neural Network
(CAGNN) and its efficiency-oriented design for continual graph learning. Simulat-
ing real neurons that perceive external synaptic stimulation and modulate somatic
signals through spike activation via their distal dendrites, CAGNN adopts an over-
parameterized Graph Convolutional Network (GCN) (Kipf & Welling, 2017) as the
feedforward unit and employs the Context-aware Hierarchical Masking (CHM) that
activates or inhibits the model’s weights to construct task-specific subnetworks. As
shown in Figure 5.2, given the task-specific context extracted when a new task 7;
arrives, the CHM module sequentially performs masking from global to local to
compress an over-parameterized parameter space into a dense subspace, learning
the subnetwork’s structure. For ¢ > 1, a Fisher information-based regularization
further refines the subnetwork structure for effective parameter reuse. After a brief
warm-up, CHM is deactivated, and the selected subnetwork structure is frozen for
the remaining training. Afterward, CAGNN continues training as a lightweight con-
ventional GCN within the selected subspace. The overall pipeline of CAGNN is

provided in Algorithm 2.
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Figure 5.2: A brief demonstration of CAGNN, consisting of a graph convolutional
feedforward part and a masking part. The graph convolutional feedforward part
operates across the entire training to learn representations, while the masking part
searches subnetwork structures during the warm-up phase. When the warm-up

phase is completed, the subnetwork structure is fixed for the corresponding task.

5.3.1 Context-Aware Hierarchical Masking

The Context-aware Hierarchical Masking (CHM) module uses contextual informa-
tion as prior knowledge to construct structured task-specific subnetworks through
two stages, which are dendritic masking and low-rank masking. Together, they form

a hierarchical scheme that enables fine-grained parameter selection.

5.3.1.1 Dendritic Masking (Stage 1)

Unlike dense activation in conventional deep neural networks, dendritic activation is
characterized by sparse synaptic connectivity, where each dendritic unit randomly
forms branch connections from the input without replacement. This branch-wise
activation induces intragroup sparsity (X. Wu et al., 2018), which was originally
introduced to improve data locality and inference efficiency compared to irregular
element-wise sparsity. We further observe that intragroup sparsity offers an addi-
tional benefit for subnetwork construction, which is capable of capturing richer pat-
terns from contextual inputs by uniformly involving all input channels. By further
exploiting the dendritic unit’s structural regularity, we propose dendritic masking,
which naturally supports network compression that facilitates efficient training and

inference.
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Figure 5.3: Hlustration of Dendritic Masking.

The dendritic masking for task 7; is visually shown in Figure 5.3. To be specific,
we initialize a weight W with a dendritic shape F' x D x B, where F', D, and B,
respectively, are the input dimension, the intermediate dimension, and the number
of branches. Given 7;’s context matrix C of shape N x F' as input, where N is the

number of samples, we compute the weight scores Syopa by self-attention:

Fl(C)TFQ(C) c ]RFXDB

Su=
VN

(5.4)

where Fi(-) : C — R¥*F and Fy(+) : C — RY*PB are two linear projections.
Afterward, Sgopq is reshaped into a 3D tensor of the branch connection scores as
S = [S(f,d,b)] € RE*P*B where S(f,d,b) denotes the score at position (f,d,b) of
Wo(l<f<F,1<d<Dand1<b<B).

Given the 3D tensor of branch connection scores S, we follow equation (5.1) and
define our dendritic activation ®(-) as taking weights by the maximal score values
along the third tensor dimension, i.e., gathering the most activated branch for each

position (f,d), such that:

P(W5|S) = [max WolS(f,d,b)] € REXP, (5.5)
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This map ® : RF*P*B s RFXP however, is nondifferentiable due to the max-
pooling. To enable end-to-end optimization, we decompose this activation into a
masking operation and approximate it with the straight-through estimation trick
(STE) (Bengio et al., 2013). For this purpose, we introduce the dendritic mask
M 4, = [M g, (f,d,b)] € {0,1}*P>*B for each input-intermediate pair (f,d) in the

following way:
1 ifb=">
M 4, (f,d,b) = ) (5.6)
0 ifb#0
where b = arg max,{S(f,d,b)}. My, only activates the weight with the highest
score learned from C' among the B branch connections of each input, resembling
sparse synaptic connectivity.
In practice, we sample the binary dendritic mask M g4, along the branch dimen-
sion by employing Gumbel-Softmax (Jang et al., 2016; Maddison et al., 2016) with
STE, which approximates discrete masking in a differentiable manner. STE guaran-

tees the gradient flow during propagation, thus rendering Syopqi, together with the

model parameter W, optimizable. Specifically:

(5.7)

Mdm = Softmaxb <10g(8) — log(l — S) + g)

T

where g € RF*P*B denotes Gumbel noise sampled from Gumbel(0, 1), and 7 controls
the sharpness of Gumbel-Softmax that the output approaches one-hot vectors as
7 — 0 and a uniform distribution as 7 — oo.

To compress model’s parameters W into a dense subspace W g0, We gather
selected activated branches by applying M 4,, on W using the Hadamard product,
with a summation trick on the outputs across branches of each dendritic unit to
preserve the gradient of each masking score. Ultimately, we have the following

relation:

ngobal = (I) (W0|S) = Sumg(Mdm ® W(]) (58)
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where sumgs(+) denotes sum pooling along the branch dimension B. By design, den-
dritic masking thereby partitions task-relevant parameters into branch-wise regions
based on task-specific context, reducing cross-task interference while encouraging a

global-level parameter reuse across tasks.

5.3.1.2 Low-Rank Masking (Stage 2)
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Figure 5.4: Illustration of Low-rank Masking.

To improve the model’s scalability, task-specific subnetworks should be highly
sparse within the global parameter space. Yet dendritic masking alone only yields
1/B% sparsity, which constrains the shape over the branch dimension and sub-
networks’ flexibility. However, under the same model’s capacity condition, simply
increasing B narrows the hidden width and may incur an information bottleneck, es-
pecially in GNNs with the over-squashing problem (Alon & Yahav, 2021). Keeping in
mind the objective of computational efficiency, to pursue a further high granularity-
level of parameter masking and sharing, we therefore keep B moderate and intro-
duce low-rank masking as the second stage for finer-grained sparsity, as shown in

Figure 5.4.
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Low-rank methods, such as the low-rank approximation and the low-rank adap-
tation, have been widely studied in large-scale models for efficiency, and have been
proven that low intrinsic-rank weights usually suffice or even bring better generaliza-
tion than full-rank counterparts do (Denton et al., 2014; E. J. Hu et al., 2022; C. Li
et al., 2018; Aghajanyan et al., 2021; Gunasekar et al., 2017). Our low-rank masking
begins with an over-parameterized parameter space W separated into two comple-
mentary spaces W4 € RFAXPXB and W € RIBXPXB and derive two dense sub-
€ RFAXD and Wp

spaces W 4 € R¥3*P derived by the dendritic masking.

global global

Subsequently, we use self-attention scoring to obtain a score Sjcq; € RF*P, which
is averaged to rank scores sjcq € R™P for rank selection. Different from neuron-

and Wg and

wise masking, low-rank masking selects top-r columns of W 4 Slobal?

global
yields two low-rank factors P € Rf4*" and Q € R¥#*", forming a local subspace.

Note that r is determined by the target sparsity. Specifically:

P - WAglobaﬁ[::I]’ Q = WBglobal;[:zI] (59)

where Z = Top, (Sjocat) are selected columns. Ultimately, we form the forward pass

weight W through low-rank reparameterization:
W =PQT (5.10)

and express the forward pass of the layer [ of CAGNN as:

(l))

H™ = oD ?AD ' *HOW (5.11)

where H denotes the node representation matrix, initialized as X in the first layer,
and A = ﬁ_lﬂﬁﬁ_lm denotes the normalized adjacency matrix.

Rank selection truncates the gradient flow and introduces differentiability is-
sues. Directly applying STE still encounters convergence difficulty on the subnet-

work structure because the selection operation is inherently non-smooth. To preserve
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the adaptivity of low-rank masking, we reformulate rank selection as dendritic sparse
synaptic connectivity and create a binary dendritic mask M7 as a differentiable
proxy for Z. Specifically, given r columns to be selected, we reshape s;,¢q € RY*P
into R>"™* where k = D/r. Following Equation (5.7), we obtain M7 € R*"*F
via Gumbel sampling, which partitions s;,.,; into k groups and performs group-wise

column activation:

(5.12)

1 oca _1 1 — “loca
M 7 = Softmax;, ( 08 (Stocat) — 10g( Stocal) + g)

T

Accordingly, we reshape W 4 € RFfaxD and Wg c RFeXD into RFaxrxk and

global global

RFB*r>k respectively, and formulate P,z and Q.. via the summation trick as

Equation (5.8), preserving the gradient flow to each masking score:

Py =sumg(Mz O Wy c RFaxr

global)

Qsoft = Sum3(MI @ WBglobal) € RFBXT (513)

Note that in practice, we temporarily increase r until r | D, and prune the selected
columns back to the target rank after warm-up. During warm-up, the forward
pass weight is consistently constructed by Wsoft = PsoftQ;roft, which acts as a
differentiable proxy of W for subnetwork structure learning. The mask M7 is then
mapped back to Wy, also in a differentiable manner, to obtain the global task-
specific mask M cpy for Fisher regularization.

Integrating the above steps into the CHM operation Mgy, the warm-up for-
ward pass of CAGNN incorporating dendritic activation into the feedforward unit is

formulated as:

HY = 6(AHOMcuy (W, C)) (5.14)

When the warm-up is completed, CHM fixes the subnetwork by recording M g4,
and 7 to reconstruct W from W, forming a general depiction of the subnetwork’s

structure. Due to the hierarchical design, these masks can be stored as indices and
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used for reconstruction via indexing, requiring much less memory than dense masks.
Afterward, Mcpm(Wo, C) is fixed as W following Equations (5.8)—(5.10), allowing
CAGNN to train and infer equivalently on a dense, lightweight conventional GCN as
in Equation (5.11). Throughout the training, an accumulated mask M gecm freezes
the parameters used by previous tasks and is updated with the final M oy after

training each task.

5.3.2 Task-specific Context

Task-specific context is crucial for constructing task-specific subnetworks and is ex-
pected to encapsulate compact yet informative representations that capture both the
distinguishability and transferability of knowledge across tasks, thereby supporting

the model to maintain sufficient plasticity and scalability for new tasks.

Node Classification We generate task-specific context C,.q. of task 7; using

one-hop aggregation of subgraph G;:

Cnode - AtXt (515)

Equation (5.15) essentially corresponds to a low-pass filter that smooths the node
features while relatively depicting G; in raw (Nt & Maehara, 2019; F. Wu et al.,

2019).

Graph Classification We consider that the Rayleigh Quotient distribution (Chan
et al., 2011) reveals class-consistent patterns across graphs with varying sample
sizes (Dong et al., 2024), making it appropriate for graph-level continual learning
scenarios. Therefore, we construct graph-level context Cy,qp, by evaluating the

Rayleigh Quotient R; for each graph G; € Gy:

Cyrapn = {Ri}i, € R™ (5.16)
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where R; = diag ((X; L, X,)/(X] X)), and L; = I — A, is the Laplacian matrix
of gl

5.3.3 Theoretical Analysis

We provide theoretical justification for the robustness of our proposed low-rank
masking to cross-task bias brought by parameter reuse, and propose a Fisher regu-

larization term to promote effective parameter reuse.

5.3.3.1 Effective Parameter Reuse

Notation. Considering a certain level of parameter reuse in the continual learning
problem, we write the masked forward-pass weight as W = W/ 4+ W' € RF*P,
where W/ denotes the frozen reused weights from previous tasks and W' denotes
the trainable weights for the current task. Given the unknown task-optimal weight

W*, we define the reuse-induced bias as A := W* — W/,

Proposition 5.3.1 (Reuse Bias under Neuron-wise Selection/Masking). Let columns
of the weight be partitioned into a frozen set Z; and a trainable set Z, = Z\Zy;.
The minimum parameter bias from the optimal weight W™ brought by neuron-wise
masking with pure column-wise reuse is limited by an irreducible bias from the not

learnable portion W/ = Wz, such that:

V%/ngt W = Wil = ||A:’ZfHF (5.17)
Proof. For neuron-wise masking, we have WtI - =0, and thus:
W = Wl[p = |A =W
- H[AI,L - Wf,f[t Allf - 0] | |F
= 1Az, = WL+ |A, Il (5.18)

Assuming the trainable set perfectly fits such that A. 7, — W’flt = 0, the neuron-wise

119



5. PROMOTING MODEL EFFICIENCY UNDER CAPACITY EXPANSION

parameter reuse yields an irreducible bias ||A. z,[|r. This finishes the proof. O

Theorem 5.3.1 (Reuse Bias under Low-rank Masking). Let W = PQ' be with
rank(W) < r. The columns of P and @ are partitioned into a frozen set Z; and
a trainable set 7, = 7\Z;, where 1, = |Z;| < r denotes the effective trainable rank.
Under low-rank masking with column-wise reuse, the minimum reuse-induced bias

depends only on the effective trainable rank r;:

1
p 2
inf )HW*—WHF: A= Auyll, = (ZU?) (5.19)

rank(W'? ;
1>T¢

where the infimum is taken over the trainable component W' with rank at most 7+,
A =UXV' is the SVD of the reuse bias with singular values ¥ = diag(o; > -+ >

o, > 0), and A, = UE(”)VT is its best rank-r; approximation.

To prove the above theorem, we introduce two well-known facts as Lemmas

without proof.

Lemma 5.3.1 (Unitary Invariance of the Frobenius Norm). For any orthogonal U,

V and a matrix P: ||[UPV||r = ||P||r.

Lemma 5.3.2 (von Neumann’s Trace Inequality). For matrices P and P with
singular values op and og sorted in decreasing order: trace(PTQ) <> .0pPi0Q.,

with equality if the singular vectors of P and @ are aligned.

Proof of Theorem 5.3.1. Without loss of generality, let P = [Py P, and Q =

Q; Q], where Py = P.7,, Q; = Q.z,, Pt = P.z,, and Q, = Q.7,. We can
rewrite W = PQ" = P;Q; + P,Q/, where P;Q; = W/ and P,Q; = W' with
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rank 7,. Denoting A = ULV T, we define W' := UTW'V. By Lemma 5.3.1:

IW* = W|lp=|[|A—-W'p
= |USVT — W!||p
= |UT(USVT —=WHV||p

= [[Z = Wlp (5.20)

Let oy be the singular values of W, we have ||3||% = trace(X'%) = >0 02, and

i=1"1%"

[IWH|% = 3211 o3y ;- Then, by Lemma 5.3.2:
p
trace(X W) < ZUz‘UWt,z’ (5.21)
i=1
we can derive:
12 = W% = 1215 + [IW[E = 2 trace(STW)
p p
Z Z (0'22 + U)Q/Vt7i - 20'1'0‘1/\»71') = 2(01 - thﬂ')Q (522)
i=1 i=1
Because rank(W")= ry, and o ; = 0 for i > r;, hence:
Tt p
1z — W3 > Z(Ui —oweq)t + Zaf (5.23)
i=1 1>

Assuming the trainable set perfectly fits, and for each ¢ < r;, the former term is

minimized at oy ; = 0;, we then have a infimum:

p
inf [|S - W[5 =[IA-W!'E =) of (5.24)

i>T
Combining the optimal W = UZ,,)V' = Ag,). This completes the proof. ]

With the same number of reused and trainable parameters, low-rank masking

achieves a smaller minimum reuse bias than neuron-wise masking when A is well
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captured by a rank-r; subspace. In particular, if rank(A) < r, and A. 7, # 0, the

P O'QN

error, which is contributed by tail singular values of A, vanishes (i.e., iy 07 R

0), whereas neuron-wise masking still retains the irreducible bias [|A.z,|/r. Thus,
between two masking schemes designed for efficiency, low-rank masking offers greater

flexibility in absorbing cross-task bias under the same parameter budget.

Remark 5.3.1. Although the upper-level dendritic masking may induce element-
wise reuse within P and @), the resulting weight can still be decomposed as W =
PQ" =3""_ p,q;. In this view, each column pair (p;, ;) defines a rank-one com-
ponent that implicitly absorbs the effect of element-wise frozen parameters. These
frozen entries can be interpreted as linear constraints imposed on each component
p,q,; , where the fully non-trainable contributions are incorporated into the frozen
part W/, while the remaining trainable entries provide a constrained correction.
Hence, our theoretical analysis serves as a column-wise abstraction of the two-stage

masking scheme.

5.3.3.2 Fisher Regularization

Because the task-optimal solution is unknown a priori, quantifying whether reused
parameters facilitate knowledge transfer is usually infeasible without a fully flexible
reference run. We therefore establish the following relationship between parameter

reuse and model loss:

Proposition 5.3.2. Given the optimal parameter 6* for task 7;, the excess loss

AL = L(0) — L(#*) can be expressed by:
A(L) ~ %A@TH(G*)AH +o(]A6]?) (5.25)

where H (0*) denotes the Hessian matrix of the loss at 6*.

Proof. Denoting Af = 6 —0*, Equation (5.25) can be derived using the second-order
Taylor expansion on L£(0* + Af) at the point 0*, with VL(6*) = 0. O
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Corollary 5.3.1. The variation is governed by § since H (6*) is a fixed constant.
If 7, is sufficient, Af = 0, within which the reused part 0, itself is already optimum.

Otherwise, any unavoidable deviation §; = 0y — 6} leads to A6 # 0.

To mitigate the impact of reuse when r; is insufficient, we utilize the diagonal
of the Fisher information matrix F (Aich, 2021; Kirkpatrick et al., 2017) as a proxy
of 64 and introduce a regularization term by minimizing:

16l

1
Mgy = argmin — »  Fp (5.26)
o M cum ‘ef‘ Zz:; "

where Fy, = (M cum © M accum;7;_, ) © Fo, and M oy © M aceum:7;_, indicates resued
parameters. Minimizing this term encourages CHM to reuse parameters with lower
Fisher values, i.e., parameters which are close to optimum 6% or to which the current-
task loss is less sensitive. Equivalently, it forces 6y — 67} and thereby reduces the

deviation from 9;‘2.

5.3.4 Complexity Analysis

We analyze the time complexity of CAGNN by comparing it with WSN (Kang et
al., 2024) under the same parameter budget, which provides a fair and transparent
assessment of computational efficiency. Let N, |€|, F, and B denote the number of
nodes, number of edges, hidden dimension, and number of branches, respectively.
In this context, CAGNN has total capacity 2BF?, and the selected rank is given by
r = (1 — p)BF, where p is a hyperparameter controlling the parameter sparsity for

each subnetwork.

WSN Under the matched capacity setting, the hidden dimension of WSN be-
comes F,, = v/2BF. Assuming WSN employs two-phase training (Note that in
WSN’s original setting, it optimizes masks throughout training), during warm-up,
generating a subnetwork requires top-k selection over F2 mask scores, leading to an

additional complexity of approximately O(F?2). Together with the graph convolution
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Algorithm 2: CAGNN-CHM

Input: Tasks {7;}~_,, branch number B, model parameters W € RUFat+Fp)xDB
subnetwork sparsity p, empty accumulated mask M qccum, Fisher factor A,
training iterations F, warm-up iterations E,, (FE,, < E)
1 Initialize W into two complementary spaces W 4 € RFAXDPXB apq
WB c RFBXDXB;
2 for taskt=1,...,7 do

3 Construct task-specific context C by (5.15) or (5.16), and initialize mask
learner to calculate Sgoper and Spocal;
4 fore=1to F do
5 while e =1 to E,, do
6 Stage 1
7 Calculate branch connection scores S using self-attention scoring S,;
8 Generate dendritic mask M 4, following (5.7);
9 Apply (5.8) to extract global subspaces: W, ., and Wp__,
10 Stage 2
11 Calculate rank scores sj,¢q; using self-attention scoring Sjpcai;
12 Calculate r according to p;
13 Reshape sjpeq; € RVXP — RIXT¥E,
14 Perform rank selection following (5.12) to obtain M7 and M cm;
15 Apply (5.13) to extract local subspaces: Pgop € RFAXT and
Qsoft S RFBX?:;
16 Reparameterize forward weights W, it < Py, ftQ; 5
17 Forward propagation following (5.14);
18 Compute forward loss L;
19 for t #1 do
20 Compute Fisher regularization term L(F);
21 L L — L+ NC(F);
22 Backward propagation;
23 for t #1 do
24 L Freeze W according to M gccum;Ti_1:
25 Update W, Sgiobar; and Siocal;
26 while e = F,, do
27 Record M 4, and Z for Ty;
28 L Accumulate M gccum:7; < M accum: 71 ¥V M conmu;
29 continue;
30 Reconstruct W using task-specific M 4, and Z;
31 Forward propagation following (5.11);
32 Compute forward loss L;
33 Backward propagation;
34 Update Wy;
35 continue;
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cost O(NF? + |£|F,), the warm-up complexity of WSN is:

O(2BF? + 2BNF? + V2B|£|F) (5.27)

After the warm-up, the mask is fixed, and the complexity reduces to:

O(2BNF?+V2B|E|F) (5.28)

CAGNN During warm-up, the mask-learning operations of CAGNN require ap-
proximately O(NF?) complexity. The low-rank reparameterized transformation
(XP)Q" costs O(NFr), and the message-passing costs O(|€|F). Therefore, the

overall warm-up complexity of CAGNN is:

O(NF? + NFr + |E|F) (5.29)

After the warm-up, the mask is fixed, and the complexity reduces to:

O(NFr + |€|F) (5.30)

Finally, since the selected rank r is typically much smaller than WSN’s hidden
dimension, i.e., r < F,, CAGNN achieves lower complexity than WSN under a
reasonable branch number B. This advantage becomes more pronounced as the
model capacity grows, i.e., as F' increases. With the introduction of contextual
information, we typically make the warm-up phase only account for a small fraction
of the training process, making the overall complexity of CAGNN substantially lower
than WSN. Moreover, we can further reduce the mask-learning cost by pooling the
task-specific context into a vector ¢ € R™¥. In this case, the warm-up complexity
of CAGNN becomes:

O(F? + NFr + |E|F) (5.31)
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which is consistently smaller than that of WSN.

5.4 Experimental Evaluation

To assess the effectiveness of our proposed CAGNN framework, in this section, we
conduct extensive experiments across eight real-world datasets in the task-incremental
setting, targeting not only catastrophic forgetting but also the efficiency bottleneck
that existing parameter isolation-based methods may encounter. This empirical

study answers the following questions:

Question 1: How is CAGNN’s robustness to the catastrophic forgetting prob-

lem, and how is its plasticity in continual learning?

Question 2: How is the efficiency of CAGNN, and how much faster is it than

the other parameter isolation-based baselines?

Question 3: How is CAGNN’s parameter utilization under a long-term task
stream, and can the proposed Fisher regularization term facilitate the model’s

scalability with less interference?

Question 4: Is CAGNN’s performance stable under a long-term task stream,

and is it sensitive to hyperparameters?

5.4.1 Experimental Setup
5.4.1.1 Datasets

Recognizing that parameter isolation-based methods naturally accommodate differ-
ent levels of graph tasks, we evaluate CAGNN on both node-level and graph-level
classification across a total of eight real-world datasets spanning diverse domains.

Specific summary statistics of these datasets are provided in Table 5.1.
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Table 5.1: Summary of Dataset Statistics and Characteristics

Datasets ‘ #Nodes(Graphs) +# Edges # Attributes # Tasks # Classes/task # Classes

Cora 2,708 10,556 1,433 3 2 7
Citeseer 3,327 9,104 3,703 3 2 6
Node . . .
Classification CoraFull 19,793 126,842 8,710 35 2 70
Computers 13,752 491,722 767 5 2 10
OGB-Arxiv 169,343 1,166,243 128 8 5 40
Syn-CoraFull ~19,793 ~126,842 8,710 140 2 280
MNIST ~70.6(55,000) ~564.5 3 5 2 10
Graph
Classification CIFAR10 ~117.6(45,000) ~941.2 5 5 2 10
Aromaticity ~29.7(3,868) ~65.4 2 10 3 30

Node Classification We conduct node classification tasks on 5 datasets, includ-
ing Cora (Sen et al., 2008), Citeseer (Sen et al., 2008), CoraFull (Bojchevski & Giin-
nemann, 2018), OGB-Arxiv (W. Hu et al., 2020), and Amazon Computers (McAuley
et al., 2015). Cora, Citeseer, and CoraFull are citation networks, where each node
represents a scientific publication and its label corresponds to the research field of
the publication. Following the task-incremental setting, they are split into binary
classification tasks with 3, 3, and 35 tasks, respectively. OGB-Arxiv is also a citation
network, where each node denotes a research paper associated with a subject area.
It is divided into 8 tasks, with each task containing 5 classes. Amazon Computers
is a co-purchase network, where nodes represent products and edges connect items
that are frequently bought together. It is organized into 5 tasks with 2 classes per
task. We also construct a synthetic CoraFull dataset by repeating the original Cora-
Full task sequence four times with minor random node dropping, resulting in 140
tasks while preserving the basic properties of the original CoraFull dataset. Note
that although tasks are repeated in synthetic CoraFull, each repeated occurrence is

regarded as a new task when it arrives in the continual learning stream.

Graph Classification We conduct graph classification tasks on 3 datasets, in-
cluding MNIST (Achanta et al., 2012), CIFAR10 (Dwivedi et al., 2023), and Aro-
maticity (Z. Wu et al., 2018). MNIST and CIFAR10 are super-pixel graph datasets

derived from images, and both are organized into 5 tasks with 2 classes per task.
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Aromaticity consists of molecular graphs, where nodes represent atoms and edges
represent chemical bonds. Its labels indicate the number of aromatic atoms in
each molecule. We partition Aromaticity into 10 tasks, with each task containing 3

classes.

5.4.1.2 Baselines

Our evaluation of CAGNN focuses on the performance within the category of pa-
rameter isolation-based methods, including PackNet (Mallya & Lazebnik, 2018),
Piggyback (Mallya et al., 2018), HAT (Serra et al., 2018), TAAM (J. Liu & Zhang,
2026), and WSN (Kang et al., 2024). In particular, we compare its computational
efficiency and scalability with WSN, a closely related state-of-the-art element-wise
masking method. To assess forgetting mitigation more broadly, we also include
TWP (H. Liu et al., 2021) and ERGNN (F. Zhou & Cao, 2021) as graph-specific
regularization- and replay-based baselines, together with LwF (Z. Li & Hoiem, 2017)
and EWC (Kirkpatrick et al., 2017). All methods adopt GCN (Kipf & Welling,
2017) as the backbone, except TAAM, which follows its original setting and uses
SGC (F. Wuet al., 2019). We consider a bare GCN without continual learning mech-
anisms as the lower bound, and joint training (Caruana, 1997), where the model can

access all data, as the upper bound in our continual learning setting.

5.4.1.3 Evaluation Metrics

For the evaluation of the catastrophic forgetting, we use two commonly adopted
metrics: Average Performance (AP) and Average Forgetting (AF) (Lopez-Paz &
Ranzato, 2017). AP measures the model’s plasticity by calculating the average test
performance across all T" tasks, and AF measures the model’s stability by calculating

the average performance change of each task 7; after learning 7" tasks. The following
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two formulations give them:

T-1

T
1 Z 1 Z
AP - T £ Ptta AF — ﬁ (PTt - Ptt) (532)

t=1

where P; ; records the performance of jth task 7; after learning ith task 7; (i > j).
Note that AF > 0 indicates forgetting, and each task’s performance on the datasets
used in our experiments is measured by accuracy.

For the evaluation of the computational efficiency, we measure the average
runtime per epoch after completing all tasks, reported in milliseconds, as well as per-
task GPU memory usage, reported in megabytes. Regarding the model’s scalability
for future tasks, we evaluate it by the percentage of parameters used after learning
all T tasks. To ensure a fair playground for parameter isolation-based methods, we

evaluate them under the same budget of the total model’s capacity.

5.4.1.4 Hardware and Experimental Framework Setup

We ran all of our experiments on a server equipped with an AMD EPYC 7J13
64-core CPU, 256 GB of RAM, and four NVIDIA GeForce RTX 4090 GPUs, and
this configuration was used for all baselines. For all experiments, we run them
based on a unified continual graph learning framework, BeGin' (Ko et al., 2025),
and set all common hyperparameters (e.g., learning rate, number of layers, hidden
dimensions, dropout rate) the same across all models during hyperparameter tuning.
For hyperparameter tuning, we utilize Optuna® (Akiba et al., 2019), which is a

hyperparameter optimization framework, to search for the best model.

5.4.2 Hyperparameter Search Space

We summarize the hyperparameter search spaces used for CAGNN, WSN, TAAM,

the upper-bound model, and the BeGin baselines. All hyperparameters are selected

Thttps://github.com /ShinhwanKang/BeGin
https://optuna.org/
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based on the validation performance of each dataset.

Table 5.2: Hyperparameter search spaces and fixed settings.

MODEL SEARCH SPACE

CAGNN  Ir € {1073,5x1073,1072,5x1072,10~!}; nhid € {16,32,64,128,256,512};
branch € {1,2,3,4,5,6}; dropout € {0.3,0.4,0.5,0.6,0.7}; «a €
{0.1,0.3,0.5,0.8,1,2,5,10}; sparsity € {0.85,0.90,0.92,0.95,0.97,0.99};
warm-up epochs € {1, 25,50, 100}.

BASELINE

WSN Ir € {1073,5x1073,1072,5x1072, 1071 }; nhid €
{16, 32, 64,128, 256,512}; dropout € {0.3,0.4,0.5,0.6,0.7}; sparsity
€ {0.80,0.85,0.90,0.92,0.95,0.97,0.99}.

TAAM Ir € {1073,5x1073,1072,5x1072,10~!}; nhid € {64,128,256}; dropout
€ {0.2,0.4,0.5,0.6}; task embedding dimension € {16,32,64,128}; TAAM
heads € {2,4,8}; TAAM rank € {4,8, 16, 32}.

PackNet Ir € {1073,5x1073,1072,5x1072,10~!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x1074}.

Piggyback Ir € {1073,5x1073,1072,5x1072,10!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x1074}; threshold € {1071, 1072},

HAT Ir € {1073,5x1073,1072,5x1072,107!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x107}; fixed settings: A = 0.75 and spax = 400.0.

LwF Ir € {1073,5x1073,1072,5x1072,107!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x107%}; A\ = 1.0; temperature T = 2.0.

EWC Ir € {1073,5x1073,1072,5x1072,107!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x107*}; A = 10000.0.

TWP Ir € {1073,5x1073,1072,5x1072,10~!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x107%}; )\ € {100.0,1000.0}; fixed settings: \; = 10000.0,
£ =0.01.

ERGNN Ir € {1073,5x1073,1072,5x1072,10~!}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x107%}; fixed settings: the number of experience nodes fol-
lows the official benchmark configuration, sampler name is CM, and distance
threshold is 0.5.

Joint Ir € {5x1074,1073,5x1073,1072,5x1072,1071}; nhid €
{16,32,64,128,256,512}; dropout € {0.2,0.3,0.4,0.5,0.6,0.7}; weight
decay € {0,107°,5x1072,1074,5x1074,1073,5x1073,1072}.

Bare Ir € {1073,5x1073,1072,5x1072,1071}; dropout € {0.0,0.25,0.5}; weight
decay € {0.0,5x1074}.

For BeGin baselines, we follow the official benchmark settings. The common
search space is: Ir € {1073, 5x1073,1072,5x1072, 107"}, dropout € {0.0,0.25,0.5,0.7},
and weight decay € {0.0,5x107%,1073,5x1073,1072}. For the default backbone,
node-level baselines use 3 layers with hidden dimension 256, while graph-level base-

lines use 4 layers with hidden dimension 146.
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Table 5.3: Performance of CAGNN on GCN (CAGCN) and GAT (CAGAT), and baselines on 8 datasets. Results are reported as the
Average Performance (AP) and Average Forgetting (AF) of 5 iterations. Each dataset’s best and second-best results are highlighted

with gray and underline, respectively.

NODE CLASSIFICATION

GRAPH CLASSIFICATION

](DtATﬁbs% CORA (3) CITESEER (3) CORAFULL (35) COMPUTERS (5) OGB-ARX1V (8) MNIST (5) CIFAR1O (5) AROMATICITY (10)
Ap AF Ap AF Ap AF Ap AF Ap AF Ap AF Ap AF Ap AF
Bare 9028 £2.2 21+£1.7|8043+£3.6 53+£1.9|79.79+35 19.8+42]96.18+1.9 42+£1.1|70.62+£6.7 21.7+£6.6 | 56.24 £12.8 51.1£9.7|55.30£3.7 35.5+£6.2|43.26+3.1 23.6+2.7
LwF 92.17+1.1 15+£1.0|86.63+0.5 1.84£0.7 OOM OOM 95.92+£1.7 6.9£20|80.21+41 1294+48| 7225£7.7 31.5£82|7218+42 6.7£39 [4933£21 16.5£2.0
EWC 90.39+19 20+£1.2|8543+1.1 274+1.2]90.68+29 57421 |97224+08 3.6+1.2|8852+20 3.6+1.7 | 723054 239451 |71.02+29 6.0+27 |5547+14 64+£1.7
TWP 90.52+1.3 3.3+£21(86.07£0.7 22+0.9|89.35+33 89+£35 |9790+06 20£08|8745+£24 38+21 | 76.20£78 182+£7.0|7218+£3.7 6.7+33 |5725+£2.0 6.4+£22
ERGNN |86.92+4.2 3.74+3.1|8652+0.7 3.6+1.1{9439+23 38%27 |97.83+£06 05+£0.2|89.96+13 26+£1.5 N/A N/A N/A N/A N/A N/A
PackNet |93.79+0.7 0.0+0.0 |85.66+1.8 0.0+0.0|97.14+0.7 0.0+0.0 |98.17£0.2 0.0£0.090.93+1.1 0.0£0.0 | 96.05+1.1 0.0£0.0 |80.17+0.7 0.0£0.0 |41.084+3.3 0.0+0.0
Piggyback | 93.87+0.9 0.0+0.0|87.33+0.4 0.0£0.0]96.39£0.7 00£0.0 |9823+0.3 0.0+0.0]92.07+05 0.0+0.0 | 83.12+3.0 0.0£0.0 |76.17+1.9 0.0+0.0 |41.64£27 0.0£0.0
HAT 94.01+£1.2 24+£15|85.58+12 06+03]91.79+£21 70+14 |9792+05 04+£0.0]90.07£04 12405 | 59.91+6.9 46.4+6.8|5487+4.6 36.3+£4.4|54284+19 11.9%£25
TAAM |9420+£1.1 0.0+£0.0|87.99+04 0.04+0.0|97.214+19 0.0+0.0 98.64£1.1 0.0+£0.0(86.27£1.2 0.0£0.0 | 9526+14 0.0£0.0 |70.99+4.2 0.0£0.0 |53.51+1.9 0.0+0.0
WSN 94.06 £1.1 0.0£0.087.38+£0.3 0.0+£0.0|97.284+0.8 0.0£0.0 |98.24+0.2 0.0£0.0]90.28+09 00+00 | 95.92+1.6 0.0+£0.0 [80.02+£1.7 0.0+0.0 |47.15+£2.0 0.0£0.0
CAGCN |94.68+0.7 0.0£0.0|87.63+£0.3 0.0£0.0[9732+1.2 00£0.0 |98.01+0.6 0.0+0.0|91.554+0.7 0.0+£0.0 | 96.50£1.6 0.0£0.0 |81.13+1.5 0.0+0.0 |49.70£1.1 0.0£0.0
CAGAT |9528+1.6 0.0£0.0 88.28+0.7 0.0+0.0|97.80£0.9 0.0£0.0 |9832+£0.2 0.0+£0.0|87.91+1.7 0.0£0.0 | 9641+1.1 0.0+00 [79.81+1.8 0.0+0.0 {4996+1.5 0.0+0.0
Joint 96.02+1.6 0.0£0.0|89.06+2.6 0.040.0]9845+23 0.0+0.0 |99.094+04 0.04+0.0]91.62+£2.6 004+0.0 | 97.568+0.7 0.0+0.0 |81.65+1.5 0.0+0.0 [63.49+34 0.0£0.0

L OOM indicates out-of-memory during training.

2 N/A indicates not applicable.
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5. PROMOTING MODEL EFFICIENCY UNDER CAPACITY EXPANSION

5.4.3 Performance Analysis

For continual learning, the method’s robustness to catastrophic forgetting is always
worth investigating initially. Table 5.3 provides the average performance (AP) and
average forgetting (AF) of methods of different paradigms on both node classification
and graph classification tasks. Figure 5.5 demonstrates the per-task performance
after finishing all tasks on Computers, OGB-Arxiv, MNIST, and CIFAR10 datasets.
Parameter isolation-based methods generally outperform regularization- and replay-
based methods, which is expected in the task-incremental setting due to their forget-
free characteristic (AF = 0). However, it is noticeable that those graph-specific
regularization- and replay-based methods (i.e., TWP and ERGNN) do not show
significant advantages over the general continual learning methods (i.e., LwF and
EWC) on two node-level datasets, which are Cora and Citeseer. This situation is
probably because these two datasets may introduce common patterns across tasks,
such that some advances in accommodating graph properties become less significant.
As can be seen, ERGNN regains its advantage on CoraFull and OGB-Arxiv datasets,
while TWP remains comparable with EWC. Note that TWP incurred OOM during
training, and ERGNN does not apply to the graph-level task, so their relevant results
are not reported.

Within parameter isolation methods, although the Piggyback performs masking
on a fixed backbone, whose parameters are not learnable, it still shows outstanding
performance, particularly for OBG-Arxiv. However, this is largely attributed to the
experimental environments, where tasks within a dataset usually share relevant or
similar patterns. Otherwise, Piggyback may degrade because its backbone’s zero
plasiticity may not be sufficient. TAAM also performs strongly, but it further pos-
sesses task-specific modulators beyond the fixed backbone, which offer greater plas-
ticity than Piggyback. Nevertheless, their fixed backbone may still limit plasticity
on some tasks with substantially different patterns. All parameter isolation-based

methods exhibit similar performance, while HAT suffers from forgetting because
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Figure 5.5: Per-Task Performance of 10 Models on Citeseer, OGB-Arxiv, MNIST,
and CIFAR10 datasets

its used parameters are not fully frozen, leading to a relatively large performance
degradation on the CoraFull dataset, which has more tasks than other datasets.
From the design perspective, WSN and our CAGNN both learn subnetwork struc-
tures and network parameters, resulting in comparable performance across datasets.
For graph-level datasets, some parameter isolation-based methods, including Piggy-
back and HAT, perform worse than they do in node-level datasets. Only PackNet,
WSN, and CAGNN, which possess higher plasticity, showcase consistent high per-
formance across node-level and graph-level datasets. Notably, for the aromaticity
dataset, parameter isolation-based methods, except for HAT, yield unsatisfactory

performance, and the reason needs further investigation. In general, methods with
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higher plasticity, including PackNet, WSN, and CAGNN, achieve more consistent
performance. Overall, CAGNN’s stable results across datasets highlight its effective-
ness in mitigating catastrophic forgetting. We further examine the transferability of
CAGNN by applying it to Graph Attention Network (GAT) (Velickovi¢, Cucurull,
et al., 2018). The results show consistent performance across two different GNN

backbones, highlighting the generality of CAGNN.

5.4.4 Efficiency Analysis

Table 5.4: Average runtime per epoch and runtime multiple on three different

datasets
OGB-ARx1V MNIST CIFAR10

MODEL

Time (ms) Ratio | Time (ms) Ratio | Time (ms) Ratio
WSN TR7 1.00x 9,611 1.00x 10,325 1.00x
PackNet 335 0.43 % 6,419 0.67x 6,922 0.67x
Piggyback 299 0.38 % 6,831 0.71x 7,114 0.69x
HAT 343 0.44 x 6,590 0.68 % 7,068 0.68 %
CAGNN (0.95) 215 0.27x 3,345 0.35x 2,961 0.29x
CAGNN (0.99) 197 0.25x 3,101 0.32x 2,783 0.27x

We evaluate the efficiency of CAGNN by measuring the average training time
(in milliseconds) per epoch. Table 5.4 provides the average runtime and the runtime
multiple of four parameter isolation-based baselines, including PackNet, Piggyback,
HAT, and WSN, on OGB-Arxiv, MNIST, and CIFAR10 datasets, which are usually
more time-consuming for training than others. In this experiment, we assume a
capacity expansion scenario and thus over-parametrized models. To be specific, we
set the hidden dimension to 2048 for all baselines, introducing a total parameter
count of 8,650, 752 for OGB-Arxiv and 12, 582,912 for both MNIST and CIFARI10.

Equivalently, CAGNN with the same capacity is set with hidden dimension 512 and
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Table 5.5: Memory usage (in MB) of CAGNN and WSN across 140 tasks on the
synthetic CoraFull dataset.

MODEL To T35 To Tros T140
WSN 1918.5 3744.9 5508.2 7270.7 8980.4
CAGNN 3121.5 3966.6 4750.2 5558.7 6296.2

Syn-Corafull (0.99 Sparsity)

o
=
;8000 —— WSN Memory
o CAGNN Memory
® 6000
-
>
o 4000 o
£
(7]
= 2000
20 40 60 80 100 120 140
Task ID

branch number 10. For the runtime of CAGNN, it is calculated by the average of 10%
warm-up epochs and 90% after-warm-up epochs, following the setting for evaluating
average performance. Due to the decoupled mechanism of CAGNN, its runtime may
also vary with the size of subnetworks. To investigate it, we set WSN as the base
(I1x) and compare a different sparsity p = 0.95 (r = 256). Note that this sparsity
is not large enough for the current capacity, and we usually expect a larger one for
a larger capacity. This setting is just for a clear comparison. From the result, we
observe that WSN has a larger complexity overhead due to its flexibility in learning
subnetworks, rendering it the slowest among the 5 models. Because of relatively
simpler masking mechanisms, PackNet, Piggyback, and HAT are much faster than
WSN and are at the same level of efficiency. CAGNN exhibits outstanding efficiency
among 5 parameter isolation-based models, and is approximately 3.6 times faster
than WSN and 2.1 times faster than PackNet, Piggyback, and HAT, while remaining
strong plasticity. Moreover, a higher sparsity level yields smaller subnetworks, which

in turn enables faster training for CAGNN. The average runtime per warm-up
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epoch of CAGNN is 563 ms on OGB-Arxiv, 8 849 ms on MNIST, and 8,468 ms
on CIFARI10, and it still remains faster than WSN. Overall, as the training batch
size increases or the model’s total capacity grows, the efficiency advantage of CAGNN
will become more pronounced.

Table 5.5 further provides the memory usage of WSN and CAGNN on synthetic
CoraFull with 140 tasks under 0.99 sparsity, without any additional compression of
the saved masks. Although CAGNN starts with a higher initial memory cost due
to its hierarchical masking components, its memory usage grows much more slowly
as the task stream becomes longer. In contrast, WSN shows a nearly linear and
steeper memory increase, since it needs to maintain dense task-specific masks for
an expanding set of tasks. As the number of tasks increases, the memory usage
of WSN quickly exceeds that of CAGNN, and the gap becomes increasingly large.
This demonstrates that CAGNN’s index-form mask storage provides better memory
scalability under continual capacity expansion, making it more suitable for long-

horizon continual learning.

5.4.5 Scalability Analysis

To evaluate the scalability of the proposed CAGNN, we analyze from the perspectives
of the Fisher regularization and the length of the warm-up phase on the CoraFull
dataset, which comprises 35 tasks and is sufficiently large to stress-test long-horizon
continual learning. Note that model capacities of both CAGNN and WSN are set to
the same, and the mask generators of CAGNN are initialized whenever a new task ar-
rives. Figure 5.6 demonstrates the impact of different A of fish regularization on the
total utilization of parameters at 4 different levels of sparsity (0.99, 0.95, 0.90, 0.80).
Our proposed Fisher regularization contributes significantly to CAGNN’s scalability,
so that only 10% epochs of warm-up with task-specific contextual information can
achieve almost the same level of parameter utilization as WSN, which tunes sub-

networks during the entire training phase. Most importantly, it imposes almost no
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Figure 5.6: The Impact of Fisher Regularization on Parameter Utilization (50 Warm-
Up in 500 Epochs)

performance loss, but at a price of slightly higher time complexity during warm-up
(It was applied in the previous efficiency analysis). As can be seen, CAGNN with-
out Fisher regularization (orange line) consumes parameters rapidly and is easily
saturated. Although not significant on sparsity 0.99 and 0.95, a larger A tends to
force the model to reuse parameters across tasks as much as possible. When the
subnetwork sparsity is set to 0.8, CAGNN consumes more parameters than WSN.
We observe that increasing \ can further reduce parameter utilization. However,
such a sparsity level is usually impractical and accelerates the model’s saturation
of capabilities. Figure 5.7 shows the impact of the duration of the warm-up phase

on the utilization of parameters. Obviously, different lengths of the warm-up phase
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Figure 5.7: The Impact of Warm-Up Epoch on Parameter Utilization (A = 1)

introduce similar parameter utilization for sparsity levels of 0.99, 0.95, and 0.90.
This observation leads us to set the warm-up phase account for only 10% of the
total training phase, considering the model’s efficiency. Although a longer warm-up
phase can further promote parameter reuse, its contribution becomes marginal at
the expense of increased training time, which is undesirable. It is noticeable that
Fisher regularization will not apply when the warm-up epoch is only 1, yielding a
high parameter utilization and separation between subnetwork structures. Such a
high utilization and separation indicate how task-specific context initially shapes
different subnetworks and is crucial for effective and efficient subnetwork construc-
tions.

We further evaluate CAGNN on synthetic CoraFull, which contains 140 tasks
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Table 5.6: Ablation studies on the effect of contextual information on the synthetic

CoraFull dataset, using sparsity 0.99.

CONTEXT TYPE SYN-CORAFULL Use Rate
Parameterized Score 96.214+0.7 55.50%
Random Context 95.96+1.7 57.80%
All 1’s Context 96.51+1.1 61.30%
Task-specific Context 97.05+0.3 22.45%

Table 5.7: Ablation studies on the effect of differentiable proxy on the synthetic
CoraFull dataset, using sparsity 0.90.

DATASET (# Task) w/o Diff. Proxy Use Rate
CORA (3) 93.97+1.2 27.10%
CITESEER (3) 86.6442.7 25.20%
CORAFULL (35) 95.2040.9 83.70%
COMPUTERS (5) 97.72+0.3 61.50%
OGB-ARx1V (8) 89.81+1.4 55.10%
MNIST (5) 96.2241.2 47.80%
CIFARLO (5) 77.5241.5 48.40%
AROMATICITY (10) 45.43+2.1 75.30%

for long-horizon continual learning, and study contextual information. Table 5.6
shows that CAGNN maintains robust performance with effective parameter reuse in
long-task settings. Furthermore, context mainly affects parameter usage, and Fisher
regularization becomes less effective when informative task-specific context is absent.
Figure 5.8 provides a visualization that further illustrates the effect of contextual
information on subnetwork construction. With task-specific context, the activated
weights exhibit a more structured and compact pattern, indicating that CAGNN can
selectively allocate task-relevant parameters. In contrast, random context leads to
more scattered and redundant activations across branches, suggesting less effective
parameter reuse. The observation on the accumulated mask M e (Figure 5.8
Left) is consistent with Table 5.6, where task-specific context achieves compara-
ble or better performance while substantially facilitating the parameter reusability

compared with random context.
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TASK-SPECIFIC CONTEXT

Task 34 | Task-Specific Context(10% Parameters Per Task)

Task 34 - WeightA/B (Accumulated) Task 34 - WeightA/B (Per Task)

Branch

127 127 127 127

RANDOM CONTEXT

Task 34 | Random Context(10% Parameters Per Task)

Task 34 - WeightA/B (Accumulated) Task 34 - WeightA/B (Per Task)

Branch
Branch

127 127 127 127

Figure 5.8: Visualization of subnetwork structures using task-specific context and

random context on Task 34 in the first convolutional layer on CoraFull.

Table 5.7 highlights the necessity of the differentiable proxy for mask learning.
Although average performance is only slightly affected, gradient truncation makes
subnetworks harder to optimize and results in higher parameter consumption. Also,
we study a variant where all tasks share the same mask generator, which means
that mask scores are not re-initialized for new tasks. Under this setting, contex-
tual information still helps reduce performance degradation while maintaining low
parameter utilization, even without Fisher regularization. Nevertheless, this intro-
duces a trade-off between reuse bias and plasticity. Specifically, the shared generator

encourages parameter reuse but restricts task-specific adaptation. Consequently, it
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requires a longer warm-up to reach performance comparable to the original setting,
where each task-specific subnetwork is initialized in a more flexible state guided
by contextual information. Lastly, we have attempted WSN’s strategy that does
not rely on contextual information or Fisher regularization, where masks are in-
stead initialized as parameterized scores. When the parameterized scores are not
re-initialized for each task, the resulting subnetworks become highly similar, leading
to low parameter utilization after 50 warm-up epochs. However, such low utilization
is largely caused by a nearly fixed subnetwork configuration, where many parameters
selected for later tasks have already been frozen and cannot adapt to the current
task. This reduces the average performance by approximately 8%. Re-initializing
the parameterized scores (Table 5.6 Parameterized Score) for each task alleviates this
issue by improving task-specific adaptability, but at the cost of higher parameter
consumption. Recovering performance typically requires a longer warm-up phase,
during which the model searches for more suitable subnetworks and mitigates the
bias inherited from previous tasks. With Fisher regularization, CAGNN can simul-
taneously achieve higher performance and lower parameter utilization with only a

brief warm-up phase.

5.4.6 Inteference Analysis

We also conduct a case study on CoraFull to validate our theory by evaluating
interference under different overlap levels. We use the fully learnable setting as
the zero-interference baseline, where each task is trained without constraints from
frozen parameters of previous tasks. As shown in Table 5.8, different sparsity levels
with Fisher regularization, i.e., 0.99, 0.95, and 0.90, achieve highly similar task-wise
performance to the zero-interference baseline, even though they induce high param-
eter overlap ratios around 88.5%-90.3%. This indicates that the proposed low-rank
masking can tolerate substantial cross-task parameter reuse without introducing no-

table negative interference. The performance drops observed on several tasks are
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Table 5.8: Performance comparison under different overlap ratios on the CoraFull
dataset.

OVERLAP (SPARSITY) T5 Tio Tis  T20 T25 T30 T35

0 Interference 95.71 98.67 98.51 88.66 98.27 100.00 99.38
22.8% (0.99 w/o Fisher) 96.32 99.11 98.51 85.57 97.84 100.00 99.38
88.5% (0.99) 95.71 99.11 98.51 87.63 98.70 100.00 99.38
89.7% (0.95) 96.32 98.67 98.51 87.63 98.70 100.00 100.00
90.3% (0.90) 96.32 99.11 98.51 88.66 97.84 100.00 100.00
100 Corafull ]
: YV
— 95
()
O
C
© 90
g —e— 0 Interference
;,9 85 0.99 Sparsity | 88.5% Overlap
GLJ —+— 0.95 Sparsity | 89.7% Overlap
a —e— 0.90 Sparsity | 90.3% Overlap
—¥— 0.99 Sparsity (No Fisher) | 22.8% Overlap
80 7 14 21 28 35
Task ID

also shared by the zero-interference baseline, suggesting that they mainly come from
task difficulty rather than reuse-induced bias. In contrast, removing Fisher regular-
ization greatly reduces the overlap ratio to 22.8%), showing that Fisher regularization
effectively encourages reusable subnetwork structures. Overall, these results support
our theoretical claim that the proposed two-stage masking scheme is robust to pa-
rameter reuse interference while enabling effective parameter sharing across tasks.
We also compare with neuron-wise masking, an efficiency-oriented scheme cor-
responding to Proposition 5.3.1, in Figure 5.9. Although neuron-wise masking main-
tains high parameter reuse on the synthetic CoraFull, such reuse does not always
lead to beneficial knowledge transfer. When the task sequence becomes longer,
strong interference from frozen parameters causes the model to fail to converge on

some tasks.
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Figure 5.9: Performance comparison against neuron-wise masking.
5.4.7 Ablation and Sensitivity Analysis

Table 5.9: Ablation study of two-stage masking. For each dataset, the same sparsity

is used across different stage variants.

D ATASET ‘ Stage 1 ‘ Stage 2 ‘ Stage 1&2

‘ Ap Use Rate ‘ Ap Use Rate ‘ Ap Use Rate
CoRrA (3) 93.15+1.3 29.10% |93.05+1.9 12.70% |94.41+1.6 13.90%
CITESEER (3) 82.63+4.2 80.56% |83.57+£3.2 60.50% |85.64+3.5 62.70%
CorAFULL (35) 97.31+£0.3 72.20% |97.1840.4 96.10% |97.13+0.4 55.30%
COMPUTERS (5) 95.55+1.2 44.50% [95.92+1.9 34.70% |97.81+0.4 30.20%
OGB-ARrx1v (8) |87.37+1.1 58.30% |89.67+1.4 69.60% |90.97+1.1 48.10%
MNIST (5) 96.89+1.2 62.80% |94.46+1.4 21.20% |96.04+1.7 22.10%
CIFARI10 (5) 82.21+1.3 56.10% |78.45+1.9 21.50% |81.29+1.1 19.90%
ARrRoMATICITY (10) | 45.61+£2.3 94.20% |43.38+£2.0 84.90% |49.28+1.2 60.85%

The two-stage design is motivated by the limitations of using either stage alone.
It aims to achieve fine-grained parameter masking while reducing interference and
improving efficiency. Although two stages are designed as a unified masking scheme,
we provide an ablation study in Table 5.9. Removing either stage only slightly af-
fects performance, as each stage can independently function as a parameter-isolation
structure. However, parameter reuse drops significantly, demonstrating the necessity

of the two-stage design for scalable reuse.
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Figure 5.10: Sensitivity to the Number of Branches and Hidden Dimension (Model
Capacity) on the CoraFull Dataset

Continual learning is a long-term task that imposes stringent requirements on
model stability. We also conduct sensitivity analysis on the CoraFull dataset to
evaluate CAGNN’s sensitivity to the hidden dimension and the number of branches,
which collectively determine the model’s capacity. As shown in Figure 5.10, CAGNN
performs consistently and steadily with various model capacities. The sparsity levels
do not have a significant influence on its performance on the CoraFull dataset.
However, we observe that lower model capacity, such as various hidden dimensions
with only 1 branch, tends to cause slightly lower performance and larger fluctuations,
which indicates the necessity of over-parameterization to guarantee the stability as
well as the scalability of the model. Generally, the maximum performance gap
among various model capacities is only 2.17%, underscoring CAGNN’s robustness

and insensitivity to hyperparameters.

5.5 Conclusion

In this chapter, we investigate and identify the efficiency bottleneck of the parameter-

isolation paradigm, where many methods still rely on full-network propagation and
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their masked parameters remain in the forward pass, leading to increasing computa-
tional cost as capacity expands. Therefore, we formalize this catastrophic computa-
tional complexity issue and explore how data can be leveraged in the architecture de-
sign to address this problem. Observing that a real neuron possesses distal dendrites,
which can perceive contextual information that enables the neuron to adapt to vary-
ing environments, we ultimately propose the novel dendrite-architectural CAGNN
that is agnostic to the model capacity, enabling efficient training under long task
streams while simultaneously maintaining high plasticity and scalability. By design,
CAGNN adopts a two-stage architecture with hierarchical maskings, which can per-
ceive task-specific context to guide the construction of task-specific subnetworks.
Its dendritic structure design can further decouple each subnetwork from the full
network for both training and inference to sustain efficiency under continual capac-
ity expansion. We also introduce a Fisher regularization to enable more flexible
cross-task parameter reuse. Comprehensive experiments on the model’s plasticity,
efficiency, scalability, and stability have elucidated that CAGNN consistently out-
performs strong parameter-isolation baselines not only in catastrophic forgetting,

but also in catastrophic computational complexity.
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Chapter 6

Conclusion

This thesis investigates data-aware solutions for enhancing graph representation
learning with Graph Neural Networks (GNNs) in complex, real-world settings, where
simply increasing architectural sophistication is not always suitable. Revolving
around the theme of data as the primary driver of downstream task success, the
main contributions of this thesis follow a unified data-aware principle across three
key levels of the representation learning pipeline. Each level targets a distinct prob-
lem setting, together reflecting the increasing complexity of real-world scenarios.
Specifically, the objective level for conventional multi-label graph classification, the
data level for graph-level anomaly detection, and the architecture level for continual
graph learning. Ultimately, the thesis provides a systematic data-aware advance
that enhances graph representation learning with GNNs to deliver more reliable and
practical performance. In this chapter, we briefly recap the key contributions of
each of the three works and then outline potential future research directions that

are relevant to this thesis’s theme.

6.1 Summary

Chapter 3 works on Research Question 1 by revisiting the learning objective of

GNN-based graph-level classification, and proposes Laplacian Eigenmaps Enhanced
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Loss (LEELoss), a regularizer that augments the standard cross-entropy with graph-
level priors. Conventional message-passing GNNs mainly operate information ex-
change and aggregation within individual graphs, providing limited channels for
shaping the relative relationships among graph representations. To better exploit
inter-graph information, LEELoss integrates it into a contrastive setting at the node
level and graph similarity matrices at the graph level, explicitly pulling together rep-
resentations of related instances while pushing apart irrelevant ones. Rather than
keeping increasing focus on the message-passing and graph pooling layers to infer
graph-level relationships, it highlights the potential of the objective function in-
corporating suitable graph priors to cope with various complex problems. As an
objective-level advance, LEELoss is also plug-and-play, so that suitable GNNs and
downstream heads can be readily paired with it without modifying the underlying
architecture.

Chapter 4 tackles Research Question 2 from a data-centric view by studying
supervised graph-level anomaly detection, and develops Graph Augmentation-based
Reference Alignment (GARA), an effective training framework that tends to make
full utilization of limited but precise anomalies to enhance GNNs’ generalization
capability for future unseen cases. Although recent efforts have shown that a small
number of labeled anomalies can substantially improve detection performance, most
existing methods still overemphasize the detailed patterns of anomalies. Such a
manner is inherently fragile because anomalous graphs are often incomplete, biased,
and heterogeneous, and thus fitting to their detailed patterns poses the model at
risk. Under these circumstances, GARA leverages graph mixup techniques with
two different anomaly-specific strategies to enrich the sample pool of anomalies and
construct balanced learning tasks to simulate an appropriate training environment
in conventional supervised learning. It also emphasizes the role of normal instances
as unsupervised learning does, and thus leverages abundant normal samples as solid
references to refine decision boundaries between normal and anomalous graphs. The

data-level advance enables GARA to be more adaptive to various more challenging
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graph anomaly detection scenarios when compared with methods that specifically
model existing but limited anomalies.

Chapter 5 is dedicated to addressing Research Question 3 by investigating
the computational efficiency challenge of parameter isolation-based graph repre-
sentation learning under long task streams. While parameter isolation effectively
mitigates catastrophic forgetting, many existing methods still perform full-network
propagation, where masked parameters continue to participate in computation, and
the overhead accumulates as model capacity expands to accommodate future tasks.
This chapter identifies and formalizes this problem as severe as catastrophic forget-
ting, and proposes a Capacity-Agnostic GNN framework CAGNN, which possesses a
two-stage biological neuron-inspired architecture that forms a hierarchical masking
scheme. By perceiving task contextual information, the proposed framework guides
efficient construction of task-specific subnetworks and then decouples them from the
holistic network during both training and inference, thereby sustaining efficiency
even under continual capacity expansion. In this chapter, we propose a gradient
proxy to ensure effective subnetwork constructions and provide theoretical justifi-
cation for the effectiveness of such dendritic architecture. Moreover, we introduce
a Fisher information-based regularization that enables flexible cross-task parameter
reuse for greater scalability. Ultimately, this chapter bridges data and architectural
design in a natural and coherent manner, leading to a data-aware advance at the

architecture level.

6.2 Future Outlook

We realize this thesis’s efforts to provide a comprehensive insight into practical util-
ity. However, real-world applications usually involve a wider range of complexities
than any single benchmark can fully reflect, and still rely on mature, lightweight,
and easy-to-deploy models. Considering the ongoing wave of data-centric research,

future work can further extend the data-aware view toward a more thoroughly
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data-centric paradigm, where the emphasis shifts from “designing a sophisticated
end-to-end mechanism to fit an idealized setting” to “designing data, supervision,
and suitable training schemes that make representation learning more reliable un-
der challenging conditions.” Such conditions include graphs with high heterophily
levels, distribution shift of temporal graphs across time, and time series represented
by graphs, and so on.

Another promising direction is to generalize the data-aware principle from con-
ventional GNNs to emerging graph foundation models and graph-oriented large mod-
els. As pretraining and instruction-tuning become increasingly prevalent for repre-
sentation learning in these areas, this principle suggests that performance gains may
be driven less by architectural novelty alone but more by how graph corpora are con-
structed, how weak or implicit supervisory signals can be extracted and leveraged
from large-scale graph data, and how pretraining objectives align with downstream
task semantics. Concretely, one may explore adaptation objectives that incorpo-
rate graph priors to calibrate pretraining signals (objective level), or task-tailored
augmentation and training strategies that enrich adaptation corpora (data level), or
efficient task-aware adapters that enable scalable and continual adaptation (architec-
ture level). Together, these directions can form a pathway to apply the data-aware
principle across different levels of graph representation learning, while leveraging the
rise of graph foundation models to support a wider range of complex and evolving

real-world graph tasks.
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