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Abstract

Nowadays, there are growing amounts of graph-structured data emerging from a broad variety
of information industrial applications, such as social networks, financial networks, biomedical
networks, traffic networks, and so on. The complex topological information among those
graph nodes, along with their content-rich node attributes, pose a great challenge for data
mining and analysis. Recently, Graph neural networks (GNNs) have been proposed as a
novel learning paradigm to deal with graph-structured data, and have achieved a great success
on a variety of graph-based tasks, especially on the node classification task. However, its
success highly relies on the sufficient number of high-quality labels, which is often difficult
to attain in the real world. On the one hand, acquiring node annotations is labour-intensive,
time-consuming, and usually costs a lot of expenses for recruiting or paying annotators. This
results in the label sparsity problem for GNNs learning. On the other hand, wrong labeling is
almost inevitable while annotating nodes due to inter-observer variability, human annotator
error, or errors in crowdsourced annotations[60]. Under this situation, GNNSs are prone to

overfitting to these corrupted labels, thereby leading to poor generalization abilities.

Considering these label-associated challenges, this thesis is developed to handle the label
sparsity and label noise problem on graphs. Confronting the label sparsity problem on graphs,
I first resort to Active Learning (AL) to improve the model performance. Within the limited
labeling budget, AL can selectively construct the most informative label set for model training
by querying labels for the most valuable nodes in the graph. Then I focus on the research
of Pseudo-Labeling (PL) to relieve the label sparsity problem. It explores to fully exploit
the unlabeled nodes to complement the severe lack of label information, and apply label

augmentation techniques to enhance information propagation among graph nodes. Finally,
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to cope with the label noise problem, I turn to the research of label-noise representation
learning in GNNs, expecting to establish a robust GNN model that can effectively detect
suspicious labels and minimize their influence on model training. Therefore, in this thesis, I
would specialize in the three specific research topics and make efforts to effective solutions

for them correspondingly.

In terms of Active learning, it aims to boost the labeling efficiency by selecting the most
informative nodes for querying their labels, such that the selected nodes can maximize the
model performance. Although AL has been widely studied for alleviating label sparsity
issues with the conventional independent and identically distributed (IID) data, how to
make it effective over attributed graphs remains an open research question. In Chapter 4, a
SEmi-supervised Adversarial active Learning (SEAL) framework is proposed on attributed
graphs, which fully leverages the representation power of GNNs and designs a novel AL
query strategy in an adversarial way for node classification. Extensive experiments on real-
world networks validate the effectiveness of the SEAL framework with superior performance

improvements to state-of-the-art baselines on node classification tasks.

Pseudo-Labeling has been proposed to explicitly address the label scarcity problem. It
aims to augment the training set with pseudo-labeled nodes so as to re-train a supervised
model in a self-training cycle. However, the existing pseudo-labeling approaches often suffer
from two major drawbacks. First, they tend to conservatively expand the label set by selecting
only high-confidence unlabeled nodes without assessing their informativeness. Unfortunately,
those high-confidence nodes often convey overlapping information with given labels, leading
to minor improvements for model re-training. Second, these methods incorporate pseudo-
labels into the same loss function with genuine labels, ignoring their distinct contributions
to the classification task. In Chapter 5, a novel informative pseudo-labeling framework is
proposed to facilitate learning GNNs with extremely few labels taking both informativeness
and reliability of pseudo labels into consideration. Extensive experiments on six real-world
graph datasets demonstrate that the proposed approach remarkably outperforms state-of-the-

art pseudo-labeling and self-supervised baseline methods on graphs.



xiii

Label-noise representation learning has also been primarily studied on the tasks with IID
data, such as the image classification task, but very little research effort has been on how
to improve the robustness of GNNs in the presence of label noise. Furthermore, the graph
topological information poses unique challenges when dealing with label noise - label sparsity
and label dependency. To tackle these challenges, a unified framework is proposed to robustly
train GNN models against label noise under the semi-supervised setting in Chapter 6. The
key idea is to perform label aggregation to estimate node-level class probability distributions,
and then use them to guide sample reweighting and label correction simultaneously, so as to
reduce model sensitivity towards noisy labels. Experimental results on real-world datasets
have been conducted to demonstrate the effectiveness of proposed algorithm with regard to

different levels and types of label noise.
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