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PROPOSITIONS

accompanying the dissertation
Characterizing Learning Difficulty in Graph-Structured Data:
An Empirical Study of Models and Data
by
Tiangi Zhao

1. Existing GNNs for single-label static graphs are not suitable for multi-label ones.
(This proposition pertains to this dissertation.)

2. In graph continual learning, multi-label graphs should not be treated as a simple
extension of single-label graphs. (This proposition pertains to this dissertation.)

3. Research progress on multi-label node classification suffers from insufficient under-
standing of simple baseline approaches. (This proposition pertains to this dissertation.)

4. Current evaluation metrics for graph neural networks fail to capture node-level behav-
ioral differences. (This proposition pertains to this dissertation.)

5. Peer pressure in academia endangers scientific progress.
6. PhD theses would benefit from a section on unsuccessful research directions.

7. Accessing the modules of doctoral education program on a first-come-first-served
basis goes against the objectives of doctoral education.

8. A PhD thesis should be composed of concise papers.

9. The rapidly growing size of computer science conferences endangers scientific quality,
discussion and engagement.

10. Knowing when to stop is as important as knowing where to start in research.

These propositions are regarded as opposable and defendable, and have been approved as
such by the promotor Prof. Dr. Alan Hanjalic and copromotor Dr. ing. Megha Khosla.
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SUMMARY

Graphs provide a natural way to represent both the attributes of individual entities and
the structure of their interconnections, making them a powerful framework for modeling
complex systems with intricate relationships. Such networks appear across diverse domains,
including social networks, biology, quantum physics, and knowledge graphs. For example,
proteins and their interactions in protein—protein networks, or users and friendships in social
networks.

In recent years, Graph Neural Networks (GNNs) have become the dominant paradigm
for learning from graph-structured data, achieving strong results in tasks such as node
classification, link prediction, and graph classification on academic benchmark datasets.
However, a closer examination of one of the real-world scenario, multi-label node classifi-
cation (MLNC) datasets, reveals more complicated attribute distributions and substantial
data quality issues where GNNss fail to learn. Many real-world graphs are noisy, exhibit
unbalanced label distributions, and display low label homophily, which complicates the
extraction of meaningful information from local neighborhoods. This observation raises an
important question: to what extent do the structural and distributional properties of graph
data shape the performance of the model?

To investigate this, existing multi-label graph datasets were systematically analyzed, and
a synthetic graph generator with tunable parameters was developed to enable controlled
exploration of key factors such as homophily, degree distribution, and label assignment.
With this foundation, a subsequent question emerged: how well do state-of-the-art GNNs
actually perform under the challenging conditions of multi-label graphs?

Empirical evaluation revealed consistent shortcomings of existing methods, particularly
their difficulty in disentangling overlapping label signals. This motivated the design of
GNN-MultiFix, which integrates feature propagation with label propagation and positional
encoding to address the specific challenges of MLNC. While effective in static graphs, this
line of inquiry naturally extends to dynamic settings: if these challenges persist in static
multi-label graphs, how are they amplified when the graph itself evolves over time?

This consideration leads to the setting of Continual Graph Learning (CGL), where both
graph structure and label space evolve dynamically. Beyond the difficulties of noisy data and
low homophily, models in this setting must contend with catastrophic forgetting as new tasks
arrive. To systematically study these challenges, AGALE was proposed as a graph-aware
continual learning evaluation framework, providing a principled way to benchmark models
under evolving graph conditions.

Finally, the studies of static and continual learning setting highlight a broader issue:
how should graph models be evaluated more comprehensively beyond narrow benchmarks
and metrics? This question motivates a data-centric perspective on graph machine learning,
emphasizing the role of instance-level graph properties in shaping performance and calling
for evaluation frameworks that not only measure accuracy but also illuminate the interplay
between data characteristics, and reliability of the model prediction.
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2 1. INTRODUCTION

1.1. BACKGROUND

A graph is a fundamental data structure for modeling relationships between entities. For-
mally, a graph &4 = (¥,&) consists of a set of vertices (or nodes) 7, which represent the
entities, and a set of edges &, which capture the connections between them. Depending on
the application, edges may be directed or undirected, and they can also carry weights to en-
code additional properties such as cost, distance, or capacity. Graphs thus provide a flexible
and expressive framework for representing complex systems with rich relational structure.
They arise naturally in a wide range of domains, including social networks, biology, and
knowledge representation. For example, in a protein—protein interaction network, proteins
are modeled as nodes and their interactions as edges. In a social network, users correspond
to nodes, while friendships or connections correspond to edges.

In recent years, Graph Neural Networks (GNNs) have emerged as the dominant paradigm
for learning from graph-structured data [ 1—4]. These models are designed to leverage the
relational inductive bias of graphs by iteratively propagating and aggregating information
across connected nodes. Through this message-passing process, each node representation
captures both its intrinsic attributes and the structural context of its neighborhood. Variants
such as Graph Convolutional Networks (GCN) [2], Graph Attention Networks (GAT) [3],
and GRAPHSAGE [4] have achieved strong results in canonical tasks that include node
classification, link prediction, and graph-level classification.

The ability of GNNs to jointly encode feature and structural information has made
them highly effective in real-world applications where relationships between entities are
fundamental. They have become essential in domains such as traffic forecasting [5, 6], social
network analysis [7, 8], and knowledge graph reasoning [9, 10]. For example, in recom-
mender systems, GNNs capture user—item interactions as graphs to produce embeddings that
reflect user preferences and collaborative patterns [1 1, 12]. In drug discovery, they predict
molecular properties by learning from both atom-level features and the chemical structure of
compounds [13, 14].

Yet, despite these remarkable successes, much of this progress is demonstrated on
commonly used academic datasets and does not always extend to more realistic or complex
environments. Current benchmarks disproportionately emphasize narrow domains such as
two-dimensional molecular graphs, while overlooking broader and more impactful—yet
inherently more complex—areas like combinatorial optimization and relational databases
[15]. Within these broader applications, tasks such as multi-label node classification remain
particularly challenging: nodes may belong to multiple categories simultaneously, and the
resulting overlap and dependency among labels often violate the structural and statistical
regularities that GNNSs rely on for effective learning.

Beyond the challenges in the static graphs, continual graph learning (CGL) introduces
another layer of difficulty: as both the node set and graph topology evolve over time,
GNNSs must adapt to new structures while avoiding catastrophic forgetting of previously
acquired knowledge [16—20]. These limitations highlight the need for GNN architectures
that are not only robust to noisy and overlapping label spaces but also adaptive to dynamic
graph structures and memory efficient in retaining knowledge across time, thereby ensuring
generalizable performance in both static and evolving real-world environments.

Building on these architectural challenges, another crucial limitation lies in how we
analyze and evaluate the rapidly growing number of GNN variants. Although graph machine
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learning models have achieved remarkable success, their performance is far from uniform
across individual nodes. Standard aggregate metrics such as accuracy, F1 score, or AUROC,
while useful for high-level benchmarking, obscure important node-level variations in model
behavior and fail to reveal why certain nodes are consistently more difficult to classify.
These difficulties often arise from intrinsic graph properties, such as feature sparsity (nodes
with insufficient or noisy attributes), neighborhood label uncertainty (class diversity within
a local neighborhood), or higher-order structural ambiguity (inconsistent label patterns
among distant neighbors) that directly interact with how GNNs propagate and aggregate
information. Crucially, models that achieve comparable overall accuracy may still generalize
in fundamentally different ways, misclassifying disjoint subsets of nodes or exhibiting
different levels of prediction stability and confidence. Developing systematic approaches to
characterize this interplay between graph properties and model behavior is therefore essential
for diagnosing hidden failure scenarios and ensuring the trustworthiness of graph machine
learning systems.

Building on this introduction, the following section discusses the concrete challenges
and research questions that we tackle in this thesis.

1.2. CHALLENGES AND RESEARCH GAPS

The node classification problem aims to predict labels for nodes by leveraging both graph
topology and a subset of labeled nodes. While existing research has achieved notable
progress in the multi-class setting—where each node is restricted to a single label—the more
realistic multi-label scenario remains substantially more challenging. In multi-label graphs,
a node may belong to several categories simultaneously, as in social networks where users
hold multiple interests. This complicates the notion of label homophily, which measures the
similarity among connected nodes based on shared categorical labels. Instead of neighbors
sharing identical labels, they may only partially overlap. Consequently, the neighborhood
aggregation step in GNNs often mixes heterogeneous label signals, making it difficult to
extract the information most relevant to a target node’s labels. This raises the first research
question:

RQ 1. To what extent do current GNNs improve on multi-label node classification tasks
with more complicated homophily semantics?

Beyond assessing the current progress of GNNs on multi-label node classification, a
further challenge lies in identifying how their performance can be systematically improved.
Recent studies suggest that incorporating positional encodings and label propagation into
message passing can enrich node representations and help disambiguate overlapping label
spaces. However, it remains unclear whether these enhancements consistently generalize
across diverse datasets and graph structures, particularly in multi-label scenarios. This gap
motivates the second research question:

RQ 2. Does integrating positional encoding and label propagation into message-passing
GNNs consistently benefit multi-label prediction on graph-structured data?

In addition to the static setting, many real-world graphs evolve over time, shifting
the task toward continual graph learning (CGL), which aims to adapt models to dynamic
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graph structures and attributes while retaining previously learned knowledge. For example,
in dynamic social networks, both the local topology (friendship links) and node labels
(user interests) may change as the graph evolves. This introduces unique difficulties for
incremental learning, such as adapting to new labels, expanding label sets, and mitigating
data leakage across temporal partitions. Most existing frameworks, however, have been
designed for single-label settings and struggle to accommodate the complexity of multi-label
evolution. This leads to the third research question:

RQ 3. Under which scenarios do current graph continual learning evaluation frameworks
fail, and how can they be generalized for both multi- and single-label scenarios?

Finally, even when focusing on static benchmarks, a critical limitation remains in how
GNNss are evaluated. Conventional metrics such as accuracy, F1 score, or AUROC provide
only aggregate views of performance, masking fine-grained instance-level variability. In
practice, certain nodes may be persistently difficult to classify due to sparse features, noisy
labels, or ambiguous structural patterns, and models with similar global accuracy may behave
very differently at the node level. Without systematic profiling, we lack tools to uncover
such differences and to link them back to underlying graph properties. This motivates the
fourth research question:

RQ 4. How can we understand the correlation between model behavior and graph data
properties through instance-level profiling?

Taken together, the above-discussed challenges highlight key research gaps in multi-label
prediction, graph message-passing systems design, continual graph learning, and graph
machine learning model evaluation. Having established the key challenges and research
questions, we now delineate the scope of this thesis and summarize the contributions made
toward addressing these issues.

1.3. THESIS SCOPE AND CONTRIBUTION

This dissertation addresses the research questions in the previous section through a sequence
of studies that investigate the limitations of existing GNN models, develop new datasets
and benchmarks, propose novel graph generation model and evaluation frameworks, and
design diagnostic tools for fine-grained analysis of model behavior. We explain below how
we addressed the research questions in more detail.

First, in addressing RQ1, we conduct a systematic investigation into the problem of
multi-label node classification with GNNs. We analyze the characteristics of widely used
graph datasets, uncovering critical limitations such as imbalanced label distributions, weak
label-induced similarities, and a large proportion of nodes with missing labels. To bridge the
gap, we construct a benchmark of multi-label graph datasets, including curated biological
graphs and a synthetic graph generator with tunable properties, which enables rigorous
evaluation of learning methods under varying structural and semantic conditions. Through
large-scale experiments across multiple datasets and algorithms, we reveal that simple
baselines such as DEEPWALK [21] can outperform sophisticated GNNs, underscoring the
importance of carefully characterizing datasets when developing new methods.

Then, in further answering RQ2, we build on the insights gained through our above
study, introducing GNN-MULTIFIX, a simple yet effective framework that fully leverages
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node features, labels, and graph structure to address the limitations of existing GNNs in
multi-label classification. Through theoretical analysis and extensive empirical evaluation,
we demonstrate that GNN-MULTIFIX achieves superior performance compared to highly
expressive GNN variants, even those designed to surpass the limitations of the 1-Weisfeiler-
Lehman test. This work underscores the importance of designing models that integrate graph
structure, node features, and suitable positional encodings. Such information is necessary to
produce expressive node embeddings, since standard message-passing GNNs, when relying
solely on neighborhood feature aggregation, are limited by their inherent locality and cannot
distinguish nodes with identical local neighborhoods but different global positions.

Next, in addressing RQ3, we extend our focus to the dynamic setting of continual graph
learning (CGL), where models must adapt to sequentially arriving tasks without catastrophic
forgetting. We develop a generalized evaluation framework for continual graph learning that
is applicable to both multi-class and multi-label classification tasks, and further adaptable
to graph- and edge-level prediction problems. Within this framework, we propose new
data-splitting strategies to generate CGL benchmarks, theoretically analyze the properties of
resulting subgraphs that are considered crucial for success of GNNs, and perform extensive
experiments across methods from continual learning, dynamic graph learning, and CGL.
Our analysis reveals the strengths and weaknesses of existing approaches, identifies their
constraints, and highlights key directions for designing more robust and flexible methods for
lifelong learning over graphs.

Finally, in addressing RQ4, we turn to a fine-grained analysis of graph learning sys-
tems, examining how specific node-level properties relate to the model’s confidence in
predicting those nodes. We propose NODEPRO, a novel node profiling framework that
provides fine-grained insights into model behavior by characterizing nodes along both
data-centric and model-centric dimensions. Rather than focusing on improving accuracy,
NODEPRO uncovers where and why models fail by profiling nodes based on their structural,
feature-based, and label-related properties, and aligning these with prediction consistency
and confidence. Through this approach, we demonstrate how NODEPRO not only explains
node-level performance but also enables practical capabilities such as detecting misclassifi-
cations, identifying anomalous nodes, and diagnosing weaknesses in datasets or models that
traditional evaluation metrics overlook.

With the scope and key contributions established, we now present an overview of the
thesis structure to guide the reader through the subsequent chapters.

1.4. HOW TO READ THIS THESIS

* Chapter 1: Introduction — This chapter provides the foundational background
necessary to follow the dissertation. Specifically, it introduces the node classification
task on graph structured data, continual graph learning, and the emerging perspective
of data-centric graph machine learning.

* Chapter 2: Multi-label Node Classification on Graph-Structured Data presents
the study on the static multi-label node classification task in answering RQ1. We
conduct a detailed analysis of existing multi-label graph datasets, propose a graph
generator with tunable parameters for controlled experimentation, and benchmark a
range of models tailored to the multi-label setting.
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* Chapter 3: GNN-MultiFix — Addressing the Pitfalls of GNNs for Multi-label Node
Classification — In this chapter, we present a method designed for multi-label node
classification in addressing RQ2. The approach integrates feature propagation, label
propagation, and positional encoding to generate informative node embeddings for the
node classification task. We provide both theoretical and extensive empirical analysis
to demonstrate its effectiveness and to compare against strong baseline methods.

* Chapter 4: AGALE - A Graph-Aware Continual Learning Evaluation Frame-
work — This chapter extends continual graph learning to the multi-label setting in
further answering of RQ3. We identify the limitations of existing evaluation protocols,
introduce new incremental learning settings, and design data-partitioning algorithms.
Large-scale experiments are conducted to validate the effectiveness of the proposed
framework.

* Chapter 5: NodePro — An Instance-Level Profiling Framework for Graph-
Structured Data — In this chapter, we introduce a framework for profiling graph
data at the instance level in answering RQ4. By characterizing both structural and
feature-based properties of nodes, the framework provides fine-grained insights into
data characteristics and model behavior, offering a new perspective on graph machine
learning model evaluation.

* Chapter 6: Conclusion — The final chapter summarizes the key contributions pre-
sented in Chapters 2 through 5 and outlines promising directions for future research in
the context of multi-label graph learning, continual graph evaluation, and data-centric
graph analysis.

1.5. THESIS ORIGINS

The four principal chapters (chapter 2 to 5) of this thesis originate from five individual
publications completed during my Ph.D. studies. These works are the result of collaborations
between myself, as the primary contributor, and my co-authors. The original papers, their
publication venues, and their corresponding thesis chapters are listed below.

1. Multi-label Node Classification On Graph-Structured Data
Tianqi Zhao, Ngan Thi Dong, Alan Hanjalic, Megha Khosla. Transactions on Machine
Learning Research (TMLR), 2023, Selected for Learning on Graphs Conference (LoG) 2024,
https://openreview.net/forum?id=EZhkV2BjDP.
Linked to Chapter 2: Multi-label Node Classification on Graph-Structured Data

2. A data-centric approach for assessing progress of Graph Neural Networks'
Tianqi Zhao, Ngan Thi Dong, Alan Hanjalic, Megha Khosla. Data-centric Machine Learning
Research (DMLR) Workshop @ International Conference of Machine Learning (ICML), 2024,
https://arxiv.org/pdf/2406.12439.
Linked to Chapter 2: Multi-label Node Classification on Graph-Structured Data

3. GNN-MultiFix: Addressing the pitfalls for GNNs for multi-label node classification
Tianqi Zhao, Megha Khosla. Under submission at Journal of Data-centric Machine Learning

IThis paper is a workshop paper corresponding to the first publication Multi-label Node Classification On Graph-
Structured Data.


https://openreview.net/forum?id=EZhkV2BjDP
https://arxiv.org/pdf/2406.12439
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Research, hitps://arxiv.org/abs/2411.14094.
Linked to Chapter 3: GNN-MultiFix — Addressing the Pitfalls of GNNs for Multi-label Node
Classification

4. AGALE: A Graph-Aware Continual Learning Evaluation Framework

Tianqi Zhao, Alan Hanjalic, Megha Khosla. Transactions on Machine Learning Research
(TMLR), 2024, Selected for conference presentation at Learning on Graphs Conference (LoG)
2024, https://openreview.net/forum?id=xDTKRLyaNN.

Linked to Chapter 4: AGALE — A Graph-Aware Continual Learning Evaluation Framework

. NodePro: An Instance-Level Profiling Framework for Graph-Structured Data

Tianqi Zhao, Russa Biswas, Megha Khosla. Under submission at Journal of Data-centric
Machine Learning Research, https://openreview.net/forum?id=CFzqKIPgMI.
Linked to Chapter 5: Instance-Level Profiling Framework for Graph-Structured Data
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MULTI-LABEL NODE
CLASSIFICATION TASK ON
GRAPH-STRUCTURED DATA

IThis chapter is based on the publication: Tianqi Zhao, Ngan Thi Dong, Alan Hanjalic, Megha Khosla, Multi-label
Node Classification On Graph-Structured Data, Transactions on Machine Learning Research (TMLR), Learning
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Research (DMLR) Workshop at ICML, 2024.



10 2. MULTI-LABEL NODE CLASSIFICATION TASK ON GRAPH-STRUCTURED DATA

2.1. INTRODUCTION

Most of the existing works on graph node classification deploying Graph Neural Networks
(GNNs) focus on a multi-class classification scenario while ignoring a more general and
realistic scenario of multi-label classification, in which each node could have multiple labels.
This scenario holds, for example in protein-protein interaction networks, in which each
protein is labeled with multiple protein functions or associated with different diseases, or in
social networks, where each user may carry multiple interest labels. In this work, we focus
on multi-label node classification on graph-structured data with graph neural networks. For
the sake of brevity, in what follows we will refer to multi-label node classification on graphs
simply as multi-label node classification.

Regarding the approaches to deploying GNNs in a multi-label node classification sce-
nario, a common practice is to transform the classification problem into multiple binary
classification problems, one per label [1]. In other words, |L| binary classifiers are trained,
where each classifier j is responsible for predicting the 0/1 association for the corresponding
label £ € L. An assumption here, however, is that given the learned feature representations
of the nodes, the labels are conditionally independent [2]. The validity of this assumption
cannot be assured in a GNN-based learning approach as GNNs ignore the label correla-
tion among the neighboring nodes and only focus on node feature aggregation during the
representation learning step [2, 3].

Furthermore, we note that the success of GNNs is widely attributed to feature smoothing
over neighborhoods and high label similarity among the neighboring nodes. Graphs with
high similarity among labels of neighboring nodes are referred to as having high homophily.
Alternatively, in heterophilic graphs, the labels of neighboring nodes usually disagree. Con-
sequently, approaches like H2GCN [4] have been proposed, which claim a high performance
on both homophilic and heterophilic node classification datasets. A subtle point here, how-
ever, is that a network with nodes characterized by multiple labels does not obey the crisp
separation of homophilic and heterophilic characteristics. As an illustration, consider a
friendship network with node labels representing user interests. Each user might share only
a very small fraction of the interests with his friends, which indicates low homophily in
the local neighborhood. Yet her/his interests/labels could be fully determined by looking
at his one-hop neighbors. Therefore, the network is also not heterophilic in the sense that
the connected users have similar interests. Consequently, the solutions taking into account
higher-order neighborhoods to tackle low homophily might not always perform well in
multi-label networks.

The lack of focused studies on multi-label node classification can also be attributed to the
scarcity of available benchmark multi-label graph datasets. As an example, there is a single
multi-label classification dataset, namely OGB-PROTEINS in the Open Graph Benchmark
(OGB) [5]. More so, the OGB-PROTEINS dataset has around 90% of the nodes unlabeled in
the test set. While the OGB leaderboard reflects benchmarking of a large number of methods
on OGB-PROTEINS, the lack of labels in the test set combined with the use of the Area
Under the ROC Curve (AUROC) metric leads to overly exaggerated performance scores.
In particular, the performance is measured by the average of AUROC scores across the L
(L is the total number of labels) binary classification tasks. In such a scenario, the model
already achieves a very high score if it outputs a high probability for the negative class for
each binary classification task.



2.2. RELATED WORK 11

Our Contributions. Our work thoroughly investigates the problem of multi-label
node classification with GNNs. Firstly, we analyze various characteristics of multi-label
graph-structured datasets, including label distribution, label induced first- and second-order
similarities, that influence the performance of the prediction models. We observe that a large
number of nodes in the current datasets only have a single label even if the average number
of labels per node is relatively high. Moreover, for the popular OGB-PROTEINS dataset,
around 89.38% of the nodes in the test set and 29.12% of train nodes have no label assigned.

Secondly, to remedy the gap of lack of datasets we build a benchmark of multi-label
graph-structured datasets with varying structural properties and label-induced similarities.
In particular, we curate 3 biological graph datasets using publicly available data. Besides,
we develop a synthetic multi-label graph generator with tunable properties. The possibility
to tune certain characteristics allows us to compare various learning methods rigorously.

Finally, we perform a large-scale experimental study evaluating 8 methods from various
categories for the node classification task over 9 datasets. We observe that simple baselines
like DEEPWALK outperform more sophisticated GNN s for several datasets. We present a
comprehensive analysis of the performance of different methods based on their own and the
dataset’s characteristics.

2.2. RELATED WORK

Multi-label classification, which assigns multiple labels for each instance simultaneously,
finds applications in multiple domains ranging from text classification to protein function
prediction. In this work we focus on the case when the input data is graph-structured, for
example, a protein-protein interaction network or a social network. For completeness, we also
discuss the related works on using graph neural networks for multi-label classification on non-
graph-structured data in Section 2.2.2. Several other paradigms of multi-label classification
including extreme multi-label classification [6—8], partial multi-label classification [9, 10],
multi-label classification with weak supervision [1 1, 12] ( for a complete overview see the
recent survey [13]). are out of the scope of the current work.

2.2.1. MULTI-LABEL CLASSIFICATION ON GRAPH-STRUCTURED DATA
Recent methods designed for multi-label node classification over graph-structured data can
be categorized into four groups utilizing (1) node embedding approaches, (2) convolutional
neural networks, (3) graph neural networks, and (4) the combination of label propagation
and graph neural networks.

NODE REPRESENTATION OR EMBEDDING APPROACHES
[14-16] usually generate a lookup table of representations such that similar nodes are em-
bedded closer. The learned representations are used as input features for various downstream
prediction modules. While different notions of similarities are explored by different ap-
proaches, a prominent class of method is random walk based which defines similarity among
nodes by their co-occurrence frequency in random walks. In this work, we specifically
use DEEPWALK [14] as a simple baseline that uses uniform random walks to define node
similarity.

Other methods like [17-19] use convolutional neural networks to first extract node rep-
resentations by aggregating feature information from its local neighborhood. The extracted
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feature vectors are then fused with label embeddings to generate final node embeddings.
Finally, these node embeddings are used as input for the classification model to generate
node labels. In this work, we adopt LANC [18] as a baseline from this category, as previous
works [18, 19] have shown its superior performance compared to other commonly used
baselines for the multi-label node classification task.

GRAPH NEURAL NETWORKS(GNNS)

popularised by graph convolution network [20] and its variants compute node representation
by recursive aggregation and transformation of feature representations of its neighbors which
are then passed to a classification module. Let xE.k) be the feature representation of node i at
layer k, .4 (i) denote the set of its 1-hop neighbors. The k—th layer of a graph convolutional
operation can then be described as

29 =AGGREGATE {1, x| je v (n}}], x{P = TRANSFORM (2

For the multi-label node classification, a sigmoid layer is employed as the last layer to
predict the class probabilities: y — (sigmoid(sz)H)), where 6 corresponds to the learnable
weight matrix in the classification module. GNN models mainly differ in the implementation
of the aggregation layer. The simplest model is the graph convolution network (GCN)
[20] which employs degree-weighted aggregation over neighborhood features. GAT [21]
employs several stacked Graph Attention Layers, which allows nodes to attend over their
neighborhoods’ features. GRAPHSAGE [22] follows a sample and aggregate approach
in which only a random sample of the neighborhood is used for the feature aggregation
step. GNNgs, in general, show better performance on high homophilic graphs in which the
connected nodes tend to share the same labels. Recent approaches like H2GCN [4] show
improvement on heterophilic graphs (in the multi-class setting). Specifically, it separates the
information aggregated from the neighborhood from that of the ego node. Further, it utilizes
higher-order neighborhood information to learn informative node representations.

LABEL PROPAGATION WITH GNNS

Prior to the advent of GNNSs label propagation (LPA) algorithms constituted popular ap-
proaches for the task of node classification. Both LPA and GNNs are based on message
passing. While GNNs propagate and transform node features, LPA propagates node label
information along the edges of the graph to predict the label distribution of the unlabelled
nodes. A few recent works [23, 24] have explored the possibilities of combining LPA and
GNNs. [23] employs knowledge distillation in which the trained GNN model (teacher
model) is distilled into a combination of GNN and parameterized label propagation module.
GCN-LPA [24] utilizes LPA serves as regularization to assist the GCN in learning proper
edge weights that lead to improved classification performance. Different from our work both
of the above works implicitly assume a multi-class setting. Moreover, [23] focuses on the
interpretable extraction of knowledge from trained GNN and can only discover the patterns
learned by the teacher GNN.
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2.2.2. MULTI-LABEL CLASSIFICATION ON NON-GRAPH-STRUCTURED
DATA USING GNNSs

There has also been an increasing trend to use graph neural networks to exploit the implicit
relations between the data and labels in multi-label classification problems on non-graph data.
For example, [25] models the problem of extreme classification as that of link prediction
in a document-label bipartite graph and uses graph neural networks together with the
attention mechanism to learn superior node representations by performing graph convolutions
over neighborhoods of various orders. ML-GCN[17] generates representations for the
images using CNN and extracts label correlation by constructing a label-label graph from
the label co-occurrence matrix. LaMP[26] treats labels as nodes on a label-interaction
graph and computes the hidden representation of each label node conditioned on the input
using attention-based neural message passing. Likewise, for the task of multi-label image
recognition [27] builds a directed graph over the object labels, where each label node is
represented by word embeddings of the label, and GCN is employed to map this label graph
into a set of inter-dependent object classifiers. The above works and many more like [28-35]
are not part of the current study as they are developed for non-graph structured data.

2.3. A DETAILED ANALYSIS OF EXISTING AND NEW DATASETS

We commence by analyzing various properties of existing multi-label datasets including
label distributions, label similarities, and cross-class neighborhood similarity(CCNS), which
could affect the performance of prediction models. In section 2.3.2 we further curate new
real-world biological datasets which to some extent improve the representativeness of multi-
label graph datasets. Finally, in Section 2.4 we propose our synthetic multi-label graph
generator to generate multi-label graph datasets with tunable properties. The possibility
to control specific influencing properties of the dataset allows us to benchmark various
learning methods effectively. We will need the following quantification of label similarity in
multi-label datasets.

Label homophily. The performance of GNNss is usually argued in terms of label homophily
which quantifies similarity among the neighboring nodes in the graph. In particular, label
homophily is defined in [4] as the fraction of the homophilic edges in the graph, where an
edge is considered homophilic, if it connects two nodes with the same label. This definition
can not be directly used in the multi-label graph datasets, as each node can have more than
one label and it is rare in the multi-label datasets that the whole label sets of two connected
nodes are the same. Usually, two nodes share a part of their labels. We, therefore, propose a
new metric to measure the label homophily 7 of the multi-label graph datasets as follows.

Definition 1. Given a multi-label graph 4, the label homophily h of 9 is defined as the
average of the Jaccard similarity of the label set of all connected nodes in the graph:

_ 1« e@neg))
& (i,))e& 2@ Ul '

Label homophily is a first-order label-induced similarity in that it quantifies the similarity
among neighboring nodes based on their label distributions.
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Cross-Class Neighborhood Similarity for Multi-label graphs. Going beyond the label
similarity among neighboring nodes, we consider a second order label induced metric which
quantifies the similarity among neighborhoods of any two nodes. [36] introduced Cross-
Class Neighborhood Similarity (CCNS) for multi-class graphs. Using CCNS, [36] attributes
the improved performance of GNNs to the higher similarity among neighborhood label
distributions of nodes of the same class as compared to different classes. We extend their
proposed CCNS measure to analyze multi-label datasets. Given two classes ¢ and ¢/, the
CCNS score measures the similarity in the label distributions of neighborhoods of nodes
belonging to ¢ and ¢’ and is defined as follows. One can visualize the CCNS scores between
all class pairs in an C x C matrix where C is the total number of classes. Common GNNs are
expected to perform better on datasets which higher scores on the diagonal than off-diagonal
elements of the corresponding CCNS matrix.

Definition 2. Given a multi-label graph 4 and the set of node labels Y for all nodes, we
define the multi-label cross-class neighborhood similarity between classes c,c' € C is given
by

s(c,c) = cos(d;,d;), (2.1)

1
|7/C"7/c’| i€7/c,j€z7/cr,i#j If(l)llf(])l
where V, = {i|c € £(i)} is the set of nodes with one of their labels as c. The vector d; € RC
corresponds to the empirical histogram (over |C| classes) of node i’s neighbors’ labels, i.e.,
the c'"* entry of d; corresponds to the number of nodes in N (i) that has one of their label as
¢ and the function cos(.,.) measures the cosine similarity and is defined as

d;-d;

cos(d;,d;)= ———.
PR d g

Note that as a node in a multi-label dataset could belong to multiple classes we exclude
the possibility of comparing a node to itself. By introducing a factor of |£(7)||£(j)| in the
denominator we are able to normalize the contribution of multi-labeled nodes for several
class pairs.

2.3.1. EXISTING DATASETS
We start by analyzing the four popular multi-label node classification datasets: (i) BLOGCAT
[37], in which nodes represent bloggers and edges their relationships, the labels denote
the social groups a blogger is a part of, (ii)) YELP [38], in which nodes correspond to the
customer reviews and edges to their friendships with node labels representing the types
of businesses and (iii) OGB-PROTEINS [5], in which nodes represent proteins, and edges
indicate different types of biologically meaningful associations between the proteins, such as
physical interactions, co-expression, or homology [39, 40]. The labels correspond to protein
functions. (iiii) DBLP [41], in which nodes represent authors and edges the co-authorship
between the authors, and the labels indicate the research areas of the authors.

We report in Table 2.1 the characteristics of these datasets including the label homophily.
In the following, we discuss in detail the various characteristics of these datasets along with
their limitations for the effective evaluation of multi-label classification.

Skewed label distributions. Figure 2.1 illustrates the label distributions in the four datasets.
Quantitatively 72.34% nodes in BLOGCAT only have one label. However, the most labeled
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Table 2.1: Dataset statistics. |7| and |&| denote the number of nodes and edges in the graph. || is
the dimension of the node features. clus and ry,,;,, denote the clustering coefficient and the label
homophily. C indicates the size of all labels in the graph. £,;,,4, £ mean, and £y qx specify the median,
mean, and max values corresponding to the number of labels of a node. 25%’, ‘50%’, and ‘75%’
corresponds to the 25th, 50th, and 75th percentiles of the sorted list of the number of labels for a node.
"N.A." means the corresponding characteristic is not available in the graph.

DATASET [V &l &l clus thomo C  Cmea Cmean Cmax 25% 50% 75%
BLOGCAT 10K 333K N.A. 046 0.10 39 1 1.40 11 1 1 2
YELP 716K 7.34M 300 0.09 022 100 6 944 97 3 6 11
OGB-PROTEINS 132K 39M 8 028 0.15 112 5 1275 100 0 5 20
DBLP 28K 68K 300 0.61 076 4 1 1.18 4 1 1 1

Figure 2.1: Label distributions. In BLOGCAT, the majority of the nodes have one label. In OGB-
PROTEINS, around 41% of total nodes have no labels, and only three nodes have the maximum number
of 100 labels.

data points are assigned with 11 labels. YELP has a total of 100 labels, the most labeled
data points have 97 labels, whereas over 50% of the nodes have equal or less than 5 labels.
Nevertheless, YELP exhibits a high multi-label character with 75% of the nodes with more
than 3 labels. OGB-PROTEINS is an extreme case in which 40.27% of the nodes do not have
any label. DBLP is the dataset with the highest portion of nodes with single labels, with the
exact percentage of 85.4%.

Issue in evaluation using AUROC scores under high label sparsity. Another so far
unreported issue in multi-label datasets is the unlabeled data. In OGB-PROTEINS, 40.27%
of nodes do not have labels. Moreover, 89.4% of the test nodes are unlabelled. More
worrying is the use of the AUROC score metric in the OGB leaderboard to benchmark
methods for multi-label classification. In particular, a model that assigns "No Label" to
each node (i.e. predict negative class corresponding to each of the independent L binary
classification tasks) will already show a high AUROC score. We in fact observed that
increasing the number of training epochs (which encourage the model to decrease training
loss by predicting the negative class) increased the AUROC score whereas other metrics like
AP or F1 score dropped or stayed unchanged.

Cross-class neighborhood similarity. In Figure 2.2 we visualize the cross-class neigh-
borhood similarity matrix for DBLP and BLOGCAT. The cells on the diagonal reflect the
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(a) Cross class Neighborhood Sim- (b) Cross class Neighborhood Sim-
ilarity in DBLP ilarity in BLOGCAT

Figure 2.2: Cross class Neighborhood Similarity in real-world datasets

intra-class neighborhood similarity, whereas the other cells indicate the inter-class neigh-
borhood similarity computed using (2.1). The contrast in 2.2a means that nodes from the
same class tend to have similar label distribution in their neighborhood, while nodes from
different classes have rather different label distributions in their neighborhoods. We will
later see in the experimental section that GNNs indeed benefit from this characteristic to
identify correctly the nodes in the same classes in DBLP. On the contrary, the intra- and
inter-class similarity are more similar in BLOGCAT, making it intricate for GNNss to classify
the nodes to their corresponding classes.

2.3.2. NEW BIOLOGICAL INTERACTION DATASETS

Motivated by the natural applicability of the multi-label classification task in various bio-
logical datasets and to improve the representativeness of available datasets, we collect three
real-world biological datasets corresponding to different multi-label classification problems:
the PCG dataset for the protein phenotype prediction, the HUMLOC, and EUKLOC datasets
for the human and eukaryote protein subcellular location prediction tasks, respectively. On
each dataset, we build a graph in which each protein is modeled as a node. The node label
is the corresponding protein’s label. An edge represents a known interaction between two
proteins retrieved from a public database. The detailed pre-processing steps and the original
data sources are discussed in Appendix 2.8.1, 2.8.1, and 2.8.1. Table 2.2 presents an overview
of the three datasets’ characteristics.

Table 2.2: Statistics for new datasets. The column notations are the same as in Table 2.1.

DATASET 7| 18] |Z| clus Thomo C Cmed Cmean Cmax 25% 50% 75%

PCG 3K 37k 32 034 017 15 1 1.93 12 1 1 2
HumLoc 3.10k 18K 32 0.13 042 14 1 1.19 4 1 1 1
EukLoc 7.70K 13K 32 0.14 046 22 1 1.15 4 1 1 1

While all the existing datasets had very low homophily, HUMLOC, and EUKLOC show
higher homophily. Moreover, these datasets improve the representativeness in terms of
varying graph structure (reflected in computed clustering coefficient) and in node, edge, and
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feature sizes. On the downside, these datasets also show a similar low multi-label character,
with the majority of nodes in these datasets still having a single label.

Among the three datasets, PCG shows a bit more
balanced label distribution (see Figure 2.3) as com-

pared to the other two. Figure 2.4 provides the ree e e
cross-class neighborhood similarity scores. All three
datasets show different patterns according to CCNS
measure which is desirable to analyse the differences

in method’s performance. While in PCG we see an
overall high scores for CCNS, the difference in inter-
and intra- class similarities is not prominent. HUM-  Figure 2.3: Label distributions in biolog-
Loc shows a slightly more contrasting intra- and ical datasets. The majority of the nodes
inter-class neighborhood similarity. EUKLOC, on in all datasets have one label.

the other hand, show very small neighborhood label

similarities for nodes of same or different classes.

1 2 3 4 1
Label count per node

(a) Cross class Neighborhood Sim- (b) Cross class Neighborhood Sim- (c) Cross class Neighborhood Sim-
ilarity in PCG ilarity in HUMLoOC ilarity in EUKLOC

Figure 2.4: Cross class Neighborhood Similarity in real-world datasets and proposed biological
datasets

2.4. MULTI-LABEL GRAPH GENERATOR FRAMEWORK

In the previous sections, we analyzed various real-world dataset properties which could
influence a method’s performance. We now develop a multi-label graph generator that will
allow us to build datasets with tunable properties for a holistic evaluation. With our proposed
framework we can build datasets with high multi-label character, varying feature quality,
varying label homophily, and CCNS similarity. We now describe the two main steps of our
multi-label graph generator.

Multi-label generator. In the first step, we generate a multi-label dataset using ML-
DATAGEN [42]. We start by fixing the total number of labels and features. We then construct
a hypersphere, H € R/ centered at the origin and has a unit radius. Corresponding to each
label in set £ we then generate a smaller hypersphere with a random radius but with the
condition that it is contained in H. We now start populating the smaller hyperspheres with
randomly generated datapoints with || dimensions. Note that each datapoint may lie in
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a number of overlapping hyperspheres. The labels of the datapoint then correspond to the
hyperspheres it lies in.

Graph generator. Having constructed the multi-label dataset, we now construct edges
between the data points by using a social distance attachment model [43]. In particular, for
two given datapoints (nodes) i and j, their corresponding feature vectors are their coordinates
given x; and x; respectively. The corresponding label vectors are denoted by y; and y;. We
denote the hamming distance between the label vectors of nodes i and j by d(y;,y;). We
then construct an edge between datapoints (nodes) i and j, (i, j) with probability given by

1
C 1+ (b td(y;,yp®

pij (2.2)

where a is a homophily parameter, b is the characteristic distance at which p;; = % Note
that the edge density is dictated by both the parameters a and b. A larger b would result in
denser graphs. A larger homophily parameter a would assign a higher connection probability
to the node pairs with shorter distances or nodes with similar labels. In particular, it is a
random geometric graph model, which in the limit of large system size (number of nodes)
and high homophily (large a) leads to sparsity, non-trivial clustering coefficient and positive
degree assortativity [44], properties exhibited by real-world networks. By using different
combinations of values of & and b, we can control the connection probability and further
the label homophily of the generated synthetic graphs. We perform an extensive empirical
analysis to study the relationship between a, b, and the label homophily of the generated
datasets. We provide detailed instructions to use our synthetic data generator and our
empirical analysis in Appendix 2.8.2.

Synthetic datasets with fixed homophily and varying feature quality. For our experi-
mental analysis, we generate synthetic datasets with 3K nodes, 10 features, and a total of
20 labels. Towards analyzing the variation in the method’s performance with variation in
homophily and feature quality first we constructed a dataset with fixed homophily of 0.377
(using a = 8.8, b=0.12) and edge set of size 1 M. We refer to this dataset as SYNTHETIC1.
We create five variants of SYNTHETIC1 with varying feature quality. In particular, we add 10
random features for every node, which we refer to as irrelevant features. We then generate
its variants by removing original features such that the ratio of the number of original to that
of irrelevant features varies as in {1,0.8,0.5,0.2,0}. From the label distribution plot in 2.5a,
we observe the dataset is more multi-label than the real-world datasets because a higher
number of nodes now have multiple labels.

Synthetic datasets with varying homophily and CCNS. We also use 5 different pairs
of a and b and the same multi-label data from the first step to construct 5 synthetic graphs
with label homophily (rounded up) in {0.2,0.4,0.6,0.8,1.0} to conduct the experiment where
we test the influence of the label homophily on the performances of the node classification
methods. The detailed statistics of the synthetic datasets are provided in Appendix 2.8.2
in Table 2.5. Figure 2.5 visualizes the cross-class neighborhood similarity in the five
hypersphere datasets with varying homophily levels (homophily varies in [0.2, 0.4, 0.6,
0.8, 1.0]). In the synthetic graphs with low label homophily, the intra- and inter-class
neighborhood similarities show no significant differences, i.e., the nodes from different
classes have similar label distributions in their neighborhoods. We overall observe a high
absolute value of neighborhood similarity. The reason here is that similar to BLOGCAT
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(a) Label distribution in the syn- .

thetic dataset is more balanced. A
relatively high multi-label charac- (b) Cross-class Neighborhood (c) Cross-class Neighborhood
ter is exhibited with 50% nodes Similarity in graph label ho- Similarity in graph label ho-
having more than 3 labels. mophily=0.2 mophily=0.4

(d) Cross-class Neighborhood (e) Cross-class Neighborhood (f) Cross-class Neighborhood
Similarity in graph label ho- Similarity in graph label ho- Similarity in graph label ho-
mophily=0.6 mophily=0.8 mophily=1.0

Figure 2.5: Cross-class Neighborhood Similarity in hypersphere datasets with varying label homophily

(which also shows overall high CCNS scores) these synthetic low homophily graphs are
highly connected and have a high average degree. As the label homophily gets higher, the
contrast between the intra- and inter-class similarity becomes more significant.

2.5. EXPERIMENTS

From our dataset analysis in the previous sections we observe that, unlike commonly used
multi-class datasets, multi-label datasets usually have low label homophily and a more varied
cross-class neighborhood similarity. Moreover, similar to the case of multi-class datasets,
node features might not always be available (as in BLOGCAT) or might be noisy. In this
section, we perform a large-scale empirical study comparing 8 methods over 7 real-world
multi-label datasets and 2 sets of synthetic datasets with varying homophily and feature
quality. Our experiments are designed to reveal and understand (i) properties of datasets
that favor certain methods over others and (ii) the effect of varying feature quality and label
homophily on method performance. The training and hyperparameter settings for each
model are summarized in the Appendix 2.8.3 in tables 2.7 and 2.8. Our code is available at
https://github.com/Tianqi-py/MLGNC.

Datasets. We employ 7 real-world datasets including BLOGCAT, YELP, OGB-PROTEINS,
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DBLP, PCG, HuMLoc, EUKLOC, and 2 sets of synthetic datasets with varying homophily
and feature quality. These datasets are already described in Section 2.3. For all datasets
except OGB-PROTEINS, HUMLOC, and EUKLOC we generate 3 random training, validation,
and test splits with 60%, 20%, and 20% of the data. For OGB-PROTEINS, HUMLOC, and
EUKLoOC we follow the predefined data splits from [5], [45] and [46] respectively. As
BLOGCAT has no given node features, we use an identity matrix as the input feature matrix.

Compared Methods. For a holistic evaluation we include four classes of compared
methods (i) simple methods, which include Multilayer Perceptron (MLP), which only uses
node features and ignores the graph structure, and DEEPWALK, which only uses graph
structure and ignores the node features (ii) Convolutional neural networks based which
employ convolutional operations to extract representations from node’s local neighborhoods
and merge them with label embeddings for the final classification. We choose LANC as a
baseline from this category, as previous works [18, 19] have shown its superior performance.
(iii) graph neural networks including (a) GCN, GAT, and GRAPHSAGE, which are known
to perform well for graphs with high label homophily, and (b)H2GCN, which is designed
to perform well both on homophilic and heterophilic graphs and (iiii) GCN-LPA which
combines label propagation and GCN for node classification. All these methods are also
discussed in Section 3.2.

Evaluation Metrics. We report the average micro- and macro-F1 score, macro-averaged
AUC-ROC score, macro-averaged average precision score, and standard deviation over the
three random splits. Due to space constraints, we report average precision (AP) in the main
paper, and all detailed results are available in Tables 2.9, 2.10, 2.11 in the Appendix 2.8.4.
Our choice of using AP over AUROC as the metric is also motivated in Appendix 2.8.5.

2.6. RESULTS AND DISCUSSION

Table 2.3: Mean performance scores (Average Precision) on real-world datasets. The best score
is marked in bold. The second best score is marked with underline. "OOM" denotes the "Out Of
Memory" error.

Method BLOGCAT YELP OGB-PrROTEINS DBLP PCG HumLoc EuUkLoC
MLP 0.043 0.096 0.026 0.350 0.148 0.170 0.120
DEEPWALK 0.190 0.096 0.044 0.585 0.229 0.186 0.076
LANC 0.050 OOM 0.045 0.836 0.185  0.132 0.062
GCN 0.037 0.131 0.054 0.893 0.210 0.252 0.152
GAT 0.041  0.150 0.021 0.829 0.168  0.238 0.136
GRAPHSAGE 0.045 0.251 0.027 0.868 0.185 0.234 0.124
H2GcCN 0.039 0.226 0.036 0.858 0.192 0.172 0.134
GCN-LPA 0.043 0.116 0.023 0.801 0.167 0.150 0.075

2.6.1. RESULTS ON REAL-WORLD DATASETS.

Table 2.3 we provide the results for 7 real-world datasets. In general, on datasets with low
label homophily, such as BLOGCAT and PCG, node representation or embedding learning
methods such as DEEPWALK, outperform more sophisticated GNN based methods and
simple MLP baseline. Classical GNNs show better performance on datasets characterized by
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high label homophily. H2GCN which is designed for multi-class datasets with heterophily
do not show a performance improvement over classical GNNs on multi-label graph datasets
with low homophily. Likewise, the method that combine label propagation with GNNs,
achieve only comparable results to classical GNNs.

BLOGCAT. For BLOGCAT all GNN approaches as well as LANC and GCN-LPA obtain
scores close to that of MLP which do not use any graph structure. Notably, MLP uses
identity matrix as input features which in principle provides no useful information. The
corresponding scores can be seen as the result of a random assignment. As a method unifying
the label and feature propagation, GCN-LPA does not show improvement on BLOGCAT
compared to other baselines. This is because GCN-LPA uses the label propagation to
adjust the edge weight and still only generates embedding by aggregating features over the
weighted graph, while DEEPWALK take advantage of the informative topological structure
in the graph and achieves the best performance.

YELP, OGB-PROTEINS and DBLP. YELP has low label homophily and low clustering
coefficient but a more balanced label distribution as compared to other real-world datasets,
so approaches designed specifically for low homophilic graphs and are capable of preserving
information from both low- and high- order neighborhoods are expected to perform better
for this dataset. Among the GNN-based baselines, H2GCN which has shown improvements
in low homophilic multi-class datasets outperforms GCN,GAT, and GCN-LPA but is still
outperformed by GRAPHSAGE. The use of CNNs in LANC to aggregate neighborhood
features leads to excessive memory utilization for a graph with a very high maximum degree.
This led to the out-of-memory error for YELP.

All methods perform poorly on OGB-PROTEINS with GCN and LANC slighty out-
performing others. It also has low homophily which is similar to BLOGCAT, which also
does not provide GNNs with any additional advantage. In particular, DEEPWALK and
H2GcN outperform GAT and GRAPHSAGE as well as more sophisticated GCN-LPA. It is
worth noting that the previously reported results on the OGB-PROTEINS leaderboard [5] are
significantly exaggerated due to the utilization of the AUROC metric in conjunction with
excessive model training. When using the metic Average Precision, the scores we get is
much lower that what were reported on the leaderboard.

As a co-authorship dataset, DBLP has the highest label homophily and the largest portion
of nodes with a single label among all the real-world datasets. As shown in Figure 2.2a in the
section 2.3.1, the inter-class similarity is much weaker than the intra-class similarity. Besides,
the high clustering coefficient indicates that the local neighborhood is highly connected. All
of these factors further justify the best performance shown by GCN. Besides, the relatively
poor performances of MLP and DEEPWALK indicate that the features or the structure alone
are not sufficient for estimating node labels.

PCG, HuMLoOC and EUKLOC. If the features are highly predictive of the labels, the
simple baselines MLP using only feature information would be a competitive baseline. In
the experiments with the datasets, where the features are highly correlated (evident from
relatively better performance of MLP) with the assigned labels, i.e., the biological interaction
datasets HUMLOC and EUKLOC (shown in Table 2.3), GNNs and GCN-LPA tend to have
better performance than DEEPWALK and LANC which only utilizes graph structure and
features from the direct neighborhood. PCG exhibits low label homophily and high clustering
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coefficient. Consistent with observations in other low homophilic datasets DEEPWALK
outperforms other methods in PCG too. H2GCN, on the other hand, is outperformed by
simpler GNN baseline like GCN.

2.6.2. RESULTS ON SYNTHETIC DATASETS

Table 2.4 provides results for synthetic datasets with varying feature quality and label
homophily. We provide a detailed analysis and argue about performance differences in the
following sections.

Table 2.4: Average Precision (mean) on the synthetic datasets with varying levels of feature quality and
homophily parameter. r'or;_feqr and rpomo refer to the fraction of original features and the homophily
parameter value, respectively.

Method Tori_feat Thomo
0.0 0.2 0.5 0.8 1.0 0.2 0.4 0.6 0.8 1.0

MLP 0.172 0.187 0.220 0.277 0.343|0.343 0.343 0.343 0.343 0.343
DEEPWALK |0.487 0.487 0.487 0.487 0.487|0.181 0.522 0.813 0.869 0.552
LANC 0.337 0.342 0.365 0.353 0.391|0.190 0.380 0.434 0.481 0.629
GCN 0.313 0.316 0.311 0.301 0.337 | 0.261 0.343 0.388 0.450 0.493
GAT 0.311 0.339 0.329 0.338 0.360| 0.172 0.359 0.390 0.428 0.439
GRAPHSAGE | 0.300 0.328 0.377 0.393 0.430|0.289 0.426 0.458 0.533 0.553
H2GcN 0.376 0.401 0.427 0.442 0.467 | 0.297 0.484 0.512 0.572 0.652
GCN-LPA 0.337 0.333 0.368 0.363 0.391 | 0.170 0.408 0.495 0.604 0.583

EFFECT OF VARYING FEATURE QUALITY.

As simple baseline MLP and other GNN-based models use features as input, we assume they
will be sensitive to the varying feature quality. As DEEPWALK uses the graph structure alone,
its performance would not be affected by the varying feature quality. To further validate our
hypothesis and test the robustness of the methods to feature quality, we compare the method
performances on variants of the generated SYNTHETIC 1 dataset. Specifically, we vary the
ratio of the original to the irrelevant features as in {0,0.2,0.5,0.8,1.0}.

As shown in Table 2.4, under all levels of feature quality, the performances of DEEP-
WALK do not change, as it generates representations for the nodes solely from the graph
structure. The MLP is unsurprisingly the most sensitive method to the varying feature quality
because it completely ignores the graph structure. LANC is also sensitive to the change of
the feature quality as it extracts feature vectors from the local neighborhood by performing
convolutional operations on the stacked feature matrix of the direct neighbors.

The SYNTHETIC dataset used in this experiment has a label homophily of 0.3768, which
is a relatively high label homophily for the multi-label datasets. Surprisingly, GCN-LPA
which employs the label information performs only a little better than GRAPHSAGE on the
feature-to-noise ratio of 0 and 0.2. H2GCN, on the other hand, outperforms all GNN-based
baselines and GCN-LPA for all levels of feature quality.

EFFECT OF VARYING LABEL HOMOPHILY.
In this subsection, we test the robustness of the methods to varying homophily and further
argue how low label homophily has different semantics on multi-label graphs as it does on
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multi-class datasets. Specifically, we vary the label homophily as in {0.2,0.4,0.6,0.8,1.0}.

As shown in Table 2.4, the performances of MLP do not change under different levels of
label homophily, due to the fact that MLP only use the input features.

H2GCN is a method that has been shown to perform well on heterophilic multi-class
datasets. In the multi-label scenarios, it exhibits better performance than other GNN methods
but is outperformed by simple MLP baseline in case of label homophily of 0.2.

On the other hand, with most of the attention drawn to developing new complicated
methods for the node classification task, we observe simple baselines such as DEEPWALK
outperform standard GNNSs in several scenarios. On the synthetic datasets with the label
homophily of 0.4, 0.6 and 0.8, DEEPWALK is the best-performing method. As shown in Table
2.4, the performance of DEEPWALK drops when the label homophily is 1.0. However, we
want to emphasize that this is because we fixed the same walk length for DEEPWALK for all
levels of label homophily and the improvement can be shown with a possible hyperparameter
tuning.

As mentioned in section 2.4, the intra-class similarity is significantly stronger than
the inter-class similarity in the synthetic graphs with higher label homophily, which helps
GNN-based models to better distinguish the nodes from different classes and thus achieve
better results in the node classification task.

2.7. CONCLUSION

We investigate the problem of multi-label node classification on graph-structured data. Filling
in the gaps in current literature, we (i) perform in-depth analysis on the commonly used
benchmark datasets, create and release several real-world multi-label datasets and a graph
generator model to produce synthetic datasets with tunable properties, (ii) compare and
analyse the performances of the methods from different categories for the node classification
task by conducting large-scale experiments on 9 datasets and 8 methods, and (iii) release our
benchmark publicly.

We have novel and compelling insights from our analysis of specific datasets and GNN
approaches. For instance, we uncover the pitfalls of the commonly used OGB-Protein dataset
for model evaluation. While multi-label graph datasets usually show low homophily, we
show that approaches working on low homophilic multi-class datasets cannot trivially work
on multi-label datasets which usually have low homophily.

While current graph-based machine learning methods are usually evaluated on multi-
class datasets, we demonstrate that the acquired improvements cannot always be translated
to the more general scenario when the nodes are characterized by multiple labels. We believe
that our work will open avenues for more future work and bring much-deserved attention
to multi-label classification on graph-structured data. In future work, we plan to study the
interplay of different dataset characteristics (for example edge density and label homophily)
on the model performance.

2.8. APPENDIX

Organization. We explain the construction details of the biological datasets in 2.8.1. Fur-
thermore, in Section 2.8.2, we study the parameters of the graph generator and demonstrate
how we generate the synthetic datasets with varying label homophily. We also summarize
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the characteristics of the generated synthetic graphs that were used in Section 2.5 for the
varying homophily and feature quality experiments. In Section 2.8.3, we summarize the
hyperparameters of the models we used in this work. In Section 2.8.4, we provide the full
original experiment results on all datasets reported in Micro- and Macro- F1, AUROC, and
Average Precision score with the standard deviation of the 3 random splits if the dataset is
not pre-splitted. Note that for higher precision, the scores are provided in percentages. Last
but not least, we provide the motivation for using Average Precision in the main paper in
Section 2.8.5.

2.8.1. BIOLOGICAL DATASET CONSTRUCTION

THE PROTEIN PHENOTYPE PREDICTION DATASET.

A phenotype is any observable characteristic or trait of a disease. Identifying the phenotypes
associated with a particular protein could help in clinical diagnostics or finding possible drug
targets.

To construct the phenotype prediction dataset, we first retrieve the experimentally vali-
dated protein-phenotype associations from the DisGeNET [47] database. We then (i) retain
only those protein associations that are marked as “phenotype”, (ii) match each disease to its
first-level category in the MESH ontology [48], and (iii) remove any (phenotype) label with
less than 100 associated proteins. To construct the edges, we acquire the protein functional
interaction network from [49] (version 2020). We then (i) model each protein as a node in
the graph, (ii) retain only the protein-protein interactions between the proteins that have the
phenotype labels available, and (iii) remove any isolated nodes from the constructed graph.
In the end, our dataset consists of 3,233 proteins and 37,351 edges. The node features are
the 32-dimensional sequence-based embeddings retrieved from [50] and [51].

THE HUMAN PROTEIN SUBCELLULAR LOCATION PREDICTION DATASET (HUMLOC).
Proteins might exist at or move between different subcellular locations. Predicting protein
subcellular locations can aid the identification of drug targets'. We retrieve the human
protein subcellular location data from [45] which contains 3,106 proteins. Each protein can
have one to several labels in 14 possible locations. We then generate the graph multi-label
node classification data as follows:

* We model each protein as a node in the graph. We retrieve the corresponding protein
sequences from Uniprot [50]. We obtain the corresponding 32-dimensional node feature
representation by feeding them to a pre-trained model [51] on protein sequences.

* Each node’s label is the one-hot encoding (i.e., 14 dimensions) generated from its sub-
cellular information. Each value in the label vector represents one sub-cellular location. A
value of 1 indicates the corresponding protein exists at the respective location and 0 means
otherwise.

* The edge information is generated from the protein-protein interactions retrieved from
the IntAct [52] database. There exists a connection between two nodes in the graph if
there exists an interaction between the corresponding proteins in IntAct. For each pair of
proteins, more than one interaction of different types might exist. Therefore, we assign

1 https://en.wikipedia.org/wiki/Protein_subcellular_localization_prediction
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each edge a label. The edge label is modeled as a 21-dimensional vector where each value
in the vector represents the confidence score for a particular connection type.

In the end, the HUMLOC dataset consists of 3,106 nodes and 18,496 edges. Each node can
have one to several labels in the 14 possible locations. Among the 3,106 different proteins,
2,580 of them belong only to 1 location; 480 of them belong to 2 locations; 43 of them
belong to 3 locations and 3 of them belong to 4 locations. Both the accession numbers and
sequences are given. None of the proteins has more than 25% sequence identity to any other
in the same subset (subcellular location). For a more detailed description of the original
dataset, we refer the readers to [45].

THE EUKARYOTE PROTEIN SUBCELLULAR LOCATION PREDICTION DATASET (EUKLOC).
We retrieve the eukaryote protein subcellular location multi-label data from [46]. We then
employ the same data sources and pre-processing strategy as described for the HUMLOC
dataset to generate the multi-label node classification dataset for eukaryote protein subcellular
location prediction. In the end, the final pre-processed data contains 7,766 proteins (nodes)
and 13,818 connections(edges). Each protein(node) can receive one to several labels in 22
possible locations.

2.8.2. PARAMETER STUDY OF THE GRAPH GENERATOR MODEL
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Figure 2.6: Visualization of the parameter study of the Graph Generator Model. The first two subplots
demonstrate the relationships between the value of @ and b and the label homophily of the generated
synthetic datasets. The last subplot shows the edge density and the label homophily of the generated
synthetic graphs. This shows with the same multi-label data, we can generate synthetic graphs with
varying label homophily.

As mentioned in Section 2.4, the choice of a and b will directly determine the connection
probability p; ; of each pair of nodes i and j and the homophily ratio of the generated
synthetic graph. Here, we demonstrate how we choose the value of a and b to generate
synthetic graphs with varying homophily ratios. Note that the valid range of a and b may
differ when a different distance metric is used.

Firstly, we randomly choose 500 nodes from SYNTHETIC1 dataset and generate a series
of small synthetic graphs with varying a and b and observe the relationship between them.
Since we have two hyperparameters’ ranges to determine, we first fix the value of one and
explore the range of the other and then vice versa. To recall, b indicates the characteristic
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distance at which p;; = %, and our hamming distance should be in the range of [0, 1], we
first fix b to 0.05. We chose a small value of b because the larger value of b would dominate
the influence of a and the relationship between the homophily ratio and the change of the
value of a becomes unclear. The relationship between the homophily ratio of the generated
synthetic graphs and the value of a is shown in Figure 2.6(a). As shown in the subplot, the
label homophily increases monotonically as the value of a increases in the range of [0, 10].
As «a is interpreted as the homophily parameter in [43], only positive values make sense.

Similarly, we then fix a to its middle value in the valid range, i.e. 5, and explore the
valid range of b and visualize the relationship of the graph level homophily ratio and the
value of b in Figure 2.6(b). As illustrated in the subfigure, the label homophily decreases as
the b increases in the range of (0,0.25]. As b increases, the node pairs with bigger distance
would also have 50% of the probability to be connected, the number of edges will increase,
and the label homophily ratio will decrease. As b decreases, the node pair with a smaller
distance would only have 50% of the probability of being connected. The model becomes
cautious about connecting a node pair. The number of edges decreases and only the node
pairs, which are alike will be connected, thus, the label homophily ratio increases.

Then, we use combinations of a and b to generate synthetic graphs with specific ho-
mophily ratios. We sample 20 as and bs uniformly from their valid ranges with the incre-
ments 0.5 and 0.0125. Since the graph label homophily has an inverse linear relationship
with a and b, we arrange the sampled b in reverse order and then form 20 value pairs
(alpha, b). We generate 20 synthetic graphs from the multi-label dataset corresponding
to SYNTHETIC1 with these value pairs (@, b) and plot the homophily ratio and the edge
density of the generated graphs in Figure 2.6(c). As shown in the subplot, using the same
multi-label data, we are able to generate synthetic graphs with varying homophiles. And
the edge density decreases when label homophily increases. As in higher label homophily
graphs, the generator will only connect the nodes that are highly similar to each other. In
contrast, when the label homophily is low, the graph generator will connect every possible
node pair in the graph resulting in denser graphs.

STATISTICS OF THE SYNTHETIC DATASETS

Here we summarize the characteristics of the generated synthetic graphs with varying label
homophily and feature quality. The first row denotes the name of the synthetic graphs,
where in the varying homophily experiments, the variants of datasets are named with
their label homophily. The SYNTHETIC1 dataset is used in the varying feature quality
experiment, where we remove the relevant features to create dataset variants with varying
feature quality levels. Note that for all the datasets the label distribution stays the same as
they are just different graphs generated from the same multi-label dataset. The statistics on
label distribution for these datasets are given in Table 2.5 and Table 2.6.

2.8.3. HYPERPARAMETER SETTING
In this section, we summarize all the hyperparameters we used for the experiment section.
The detailed setting is listed in Table 2.7 and 2.8.

More specifically, for MLP and all GNN-based methods, we summarize the number of
layers, the dimension of the hidden layer, the learning rate, the patience of the Earlystopping,
the weight decay, and the number of neighbors we sample for the models that require
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Table 2.5: The number of edges and clustering coefficient of the synthetic datasets with varying
label homophily and SYNTHETIC1. The row of ’|EI’ denotes the number of edges and the ’clustering
coefficient’ denotes the clustering coefficient of these datasets

Dataset 0.2 0.4 0.6 0.8 1.0 SYNTHETIC1
[El 2.37M | 598k | 298k | 79.5k | 47.6k 1.00M
Clustering Coefficient | 0.53 0.37 | 0.39 | 0.49 0.93 0.57

Table 2.6: The label distribution of the synthetic dataset used in this work. The column notations are
same as in Table 2.1.

|L] |Lmed| |Lmean| |Lmax| 25% 50% 75%

label distribution | 20 3 3.23 12 1 3 5

sampling.

We use the same number of layers and the same hidden size for MLP and the other
GNN-based methods. The learning rate for the synthetic datasets in the varying feature
quality and homophily experiments is 0.001 instead of 0.01 as in the other models because
the performance of the H2GCN is further improved. We also use Earlystopping with the
patience of 100 epochs to train the models properly. For GRAPHSAGE, we sample 25 and 20
one and two hops away neighbors for aggregation. As other GNN-based baselines do not
use the sampling method, the corresponding cells are filled with "No".

For the only random-walk-based method, we deploy the default setting for all the datasets
in this work as DEEPWALK already shows competitive performance. We perform 10 random
walks with the walk length of 10 for each node to generate the sequence and use the window
size of 5 for the training pairs, the generated embedding size is 64.

2.8.4. THE EXPERIMENT RESULTS REPORTED IN FOUR METRICS

We summarize the experimental results on the real-world datasets and the synthetic datasets
in Table 2.9, Table 2.10, and Table 2.11, respectively. For better precision, we report
the scores in percentages. Specifically, for the scores reported on OGB-PROTEINS, the
difference between our results and those reported in the benchmark is because 1) we use 2
layer MLP without Node2Vec features. 2) We use Earlystopping with the patience of 100
epochs to prevent the models from being overtrained. 3) We use sampled local neighborhoods
to have a consistent setting for all the datasets using GRAPHSAGE. The specific parameters
we used are summarized in 2.8.3. Another pre-processing we did was to remove the isolated
nodes in PCG. The details are described in Appendix 2.8.1.
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Table 2.7: The hyperparameter setting for MLP and GNN baselines in this work for all datasets

MLP | GCN, GAT, GraphSAGE H2GCN GCN-LPA

2 GCN
Layers 2 2 2
5 LPA
Hidden size 256 256 256 256

real-world: 0.01
Learning rate 0.01 0.01 0.01

synthetic: 0.001

Earlystopping patience | 100 100 100 100
Weight decay Se-4 Se-4 Se-4 le-4
Sample for aggregation | No GraphSAGE:[25, 10] No No

Table 2.8: The hyperparameter setting for DEEPWALK in this work for all datasets

Number of walks | Walk length | Embedding size | Window size

DeepWalk 10 10 64 5

Table 2.9: Multi-label Node Classification results on real-world datasets. The results of BLOGCAT,
YELP, PCG, and DBLP are the mean of three random splits with 60% for train-, 20% validation and
20% test dataset, while the results of OGB-PROTEINS, HUMLOC, EUKLOC are reported with the
built-in split.

DATASET METHOD Micro-F1  MAcCrRoO-F1  AUC-ROC AP
MLP 17.11+0.64 2.49+0.18 50.30+1.04 4.25+0.63
DEEPWALK  35.59+0.21 19.74+0.54 73.20+0.58 18.55+0.17
) LANC 13.95+2.02 4.55+0.82 52.34+0.91 5.03+0.07
3 Tc GCN 16.69 +0.47 2.63+0.08 47.85+0.06 3.69+0.04
MmO GAT 17.22+0.52 2.48+0.08 50.88 +1.45 4.05+0.09
GRAPHSAGE 16.18+0.31 2.38+0.27 52.73+£0.82 4.50+0.12
H2GcCN 16.86+0.34 2.60+0.16 49.83+1.08 3.92+0.05

GCN-LPA 17.15+0.68 2.55+0.19 51.35+0.67 4.33+0.31
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Table 2.9: Multi-label Node Classification results on real-world datasets. The results of BLOGCAT,
YELP, PCG, and DBLP are the mean of three random splits with 60% for train-, 20% validation and
20% test dataset, while the results of OGB-PROTEINS, HUMLOC, EUKLOC are reported with the

built-in split.

DATASET METHOD Micro-F1  MACRrRO-F1  AUC-ROC AP
MLP 26.04+0.09 18.55+0.20 50.17+£0.01 9.58 +£0.01
DEEPWALK 49.78+0.07 24.98+0.04 50.67+0.08 9.60 £0.02

N LANC - - - -

o GCN 52.21+0.07 27.60+0.04 53.81+0.13 13.14+0.06

e GAT 51.24+0.08 26.66+0.06 67.80+0.05 15.00+0.07
GRAPHSAGE 56.06+0.10 31.26+0.10 81.05+0.25 25.09+0.31
H2GcCN 54.12+0.01 30.52+0.11 75.25+0.46 22.57+0.51
GCN-LPA 50.31+0.29 25.68+0.43 61.09+2.27 11.62+0.74
MLP 2.55 2.40 54.05 2.59

z DEEPWALK 2.88 2.75 68.75 4.41

h H LANC 2.35 2.21 68.03 4.48

02 GCN 2.77 2.63 71.48 5.36

O A GAT 2.55 2.40 50.64 2.14
GRAPHSAGE 2.59 2.43 55.83 2.68
H2GcN 2.55 2.39 62.75 3.61
GCN-LPA 2.56 241 53.22 2.33
MLP 42.14+0.27 32.04+£0.65 54.47+0.07 34.97+0.14
DEEPWALK 63.27+0.34 59.11+0.36 74.81+0.16 58.49+0.25

5 LANC 81.93+0.29 80.39+0.42 91.76+0.36 83.55+0.98

m GCN 87.03+0.20 85.80+0.38 94.15+0.16 89.27+0.24

A GAT 83.06+0.17 81.26+0.14 92.57+0.07 82.93+0.16
GRAPHSAGE 85.22+0.23 83.89+0.21 94.32+0.02 86.84+0.18
H2GcCN 83.99+0.92 8256+0.86 92.14+0.57 85.82+0.64
GCN-LPA 82.88+0.31 81.31+0.3¢ 90.17+0.43 80.07+1.24
MLP 38.04+1.20 18.03+1.29 51.07+0.63 14.78+0.60
DEEPWALK  42.26+1.37 31494090 63.58+0.87 22.86+1.00

o LANC 36.28+0.34 20.50+1.15 56.58+0.69 18.53+1.14

&) GCN 41.46+1.21 25.59+0.92 59.54+0.82 21.03+0.34

A GAT 3691+1.75 19.24+0.75 56.33+4.64 16.75+2.17
GRAPHSAGE 38.89+1.17 24.44+174 5857+0.08 18.45+0.29
H2GcN 39.05+0.99 24.38+2.17 58.10+0.14 19.19+0.49
GCN-LPA 39.57+1.12 2290+1.33 54.74+0.95 16.71+0.14
MLP 42.12 18.04 66.04 16.95
DEEPWALK 45.26 23.30 65.67 18.58

o LANC 39.25 11.51 59.65 13.24

=ls) GCN 51.67 25.57 67.28 25.15

=l GAT 47.10 17.49 72.47 23.75
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Table 2.9: Multi-label Node Classification results on real-world datasets. The results of BLOGCAT,
YELP, PCG, and DBLP are the mean of three random splits with 60% for train-, 20% validation and
20% test dataset, while the results of OGB-PROTEINS, HUMLOC, EUKLOC are reported with the
built-in split.

DATASET METHOD Micro-F1 ~ MAcRo-F1  AUC-ROC AP
GRAPHSAGE 48.05 21.22 70.30 23.42

H2GcN 45.39 18.35 64.31 17.23
GCN-LPA 45.73 18.15 62.40 14.96

MLP 43.58 11.13 66.83 12.00
DEEPWALK 34.67 6.74 56.12 7.58

LANC 36.08 4.55 51.13 6.16

5 . 8 GCN 45.86 12.27 70.53 15.15
¥ = Gar 41.58 6.76 71.65 13.59
GRAPHSAGE 44.65 11.96 69.04 12.44

H2GcN 44.93 11.80 69.45 13.35
GCN-LPA 36.72 5.93 56.65 7.45

2.8.5. CHALLENGE OF THE EVALUATION METRICS

The Area under the ROC curve (AUC) and the Area under the Precision-Recall curve
(AUPR) are two widely accepted non-parametric measurement scores used by existing
works. Nevertheless, as discussed in [53], the AUC score is sometimes misleading for highly
imbalanced datasets like those in our work. In addition, AUPR might lead to over-estimation
of the models’ performance when the number of thresholds (or unique prediction values) is
limited [54]. For such reasons, as suggested in [54], we instead use the Average Precision
(AP) score as our primary evaluation metric. Following previous works, we also report the
F1 score. As it is a threshold-based metric we emphasize that it might be biased when the
benchmarked models have different prediction score ranges.

2.8.6. CROSS-CLASS NEIGHBORHOOD SIMILARITY PLOTS

In this section, we put the heat maps of the cross-class neighborhood similarity for all the
datasets used in this work. We use color coding, where a darker shade in the cell indicates a
stronger cross-class neighborhood similarity.
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Table 2.10: Multi-label Node Classification results on Synthetic dataset with varying feature quality.
All results are the mean of three random splits. The Ratios of the relevant and the irrelevant features

are [0,0.2,0.5,0.8,1.0].

FEATURE RATIOS METHOD Micro-F1 MAcRroO-F1 AUC-ROC AP
MLP 67.05+£091 25.15+0.89 50.99+1.11 17.17+0.42
DEEPWALK 86.22+0.39 47.80+031 84.15+0.56 48.70+0.51
LANC 69.67+0.26 26.68+1.16 7536+1.17 33.68+0.88
GCN 67.09£0.95 25.12+1.09 77.17+£0.92 31.27+0.66
< GAT 66.67+0.71  25.09+1.24 61.96+3.97 31.10+£3.17
GRAPHSAGE 67.90+1.40 25.87+1.51 66.47+0.31 30.01+0.71
H2GcN 71.12+1.26 27.45+1.18 80.83+0.98 37.64+1.72
GCN-LPA 70.26+£2.00 26.70+1.47 70.58+2.04 33.65+2.61
MLP 68.37+0.55 26.61+0.47 54.47+0.19 18.70+0.69
DEEPWALK 86.22+0.39 47.80+031 84.15+056 48.70+0.51
LANC 70.84+£1.75 27.62+0.74 74.42+2.02 34.24+1.42
N GCN 67.42+1.07 2531+1.09 77.47+0.87 31.59+0.63
< GAT 67.07+£1.07 25.03+1.16 64.55+0.60 33.90+0.30
GRAPHSAGE 70.14+0.60 27.99+1.07 69.44+1.09 32.84+0.79
H2GceN 73.21+£1.07 28.85+1.23 81.78+1.24  40.12+4.24
GCN-LPA 69.67+1.67 26.14+1.53 71.02+1.71 33.33+1.31
MLP 68.83+£0.78 27.57+1.10 61.63+£0.74 21.95+0.40
DEEPWALK 86.22+0.39 47.80+031 84.15+0.56 48.70+0.51
LANC 73.21+2.79 30.02+2.01 77.05+1.16 36.45+1.30
n GCN 67.55+£1.08 2539+1.08 77.25+0.85 31.14+0.61
< GAT 67.76+1.75 25.49+1.46 64.40+1.64 32.92+0.88
GRAPHSAGE 74.70+0.49 31.25+0.89 76.24+0.47 37.65+0.65
H2GceN 76.16+0.47 32.85+0.28 84.96+0.55 42.70+0.27
GCN-LPA 72.11+£1.89 27.80+0.77 7439+1.26 36.84+1.02
MLP 70.17+0.81 29.37+0.99 69.53+0.46 27.65+0.77
DEEPWALK 86.22+0.39 47.80+031 84.15+0.56 48.70%0.51
LANC 72.67+3.56  29.67+3.13 74.73+1.07 35.32+2.06
0 GCN 69.56+1.14 25.79+1.14 77.03+£0.99 30.10+£0.71
< GAT 67.93+£0.75 25.40+1.17 66.41+£3.55 33.78+0.96
GRAPHSAGE 75.66+0.51 32.39+1.50 78.31+£0.49 39.25+0.86
H2GcN 78.68+0.38 36.17+0.56 86.01+£0.64 44.21+0.31
GCN-LPA 72.62+1.46 27.74+0.67 73.99+£1.06 36.28+1.57
MLP 72.90+0.27 31.52+0.52  75.23+0.63  34.29+0.07
DEEPWALK 86.22+0.39 47.80+031 84.15+0.56 48.70+0.51
LANC 7413+1.61 3038+1.29 75.26+0.93 37.47+0.27
= GCN 70.74+0.80 26.57+0.97 79.22+0.82 33.70+£0.79
- GAT 70.22+1.27 26.35+0.93 66.52+1.03 36.01+£0.72
GRAPHSAGE  78.71+£0.59 35.77+1.40 80.77+0.17 43.05+0.22
H2GceN 79.974+0.19 38.73+0.91 87.09+0.12 46.71+0.37
GCN-LPA 76.28+1.27 3191+1.07 76.38+0.36 39.10+£2.03
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Table 2.11: Multi-label Node Classification results on Synthetic dataset with varying label ho-
mophily. All results are the mean of three random splits. The label homophiles (rounded up) are

[0.2,0.4,0.6,0.8,1.0]

LABEL HOMOPHILY METHOD Micro-F1 MAcCRO-F1 AUC-ROC AP
MLP 72.90+0.27 31.52+0.52 75.23+0.63 34.29+0.07
DEEPWALK 66.62+0.62 26.02+0.55 52.19+091 18.07£0.71
LANC 67.05+0.92  25.12+2.20 54.49+0.53 18.95+0.43
IS GCN 67.28+0.67 25.21+1.04 66.59+0.58 26.06+1.07
< GAT 65.09+0.89 24.61+1.41 51.43+033 17.05%+0.36
GRAPHSAGE  73.57+£0.20 31.22+0.65 71.72+0.30 28.94+1.09
H2GceN 73.80+0.59 31.86+0.89 73.24+0.08 29.69+0.53
GCN-LPA 67.02+0.89 25.24+1.31 49.924+0.93 17.02+0.31
MLP 7290+£0.27 31.52+0.52  75.23+0.63  34.29+0.07
DEEPWALK 88.79+0.20 54.74+1.73 85.74+0.33 52.15+1.41
LANC 75.16+0.77 33.69+£0.94 76.53+0.86 37.99+0.74
< GCN 72.16+£1.70  26.95+1.18 80.19%£0.75 34.29+0.88
< GAT 71.50+1.30 27.58+1.11 69.96+1.69 35.86+0.59
GRAPHSAGE  79.09+0.33 36.05+1.56 81.00+0.35 42.57+0.49
H2GcN 81.30+0.25 40.54+0.74 87.91+0.04 48.36+0.44
GCN-LPA 78.11+1.38 32.71+1.47 78.00£0.70  40.80+0.20
MLp 7290+£0.27 31.52+0.52  75.23+0.63  34.29+0.07
DEEPWALK 9594+005 8258+0.19 9532+080 81.34+0.95
LANC 80.36+1.81 39.65+3.14 81.85+2.66 43.42+3.61
© GCN 7547+0.46  29.43+0.43 84.08+0.72 38.78+0.33
< GAT 75.13+0.39 29.26+0.56 72.85+0.79  39.01+0.23
GRAPHSAGE  82.46+0.67 40.46+1.67 83.24+0.89 45.79+0.91
H2GceN 83.40+1.94 4432+1.59 89.98+0.86 51.194+1.92
GCN-LPA 85.45+2.42 47.67+4.72 83.96+2.22  49.54+3.54
MLP 72.90+0.27 31.52+0.52 75.23+0.63  34.29+0.07
DEEPWALK 96.53+0.61 89.25+1.96 95.81x0.47 86.93+1.92
LANC 79.35+0.97 46.03+2.24 87.75+0.60 48.10+1.17
0 GCN 80.72+0.55 36.60+1.31 86.82+0.62 44.98+0.40
< GAT 7735+0.49 31.63+1.10 83.10+0.69 42.82+0.86
GRAPHSAGE 84.22+0.38 48.16+1.42 87.37+0.34 53.34+0.84
H2GcN 86.00+2.63 55.85+4.92 91.61+1.64 57.17+2.57
GCN-LPA 88.96+0.68 64.09+4.18 89.53+1.07 60.44+4.41
MLP 72.90+0.27 31.52+0.52 75.23+0.63  34.29+0.07
DEEPWALK 80.25+0.11 62.80+0.46 83.83+1.08 55.16+0.67
LANC 83.37+£0.96 60.77+3.51 92.53+1.27 62.85+3.01
IS) GCN 81.61+0.25 42.19+0.45 86.48+0.31 49.32+0.92
- GAT 79.37+0.64 34.67+1.87 87.20+2.15 43.90+2.90
GRAPHSAGE  82.15+0.49 46.06+0.99 89.73+0.45 55.25+0.42
H2GcN 91.59+1.74 76.09+596 93.94+1.03 65.20+5.71
GCN-LPA 86.92+1.13 60.71+3.01 90.75+0.46  58.28+3.02
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(a) Cross class Neighborhood Similarity in DBLP (b) Cross class Neighborhood Similarity in BLOGCAT
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(c) Cross class Neighborhood Similarity in PCG (d) Cross class Neighborhood Similarity in HUMLOC

(e) Cross class Neighborhood Similarity in EUKLOC
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(a) Cross-class Neighborhood Similarity in graph label ~ (b) Cross-class Neighborhood Similarity in graph label
homophily=0.2 homophily=0.4
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(c) Cross-class Neighborhood Similarity in graph label (d) Cross-class Neighborhood Similarity in graph label
homophily=0.6 homophily=0.8
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(e) Cross-class Neighborhood Similarity in graph label
homophily=1.0
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3.1. INTRODUCTION

Graph neural networks (GNNs) have become highly effective models for representing
graph-structured data, delivering state-of-the-art performance in various tasks. One such
prototypical task is the node classification task, which involves predicting node labels based
on the graph structure and a partially labeled node set. While contemporary works have
demonstrated significant improvements in multi-class node classification, where each node
has at most one label, a recent work [ 1] highlights the limitations of current approaches in
addressing multi-label node classification, where each node can have multiple labels.

Specifically, classical GNNs [2—4] show superior performance on multi-class graph
datasets with high label homophily, where connected nodes typically share the same labels.
However, in multi-label datasets, a node usually shares only a small fraction of common
labels with its neighbors, resulting in low label homophily per edge. Consequently, the
aggregated information from the local neighborhood of each node contains information
about diverse characteristics of the nodes in its local neighborhoods, making it challenging
for the GNNs to differentiate the most informative part to infer the labels of the ego nodes.

While [1] showed that GNNss exploiting higher order neighborhoods are equally insuffi-
cient for tackling multi-label node, we provide an even more surprising result. In particular,
we demonstrate that GNNs are significantly outperformed by a simple MAJORITYVOTE
baseline, which relies solely on the label information of immediate neighbors from the
training set to determine the label distribution of test nodes.

Taking a step further, we analyse the training dynamics of representative methods for
multi-label node classification. We validate the insufficiency of GNNs to learn over multi-
label datasets even in case of abundant training data.
As an example, Figure 3.1 shows box plots
of per-node training losses for GCN [2]
when trained on all nodes of the multi-label
dataset BLOGCAT [5]. The y-axis reports ’
the binary cross-entropy (BCE) loss for in-
dividual nodes. We observe that, even when :
the mean training loss converges to 0, many §5§§§gg§a““””3”““
atypical nodes still have high loss, indicat- ’ I TR
ing that GCN fails to learn their labels ade- o "i l ”Jﬁli“““““““““““

108 150
quately, Traning Checkpoints

Traning Loss

8

The limitations of GNNs are usually
studied in context of their abilities to recog-
nize isomorphic graphs or distinguish non-
isomorphic graphs. Several approaches [6] for feature-, topology- and GNN architecture
enhancement have been proposed to improve the expressive power of GNNs. Nevertheless,
these enhancements are usually motivated by the task of graph classification. While for graph
classification, one would like to map structurally similar graphs to the similar representations,
this may not always be true for the case of node-classification.

Consider for example a social network as shown in Figure 3.2, for which only the
topological structure and the node labels are known. Two far away nodes (Alice and Bob) in
such a graph may have similar local or even higher order topological structure (making their
computational graphs as utilized by GNNs isomorphic) but can have completely different

Figure 3.1: Training dynamics when GCN is
trained using all nodes of BLOGCAT
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interests (labels).
From the above discussion we make two key observations.

First, the neighborhood aggregation approach of GNNs even /\ Atce - /\
of the ones which exploit higher order neighborhood is insuf- “*. 00— - — \/
/

ficient to encode node proximity information. While such an
observation is not new, it has only been seen as a limitation Figure 3.2: Social network
for the task of link prediction [7] and has been overlooked it similar neighborhoods but
for node classification. In fact the task of link prediction and different labels.

node classification are closely related for certain network types. For example, in a social
network new friendships (links) may lead to adoption of new user interests (labels). In other
words links could be the causal factors for node labels. Several complex GNN architectures
have been proposed to jointly encode positional and structural representations of the nodes.
Nonetheless, most of the improvements are exhibited for the graph classification task and the
nuances of node classification especially for the multi-label case are simply ignored. Second,
GNN s are not able to exploit the label distribution of neighborhood nodes specifically in
case of multi-label datasets. For instance, we show that a simple baseline which predicts a
node labels based on a simple aggregation of known labels of its neighbors (in case they are
in the training set) outperforms existing GNNs by a large margin.

Our Contributions. First, we conduct an empirical analysis of the training dynamics of
existing GNN models on real world datasets, demonstrating their limited learning capabilities
when applied to multi-label classification tasks. Second, we introduce a simple yet novel
framework, GNN-MULTIFIX, designed to fully leverage the available input information for
each node—namely its features, labels, and position in the graph. Through a combination
of theoretical analysis and large-scale experiments, we demonstrate that GNN-MULTIFIX
outperforms even highly expressive GNNs, which are designed to go beyond the limitations
of the 1-Weisfeiler-Lehman (1-WL) test.

3.2. BACKGROUND AND RELATED WORK

Notations. Let ¢ = (7,8) denote a graph where 7 = {vy, -+, v} is the set of vertices, &
represents the set of links/edges among the vertices. We further denote the adjacency matrix
of the graph by A € {0,1}**" and a;,; denotes whether there is an edge between v; and
vj. A (v) represents the immediate neighbors of node v in the graph. Furthermore, let
X=[x1,...,X,] € R?P and Y = [yy,...,y,] € 10,1} represent the feature and label matrices
corresponding to the nodes in 7. In the feature matrix X and the label matrix Y, the i-th
row X; and y; represent the feature vector and the multi-hot encoded label vector of node
i, respectively. Let ¢(i) denote the set of labels that are assigned to node i. Finally, let &
correspond to the feature set and £ be the set of all labels.

Problem Setting. In this work, we focus on the general setting of the node classification task
on graph-structured data. In particular, we are given a set of labeled nodes 7; and unlabeled
nodes 7}, such that each node can have arbitrary number of labels. We are then interested in
predicting labels of 7;,. We assume that the training nodes are completely labeled. We deal
with the transductive setting multi-label node classification problem, where the features to
all nodes X, labels of the training nodes Yy, and the graph structure ¢ are present during
training.
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Graph Neural Networks and Node Classification. In the node classification task, classical
GNNs [2—4, 8] usually take node features X and the adjacency matrix A as input. They
compute node representation by recursive aggregation and transformation of feature repre-
sentations of its neighbors which are then passed to a classification module subsequently
generating the probability distribution matrix ¥ = [§1,...,¥,] € R"*€ across all labels for the
input nodes: Y = f;(X,A), where 0 represents the set of parameters in the learned model.
During the deployment of classical GNNS, training labels Yy; are solely utilized for supervi-
sion in calculating the task-specific loss Z. The function .Z is typically the cross-entropy
loss defined as: &£ = -3 ¢y, yilog (¥i). For the multi-label node classification, a sigmoid
layer is employed as the last layer to predict the class probabilities: y; — (sigmoid(z;W)),
where z; and W correspond to the node representation at the last layer and learnable weight
matrix in the classification module respectively.

Definition 3 (Computational graph). In what follows we refer to the neighborhood graph of
a node used by the GNN to obtain its feature representation as its computational graph.

Definition 4 (Label Homophily). Given a multi-label graph 4, we define the label homophily

h of 4 (following [1]) as the average of the Jaccard similarity of the label set of all connected
) . 1 12G)NEG)I
nodes in the graph: homo = &l 2, j)e oo

3.2.1. RELATED WORK

Label-informed GNNs. Building on the success of classical GNNs, recent work has sought
to exploit input label information beyond its conventional use in the training objective [9—11].
An early attempt involved applying label propagation to learn edge weights, enabling a
weighted aggregation of local features for each node [10]. This approach allows nodes with
similar labels to exchange information while suppressing the flow from nodes of dissimilar
classes. However, the effectiveness of the resulting embeddings remains highly dependent on
the quality of the input features. Another line of work augments node features with padded
label vectors [12, 13], injecting label information more directly into the learning process.

A few studies have proposed methods specifically tailored for the multi-label node
classification setting. For instance, LANC [11] learns label embeddings directly within the
graph and incorporates them into the aggregated feature embeddings for each node. More
recently, Sun et al. [14] have focused on leveraging label correlation information during
representation learning. However, the effectiveness of such methods can be limited by the
sparsity of the label correlation matrix, which may hinder the ability of the model to capture
meaningful inter-label dependencies.

Other works [15-20] focusing on using GNNs to exploit the relations between the data
and labels in the context of multi-label learning with independent euclidean data, such as
text and images are out of the scope of current work.

Positional Encoding in GNNs. Positional encoding (PE) has emerged as a key component
in enhancing the expressive power of GNNs, particularly for distinguishing structurally
similar or symmetric nodes. One class of methods, such as Laplacian Positional Encoding,
leverages the eigenvectors of the graph Laplacian to encode the relative position of a node
within the global graph structure [21-23]. In contrast, learnable positional encoding methods
aim to dynamically capture node identity or positional information during training. For
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example, GNN-LSPE [21] augments input features with structural features and integrates
them into message passing layers to produce position-aware node embeddings. Similarly,
ID-GNN-FAST [24] enriches node representations by introducing unique ID embeddings
for each node.

Data hardness analysis. A few works [25-27] have also focused on characterizing the
data hardness for machine learning models. For example, [25] proposed a instance-level
difficulty evaluation metric and rank the difficulty of each input data for analysis. [26] curate
subsets from the input datasets and monitor the training dynamics on the them. However, to
our best knowledge, none of these works have focused on graph-structured data and GNN's.

3.3. ANALYSIS OF TRAINING DYNAMICS OF GNNS
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Figure 3.3: Visualization of training dynamics of GCN, H2GCN, and ID-GNN-FAST on the dataset
BLOGCAT. The caption of each subfigure indicates the name of the model.
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Figure 3.4: Visualization of training dynamics of GCN, H2GCN, and ID-GNN-FAST on the dataset
DBLP. The caption of each subfigure indicates the name of the model.

In order to support our arguments regarding the limitations of existing methods for multi-
labeled nodes, we analyze the training dynamics of GCN, ID-GNN-FAST, and H2GCN,
three distinct approaches, each optimized for different types of graph data. GCN performs
well on high-homophily, multi-class datasets, where connected nodes tend to belong to
the same class. In contrast, H2GCN is designed to be robust to the changes of levels
of homophily with the most significant improvement shown in heterophilic multi-class
graphs, where neighboring nodes often differ in class labels, addressing the limitations of
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classical GNNs. Finally, ID-GNN-FAST incorporates positional information by injecting
identity-aware information into the input features.

We chose two datasets with contrasting homophily levels: BLOGCAT (low homophily)
and DBLP (high homophily). We visualized the loss dynamics during training on the
training data at the saved checkpoints for the selected models. The x-axis denotes the epoch
indices where checkpoints were saved, while the y-axis represents the distribution of losses
for each training node. We sampled 30 uniformly spaced checkpoints throughout the training
process. We make the following observations about the expressive power of various methods.

ID-GNN-FAST does not help training behavior any more than GCN We consider the
extreme case of BLOGCAT where no node features are available. Further, we label all nodes
in BLOGCAT and use them for training GCN and ID-GNN-FAST. In Figure 3.3, both GCN
and ID-GNN-FAST underfits the training data where the training loss does not converge
for a large number of nodes. As in the absence of node features node representations are
learned based on local neighborhood structures, it is expected that two nodes with similar
neighborhood structures will be mapped to similar representations irrespective of their
positions in the network. In such a case, the expressive power of such models cannot be
arbitrarily trivially by increasing the number of learnable parameters. The situation does not
improve when using ID-GNN-FAST which supposedly encodes additionally the positional
information of the nodes.

GNN:s tend to focus on easier nodes while neglecting the harder ones. In Figure 3.4,
we compare the training dynamics of GCN, H2GCN, and ID-GNN-FAST when trained
on 60% of the labeled nodes of DBLP. For all three models, we observe that although the
training losses decrease and converge more effectively than on BLOGCAT, there still remains
a significant number of nodes with much higher losses than the average. Notably, the training
losses for the hard nodes increase as the average training loss decreases, indicating that
despite the high homophily of the dataset the models are still unable to learn on a significant
number of nodes.

3.4. OUR PROPOSED METHOD

We propose a simple yet effective method that maximizes the utility of the information in the
graph, even when parts of the input are of poor quality. Our model, which we refer to as GNN-
MULTIFIX, consists of three input processing modules, namely (i) feature representation
module, (ii) label representation module (iii) node position/proximity representation module,
each capturing different and independent aspects of a node representation. We summarize
the algorithm in Appendix 3.8.1 and explain the design of each modules in the following:

The Feature Representation Module. The feature representation module takes as input
the node feature matrix X and the adjacency matrix A and iterates for K layers and outputs

node feature representation h}m for each node v as:

2 = AGGN) ({h}K D, ue./V(v)}) h( = COMBEIf())( 29, n “) (3.1)
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where h}) is initialized as h(]f)) =x, and AGG and COMB are general purpose aggregation

and combination functions defined over one-hop node neighborhood. One can in general
instantiate these functions corresponding to any of the existing message passing GNNs.
Our method can then be seen as enhancing any existing GNN with our additional label and
positional representations modules. Inspired by the observation [1] that in multi-label graphs,
despite low homophily, similar nodes are often located in the local neighborhoods we limit
the feature aggregation in each layer to one-hop neighborhood.

The Label Representation Module. Secondly, we design a label representation module to
generate label-informed embeddings for each node by partially leveraging the ground-truth
labels of the training nodes. For each labeled node v € 7, we initialize its label representation
as h(o) =y,, where y, € {0,1}€ is a multi-hot vector indicating the presence of each label

(.e., the i-th entry y(” =1 if node v has label i, and 0 otherwise). For unlabeled nodes v ¢ 77,

we initialize h;(:) with a padding vector p € R®, which may have each entry equal to 1/|C| or
zero. Additionally, we define a label influence matrix S € R"*", where S, , = 0 represents
the influence of node u’s label information on node v. This influence is nonzero only when
ue N (w)uv,ie., when u is a neighbor of v or v itself.

The label representation of each node is then computed iteratively over N steps. At
each step k € {1... N}, the label representation of node v is updated by aggregating the label
representations of its neighbors and itself, weighted by the influence scores in S:

h"=o| Y Su,-hPwWE, (3.2)
ueN (v)uv
where W is a learnable weight matrix and o is a transformation function which is either an
identity function or a non-linear transformation such as ReLU in our instantiation of our
model. The following lemma (proof in Appendix) characterizes the label representations for
the case when o is an identity function.

Lemma 1. Let /N (v) denote the set of nodes that are reachable from node v in at most
N steps, including v itself. When o in (3.2) is instantiated as an identity function the final
representation of v after N steps is given as

hyj):( Y s{){u-yu)w, (3.3)
ue N N (v)

where SN is the Nth power of the label influence matrix and W= WHW® | W),

A key advantage of our design is that application-specific prior knowledge about label
influence can be directly encoded via the label influence matrix. Additionally, the one-hop
label influence function can be parameterized and learned during training, allowing the
model to adapt influence weights based on data. In our experiments we fixed S to be the
symmetrically normalised adjacency matrix.

One potential concern in using the ground-truth labels of the training nodes 7; as input
is that the model may simply memorizing and reuse the true labels for prediction without
learning meaningful patterns. However, our model mitigates this risk by not keeping the
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label representations of the training nodes fixed. Instead, these representations are iteratively
updated during propagation, allowing them to incorporate information from their local
neighborhood.

As a result, even training nodes receive influence from nearby nodes, enabling their
label embeddings to reflect not only their original labels but also the label structure and
correlations present in their N-hop neighborhoods. This dynamic updating encourages the
model to learn shared patterns among neighboring nodes (rather than merely reinforcing
known labels) and improves its ability to generalize to unseen nodes with diverse or partially
overlapping label sets.

The Positional Representation Module. While the feature and label propagation modules
are essential, each can be inadequate under certain conditions. For instance, in datasets like
BLOGCAT, where node features are entirely absent, the feature representation module lacks
the information needed to distinguish structurally similar nodes—limiting its expressive
power. Conversely, the label representation module may struggle in settings with scarce
labels. When few training nodes are available, large parts of the graph are excluded from
influencing label propagation, since only labeled nodes contribute to the label representations.
As a result, unlabeled nodes that could provide useful structural or semantic context are
ignored, reducing the effectiveness of the label representation.

To address these limitations, we develop positional representations of all nodes in the
graph based on only their relative positions in the graph. Unlike previous approaches that
incorporate positional encodings as additional input feature dimensions and aggregate them
locally [28], we argue that this aggregation can blur distinctions between nodes, similar to
the smoothing of input features after feature aggregation, resulting in the loss of essential
positional information. Although traditional methods such as Laplacian graph eigenvectors
or more advanced techniques [21-23] can be employed as positional representations, the
effectiveness of our approach comes from maintaining the positional representations as a
separate module, preventing their aggregation within local neighborhoods. Our positional
representation module is developed on two key intuitive assumptions:

* Distance Limitation on Influence: Nodes that are far apart in the graph are less likely
to influence each other and, as a result, may belong to entirely different label sets. Our
preliminary analysis of several datasets supports this assumption, indicating that it is
sufficient to reconstruct the label set of a node by leveraging information from the label
sets within its k-hop neighborhood for small k.

* Influence-Driven Label Similarity: The label similarity between two nodes u and v
increases as the potential paths for influence propagation between them increase. In other
words, the greater the opportunities for information or influence to flow between two
nodes, the higher the likelihood that they will share similar labels.

To capture complementary patterns to what is already exploited by label representation
module we learn node representations in an unsupervised manner without the actual informa-
tion of the labels but under the above two assumptions. In general for a given pair of nodes u
and v we are interested in generating low dimensional representations or embeddings while
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Figure 3.5: Alice and Bob have similar local structures but have different interests (labels).

S Alice L . Bob .
— 10— O—@ o>
minimizing the following loss function

Lu,v)=01-I ) -f(®y,0,), (3.4)

where .#(u, v) quantifies the symmetrical influence of u and v on each other, f(.,.) is
some function monotonically increasing in @, - ®,, where @, and ®, denote the node
representations of node u and v. Specifically for some small k we define valid node pairs
to be at-most k-hop neighbors. For any valid pairs of nodes u and v we then quantify the
influence .# (u, v) as the probability of their co-occurrence in an infinite random walk over
the underlying graph .

In our implementation, we use DEEPWALK to generate node positional encodings
via short truncated random walks of length 10 and a window size of 5. These positional
encodings are generated separately from the main model and are therefore used as fixed
inputs to the module rather than being jointly learned with the rest of the framework. More
generally, however, our framework is flexible, and the definitions of functions .#(-,-) and
f(-,-) can be adapted to suit the properties of a given dataset.

The Read-out Layer. Finally, we combine the representations from the three inde-
pendent modules to input in a Readout Layer to get predictions for each node: h, =
COMB(h}IV(),hEZVV ), ®,), where @, corresponds to the embedding vector for node v generated
by the node position representation module. The resulting representations are then used as
input to the multi-label classifier (with output sigmoid layer as described in Section 3.2)
which can be trained in an end-to-end manner using the binary cross entropy loss for the
multi-label node classification task.

Analysing GNN-MULTIFIX’s representations. To further support the design choices be-
hind GNN-MULTIFIX, consider a simple social network graph ¢, as illustrated in Figure 3.5,
where two users, Alice and Bob, occupy structurally similar positions in their respective
local neighborhoods but are located far apart in the graph. Despite their structural similarity,
Alice and Bob are unlikely to share common interests or social connections due to the large
graph distance between them. As a result, their labels (e.g., interests or affiliations) exert
minimal influence on each other. An effective model should be able to distinguish between
such nodes. In the absence of distinguishing node features, structurally similar nodes such as
those representing Alice and Bob will be assigned similar feature representations due to their
identical local structures. However, GNN-MULTIFIX can distinguish such nodes through
two complementary mechanisms. In the first and simpler case, if the label distributions
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in the N-hop neighborhoods of Alice and Bob are available and differ, then according to
Equation (3.3), their label representations will also differ, allowing the model to distinguish
them. In the second case, where all nodes in their N-hop neighborhoods are part of the
test set and thus unlabeled, label propagation alone is insufficient. Here, GNN-MULTIFIX
relies on its positional representation module, which captures global structural information.
By optimizing the objective in Equation (3.4), the model learns positional embeddings that
preserve graph-based distance influence .# (u, v) between node pairs (i, v).

Our experiments on synthetic datasets further validate the effectiveness of GNN-
MULTIFIX in challenging scenarios, including those with low-quality node features and low
label homophily. Thanks to its modular design, GNN-MULTIFIX can adaptively leverage
the most informative signal available—be it node features, label distributions, or positional
information—allowing it to maintain strong performance even when certain inputs are weak
or missing.

3.5. EXPERIMENTAL SET-UP

Datasets. For our experiments we employ 4 multi-label real-world graph datasets and 2
sets of synthetic datasets proposed in [1], where each set of the synthetic dataset consists
of 5 datasets with varying feature quality and label homophily. We summarize the the
characteristics of the datasets in Table 3.5 in Appendix 3.8.4. Below we provide a brief
description of the datasets.

Real-world datasets We employ (i) BLOGCAT [5], in which nodes represent bloggers and
edges their relationships, the labels denote the social groups a blogger is a part of, (ii) YELP
[8], in which nodes correspond to the customer reviews and edges to their friendships
with node labels representing the types of businesses (iii) DBLP [29], in which nodes
represent authors and edges the co-authorship between the authors, and the labels indicate
the research areas of the authors. and (iiii) PCG [1], in which proteins and the protein
functional interactions are represented as nodes and edges. The labels of the nodes indicate
the protein phenotypes of the corresponding proteins.

Synthetic datasets We obtain two types of synthetic datasets from [1]. Specifically we
use (i) SYNTHETIC1 that consists of 5 graph datasets with the same graph structure in which
the ratio of task-relevant and irrelevant feature varies in the range of [0.0,0.2,0.5,0.8,1.0]
and has label homophily of 0.2, (ii) SYNTHETIC2 that consists of 5 graph datasets in which
the label homophily varies in the range of [0.2,0.4,0.6,0.8,1.0]. For the varying homophily
experiment we only used the true node features.

Baselines. We compare our model against twelve baselines categorized from four different
groups.

1. Simple approaches, which include Multilayer Perceptron (MLP [30]), which only uses
node features and ignores the graph structure, DEEPWALK [31], which only uses graph
structure and ignores the node features, and MAJORITY VOTE, which takes the direct
neighbors of the test nodes which are in the training set and sum the votes of their labels.
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The votes are then normalized by the total number of votes in the direct neighborhood to
get probabilities.

2. Classical GNNs and variants including (a) GCN [2], GAT [3], and GRAPHSAGE [4],
which are known to perform well for graphs with high label homophily, and (b)H2GCN
[32] and FSGNN [33], which are designed to perform well both on homophilic and
heterophilic graphs by separating the ego embedding and aggregated embeddings from
different orders of neighborhoods. The difference is FSGNN learns attention scores to
important features from different hops neighborhoods.

3. Label informed GNNs, which leverage label information of training nodes beyong
the loss function to extract more informative node representations. From this category,
we include (a) GCN-LPA [10], which combines label propagation and GCN for node
classification, and (b) LANC [11], which employ convolutional operations to extract
representations from node’s local neighborhoods and merge them with label embeddings
for the final classification and is specifically designed for multi-label node classification.

4. GNN with structural and positional representations, which integrates the positional
information of the node as part of the input to obtain highly expressive models, we include
GNN-LSPE [28] and ID-GNN-FAST [24] from this category, which augment the input
features using the positional representations and injecting the identities of the nodes,
respectively.

Instantiations of GNN-MULTIFIX. Let D denotes the degree matrix of the graph with
added self loops i.e. with adjacency A = A+1. For any layer k, we instantiate the aggregation
function in the feature representation module as Z% = D2AD~2H® and the combination
function as H¥*D = g (ZOWW), where the o is either an identity function or a ReLU. For

label representation module we set S = D~ 2AD"2. In the readout layer we concatenate the
three reprsentations and feed it to a multi-label classifier. As variations of our model, we
develop (i) GNN-MULTIFIX-LINEAR, where the o functions in feature and label represen-
tation modules is an identity function and the classifier is implemented as a single linear
layer. (ii) GNN-MULTIFIX-MLP1, where o in the representation modules corresponds to
ReLU and one-layer MLP is used as a classifier. (iii) we use GNN-MULTIFIX-MLP3 with
three layer MLP for further improvements on the node classification task. o in both modules
corresponds to ReLU. The explicit hyperparameter settings of all the baselines as well as
GNN-MULTIFIX can be found in Appendix 3.8.4 and 3.8.4.

Evaluation. Motivated by [1, 34, 35], we compute the Average Precision (AP) score across
three random splits of the collected datasets, with the exception of PCG, for which we use
the predefined split as in [1]. In random splits, we allocate 60% of nodes for training, 20%
for validation, and 20% for testing purposes.

3.6. RESULTS AND DISCUSSION

We discuss the large-scale experiment results conducted on the 4 real-world datasets in
Section 3.6.1 and 2 sets of synthetic datasets in Section 3.6.2. Due to the space limit, we
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provide the hyperparameter settings and detailed performance scores with standard deviation
in appendix 3.8.4. We also present an ablation study of ablation study of GNN-MULTIFIX
in Appendix 3.8.3.

3.6.1. RESULTS ON REAL-WORLD DATASETS

In Table 3.1, we summarize the results on four real-world datasets. Firstly, it is surprising
that the simple MAJORITY VOTE baseline outperforms most of the baselines methods for
BLOGCAT. It further supports our hypothesis that existing GNN methods without appro-
priate feature information fail to effectively distinguish nodes with differing labels. Even
when incorporating additional label information into the input, models like GCN-LPA fail
to demonstrate improvement. Methods augmenting input features with positional encoding,
such as GNN-LSPE and ID-GNN-FAST, fail to surpass the performance of DEEPWALK.
Notably, the simplest version of GNN-MULTIFIX-LINEAR yields improvements of 18.4%
compared to the best baseline model, which underscores the effectiveness of directly integrat-
ing label information into the input and employing positional representation to distinguish
nodes with differing labels.

Secondly, in datasets with a high number of labels per node, such as YELP, low ho-
mophily arises from diverse label assignments, however, nodes that share the same subset of
their labels with the ego node are in the local neighborhoods. Consequently, straightforward
baselines like MAJORITY VOTE outperform more complex methods such as MLP, DEEP-
WALK, and GCN-LPA. Interestingly, GNNs combined with sampling techniques in the local
neighborhood, such as GRAPHS AGE, demonstrate superior performance compared to other
designs of GNN. Nevertheless, our model (which uses GCN as base feature representation
module) performs comparably well with the winning model in these scenarios. Performance
of GNN-MULTIFIX can be further enhanced by instantiating feature representation module
by GRAPHSAGE’s message passing operation.

Thirdly for DBLP which show very high label homophily, various GNN designs perform
comparably well, surpassing simple baselines like MLP and DEEPWALK. By incorporating
additional positional representation and label representation, our model outperform all the
other baselines.

Finally, for PCG which has low label homophily and high clustering coefficient, base-
lines using random walk to explore the diverse local neighborhood such as GNN-LSPE
and DEEPWALK outperform MLP, and more sophisticated CNN- and GNN-based methods.
The competitive performance of MAJORITY VOTE despite PCG’s low label homophily
indicates that the nodes which share the similar labels with the ego node lies in the local
neighborhood, which further explains the low performances of H2GCN and FSGNN which
rely on leveraging higher order neighborhood for low-homophily multi-class datasets.

3.6.2. RESULTS ON SYNTHETIC DATASETS

To compare the performance of various methods under varying feature quality and label
homophily, we experimented with two synthetic datasets. Results are provided in 3.2. Our
GNN-MULTIFIX outperforms all compared models baselines for most of the cases.

Varying Feature Quality. Across all levels of feature quality, the performance of DEEP-
WALK remains consistent, as it generates node representations solely based on the graph
structure. The MLP is predictably the most sensitive method to changes in feature quality,



3.6. RESULTS AND DISCUSSION 51

Table 3.1: Mean performance scores (Average Precision) on real-world datasets. The best score
is marked in bold. The second best score is marked with underline. "OOM" denotes the "Out Of
Memory" error.

Method BrocCar YELP DBLP PCG
MLP 0.043 0.096 0.350 0.148
DEEPWALK 0.190 0.096 0.585 0.229
MAJORITYVOTE 0.133 0.112 0.869 0.203
LANC 0.050 OOM 0.836 0.185
GCN 0.037 0.131 0.893  0.210
GAT 0.041 0.150 0.829 0.168
GRAPHSAGE 0.045 0.251 0.868 0.185
H2GcN 0.039 0.226  0.858  0.192
FSGNN 0.075 0.093 0.858 0.163
GCN-LPA 0.043 0.116 0.801 0.167
GNN-LSPE 0.165 OOM 0.590 0.528
ID-GNN-FAST 0.037 0.134 0.857 0.235
GNN-MULTIFIX-LINEAR 0.225 0.200 0.935 0.242
GNN-MULTIFIX-MLP1 0.220 0.217 0931 0.254
GNN-MULTIFIX-MLP3 0.127 0.238 0942 0.252

as it completely disregards the graph structure. LANC also demonstrates sensitivity to
variations in feature quality, extracting feature vectors from the local neighborhood through
convolutional operations on the stacked feature matrix of direct neighbors. Among the
classical GNNs and their variations, GRAPHSAGE and H2GCN exhibit the most significant
improvements with increasing feature quality. With the integration of label propagation and
positional encoding, GCN-LPA and ID-GNN-FAST show limited but stable performance
across varying feature qualities. In contrast, our model and its variants achieve superior
and robust performance across different levels of feature quality, with the most notable
improvement observed at the lowest feature quality. Notably, in the synthetic datasets where
the input features are strongly correlated with the labels [1], MLP outperforms all other
baselines at the highest feature quality level.

Varying Label Homophily. The performance of the MLP remains relatively consistent
across different levels of label homophily, primarily because it relies solely on input features.
Conversely, while considerable effort has been invested in developing complex methods for
node classification tasks, we find that simpler baselines like DEEPWALK surpass standard
GNNs in several instances. Specifically, on synthetic datasets with label homophily levels
of 0.4 and 0.6, DEEPWALK emerges as the top-performing method. Given that LANC
extracts feature vectors from the local neighborhood through convolutional operations on the
stacked feature matrix of direct neighbors, it is not surprising that its performance is highly
sensitive to changes in label homophily. All classical GNNs and their variants exhibit similar
sensitivity to variations in label homophily, demonstrating improved performance under
high label homophily conditions. Although GCN-LPA and ID-GNN-FAST integrate label
information to adjust edge weights and enhance input features with positional encoding,
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Table 3.2: Average Precision (mean) on the synthetic datasets with varying levels of feature quality
and label homophily (see definition 4). rop;_feqs and rjgmo refer to the fraction of original features
and the varying label homophily of the graph with all true features, respectively. It was not possible to
run GNN-LSPE on our synthetic datasets due to its large runtime.

Method Tori_feat Thomo

0.0 0.2 0.5 0.8 1.0 0.2 0.4 0.6 0.8 1.0
MLP 0.171 0.185 0.222 0.266 0.336(0.362 0.354 0.355 0.360 0.355
DEEPWALK 0.181 0.181 0.181 0.181 0.181|0.181 0.522 0.813 0.869 0.552
LANC 0.191 0.191 0.192 0.211 0.215(0.179 0.397 0.473 0.500 0.634
GCN 0.261 0.261 0.261 0.262 0.262|0.261 0.308 0.360 0.430 0.450
GAT 0.171 0.169 0.176 0.177 0.182(0.196 0.341 0.353 0.399 0.403
GRAPHSAGE 0.171 0.191 0.232 0.268 0.304|0.317 0.408 0.437 0.484 0.491
H2GcCN 0.182 0.202 0.224 0.258 0.290(0.300 0.487 0.519 0.617 0.618
FSGNN 0.180 0.191 0.211 0.228 0.243(0.240 0.433 0.419 0.328 0.371
GCN-LPA 0.174 0.175 0.170 0.170 0.172{0.174 0.277 0.352 0.414 0.346
ID-GNN-FAST 0.261 0.261 0.261 0.261 0.261|0.261 0.308 0.363 0.432 0.457
GNN-MULTIFIX-LINEAR | 0.249 0.248 0.248 0.248 0.247[0.256 0.468 0.687 0.812 0.445
GNN-MuLTIFIX-MLP1 (0.289 0.283 0.283 0.280 0.288|0.288 0.492 0.701 0.910 0.832
GNN-MULTIFIX-MLP3 [0.270 0.261 0.255 0.254 0.267|0.269 0.527 0.795 0.916 0.811

their improvements over simple classical GNNs are limited. In contrast, our model and its
variants demonstrate significant enhancements. Notably, at the lowest level of homophily,
where neighbors are quite dissimilar compared to ego nodes and input features are strongly
correlated with the labels, the MLP outperforms all other baselines.

Performance of majority vote. In Table 3.3 we provide performance of MAJORITY VOTE
baseline for our synthetic datasets for varying label homophily. Unlike for real world datasets
majority vote baseline outperforms all methods. For low homophilic synthetic graphs we
attribute this finding to high edge density of the synthetic graphs when the homophily is
low. Note that the edge density is close to 0.27 for SYNTHETIC1 which has homophily
level of 0.2. This turns out to be on average around 800 1-hop neighbors per node when the
maximum number of labels per node is 12.

While the edge density decreases with increasing homophily, the performance of MA-
JORITY VOTE still stands out to the best. To understand this phenomena consider the extreme
case of homophily 1. On average each has 15 neighbors but all of its neighbors have the
same label set as the node itself. The problem then becomes trivial for MAJORITY VOTE
baseline which can give the correct answer even if only one node in the neighborhood is
labeled. Interestingly while MAJORITY VOTE is supposedly a weak baseline in real world
datasets it provides an upper bound of performance on chosen synthetic datasets. Our
method nevertheless outperforms other baselines in most of the settings. For instance, at the
highest homophily level of 1 for SYNTHETIC2 dataset we achieve average precision (0.832)
comparable to the MAJORITY VOTE (0.847) and an improvement of 31.23% over the second
best method (LANC).
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Table 3.3: Average Precision (mean) on the synthetic datasets with varying levels label homophily
when MAJORITY VOTE is employed.

Thomo_clean
Method -
etho 02 04 06 08 1.0

MAIJORITYVOTE | 0.477 0.926 0.957 0.938 0.847

3.7. CONCLUSION

We delve into the often-overlooked scenario of multi-label node classification, revealing
that GNNSs struggle to learn from multi-label datasets, even with abundant training data. We
show that even the most expressive (in terms of distinguishing between non-isomorphic
graphs) GNNs may fail to effectively distinguish nodes with different label-set without
node attributes and explicit label information. Our simple yet effective approach, GNN-
MULTIF1X, which leverages feature, label, and positional information of a node to predict
its labels consistently outperforms existing methods on multi-label node classification task.
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3.8. APPENDIX

Organization of the Appendix. In Section 3.8.1, we provide pseudo code for the algorithm
of GNN-MULTIFIX. We also include a theoretical analysis of GNN-MULTIFIX in section
4.3.3. In section 3.8.3, we provide ablation studies on the submodules in GNN-MULTIFIX.
In the following Section 3.8.4, we provide supplementary materials about the experiments
conducted in this work. Specifically, in 3.8.4, we summarize the detailed characteristics of
the datasets used in this work. Furthermore, The hyperparameter setting to reproduce the
results in this work are summarized in Section 3.8.4 and 3.8.4. We provide the complete
results with standard deviation on the three random splits described in the main paper in
section 3.8.4.

3.8.1. PSEUDOCODE FOR GNN-MULTIFIX

In this section, we summarize the general framework for the node classification task on
graph-structured data, which we refer to as GNN-MULTIFIX. As shown in Algorithm | from
line 2 to 5 and 6 to 9, for each node v € 7, we first perform K layers of feature propagation
and N layer of label propagation to generate feature representation and label representation,
respectively. Note that any aggregation and message-passing functions from classical GNN's
can be used as AGG and COMB, and they are not restricted to be identical for feature and
label propagation, which makes our method a general framework for the node classification
task, as any other GNNs can be used as backbone model. In the implementation used in the
experiment Section 5.4, we use the operation AGG and COMB from GCN.

Then, we generate N, number of random walks and train a Ski pGram model to obtain
the positional embedding ¢,. In this stage, the embeddings of the nodes that are far away
from each other in the graph are forced to be different.

In line 11, we COMB the representations generated from input feature, input label, and
the positional information to obtain the overall representation for node v, denoted as h,,.

Finally, we feed h, into a ReadOut layer, which is typically a MLP with Sigmoid, to
obtain the predicted probabilities.

3.8.2. MISSING PROOF

Proof of Lemma I. We can rewrite (3.2) in the matrix form as H® = U(SH““”WUC)) where
H® is the corresponding label representation matrix at step k. When o is identity we can
write the final representation matrix after IV steps as

H® = sHNV-DW) — 2N-2yN-Dyy™
—SSHN-IWNV-DWwWN-DyN) —  _ SNHow, (3.5)

where W= WHW® WM Equation (3.3) corresponds to single row in H™. O

3.8.3. ABLATION STUDY

In this section, we verify the effectiveness of our design by disabling one module at a time
in GNN-MULTIFI1X-LINEAR. There are three module in GNN-MULTIF1X, the feature
representation module, the label representation module, and the positional encoding module.
Thus, we generate three variations of GNN-MULTIFIX-LINEAR, i.e., GNN-MULTIFIX-
LINEAR without feature representation module, denoted as GNN-MULTIFIX-LINEAR w/o
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Algorithm 1 Learning node representations with GNN-MULTIFIX

Require: graph ¢ = (¥,8); input node features X; padded label matrix h( ). number of
feature propagation K; number of label propagation N; Aggregation functlon AGG(.);
Combine function COMB(.); Read-out layer ReadOut(.)

Ensure: Prediction matrix Y, € R"*C

1: for ve7 do

2 Initialize input features h?) =X
3: for i € K do
(i) _ ) (i-1).
4 hY ., =AGG ({hfu ‘ue ,/x/(u)})
. (@) _ (1) )] (i-1)
s5: h{ = COMB{ (hfu v )
Initialize input label matrix th)
: for j € N do
. () () (-1,
8: hY ., =AGG] ({hlu .ueﬂ(u)})
. G) _ (N) 6)]
2 h =0 (hly mu))
10: Generate positional embeddings @,
11: Generate input representation for node v: h, = COMB(h(K) h(N ) D)

12: Y, = ReadOut (hy)
13: Y=Yy, Y0,,..., Yy, ]

Table 3.4: Ablation study on GNN-MULTIFIX-LINEAR by disabling each module at a time on the
dataset BLOGCAT and DBLP.

BLoGCAT | DBLP

GNN-MULTIFIX-LINEAR w/0 FR 0.225 0.920
GNN-MULTIFIX-LINEAR w/o LR 0.225 0.864
GNN-MULTIFIX-LINEAR w/o PE 0.045 0.934
GNN-MULTIFIX-LINEAR 0.225 0.935

FR, GNN-MULTIFIX-LINEAR without label representation module, denoted as GNN-
MULTIFIX-LINEAR w/o LR, and GNN-MULTIFIX-LINEAR without positional encoding
module, denoted as GNN-MULTIFIX-LINEAR w/o PE and test the performances of them
on the dataset BLOGCAT and DBLP and summarize the results in the table 3.4.
BLOGCAT is a dataset without input features and exhibits the lowest label homophily.
As a result, disabling the feature and label representation modules has little effect on the
final performance. However, disabling the positional encoding module leads to a significant
performance drop. This indicates that when input features are poor, and the labels in the
local neighborhood provide little useful information for inferring the labels of a node, GNN-
MULTIFIX adapts by relying more on the positional encoding module. In contrast, DBLP,
a dataset with the highest label homophily, shows that input features are limited in their
ability to infer node labels, as seen in the weaker performance of MLP on this dataset. Here,
disabling the label propagation module causes the largest performance drop. By comparing
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these results on BLOGCAT and DBLP with differing characteristics, we demonstrate that
our model effectively identifies and leverages the most informative aspects of the input to
predict node labels.

3.8.4. SUPPLEMENTARY MATERIAL FOR EXPERIMENTS
DESCRIPTION OF DATASETS
The detailed statistics of the datasets are provided in Table 3.5.

Table 3.5: |7|, |&], |%] denote the number of nodes, edges and the node feature dimension respectively.
clus and 1y, denote the clustering coefficient and the label homophily (average of Jaccard similarity
of labels over all edges). C is the total number of labels. £ ,,,04, €mean, and €, ax specify the median,
mean, and max values corresponding to the number of labels of a node. ‘25%’, ‘50%’, and ‘75%’
corresponds to the 25th, 50th, and 75th percentiles of the sorted list of the number of labels for a node.
"N.A." and "vary" indicate the corresponding characteristic is not available or varying in the graphs.

DATASET V4 & |F| clus thomo C Cmed €mean €max 25% 50% 75%
BLOGCAT 10K 333K N.A. 046 0.10 39 1 140 11 1 1 2
YELP 716K 7.34M 300 0.09 0.22 100 6 944 97 3 6 11
DBLP 28K 68K 300 0.61 0.76 4 1 1.18 4 1 1 1
PCG 3K 37K 32 034 017 15 1 1.93 12 1 1 2
SYNTHETIC] 3K 2.37M vary 053 0.2 20 3 323 12 1 3 5
SYNTHETIC2 3K vary 10 vary vary 20 3 323 12 1 3 5

HYPERPARAMETER SETTING FOR BASELINES

For a fair comparison, we also tuned the hyperparameters of the collected baselines and
summarized the optimal settings for each dataset. Specifically, we tuned the learning
rate parameters in {0.1,0.01,0.001,0.0001} and the hidden units for neural networks in
{64,128,256,512}. Additionally, we adopted a common deployment of neural networks with
2 layers and used early stopping with a patience of 100 for all methods in this work, along
with a weight decay of 5e™*. The specific parameters of the collected baseline models are
fixed to the setting in the original paper. We release all the detailed hyperparameter setting
in https://anonymous.4open.science/r/Graph-MultiFix-4121.

HYPERPARAMETER SETTING FOR GNN-MULTIFIX

We summarize the hyperparameter setting used in the variants of GNN-MULTIFIX for
reproducing the experimental results in this work according to each dataset in Table 3.6.
We use the consistant notations as in the main paper. k represents the number of feature
propagation, N indicates the number of label propagation. We also used early stopping
with the patience specified in the table to prevent the models from overfitting. The hidden
dimension are used for both feature representation module and label representation module.
And ®;,, indicates the dimension of positional representations.
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Table 3.6: The hyperparameter setting for variations of GNN-MULTIFIX. K and N indicate the
number of layers used in the feature and label propagation module, respectively.

K | N |patience | learning rate | hidden dim | @ 4;,,

BLoGgCAar |2 ]| 1 100 0.03 256 64

YELP 2125 100 0.005 256 64

GNN-MULTIFIX-LINEAR DBLP |2 100 0.01 956 64
PCG 211 100 0.01 256 64

BLoGgCAT |2 | 1 100 0.01 256 64

YELP 2125 100 0.005 256 64

GNN-MULTIFIX-MLPT | hoy b 1515 | 100 0.01 256 64
PCG 2 100 0.01 256 64

BLoGgCAT |2 | 1 100 0.01 256 64

YELP 2125 100 0.005 256 64

GNN-MULTIFIX-MLP3 DBLP |2|2]| 100 0.01 256 64
PCG 215 100 0.01 256 64

COMPLETE EXPERIMENT RESULTS

Due to the page limit, we provide the full experiment results with standard deviation of three
random splits on the collected real-world datasets and the synthetic datasets in the following
Table 3.7, 3.8 and 3.9, respectively.

Table 3.7: Mean performance scores (Average Precision) on real-world datasets. The best score
is marked in bold. The second best score is marked with underline. "OOM" denotes the "Out Of
Memory" error.

Method BLOGCAT YELP DBLP PCG

MLP 0.043 +0.006 0.096 +0.000 0.350+0.001 0.148 +£0.006
DEEPWALK 0.190 £ 0.002 0.096 +0.000 0.585+0.003 0.229£0.010
MAJORITY VOTE 0.133 +0.000 0.112+0.000 0.869 +0.000 0.203 +0.000
LANC 0.050 +£0.001 OOM 0.836 £0.010 0.185+0.011
GCN 0.037 +£0.000 0.131+0.001 0.893 +£0.002 0.210+0.003
GAT 0.041 £0.001 0.150+0.001 0.829 £0.002 0.168 +0.022
GRAPHSAGE 0.045+0.001 0.251 +0.003 0.868 +0.002 0.185+0.003
H2GcN 0.039+0.001 0.226 +0.005 0.858 +£0.006 0.192 +0.005
FSGNN 0.075+0.000 0.093 +0.000 0.858 +£0.000 0.163 +0.000
GCN-LPA 0.043 +£0.003 0.116 +£0.007 0.801+£0.012 0.167 £0.001
GNN-LSPE 0.165 +0.000 OOM 0.590 +0.000 0.528 +0.005
ID-GNN-FAST 0.037 +£0.000 0.134 +0.000 0.857 £0.000 0.235+0.010
GNN-MULTIFIX-LINEAR 0.225+0.010 0.201+0.010 0.935+0.000 0.242+0.010
GNN-MULTIFIX-MLP1 0.220 +0.000 0.217 +0.000 0.931 £0.000 0.254+0.010
GNN-MULTIFIX-MLP3 0.127 +£0.000 0.237 £0.000 0.942+0.010 0.252+0.010
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Table 3.8: Average Precision (mean) with standard deviation on the synthetic datasets with varying
levels of feature quality. ryp;_feq; refers to the fraction of original features of the graph with all true
features. It was not possible to run GNN-LSPE on our synthetic datasets due to its large runtime.

Method Tori_feat
0.0 0.2 0.5 0.8 1.0

MLP 0.171+0.010 0.185+0.000 0.222+0.000 0.266+0.010 0.336+0.000
DEEPWALK 0.181+£0.007 0.181+0.007 0.181+0.007 0.181+0.007 0.181+0.007
MAIJORITYVOTE 0.477 £0.020 0.477 £0.020 0.477 +£0.020 0.477+0.020 0.477 +0.020
LANC 0.191+£0.020 0.191+0.020 0.192+0.010 0.211+0.020 0.215+0.020
GCN 0.261+0.010 0.261+0.010 0.261+0.010 0.262+0.010 0.262+0.010
GAT 0.171+0.000 0.169+0.000 0.176+0.000 0.177+0.000 0.182+0.010
GRAPHSAGE 0.171+£0.000 0.191+0.000 0.232+0.010 0.268+0.000 0.304+0.010
H2GcCN 0.182+0.000 0.202+0.010 0.224+0.000 0.258+0.010 0.290+0.010
FSGNN 0.180+0.000 0.191+0.000 0.211+0.000 0.228+0.010 0.243+0.000
GCN-LPA 0.174+0.000 0.175+0.000 0.170+0.000 0.170+0.000 0.172+0.010
ID-GNN-FAST 0.261+0.010 0.261+0.010 0.261+0.010 0.261+0.010 0.261+0.010
GNN-MULTIFIX-LINEAR | 0.249+0.010 0.248+0.010 0.248+0.010 0.248+0.010 0.247+0.010
GNN-MULTIFIX-MLP1 0.289+0.010 0.283+0.020 0.283+0.010 0.280+0.010 0.288+0.010
GNN-MULTIFIX-MLP3 0.270+0.020 0.261+0.010 0.255+0.010 0.254+0.010 0.267 +0.020

Table 3.9: Average Precision (mean) with standard deviation on the synthetic datasets with varying
levels of label homophily (see definition 4). 13,4, refers to the fraction of the varying label homophily
of the graph with all true features. It was not possible to run GNN-LSPE on our synthetic datasets

due to its large runtime.

Thomo_clean

Method 0.2 0.4 0.6 0.8 1.0

MLP 0.362+0.000 0.354+0.000 0.355+0.010 0.360+0.010 0.355+0.010
DEEPWALK 0.181+0.007 0.522+0.014 0.813+0.010 0.869+0.019 0.552+0.007
MAJORITY VOTE 0.477+0.020 0.926+0.010 0.957+0.010 0.938+0.010 0.847+0.020
LANC 0.179+0.010 0.397+0.020 0.473+0.030 0.500+0.030 0.634+0.050
GeN 0.261+0.010 0.308+0.010 0.360+0.000 0.430+0.010 0.450+0.010
GAT 0.196+0.010 0.341+0.010 0.353+0.000 0.399+0.020 0.403+0.010
GRAPHSAGE 0.317+0.010 0.408+0.000 0.437+0.000 0.484+0.000 0.491+0.010
H2GCN 0.300+0.010 0.487+0.010 0.519+0.010 0.617+0.030 0.6180.010
FSGNN 0.240+0.000 0.433+0.030 0.419+0.010 0.328+0.070 0.371+0.080
GCN-LPA 0.174+0.010 0.277+0.000 0.352+0.010 0.414+0.000 0.346+0.010
ID-GNN-FAST 0.261+0.010 0.308+0.010 0.363+0.000 0.432+0.010 0.457+0.010
GNN-MULTIFIX-LINEAR | 0.256£0.010 0.468+0.010 0.687+0.030 0.812+0.020 0.445+0.020
GNN-MULTIFIX-MLP1 | 0.288+0.010 0.492+0.010 0.701+0.000 0.910+0.020 0.832+0.030
GNN-MULTIFIX-MLP3 | 0.269+0.030 0.527+0.010 0.795+0.020 0.916+0.010 0.811+0.040
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64 4. AGALE: A GRAPH-AWARE CONTINUAL LEARNING EVALUATION FRAMEWORK

4.1. INTRODUCTION

Continual Learning (CL) describes the process by which a model accumulates knowledge
from a sequence of tasks while facing the formidable challenge of preserving acquired
knowledge amidst data loss from prior tasks. It finds application in several fields, such
as the domain of medical image analysis, where a model has to detect timely emerging
new diseases in images while maintaining the accuracy of diagnosing the diseases that
have been encountered in the past. Significant achievements have been made on CL for
euclidean data domains such as images and text [1-5]. Recent works have also delved into
the broader scenario of multi-label continual learning (MLCL) [6-9], where one instance
can be simultaneously associated with multiple labels.

To foster fair evaluation and identify new challenges in CL Node 2 Node 3
settings, several evaluation frameworks [10, 11] have been pro- y Y
posed, focusing on the single- and multi-label classification task ~ Node! 4
on the euclidean data. However, these frameworks are not trivially ‘. ‘ /
applicable to graph-structured data due to the complexities arising ‘\
from interconnections and multi-label nodes within graphs. Be- ‘—
sides, existing evaluation frameworks in continual graph learning Node 4 Node 5
(CGL) [12, 13] evaluate the node classification task in the set-
ting of associating nodes with a single label (which we refer to as  Figure 4.1:  An exam-
the single-label scenario), thereby overlooking the possibility for ~Ple multi-label graph with
nodes from previous tasks to adopt different labels in new tasks or €010rs indicating to the
acquire additional labels with time. For instance, in the context of different node labels.

a dynamically evolving social network, not only can new users with diverse interests (labels)
be introduced over time, but existing users may also lose old labels or accumulate new labels
continuously.

To illustrate the limitations of current CL evaluation frameworks when considering the
multi-label scenario in graphs, we start with an example of a multi-label graph as in Figure
4.1. We use color coding to indicate the classes the nodes belong to. Please note that in what
follows, we employ the term "class" to refer to the classes that correspond to a task. To refer
to a class assigned to a particular node we use the term "label".

4.1.1. LIMITATIONS OF CURRENT CONTINUAL LEARNING EVALUATION
FRAMEWORKS

Lack of graph-aware data partitioning strategies. Current experimental setups typically
simulate continual learning settings by employing certain data partitioning methods over
static data. However, existing CGL frameworks do not consider the multi-label scenario in
the data partitioning algorithms.

The multi-label continual learning evaluation framework for Euclidean data [14] suggest
the use of hierarchical clustering techniques, which involves grouping classes into a single
task based on their co-occurrence frequency and subsequently eliminating instances with
label sets that do not align with any class groups. Applying such a technique to graph-
structured data not only risks excluding nodes with a higher number of labels but also
disrupts the associated topological structures.
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In Figure 4.2, we illustrate an application of the existing MLCL
framework to the multi-label graph depicted in Figure 4.1. The
classes blue, green, and red are collectively treated as one task .,
due to their frequent co-occurrence. Node 3, having the maxi- @R
mum number of labels, is removed from the graph since no task .\.
encompasses all its labels. It is noteworthy that employing hierar- s e
chical clustering techniques increases the likelihood of eliminating n ™
nodes with more labels, effectively reducing both the number of T
multi-labeled nodes and the associated topological structure. In gjgyre 4.2: Subgraphs
the current example, proper training and testing of the model on  generated by grouping
the red class is hindered, as only one node remains in the subgraph frequently co-occurring
with the label red. Besides, node 5 becomes isolated in the second classes as a task.
subgraph.

Node 2

Node 2 Node 3

Generation of train/val/test sets. Furthermore, the data par-
titioning algorithm is also responsible for the division of each o1 e @b

Nod
subgraph into training, validation, and test subsets. In Figure 4.3 d ‘ /
we show an example of train/val/test subsets generated using the
strategy adopted by previous CGL evaluation frameworks for the 0
task of distinguishing between blue and green classes. In particular, Node 4

nodes belonging to a single class are divided independently at ran-
dom into train/validation/test sets, assuming no overlap between
classes. However, when each node can belong to multiple classes,
an independent and random division within each class is not always
feasible. For instance, the same node may serve as training data for
one class and testing data for another in the same task, as is the case
for node 1 in Figure 4.3. In this particular case, the model may observe the test data during
the training process, resulting in data leakage. Conversely, considering the entire dataset
as a whole for division would result in the dominance of the larger class, causing all nodes
from the smaller class to be aggregated into the same split and thereby under-representing
the smaller class in the other split. For instance, in multi-label datasets such as YELP, two
classes can exhibit complete overlap, where all nodes from the smaller class also belong to
the larger class. In this scenario, if the nodes belonging to the larger class are split first, there
might be no nodes left to make the required splits for the smaller class.

Figure 4.3: The split
of the nodes within one
subgraph generated by
the previous CGL frame-
work.

Use of predefined class orders. Existing CGL evaluation frameworks rely on a single
predefined class order in the dataset and group sets of K classes as individual tasks. As
the predefined order might not always reflect the true generation process of the data, it
is important to evaluate CL models over several random class orders. Specifically for
multi-label scenarios, the employed class order may not only influence the nodes and their
neighborhood structures presented at each time step but also affect the number of labels
assigned to a particular node in a given task. We demonstrate in Figure 4.4, using nodes
from the multi-label graph in Figure 4.1, how distinct class orders generate subgraphs with
the same set of nodes but with different topologies and node label assignments.
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Limitations on the number of tasks. Last but not least, previous CGL benchmarks
typically predetermined the size of model’s output units, assuming an approximate count of
classes in each graph during model initialization. However, this assumption is unrealistic
because the eventual class size is often unknown, leading to potential inefficiencies in storage
or capacity overflow.

4.1.2. OUR CONTRIBUTIONS

To tackle the above-mentioned gaps, we develop a generalized evaluation framework for
continual graph learning, which is applicable both for multi-class and multi-label node
classification tasks and can be easily adapted for multi-label graph and edge classification
tasks. Our key contributions are as follows.

* We define two generalized incremental settings for the node classification task in the CGL
evaluation framework which are applicable for both multi-class and multi-label datasets.

* We develop new data split algorithms for curating CGL datasets utilizing existing static
benchmark graph datasets. We theoretically analyze the label homophily of the resulting
subgraphs which is an important factor influencing the performance of learning models
over graphs.

* We perform extensive experiments to assess and compare the performance of well-
established methods within the categories of Continual Learning (CL), Dynamic Graph
Learning (DGL), and Continual Graph Learning (CGL). Through our analysis, we evaluate
these methods in the context of their intended objectives, identifying their constraints and
highlighting potential avenues for designing more effective models to tackle standard tasks
in CGL.

* We re-implement the compared models in our framework while adapting them for the
unknown number of new tasks that may emerge in the future.

class order 1: class order 2:

Node 2 Node 3 Node 3 Node 1 Node 3

Node 2 Node 3
Node 1 . ‘. Node 1 . .
‘W ® a

Node 4 Node 5
T1 T2 T T2

T T

Figure 4.4: An example of subgraphs obtained by applying different class orders for the static multi-
label graph in Figure 4.1.
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4.2. PROBLEM FORMULATION

We start by providing a general formulation of the continual learning problem for graph-
structured data and elaborate on the additional complexities when the nodes in the graph
may have multiple labels as compared to the single-label scenario.

Problem Setting and Notations. Given a time sequence I ={1,2,..., T}, at each time step
t € g, the input is one graph snapshot G; = (V;,8:,Xy, Y1), with node set V; and edge set
&y Additionally, X; € RVID qnd Y, € {0, 13771X1€H denote the feature matrix and the label
matrix for the nodes in graph 4;, where D is the dimension of the feature vector, and €; is
the set of classes seen/available at time t. We assume that the node set V; is partially labeled,
ie, V; = {7// V1, where 7/tl and V" represent the labeled nodes and the unlabeled nodes
in 4. We use A; to denote the adjacency matrix of 4;. We use %'V to denote the complete
label set of node v and % to denote the label set of node v observed at time t.

Objective. The key objective in CGL setting, as described above, is to predict the corre-
sponding label matrix of V;* denoted by Y¥ (when the complete label set is restricted to 6€;)
while maintaining the performance over the classification on nodes in all graphs in the past
time steps in {1,2,...,t—1}.

4.2.1. DIFFERENCES TO SINGLE-LABEL SCENARIO

Having explained the problem setting and the objective we now describe the key differences
of the multi-label scenario as compared to the single-label case in continual graph learning,
which were so far ignored by previous works resulting in various limitations as illustrated in
Section 4.1.1.

* Node overlaps in different tasks. In the single-label scenario each node is affiliated with
one single class, exclusively contributing to one task. The following statement, which
states that no node appears in more than one task, always holds:

Vi,jeT,and i#j,%nVj=o @.1)

However, in the multi-label scenario, one node can have multiple labels and can therefore
participate in multiple tasks as time evolves. Contrary to the single-label scenario, when
the nodes have multiple labels, there will exist at least a pair of tasks with at least one node
in common as stated below.

3i,jeT,and i#j,¥inV;# 0 4.2)

* Growing label sets. In the single-label scenario, the label set of a node v, &'V, stays the
same across different time steps, i.e.,

Vi,jeﬂ,@/i”:@/j” 4.3)

However, in the multi-label scenario, the label set of a node may grow over time, i.e., a

node may not only appear in several tasks as above but also have different associated label
sets, i.e., the following holds.

3i,je T, Y £V} (4.4)
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* Changing node neighborhoods. Note that while simulating a continual learning scenario,
subgraphs are curated corresponding to sets of classes/labels required to be distinguished in
a particular task. In other words, the subgraph presented for a particular task only contains
edges connecting nodes with the label set seen in that task. Therefore, the neighborhood of
anode v, denoted as AV can also be different across different time steps in the multi-label
scenario, i.€.,

3, jeT, N #E N 4.5)

In the multi-label graphs, both multi-label and single-label nodes exist, providing there-
fore a suitable context to develop a generalized CGL evaluation framework as elaborated in
the next section.

4.3. AGALE: OUR EVALUATION FRAMEWORK

We present a holistic continual learning evaluation framework for graph-structured input
data, which we refer to as AGALE (a graph-aware continual learning evaluation). We begin
by developing two generalized incremental settings (in Section 4.3.1) that accommodate the
requirements of the multi-label scenario (as discussed in Section 4.2.1) with respect to node
overlaps in different tasks and growing label sets. In Section 4.3.2, we develop new data
partitioning algorithms designed to derive subgraphs and training partitions from a static
graph dataset, tailored specifically for the developed incremental settings. To underscore
the significance of our approach, we provide theoretical analysis of AGALE in Section
4.3.3 and compare it with the previously established CGL and MLCL frameworks in Section
4.3.4.

Task-Incremental Setting: Class-Incremental Setting:
Node Node Node 1 Node 3

1 3 Node 2 Node 3 . . Node 2 Node 3
Q@ .09 ; / v @—€p
Node 4 Node 5

T T2 T1 T2

T T

Figure 4.5: Visualization of our proposed generalized evaluation CGL framework AGALE.

4.3.1. TWO GENERALIZED INCREMENTAL SETTINGS FOR CONTINUAL
GRAPH LEARNING

We first define and develop two generalized incremental settings in CGL, i.e., TASK-IL

SETTING and CLASS-IL SETTING. In the TASK-IL SETTING, the goal is to distinguish

between classes specific to each task. Different from single-label settings, the multi-labeled

nodes can be present with non-overlapping subsets of their labels in different subgraphs,

as shown in Figure 4.5. Formally, for any node v in the multi-label graph, in the TASK-IL
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SETTING we have
Vi,je T, nY =¢.

In the CLASS-IL SETTING, the goal is to distinguish among all the classes that have
been seen so far. Specifically, in addition to the same node appearing in multiple tasks as in
the previous setting, a node with multiple labels can attain new labels as new tasks arrive, as
shown in Figure 4.5. Formally, for any node v in the multi-label graph,

Vi, jed,if i < j, then ¥ <&

Note that the above settings allow for node overlaps and growing/changing label sets of
the same node at different time points.

4.3.2. DATA PARTITIONING ALGORITHMS

We now describe our data partitioning algorithms to simulate sequential data from static
graphs. The design strategy of our algorithms takes into account of the node overlaps in tasks,
the growing/changing label set of nodes over time, and the changing node neighborhoods
while minimizing the loss of node labels and the graph’s topological structure during
partitioning. Our developed data partition strategy can be employed in both incremental
settings and consists of the following two main parts.

* Task sequence and subgraph sequence generation. We employ Algorithm 2 to segment
the provided graph from the dataset into coherent subgraph sequences. We first remove
the classes with size smaller than a threshold 6. Instead of using a predefined class order
(as discussed in Section 4.1.1) we generate n random orders of the remaining classes to
simulate the random emergence of new classes in the real world. Specifically, given a
dataset with C classes, we group K random classes as one task for one time step. At any
time point t, let 6, denote the set of classes grouped for the task at time ¢. We construct a
subgraph ¥; = (7}, ;) such that 7; is the set of nodes with one or more labels in €;. The
edge set &; consists of the induced edges on 7;. Note that the number of classes chosen
to create one task is adaptable. In order to maximize the length of the task sequence for
each given graph dataset and subsequently catastrophic forgetting, we choose K = 2 in this
work. If the dataset has an uneven number of classes in total, the remaining last class will
be grouped with the second last class group.

» Construction of train/val/test sets. To overcome the current limitations of generating
train/val/test sets as discussed in Section 4.1.1, we employ Algorithm 3 to partition nodes
of a given graph snapshot ;. For the given subgraph %, our objective is to maintain the
pre-established ratios for training, validation, and test data for both the task as a whole
and individual classes within the task. To achieve this, our procedure starts with the
determination of the size of each class. Note that the cumulative sizes of these classes
may exceed the overall number of nodes in the subgraph due to multi-labeled nodes being
accounted for multiple times based on their respective labels. Subsequently, the classes
are arranged in ascending order of size, starting with the smallest class. The smallest class
is partitioned in accordance with the predefined proportions. Subsequent classes in the
order undergo partitioning with the following steps:

— We identify nodes that have already been allocated to prior classes.
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— We then compute the remaining node counts for the training, validation, and test sets
in accordance with the predefined proportions for the current class.

— Finally, we split randomly the remaining nodes within the current class into train/-
val/test sets such that their predefined proportions are respected.

Note that for a given class order, the structural composition of each subgraph remains
constant across both the incremental settings. What distinguishes these incremental settings
is the label vector assigned to the nodes. Specifically, nodes with a single label manifest
uniquely in one subgraph corresponding to a task. Conversely, nodes with multiple labels
appear in the TASK-IL SETTING with distinct non-overlapping subsets of their original
label set across various subgraphs while appearing with the expansion of their label vectors
in the CLASS-IL SETTING.

Algorithm 2 Task Sequence and Subgraph Sequence Generation

Require: Static graph ¢4 = (¥, &) with classes € = {c1, ¢, ..., cc}, threshold of small classes
6, group size K
Ensure: n task sequences . = {#1,%,...,%,} and for each task sequence .#; a corre-
sponding subgraph sequence ¥; = {%,%>, ..., 91}
1: for cje 6 do
2: Ve, =Hvilcj e yil
3 €' = {€ —cjllVe;| < o}
4: Generate n random orders of €’: G = {6;,0>,...,0,}
5: for 0; €0 do
6: for r=1to |£]=Tdo

7 Group the first k classes as a task: % = {cy,..., cx}
8: @j :@j—&”t

9: Vr={vilyin S # ¢}

10: Er={e(u,v)lee & Anu,vet}}

11: (‘gt = (%;gl)

In the Appendix 4.8.1, we present an analysis of the subgraphs derived by AGALE from
the given static graph in PCG as an example of showcasing the efficacy of our approach.

4.3.3. THEORETICAL ANALYSIS OF AGALE

As studied in previous works [15, 16], the similarity of labels between neighboring nodes
(usually termed label homophily) influences the performance of various graph machine
learning algorithms for the task of node classification in the static case. We here provide a
theoretical analysis of AGALE with respect to the label homophily of generated subgraphs
under different conditions. We would later use our theoretical insights and the dataset
properties to analyze the performance of various methods. We use the following definition
of label homophily for multi-label graphs proposed in [16].
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Algorithm 3 Train and Test Partition Algorithm Within One Subgraph

Require: subgraph %, in subgraph sequence {¥,%>,...,%9r}, proportion set P for train,
validation, and test P = {P¢;ain> Pyal» Prest}
Ensure: the split within subgraph ¢, = {7/ r”i”,7/t”“l , V1t for task
1: Get the classes for the current task .4 = {cy,..., i}

2: 0'=Sortascena(lVe; ) for cj €
3: initialize empty node set 7,/"4i", 7val and 7,test
4: initialize empty encountered nodes set 7;
5: for ce ©' do
6: Ve ={vilce yi}
7: if c is the smallest class in .%#; then
8: Randomly split %, into 717" yval 7y test according to P
9: else
10: Calculate the size of train/val/test set [¥,/74"|, |74, |7.1¢5!| according to P
11: Y/Id”” =7.nY
12: Vo= V-7, "P
13: for v; € V4, do
14: for splite [¥/en, yral yrest] do
15: if v; in split then
16: Isplit|=|split] -1
17: for splite [ylrein, yral yrest] do
18: Randomly choose |split| nodes from 7; to add to split
19: add 7/Ctrain’ 7/Cval, 7/Ctest to 7/ttmin, 7/tval, 7/ttest
20: add 7; to ¥;

Definition 5. Given a multi-label graph 4, the label homophily h of 9 is defined as the
average of the Jaccard similarity of the label set of all connected nodes in the graph:

1 | ny|
& (i,))eé RSk 2]

Let for any two connected nodes i, j € 7, hf;i'j ) denotes the label homophily over the
edge e(i, j) € & in graph ¢. We then have the following result about the label homophily of
e(i, j) in the subgraph ¢, generated by AGALE at time ¢.

Theorem 2. For any edge e(i, j) € & and any subgraph at time t, §; such that e(i, j) € &,
h;f:'j ) > hf;(l’] ) when at least one of the nodes in {i, j} is single-labeled. For the case
when both nodes i, j are multi-labeled, we obtain h;(:’j) > h:;}i'j) with probability at least
1-Qa- h;fi'j))K) for TASK-IL SETTING and (1 - (1 — h;fi'j))Kt) for CLASS-IL SETTING.

Proof. In the multi-label graphs, one pair of connected nodes belongs to the following three

scenarios: 1) two single-labeled nodes are connected, 2) a single-label node is connected to
a multi-labeled node, and 3) two multi-labeled nodes are connected.
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Scenario 1: Note that at any time step ¢ two nodes 7 and j are connected if and only if
at least one label for each node appears in 6;. As in the first scenario, both the nodes are
single-labeled, and the label homophily score for edge e(i, j) stays the same in the subgraph
as in the original graph:

eij) el |0, W #FHI
h{gt —hgg _{1' lf@l :@/] (46)

Scenario 2: In the second scenario, where one single-labeled node i is connected to a
multi-labeled node j, at any time step ¢, when e(i, j) appears in the subgraph ¥;,

e(i,j) _ pe(i,j) _ . i i

i i h% = hg =0, ifyigayi

), ) 1 . i i
hgt = hg he(i'j) _ 2 if ! chtﬁ@/]
G 1, f€n¥ =gt

. L@
=g, ifwiewl @D

Combining (4.6) and (4.7) we note that when at least one node in an edge is single-
labeled, the label homophily of the corresponding edge will be equal to more than that in the
static graph, thereby completing the first part of the proof.

Scenario 3: In the third scenario, where two multi-labeled nodes i and j are connected, at
any time step £, when e(i, j) appears in the subgraph %, it holds 6;N%; # @ and €, N¥; # @.
In this scenario, the label homophily of an edge depends on the relationship between %; N %
and €6;:

0=hg"" < hg"? Y NI N6 =0
h;“’” =1  TaSk-IL SETTING . . . . ; .
e(tij) 1 lf@ I"I@’j;’fQ,@ ﬂ@]ﬁ%tcg ﬂ@],
) hy " =z 5; CLASS-IL SETTING . . (4.8)
’ YNy Nn Cgt c cgt ’
hy' = hg") ifYy Ny ce,
hy " =12 hg") if 6y Ny

Note that all the statements hold in both incremental settings except for the second
condition, where %/ N %/ N6, is the strict subset of % "%, and €,. With a relatively
smaller size of |6;| = K = 2 in our setting, we have in the TASK-IL SETTING, Ié,?/ti n @/tjl =1
and |@ti U@/tjl =2:

i J

peted _ Wi 0% 1 1 4.9)

< , - .

L iuw)| 2

while in the CLASS-IL SETTING, because |@ti m@tjl =1, IJJ/ti U@tjl < Kt, we obtain

petind) _ A A b
7 i =

o wiuw! 2t

We can now upper bound the probability of the worst case event, i.e., when an edge
e(i, j) exists at time ¢ but €, N¥*' Nn% /) = @. This can only happen if the classes in set

(4.10)
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6, are chosen from the set & U\ & NI, For TASK-IL SETTING, the probability of
choosing at least one element of € from the common labels of node i and j is equal to
hf;"f ). Then the probability that none of the classes in 6; appear in the common set is at

most (1 — hgi'j))|(gf|. The proof is completed by noting the fact that |6;| = K for TASK-IL
SETTING and |6;| = Kt for CLASS-IL SETTING at time step t. O

4.3.4. COMPARISON WITH PREVIOUS EVALUATION FRAMEWORKS
In response to overlooked challenges in established CGL and MLCL evaluation frameworks,
as detailed in Section 4.1, our framework tackles these issues by the following.

* Incorporation of the multi-label scenario. Contrary to previous evaluation frameworks
AGALE accommodates single-label and multi-label node nodes in the following ways.

— For single-label nodes, our framework expands upon previous methods during the
task sequence’s creation phase. It introduces dynamics in label correlations by
allowing random class ordering to generate the task sequence. This results in diverse
subgraph sequences, mimicking the random emergence of new trends in the real
world.

— Regarding the multi-label scenario, as shown in Figure 4.5, our framework allows
for update/change of label assignments for a given node in the TASK-IL SETTING
and expansion of the node’s label set in the CLASS-IL SETTING.

 Information preservation and prevention of data leakage

— As described in Section 4.3.2, the data partitioning strategies of AGALE ensure
that no nodes from the original multi-label static graph are removed while creating
the tasks. Single-labeled nodes appear once in the task sequence in both settings,
while multi-labeled nodes surface with different labels in TASK-IL SETTING and
CLASS-IL SETTING. Specifically, they appear with non-overlapping subsets of their
label set in TASK-IL SETTING, and as the class set expands, their entire label set is
guaranteed to be seen by the model before the final time step in CLASS-IL SETTING.

— Previous CGL evaluation frameworks split the nodes into train and evaluation sets
within each class, not considering the situation where one node can belong to multiple
classes in the task. Such a strategy may lead to data leakage as one node can be
assigned to training and testing sets for the same task. During task training on a
subgraph comprising various classes, our framework ensures no overlap among the
training, validation, and test sets. Single-labeled nodes exclusively belong to one
class, preventing their re-splitting after the initial allocation. For multi-label nodes
that have been allocated to a particular class (see lines 11 and 12 in Algorithm 3), we
exclude them from the remaining nodes of other classes they belong to, eliminating
any potential data leakage during training and evaluation within one subgraph.

— In addition, we approach the continual learning setting by not allowing the inter-task
edges. This deliberate choice means that, upon the arrival of a new task, the model
no longer retains access to the data from the previous time steps.
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* Ensuring fair split across different classes and the whole graph. Due to the differences
in the class size, a split from the whole graph will result in the bigger class dominating the
splits, leaving the small class underrepresented in the splits. Moreover, the split within each
class may result in data leakage in one subgraph, as explained in the previous paragraph.
To maintain a fair split despite differences in class sizes, our framework prioritizes splitting
smaller classes initially. It subsequently removes already split nodes from larger class
node sets. This approach guarantees an equitable split within each class and from within
the whole subgraph, preventing larger classes from dominating the splits and ensuring
adequate representation for smaller classes.

* Application for graph/edge-level CGL. AGALE can be directly applied for the graph
classification task, each input data is an independent graph without interconnections. For
the edge classification task, our framework can be applied by first transforming the original
graph ¢ into a line graph L(¥), where for each edge in ¢, we create a node in L(¥);
for every two edges in ¢ that have a node in common, we make an edge between their
corresponding nodes in L(¥).

4.4. RELATED WORK

4.4.1. CONTINUAL LEARNING

Continual Learning [4, 17-22], a fundamental concept in machine learning, addresses
the challenge of enabling models to learn from and adapt to evolving data streams over
time. Continual learning has applications in a wide range of domains, including computer
vision, natural language processing, and reinforcement learning, making it an active area of
research with practical implications for the lifelong adaptation of machine learning models.
Unlike traditional batch learning, where models are trained on static datasets, continual
learning systems aim to learn from new data while preserving previously acquired knowledge
sequentially. This paradigm is particularly relevant in real-world scenarios where data is
non-stationary and models need to adapt to changing environments.

The key objectives of continual learning are to avoid catastrophic forgetting, where
models lose competence in previously learned tasks as they learn new ones, and to ensure
that the model’s performance on earlier tasks remains competitive. Various techniques have
been proposed in the literature to tackle these challenges, which can be categorized into four
categories.

* Knowledge distillation methods. The methods from this category [6, 7, 20] retain the
knowledge from the past by letting the new model mimic the old model on the previous
task while adapting to the new task. Overall, the learning objective can be summarized as
to minimize the following loss function:

ZL = Mo Zold (Ym?o) + Zhew (Yn,?n) +Z, 4.11)

where Z1q and Zhew represent the loss functions corresponding to the old and new tasks,
respectively. The parameter A, is the weight for balancing the losses, and 2 encapsulates
the regularization term. The process of transferring knowledge from a pre-existing model
(teacher) to a continually evolving model (student) in knowledge distillation unfolds within
“%o1d, where the new model undergoes training to align its predictions on new data for
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the old task, denoted as Y,, with the predictions of the previous model on the same new
data for the old task, represented as Y,. Simultaneously, the new model approximates
its prediction of the new data on the new task Y, to their true labels Y,,. For example,
LwF [20] minimize the difference between the outputs of the previous model and the new
model on the new coming data for the previous tasks while minimizing the classification
loss of the new model on the new task.

* Regularization strategies. The methods in this category maintain the knowledge extracted
from the previous task by penalizing the changes in the parameters 8 of the model trained
for the old tasks. Typically, the following loss is minimized:

LO) = Loew @) + 1Y Q; (6 - 6;*) 4.12)
i

where Zhew denotes the loss function for the new task, 0 is the set of model parameters.
The parameter A functions as the weight governing the balance between the old and new
tasks, while Q; represents the importance score assigned to the ith parameter 6;. For
example, MAS [21] assigns importance scores for the parameters by measuring how
sensitive the output is to the change of the parameters. The term 67 refers to the prior
task’s parameter determined through optimization for the previous task.

* Replay mechanisms. Methods from this category extract representative data from the
previous tasks and employ them along with the new coming data for training to overcome
catastrophic forgetting [23, 24]. Methods under this category mainly differ with respect
to their approaches to sampling representative data from the old task for storage in the
buffer. For example, Kim et al. [24] maintains a target proportion of different classes in
the memory to tackle the class imbalance in the multi-label data.

* Dynamic architectures. Methods from this category [9, 25] dynamically expand their
architecture when needed for new tasks. This expansion may include adding new layers
or neurons to accommodate new knowledge. For example, Lee et al. [25] dynamically
expands the network architecture based on the relevance between new and old tasks.

Another line of work in CL focuses on benchmarking evaluation methods. For instance,
Farquhar & Gal [10] and Lange et al. [1 1] provide more robust and realistic evaluation metrics
for the CL methods, incorporating real-world challenges like varying task complexities and
the stability gap.

4.4.2. CONTINUAL GRAPH LEARNING

As a sub-field of continual learning, Continual Graph Learning (CGL) addresses the catas-
trophic forgetting problem as the model encounters new graph-structured data over time.
Within CGL, two primary lines of work exist. The first involves establishing evaluation
frameworks that define incremental settings in CGL scenarios and their corresponding data
partitioning algorithms. The second line of work focuses on proposing new methods based
on specific predefined CGL incremental settings derived from these evaluation frameworks.
Our work mainly falls into the first category in which we develop a more holistic evaluation
framework covering the multi-label scenario for graph-structured data.
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The previously established CGL frameworks focus on benchmarking tasks in CGL.
For instance, [13] defined Task- and Class- Incremental settings for single-labeled node
and graph classification tasks in CGL and studied the impact of including the inter-task
edges among the subgraph. [12] expanded this by adding the domain- and time-incremental
settings and including the link prediction task in the CGL benchmark. Additionally, surveys
like [26] and [27] focus on categorizing the approaches in CL and CGL.

However, none of the above works sufficiently addressed the complexities of defining the
multi-label node classification task within the CGL scenario. The only exception is Ko et al.
[12], which used a graph with multi-labeled nodes, but that too in a domain incremental
setting. In particular, each task was constituted of nodes appearing from a single domain.
Consequently, a node appears in one and only one task together with all of its labels. This
does not cover the general multi-label scenario in which the same node can appear in multiple
tasks each time with different or expanding label sets.

Existing methods for CGL focus mainly on the multi-class scenario and fall into one of
the four categories (see the previous subsection) of continual learning methods. For example,
GRAPHSAIL [28] is a knowledge distillation approach that distills each node’s local and
global structure and its self-embedding knowledge, respectively. Regularization approach
TWP [29] adds a penalization to the parameters that are important to the learned topological
information in addition to the task-related loss to stabilize the parameters playing pivotal
roles in the topological aggregation. ERGNN [30] is based on the replay mechanism and
carefully selects nodes from the old tasks to the buffer and replays them with the new graph.
[31] combines replay and regularization to preserve existing patterns.

4.4.3. LEARNING ON DYNAMIC GRAPHS

Since streaming graphs find applications in various domains, including social network
analysis, recommendation systems, fraud detection, and knowledge graph refinement, several
methods [32-35] have been proposed in the field of dynamic graph learning (DGL) to utilize
the knowledge from the past to enhance the model’s performance on the graph in the current
timestamp. For example, Rossi ef al. [36] uses the memory unit to represent the node’s
history in the compressed format, and Pareja et al. [37] uses recurrent architecture between
the models trained for the adjacent time steps to let the new model inherent knowledge
extracted from the old tasks. However, the designing goal of the methods in DGL is to utilize
the knowledge extracted from the old tasks to enhance the performance of the model on the
current task, while in CGL, we focus on the catastrophic forgetting problem, i.e., the model
needs not only to perform well on the current task but also on the previous tasks in the task
sequence. We compare and analyze the models from these two categories in detail in Section
4.6.

4.4.4. APPLICATION OF GRAPH MACHINE LEARNING IN CONTINUAL
LEARNING

Some work [3, 38] also attempts to use graph structures to alleviate catastrophic forgetting

in Euclidean data. For instance, Tang & Matteson [3] augments independent image data

in memory with a learnable random graph, capturing similarities among them to alleviate

catastrophic forgetting. However, as our current focus is solely on graph-structured data,

these endeavors fall beyond the scope of this study.
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4.5. EXPERIMENT SETUP

In this section, we test the state-of-art models from CL, DGL, and CGL domains. Note
that in this study, we employ P = 3, indicating that we generate three random orders for the
classes in each dataset in the experimental section. We introduce the models according to
their categories.

4.5.1. METHODS
This subsection introduces all the methods used in the experiment section. The CL methods
use Graph Convolutional Network (GCN) [39] as the backbone.

* SIMPLEGCN: We train GCN on each of the subgraph sequences without any continual
learning technique, which is denoted as SIMPLEGCN in the following sections.

* JOINTTRAINGCN: We also include GCN trained on all the tasks simultaneously and
therefore should not have the catastrophic forgetting problem. This setting is referred to as
JOINTTRAINGCN in the following section.

* Continual Learning Methods: We choose Learning Without Forgetting (LWF), Elastic
Weight Consolidation (EWC), and Memory Aware Synapses (MAS) from this category.
LWF distill the knowledge from the old model to the new model to prevent the model
from catastrophic forgetting. EWC and MAS are both regularization-based methods.
The difference is that EWC penalizes the changes in the parameters that are important to
the previous task, while MAS measures the importance of the parameters based on the
sensitivity of the output on the parameters.

* Dynamic Graph Neural Network: We choose EVOLVEGCN [37] from this category,
which uses recurrent architecture between the models trained for the adjacent time steps to
let the new model inherent knowledge extracted from the old tasks to enhance the model’s
performance on the current task.

* Continual Graph Learning Methods: We choose ERGNN [30] from this category, which
samples representative nodes from the old tasks in the buffer and replays them with the
new data to address the catastrophic forgetting problem.

4.5.2. DATASETS

We demonstrate our evaluation framework on 3 multi-label datasets in this work. We also
include 1 multi-class dataset CORAFULL as an example to demonstrate the generalization
of our evaluation framework on single-label nodes. We include the description of the
CORAFULL and the results on it in the Appendix 4.8.2.

The inter-task edges are defined in [13] as the edges that connect the new subgraph to
the overall graph. We do not allow inter-task edges in our evaluation framework, i.e., at each
time step, only the subgraph for the new task is used as input. The reason is that in CL, the
assumption is that the model loses access to the data from the previous time steps. With the
inter-task edges, the node features from the previous time step would also be used as input,
which violates this assumption and alleviates the forgetting problem.

Below, we introduce the datasets used in this work:
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1. PCG[16], in which nodes are proteins and edges correspond to the protein functional
interaction, and the labels the phenotype of the proteins.

2. DBLP[40], in which nodes represent authors and edges the co-authorship between the
authors, and the labels indicate the research areas of the authors.

3. YELP[41], in which nodes correspond to the customer reviews and edges to their friend-
ships with node labels representing the types of businesses.

The statistics about the datasets are summarized in Table 4.1. We use the label homophily
defined for multi-label graphs in Zhao ef al. [16]. Following the application of a data
partitioning algorithm, the given static graphs by the datasets are split into subgraph se-
quences. We also summarize the characteristics of the subgraphs to provide insights into the
partitioned structure.

Table 4.1: The data statistics. Specifically, |7|, |&], |€], @, and 1,40 denote the number of nodes,
edges, classes, mean label count per node, and label homophily of the static graph given by the dataset,
respectively. | T| signifies the count of tasks in the resulting task sequence. Additionally, |7 and |&|
represent the average number of nodes and edges in a subgraph. Further details on label homophily
are captured through |7] s and [r],;s, representing the averaged label homophily of subgraphs in the
TASK-IL SETTING and CLASS-IL SETTING), respectively.

4 &l | 161 | 121 | 1T | Thomo | 171 | 181 | Irlssk | I7leis

PCG 3K 37K 15 | 1.93 | 7 0.17 808 4763 | 0.64 | 0.38

DBLP | 28K 68K 4 1.18 | 2 0.76 15K 37K 0.86 | 0.81

YELP | 716K | 7.34M | 100 | 9.44 | 50 0.22 121K | 921K | 0.75 | 0.47

In Theorem 2 we theoretically analyzed the label homophily of the edges in the subgraphs
where we showed that in cases of single-labeled nodes and for higher homophily edges, the
homophily in subgraphs typically increases. Table 4.1 further shows that the average label
homophily of the subgraphs is in fact higher than the label homophily of the corresponding
static graph.

4.5.3. EVALUATION
METRICS

We evaluate the models using performance matrix M € R7*T, where M; ; denotes the
performance score reported by an evaluation metric (e.g. AUC-ROC, average precision etc.)
on task .%; after the model has been trained over a sequence of tasks from .4 to .#;. At each
time step t, the average performance of the model is measured by the average of the model’s
performances on task % to task .#7, i.e., the average of the row i in performance matrix M.
After the whole task sequence is presented to the model, we report the average performance
AP as:

M
AP = L T L (4.13)

which is the higher, the better.
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We use the average forgetting AF score proposed in Lopez-Paz & Ranzato [42]. The
forgetting on task .#; is measured by the performance change on task .%; after the model is
trained on the whole task sequence. Formally, we report the average forgetting AF on all the
tasks as:

Y M7 —M;))
T-1

Note that we here compute a single metric to quantify the incurred forgetting over past
tasks when the model is trained for the last task #r. The summand indicates the performance
decrease on some task .%; after learning on later task .

When the average forgetting is negative, its absolute value indicates the averaged perfor-
mance decrease on all previous tasks when the model is trained on the last task #r in the
task sequence.

A positive AF score indicates that the performance on some of the past tasks actually
increased after training on task #r. A positive AF score might be the result of correlation
among tasks that the model exploited, thus showing an improvement over past tasks.

Such an observation may be when the tasks from a graph are highly correlated with each
other, training on the new task would help further improve the performance on the old tasks.

Overall, we report the AP and AF for each model, and the scores we obtain from the
two metrics are interpreted in the following Table 4.2.

AF = (4.14)

high AF low AF
high AP | preserves well-rounded knowledge | performs well on the new task, while
across all the tasks forgetting about the old tasks

low AP | preserves the knowledge from the | forgets about the old task, and fail to
old tasks and harms the overall per- | perform well on the new task
formance indicates the tasks are not
correlated, improvements on one
task harm the performance on the
other tasks

Table 4.2: The interpretation of the average performance score (AP) and the average forgetting score
(AF).

VISUALIZATION

We use the heatmaps and lineplots to visualize the performance matrix M. Due to the limited
space, we add the heatmaps in the Appendix 4.8.4. The lineplots are shown in Figure 4.7,
which have the time steps as x axis, the y axis indicates the average performance of the
model over all the tasks that have been encountered so far.

4.6. RESULTS AND ANALYSIS

In this section, we summarize the experimental results on the multi-label datasets in the
TASK-IL SETTING and CLASS-IL SETTING defined in section 4.2 in the Table 4.3 and Table
4.4, respectively. To use a single numerical value to quantify the overall performance of the
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Figure 4.6: Visualization of the analysis on the performance of SIMPLEGCN and JOINTTRAINGCN
using PCG as an example.

models, we calculate an average performance matrix M from the performance matrices from
the three random splits and report the AP and AF from the averaged performance matrix.

4.6.1. LOWER AND UPPER BOUNDS IN CGL

In the previous CGL frameworks [12, 13], SIMPLEGCN and JOINTTRAINGCN are shown
to have the worst and the best performance. Such a result is also expected as (i) SIMPLEGCN
is employed on sequential data without any enhanced abilities to deal with catastrophic
forgetting (thereby showing performance degradation) and (ii) in JOINTTRAINGCN all
data is used to train the base GNN. However, the results from multi-label datasets in
both incremental settings, as shown in Table 4.3 and Table 4.4, reveal that SIMPLEGCN
and JOINTTRAIN are no longer suitable as lower and upper bounds for evaluating CGL
performance in a more generalized scenario of multi-label datasets. In the following, we
theoretically and empirically analyze the rationale behind such a finding.

LABEL HOMOPHILY AND GCN

GNN:gs, specifically GCN, which is used as a base network are known to have better per-
formance on high label-homophilic graphs. As shown in Theorem 2, splitting labels into
distinct prediction tasks and creating subgraphs for each task results in an increase in label
homophily of the edges in the subgraphs as compared to that in the full graph. In particular, if
in a dataset there are a large number of single-labeled nodes in the full graph with a non-zero
edge label homophily, the increase in label homophily of edges in subgraphs helps SIM-
PLEGCN to assign correct labels to the corresponding nodes. However, in JOINTTRAIN, the
presence of diverse neighborhoods around single-labeled nodes leads to low label homophily,
impacting its performance negatively.

Empirical evidence. Figure 4.6 illustrates the above statements with an example from one
random shuffle of PCG using the subgraphs generated for the TASK-IL SETTING (colored
in blue), CLASS-IL SETTING (colored in green) and the original static graph given by the
dataset (colored in red). On the x axis, we show the label homophily level of the input
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Figure 4.7: Learning curves showing the dynamics of the average performance during learning on
the task sequences of different datasets. The color coding and legend names remain consistent across
all subfigures. To avoid obstructing the line plot, we omit the legend in the subplots corresponding to
PCG.

graphs, while on the y axis, we show the performance of SIMPLEGCN after it is trained on
the subgraph in the corresponding incremental settings and JOINTTRAINGCN on the whole
static graph. We make the following observations.

* The subgraphs in TASK-IL SETTING and CLASS-IL SETTING have higher label homophily
than the full graph, explaining the better performance of SIMPLEGCN as compared to
JOINTTRAINGCN.

* We also observe that as compared to TASK-IL SETTING, the subgraphs generated for
CLASS-IL SETTING have lower label homophily. This happens because of expanding
label sets in CLASS-IL SETTING.

In Figure 4.6b and 4.6¢, we further analyze the causes of the bad performance of the
JOINTTRAINGCN. We used the JOINTTRAINGCN model on test nodes from the joint train
graph in PCG and calculated an average precision score for each node. The mean value
of the scores is then used as a threshold to divide the test nodes into the set of nodes that
perform better-than-average and the worse-than-average performing node subset, indicated
by the blue and orange bars in the plots. To remove the influence of the difference in the
sizes of the subsets, we use the percentage of the nodes in the corresponding subset as the y
axis.
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Based on the edge homophily defined in 5, we define the label homophily in the direct
neighborhood of a node as the averaged edge homophily connected to this node:

Definition 6. For a node v in the graph 4, we define the label homophily of a node v
with respect to its immediate neighborhood NV, represented as hV, as the average of label
homophily of the edges connected to v:

_ Zetpijen b

hl)
[ A

We make the following observations.

In Figure 4.6b, the percentage of single-labeled nodes in the worse-than-average perform-
ing subset is higher than that the better-than-average subset.

* Figure 4.6c shows that in fact, the high percentage of worse-performing nodes have very
low label homophily (computed using Definition 6) close to O.

* The above two observations indicate that the performance of JOINTTRAINGCN suffers
due to the presence of a higher percentage of low label homophily edges with at least one
single-labeled node.

For completeness, we include in Figure 4.6¢ a Kernel Density Estimation on the node
homophily distribution, which shows a clear shift in the distributions of the label homophily
in the better-performing subset as compared to the worse-than-average subset.

In the following sections, we summarize the performance of the chosen baselines in
the TASK-IL SETTING and CLASS-IL SETTING and provide a detailed analysis of the
performances of the baselines on different datasets.

4.6.2. RESULTS IN TASK-IL SETTING

Table 4.3: Performance of the baseline models in the TASK-IL SETTING setting. The performances
are reported in Average Precision. "AP" stands for Average Precision, and the higher, the better. "AF"
indicates the average forgetting, and the higher, the better.

TAsSK-IL PCG DBLP YELP

AP AF AP AF AP AF
SIMPLEGCN 54.34+0.04 —6.11+0.03 |87.47+0.12 —15.76+0.00 | 54.87+£0.03 —1.43+0.05
LwF 58.12+0.05 —2.84+0.02 (95.01+0.01 -0.98+0.00 |54.89+0.03 —2.07+0.05
EWC 56.17+0.03 —3.77+£0.03 (92.28+0.05 -6.51£0.01 |56.53+0.05 —0.17£0.02
MAS 56.26+0.04 —2.64+0.03 (93.93+0.03 -3.17£0.00 |56.05+0.03 —0.76+£0.05
EVOLVEGCN 52.76+0.06 —3.68+0.03|78.94+0.25 -35.20£0.00 | 55.93+£0.07 -5.11+0.07
ERGNN 53.64+0.06 —1.39+0.02 |67.70+0.03 —24.96+0.00|54.99+0.03 -0.92+0.04
JOINTTRAIN  22.47+0.47 - 85.60 +0.25 - 13.80+0.08 -

Table 4.3 presents results for three real-world multi-label datasets in TASK-IL SET-
TING. In general, the knowledge distillation method LWF excels on graphs with shorter
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task sequences (e.g., PCG and DBLP with 7 and 2 tasks, respectively). In contrast, all
methods perform comparably on the graph with a long task sequence in YELP with 50 tasks,
among which regularization-based methods like EWC and MAS slightly outperform other
approaches. This disparity arises because LWF distills knowledge only from the last time
step, leading to a performance drop with longer sequences. Meanwhile, regularization-based
methods, like EWC and MAS, which penalize the changes in the important parameters
for previous tasks, prove effective for longer task sequences. The weak performance of the
replay-based methods ERGNN indicates the importance of including the local topological
structure around the nodes in the buffer instead of sampling isolated nodes in the buffer.
Dynamic graph neural networks like EVOLVEGCN struggle with substantial forgetting
despite achieving notable average precision scores because they only focus on the current
task. We visualize the learning curve of the models in the TASK-IL SETTING on PCG,
DBLP, and YELP in Figure 4.7a, 4.7b, and 4.7c, respectively. The x axis indicates the
current time step, and the corresponding value on the y axis infers the average performance
of the model at the current time step over all the tasks encountered so far.

4.6.3. DETAILED ANALYSES ON DIFFERENT DATASETS

PCG. PCG has a relatively shorter task sequence with 7 tasks. SIMPLEGCN showcases
competitive scores but is susceptible to forgetting, indicating the low correlation among the
tasks. LWF outperforms SIMPLEGCN and notably improved robustness against forgetting,
which indicates the shorter task sequence in PCG contributes to the effectiveness of LWF in
retaining task knowledge because LWF only distills knowledge from the previous model.
EWC and MAS also exhibit competitive performance, demonstrating moderate resistance to
forgetting. Meanwhile, because of the low correlations among the tasks, EVOLVEGCN faces
challenges using with a lower performance and notable forgetting. JOINTTRAINGCN has
the poorest performance because of the low label homophily level on the joint train graph.

DBLP. DBLP has the shortest task sequence length with only 2 tasks. LWF once again
stands out with the highest performance and minimal forgetting. The SIMPLEGCN has the
worst forgetting on DBLP compared to the other two datasets, indicating the tasks in DBLP
have the lowest task correlation. While EWC and MAS present comparable performance
to LWF, they suffer from worse forgetting. Notably, the low task correlation also results
in the low performance and extreme forgetting of EVOLVEGCN and ERGNN, indicating
the information from the previous task that lies in the model, and the data can not assist the
model’s performance on the new task. And because the joint train graph in DBLP has the
highest level of label homophily, the JOINTTRAINGCN also achieves better performances
compared to its performance on the other two multi-label datasets.

YELP. The YELP dataset is characterized by the longest task sequence encompassing 50
tasks and featuring the highest task correlations, which is indicated by the competitive
performance shown by SIMPLEGCN. Despite the extended task sequence, training on a new
task does not significantly impair performance on the previous tasks. The long task sequence
poses a potential challenge for LWF, as prolonged sequences lead to increased forgetting.
EWC and MAS emerge as robust performers in this demanding setting, demonstrating
solid performance with competitive performances and modest forgetting. EVOLVEGCN
encounters a lower score coupled with considerable forgetting, as the high task correlation
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makes the utilization of the previous model helpful to improve the performance of the
current task, EVOLVEGCN pays no attention to maintaining the performance on the old
tasks. Additionally, ERGNN achieves a comparable performance with minimal forgetting,
positioning it as a strong contender on the YELP dataset. JOINTTRAINGCN achieves the
lowest performance because of the low label homophily level in the joint train graph.

4.6.4. CLASS-1L SETTING

Table 4.4: Performance of the baseline models in CLASS-IL SETTING setting. The performances
are reported in Average Precision. "AP" stands for Average Precision and the higher the better. "AF"
indicates the average forgetting, and the higher, the better.

CrLAss-1L PCG DBLP YELP

AP AF AP AF AP AF
SIMPLEGCN 56.70+0.04 —2.48+0.03 | 93.22+0.03 -3.90+0.00 55.78+0.03 —1.56+0.05
LwF 38.13+0.13 3.48+0.03 81.98+0.18 —-0.69+0.00 33.72+0.05 0.59 +0.05
EWC 35.124+0.13 2.17+0.03 81.88+0.06 -8.92+0.00 32.324+0.08 1.7140.03
MAS 33.00+0.15 0.98 +0.02 82.82+0.10 —4.87+0.00 32.07+0.07 -1.10+0.04
EVOLVEGCN | 29.44+0.12 0.23+0.01 68.18+0.03 —29.69+0.00 | 23.45+0.06 —0.70+0.05
ERGNN 29.80+0.14 —-2.82+0.03 | 59.99+0.12 3.14+0.00 24.00+£0.06 —-0.12+0.01

JOINTTRAIN 22.47+0.47 - 85.60+£0.25 - 13.80£0.08 -

Table 4.4 presents results for three real-world multi-label datasets in CLASS-IL SETTING.
Overall, SIMPLEGCN achieves a superior performance across all datasets. This performance
contrast is noteworthy when compared to its performance on multi-class datasets in the
previous works [12, 13]. The key distinction lies in our evaluation framework, where we
enable the label vectors of multi-labeled nodes to expand during CLASS-IL SETTING. In
essence, this approach incorporates the previous labels of multi-labeled nodes as part of
the target labels in subsequent tasks. This strategy serves a dual purpose: it mitigates the
problem of forgetting while simultaneously improving the performance on earlier tasks.
This improvement is indicated by the positive average forgetting scores in the CLASS-IL
SETTING context. The performance of JOINTTRAINGCN is not influenced by the change in
the setting, as it is trained on all the tasks simultaneously.

The drop in the performances of other baseline models is a result of the increasing
number of classes in the tasks at each time step, i.e., the difficulty of the task increases at
each time step. We visualize the learning curve of the models in the CLASS-IL SETTING on
PCG, DBLP, and YELP in Figure 4.7d, 4.7¢, and 4.7f, respectively. The x axis indicates the
current time step, and the corresponding value on the y axis infers the average performance
of the model at the current time step over all the tasks encountered so far. Below, we analyze
the performance of the chosen baseline models on each of the datasets.

4.6.5. DETAILED ANALYSES ON DIFFERENT DATASETS

PCG. SIMPLEGCN leads with the highest average performance overall tasks with low
forgetting, as it has no CL technique to prevent forgetting. On the other hand, the CL methods
sacrificed the average performance on the task sequence but successfully maintained a
positive AF. This means the knowledge distillation- and regularization-based models are able
to retain the knowledge from the old tasks in the CLASS-IL SETTING. EVOLVEGCN and
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ERGNN achieve comparable average performance on the task sequence, but the ERGNN
fails to retain the knowledge from the old task as it only samples the isolated nodes in
the replay buffer while ignoring the topological structure. JOINTTRAINGCN remains the
worst-performing model because of the low label homophily in the input graph.

DBLP. DBLP has the shortest task sequence, but SIMPLEGCN and CL methods LWF,
EWC, and MAS suffered from the most severe forgetting problem on it. These negative
average forgetting scores observed in DBLP indicate low task correlation, i.e., the knowledge
from the old task hinders the model from achieving better performance on the new task. As
the least multi-labeled graph, DBLP witnesses the least pronounced performance dip in
the CLASS-IL SETTING compared to TASK-IL SETTING. This observation suggests that
multi-label datasets pose a more challenging test for models when the label vectors of nodes
continue to grow.

YELP. In YELP, nodes are more multi-labeled compared to PCG and DBLP, as shown in Ta-
ble 4.1. Overall, we see a clear performance difference in CLASS-IL SETTING compared to
TASK-IL SETTING on YELP. Furthermore, knowledge distillation- and regularization-based
methods surpass the dynamic graph neural network EVOLVEGCN and the replay-based
method ERGNN. This is primarily due to the fact that EVOLVEGCN neglects the preser-
vation of knowledge from previous tasks, which ultimately hampers overall performance.
ERGNN, on the other hand, disregards the topological structure surrounding the sampled
experience nodes, further impacting its efficacy in handling the evolving tasks.

4.7. CONCLUSION

We develop a new evaluation framework which we refer to as AGALE for continual graph
learning. Filling in the gaps in the current literature, we (i) define two generalized incremental
settings for the more general multi-label node classification task, (ii) develop new data split
algorithms for curating CGL datasets, and (iii) perform extensive experiments to evaluate
and compare the performance of methods from continual learning, dynamic graph learning
and continual graph learning. Through our theoretical and empirical analyses we show
important differences of the multi-label case with respect to the more studied single-label
scenario. We believe that our work will encourage the development of new methods tackling
the general scenario of multi-label classification in continual graph learning.

Following the current literature, we focus on quantifying catastrophic forgetting in
AGALE. In realistic scenarios, there is also the case where the model could be required to
selectively forget about the past. For example, users in the social network might not further
show interest in certain topics and un-follow some of the friends. Developing new evaluation
metrics as well as new models to reward selective forgetting of some tasks while avoiding
catastrophic forgetting overall is an interesting avenue for future research.

4.8. APPENDIX

Organization. We analyze the characteristics of the subgraphs generated by AGALE and
compare them with the full graph given in the dataset in Section 4.8.1. Furthermore, we also
apply our AGALE on single-label graph CORAFULL and summarize and analyze the results
in section 4.8.2 to further demonstrate the generalization of AGALE in sing-label scenarios.
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Additionally, we provide detailed time and space complexity analysis in Section 4.8.3 and
measure and summarize the run time of the conducted experiments as well. Last but not
least, we provide the visualization of the performance matrix using heatmaps in Section
4.8.4.

4.8.1. DATA ANALYSIS OF THE SUBGRAPHS

In this section, we present an analysis of the subgraphs derived by our evaluation framework
from the static graph in PCG, showcasing the efficacy of our approach. Figure 4.8 illustrates
the degree distribution of nodes within the seven subgraphs generated from the PCG dataset.
We see from the degree distribution that the nodes in the subgraphs also have a similar degree
distribution to the nodes in the original static graph.
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Figure 4.8: The Node Degree Distribution In the seven Subgraphs Generated From PCG.

4.8.2. APPLICATION OF OUR EVALUATION FRAMEWORK ON SINGLE-
LABEL GRAPHS

In this section, we provide an example of applying our evaluation framework to single-label
graphs. Here, we use CORAFULL as an example. We summarize the characteristics of
CORAFULL in Table 4.5. As shown in the Table, CORAFULL has 70 classes, which are
divided into 35 tasks in 3 random orders.

In Table 4.6 and 4.7, we summarize the performance of LWF and ERGNN on the dataset
CORAFULL in TASK-IL SETTING and CLASS-IL SETTING and use the line plots in Figure
4.9 to visualize the learning curves of the chosen models in the two settings on CORAFULL.

4.8.3. TIME AND SPACE COMPLEXITY ANALYSIS

Here, we provide theoretical time and space complexity analysis of the models used in this
work.
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Table 4.5: The data statistics. Specifically, |71, |&], |€], @, and 7y, denote the number of nodes,
edges, classes, mean label count per node, and label homophily of the static graph given by the dataset,
respectively. |T| signifies the count of tasks in the resulting task sequence. Additionally, [¥] and |&]
represent the average number of nodes and edges in a subgraph. Further details on label homophily
are captured through 7], and |7/, representing the averaged label homophily of subgraphs in the
TASK-IL SETTING and CLASS-IL SETTING), respectively.

I 181 | 161 | 1T | Thomo | V1| 181 | Trlisk | 171cis
CoORAFULL | 19K | 130K 70 35 0.57 566 | 1035 0.99 0.99

Table 4.6: Performance of the baseline models in TASK-IL SETTING setting. The performances are
reported in Average Precision. "AP" stands for Average Precision and the higher the better. "AF"
indicates the average forgetting, and the higher, the better.

TASK-IL SETTING CORAFULL

AP AF
LwF 53.46+0.12 -9.53+0.16
ERGNN 59.49+0.20 4.37+0.34

Table 4.7: Performance of the baseline models in CLASS-IL SETTING setting. The performances
are reported in Average Precision. "AP" stands for Average Precision and the higher the better. "AF"
indicates the average forgetting, and the higher, the better.

CLASS-IL SETTING CORAFULL

AP AF
LwF 5.42+0.15 —-7.45+0.14
ERGNN 40.39+0.27 —56.08+0.25

Complexity analysis for the base model. As the base model used by all compared
methods is GCN [39], we first analyze its complexity. To keep the notations simpler let us
assume that the feature (including the input features) dimension in all layers is equal to d.
Let n, m denote the number of nodes and edges, respectively in the input graph at any time
point. For the sake of brevity in the presentation, we assume that the number of nodes and
edges stay the same for all time points.

For GCN, at each layer, the operation includes feature transformation, neighbourhood
aggregation, and activation. The feature transformation over two layers leads to the multipli-
cation of matrices of sizes (i) nx d and d x d, and (ii) d x d and d x d which leads to a total
time complexity of @ (nd?).

And the neighborhood aggregation requires a multiplication between matrices of size
nxn and n x d, yielding @(n*d). In practice, we compute this using a sparse operator,
such as the PyTorch scatter function for each entry (i, j) in the adjacency matrix of the
edge e € &, which yields a total cost of ©(md). Finally, the activation is an element-wise
function with the time complexity of @' (n). Overall, the time complexity of a L layer GCN
is ©(nd?L+mdL+ nL).

For computing space requirements of GCN, we include (i) the space required for the
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Figure 4.9: Our Framework on Single-label Datasets

input adjacency matrix of size n x n, (ii) the feature matrix of size n x d, and (iii) the model
itself with d? + d parameters for weight and bias in each layer. In total, the space complexity
of GCN is @(n? + nd + L(d* + d)).

As all methods mentioned in this work either use GCN as the backbone model or are
built upon GCN, we denote in the following discussion and the Table 4.8 the time and space
requirement of GCN as Tgen and Sgen respectively.

Complexity analysis of SIMPLEGCN. SIMPLEGCN trains a GCN for each time step
t € . And because it does not apply any continual learning techniques to remember
from previous time steps, the time is the same with GCN, i.e., G (|9 | Tgcn) and the space
complexity is Sgen-

Complexity analysis of LWF. LWF uses GCN as the backbone model, the GCN is trained
at each time step t €  for the new task, which gives the time complexity of @ (1T | Tgen)-
To do the knowledge distillation, the previous model also calls GCN forward passes with
time complexity of O (|9 | Tgcn). Overall, the time complexity is € (2|9 | Tgcn)- The space
consumption consists of loading the current GCN model and the previous GCN model for
the knowledge distillation, with space complexity of @ (2Sgcn).

Complexity analysis of EWC. EWC calls forward passes of GCN at each time step, and
for each parameter at each time step ¢ € 9, the values on the diagonal of the fisher matrix
are approximated using the value of each model parameter itself and its gradient. This is
an element-wise calculation, which gives the time complexity of O(|9 | x M), M indicates
the number of parameters in the GCN, which is L(d? + d). Overall, the time complexity
of EWC is the time complexity of GCN plus the calculation of the fisher matrix, which is
O(T| x (Tgen + M)). The space requirement of EWC consists of the space requirement
of GCN, and the matrix stores the gradients of the parameters at each time step of size
O (9 | x M). In total, the space complexity of EWC is O(Sgen + 19 |M).

Complexity analysis of MAS. Similarly, MAS using GCN as backbone model, at each
time step t € 9, there are forward passes of GCN and the calculation of fisher matrix for
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parameters, which gives the overall time complexity of O(|9 |(Tgcn + M)). The space
requirement of MAS consists of the space complexity of GCN and one matrix for the
gradient of the parameters of size &(M), which yields in total ©(Sgcn + M).

Complexity analysis of EVOLVEGCN. EVOLVEGCN is a method from the category of
Dynamic Graph Neural networks, which trains a new model at each time step with time
complexity same as GCN, i.e., Tgcny and updates the model parameter using a recurrent
neural network using the corresponding parameter from previous time step as input, which
has the time complexity of @ (|9 |nd). Overall, EVOLVEGCN is more expensive than
the other Continual Learning methods with time complexity of O(Tgcy + 19 |nd). The
space requirement of EVOLVEGCN consists of the space requirement of the GCN plus the
recurrent unit for the reset, update, and new gate with 3(d? + d). In our implementation, we
use one recurrent layer for each layer in GCN. Thus the overall space complexity yields
O2Sgen +3M).

Complexity analysis of ERGNN. ERGNN is a replay-based method. At each time step
t € J, it retrains the GCN on the current graph and the buffer-nodes-formed graph, and the
sampling process goes through the nodes in the new graph, which gives the time complexity
of 02| | Tgen + n). The space requirement of ERGNN consists of the buffer size of |28|
and the space complexity of GCN. In total, it yields the space complexity of O (Sgcy + |98]).

Complexity analysis of JOINTTRAINGCN. JOINTTRAINGCN has the same time and
space complexity as the base model GCN. It uses the whole static graph as input and is only
trained once without the task sequence.

The above time and space complexity analyses are summarized in Table 4.8.

Table 4.8: The simplified time complexity analysis. Tgcn and Sgcn corresponds to the time and
space requirement of the base GCN model.

Model Time Complexity Space Complexity
SIMPLEGCN 09 1 Teen) Scen

LwF 0219 | Tgen) 0(2Sgen)

EWC O(T I x(Tgen+M)) | O(Sgen +1T IM)
MAS 0T |(Tgen + M) O(Sgen + M)
EVOLVEGCN O(Tgen +19 |nd) O2Sgen +3M)
ERGNN @(2|L°7|TGCN+ n) @(SGCN'H%D
JOINTTRAINGCN | Tgen Sgen

Besides, we also measured the run time of the experiments in this work. The results are
summarized in Table 4.9. Note that the running time of the experiments can be biased due
to different splits and how the resources are distributed on the computer. The theoretical
analysis may provide more insights into the complexity of time.
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Table 4.9: The computation time of the experiments from Section 4.6 in second. The computation
time is measured with one random split for each dataset.

TASK-IL SETTING CLASS-IL SETTING
PCG DBLP YELP PCG DBLP YELP
SIMPLEGCN 43.47 801.85 77163.32 88.31 886.79 | 104869.58

LwF 49.17 | 1193.40 | 142468.01 | 111.23 | 732.76 | 264657.47
EWC 51.32 939.79 79804.48 | 135.44 | 790.73 | 200649.31
MAS 148.19 | 1169.50 | 75255.31 | 135.93 | 1230.88 | 145917.67
EVOLVEGCN 40.34 427.99 | 120580.88 | 94.94 497.80 | 310540.41
ERGNN 47.27 536.20 | 416090.74 | 172.05 | 131.57 | 167624.39

JOINTTRAINGCN | 166.82 | 796.19 80827.72 | 166.82 | 796.19 80827.72

4.8.4. VISUALIZATION OF THE PERFORMANCE MATRIX
In this section, we provide the visualization of the performance matrix using the heatmap on
the three multi-label datasets. In the heatmap, each cell corresponds to a unique entry in M,
and its position in the heatmap mirrors its position in the matrix. We use the gradient of the
color to indicate the performance. The color intensity indicates the magnitude of the value.
In the Figure 4.10, 4.11, and 4.12, we show the heatmaps correspond to the performance
matrices of the baseline models in the TASK-IL SETTING on datasets PCG, DBLP, and
YELP, respectively, while in the Figure 4.13, 4.14, and 4.15, we show the heatmaps corre-
spond to the performance matrices of the baseline models in the CLASS-IL SETTING on
datasets PCG, DBLP, and YELP, respectively.
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Figure 4.10: Visualization of the performance matrix of the methods in TaskIL setting on dataset PCG
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Figure 4.11: Visualization of the performance matrix of the methods in TaskIL setting on dataset
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Figure 4.12: Visualization of the performance matrix of the methods in TaskIL setting on dataset Yelp
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Figure 4.13: Visualization of the performance matrix of the methods in CLASS-IL SETTING on dataset
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Figure 4.15: Visualization of the performance matrix of the methods in CLASS-IL SETTING on dataset
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PROFILING FRAMEWORK FOR
GRAPH-STRUCTURED DATA

I This chapter is based on the manuscript: Tianqi Zhao, Russa Biswas, Megha Khosla, NodePro: An Instance-Level
Profiling Framework for Graph-Structured Data, currently under review for the Journal of Data-centric Machine
Learning Research (DMLR).
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5.1. INTRODUCTION

Graph machine learning models have achieved remarkable success on node classification
tasks. However, their performance is far from uniform across all nodes. Existing evaluation
practices remain largely coarse-grained, relying on aggregate metrics such as accuracy or F1
score. While these metrics are valuable for benchmarking, they obscure important variation
in how models behave at the node level. In particular, they fail to reveal why certain nodes
are consistently harder to classify whether due to feature sparsity, structural ambiguity, or
label noise.

Crucially, models trained on the same dataset and achieving similar overall accuracy
may still generalize in fundamentally different ways—failing on different subsets of nodes
or exhibiting varying levels of predictive uncertainty. Without a principled approach to
capturing node-level learning difficulty and failure modes, we lack the tools to assess the
trustworthiness of individual predictions.

Bridging this gap between high-level evaluation and fine-grained model behavior is
essential for developing robust, interpretable, and trustworthy graph learning systems. This
limitation motivates our central research question: How can we characterize fine-grained
differences in model behavior across individual nodes, beyond aggregate performance
metrics?

To address this question, we propose GNN-MULTIFIX, a node profiling framework
designed to characterize individual nodes and explain model behavior at a fine-grained
level. Rather than focusing on improving model performance through data augmentation or
architectural changes, GNN-MULTIFIX seeks to uncover where models fail by identifying
nodes that are consistently misclassified and analyzing the underlying factors that contribute
to their difficulty. In doing so, our approach introduces a novel contribution to the growing
field of data-centric graph machine learning [, 2], which has traditionally emphasized
improving datasets to enhance model performance. GNN-MULTIFIX instead shifts the
emphasis toward understanding model behavior in relation to intrinsic node characteristics,
offering a complementary path toward building more robust and interpretable graph learning
systems.

GNN-MULTIFIX profiles nodes along two complementary dimensions: data-centric
characteristics, which describe a node’s context in the input graph, and model-centric
behavior, which captures prediction dynamics during training. The data-centric component
constructs interpretable node profiles based on three key properties: (i) feature dissimilarity
(how distinct a node’s features are relative to others in the same class), (ii) local label
uncertainty (the diversity of class labels in its immediate neighborhood), and (iii) higher-order
structural ambiguity (how consistently distant neighbors share the node’s label). Together,
these properties summarize the intrinsic difficulty of a node from a data perspective.

To understand how models behave in relation to these profiles, GNN-MULTIFIX analyzes
two additional signals: prediction consistency indicating how stable predictions are across
training checkpoints, and prediction confidence which quantifies how far the predicted
probability for the true label deviates from a random guess. By aligning these model-level
signals with data-centric node profiles, GNN-MULTIFIX provides a powerful lens into
model generalization and reliability.

We demonstrate that GNN-MULTIFIX not only explains node-level performance but
also enables new capabilities such as detecting potentially incorrect predictions and flagging
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atypical or anomalous nodes, particularly in noisy or structurally complex graphs where
traditional evaluation metrics fall short.

5.2. RELATED WORK
5.2.1. DATA-CENTRIC GRAPH MACHINE LEARNING(DC-GML)

Methods in DC-GML aim to improve model performance by focusing on the quality and ma-
nipulation of graph data itself, rather than solely on model architecture [1]. Recent research
categorizes DC-GML into stages such as data collection, improvement, and maintenance,
emphasizing interventions on graph topology, features, and labels to combat noise, missing
information, and mislabeling [1, 3].

Key strategies include augmenting node features to handle incompleteness, refining the
labels, and using graph condensation or synthesis to improve the efficiency of the models
[1, 4, 5]. These techniques have proven to be efficient to improve the performance of the
existing SOTA models on tasks like GNN calibration, anomaly detection, and discovering
hidden graph hierarchies.

Within the DC-GML context, graph anomaly detection introduces taxonomies to classify
nodes or entire graphs as hard/easy, typical/atypical, in distribution (ID) or OOD [6—8]. These
methods are often applied to domain-specific datasets in bio-informatics, social networks,
and finance. The goal is to make OOD representations more distinguishable from ID ones.
Detection techniques include density-based heuristics [9], distance-based methods such
as K-nearest neighbors [10], and learnable scoring strategies that increase the separation
between ID and OOD during training [ 1]. While most approaches focus on graph-level
detection, [7] propose a diffusion-based graph generator to synthesize node-level training
data, which can be directly integrated into existing GNN models to enhance performance.

Despite its promise, DC-GML still lacks frameworks for understanding how individual
nodes affect model learning process. Most existing methods focus on global data properties
or modifications, overlooking instance-level behavior.

5.2.2. DATA HARDNESS IN DATA-CENTRIC Al

Data hardness in data-centric Al refers to identifying and managing difficult samples within
datasets that impede model learning, particularly in image, tabular and visual tasks [12, 13].
These hard samples include mislabeled, ambiguous, or rare examples that challenge standard
models. Addressing data hardness involves techniques like data augmentation to diversify
training data and improve model robustness.

Hardness Characterization Methods are algorithmic tools used to detect such challenging
samples. Recent research emphasizes evaluation of the data hardness quantitatively across
benchmarks such as CIFAR and MNIST, aiming for reliable hardness detection and improved
generalization of the models [12]. Managing data hardness is critical for improving model
accuracy, robustness, and trustworthiness in data-centric AI [12, 14].

In node-level tasks on graphs, hardness is influenced not just by the features of a node, as
in Euclidean data, but also by its surrounding topology, from local structure to higher-order
neighborhoods. This added complexity calls for a holistic, graph-aware profiling approach
that captures both node attributes and relational context.
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Figure 5.1: GNN-MULTIFIX combines data- and model-centric signals to diagnose node-level model
behavior, enabling fine-grained model comparison, prediction reliability estimation, and error detection.

5.3. OUR PROPOSED FRAMEWORK

We introduce GNN-MULTIF1X (see Figure 5.1), a node profiling framework designed to
provide fine-grained insights into model behavior on graph-structured data. GNN-MULTIFIX
consists of three main components: (i) data-centric node profiling that captures the intrinsic
difficulty of nodes based on their features and structural context, (ii) model-centric node
profiling module that analyzes prediction uncertainty and consistency across training, and
(iii) an inductive profiling module that enables scoring of previously unseen nodes integrated
into the graph. Together, these components allow GNN-MULTIFIX to characterize node-
level learning behavior and identify failure modes beyond aggregate performance metrics.
We begin by introducing the notations used throughout the paper and then describe the
components of GNN-MULTIFIX.

Notations. Given a graph ¢4 = {¥, 8}, where ¥ = {vy,..., v,} represents the node set and &
represents the edge set, each node v € 7 is associated with a feature vector x, € R%, where d
is the feature dimension, and a label y, € {1,2,...,C}, where C is the total number of classes
in the graph. We use 7; to denote all the nodes belong to class ¢, and |7¢]| to indicate the size
of class c. The one-hot encoded label vector of a node v is denoted as y, € {0, 1}€. In this
work, we use the term "class" and "label" interchangeably.

5.3.1. DATA-CENTRIC NODE PROFILING
This component computes interpretable scores that quantify the intrinsic difficulty of a node
based on graph structure and input features. Specifically, it measures how different a node’s
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features are from others in the same class, diversity of labels in the local neighborhood, and
higher-order structural ambiguity of node. Each of these scores are detailed below.

Intra-class Feature Dissimilarity (ICFD). Intuitively, the nodes with input features that
differ significantly from other nodes in the same class are harder to classify using feature-
based models. These nodes lack the typical intra-class coherence and may therefore require
additional contextual information (e.g., graph structure) for accurate prediction.

To quantify this, we introduce the intra-class feature dissimilarity score, which captures
the average cosine dissimilarity of a node v’s feature vector x,, from those of its class peers
75

1 Xy Xy
Sf - 1 _ 14 14
Vel =1 57 1ol

v

G.n

This score serves as a lightweight, model-agnostic proxy for node difficulty: a high S,
suggests that v has atypical features relative to its class, and may challenge models that
rely primarily on node attributes (e.g., MLPs). Conversely, a low score implies stronger
intra-class alignment, making the node easier to classify from features alone.

Neighborhood Class Divergence (NCD). We quantify the information captured in the
one-hop neighborhood of a node v by comparing the distribution of labels within this
neighborhood with the average distribution of labels from the local neighborhoods of other
nodes belonging to the same class.

This score is inspired by the notion of cross-class neighborhood similarity proposed
in [15], which extends beyond traditional homophily. As shown in [15], effective class
separation in GNNs does not require nodes of the same class to be directly connected.
Instead, it is sufficient for their local neighborhoods to exhibit similar structural or label
characteristics. Under this condition, models like GNNs can learn to embed such nodes into
similar regions of the latent space, thereby facilitating accurate label prediction.

Specifically, we measure the difference of the label distribution in the direct neighborhood
of node v in class c to the typical label distribution in the direct neighborhood of nodes
in class ¢ using Kullback-Leibler divergence (KL-Divergence). Let &, represent the
normalized label distribution in the immediate neighborhood of node v, defined as: 22, (c) =

Yuenw) Yu
Zusﬂ(v)zgzl Yu,c
denotes the c-th element in y, € {0,1}C. Similarly, let 2 y, denote the average normalized
label distribution in the one-hop neighborhoods of all nodes in the same class as v, i.e., class
c, given by: 2, = % > vev, Lue N (v) Yu> Where 7 is the set of nodes with label ¢, and A
is the union of one-hop neighborhoods for all nodes in 7.

, where A4 (v) denotes the set of one-hop neighbors of node v, and y, ¢

Si,= Y. [log(@,(c) +€) —10g(2,(c)] - (Py(c) +e) (5.2)
ceE

where € is the smoothing factor, which takes the value of 107'° in our implementa-
tion. We include a discussion of extending this formulation to multi-label graph dataset in
Appendix.
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Random Walk Class Divergence (RWCD). We introduce the Random Walk Class Diver-
gence Score (RWCD) as a measure of how mixed the higher-order neighborhood of a node
v is with respect to class labels. The underlying hypothesis is that nodes surrounded by a
higher proportion of different-class neighbors are harder to classify due to increased label
ambiguity, typically occurring near class boundaries.

We estimate the local class distribution around a node v by aggregating the labels
encountered during multiple random walks. Specifically, let ¥ denote the multiset of nodes
visited across N random walks of length k starting from v. We compute the label count
vector d,, e RCas dy, =Y jes¥j» which represents the frequency of each class observed in
the random walk neighborhood of v. Finally, we define the RWCPS score denoted by Sy, as
a measure of how mixed the neighborhood of node v is with respect to its true class label ¢
as

dylcl

Sp=1—-—m—,
" Yeegdwlc]

5.3)
where d,,[c] denotes the number of nodes in . belonging to the same class as v.

Data-centric node profiling focuses solely on the properties of the dataset. For a given
graph dataset ¢, the profiling score of each node depends only on the dataset itself and is
independent of the model’s deployment.

5.3.2. MODEL-CENTRIC NODE PROFILING

To understand how models behave on individual nodes, GNN-MULTIFIX incorporates
a model-centric profiling component that captures predictive dynamics during training.
Specifically, we assess each node’s prediction consistency and prediction confidence across
model checkpoints, quantifying how stable and certain the model is about its predictions over
time. Following prior work [13], we use these uncertainty estimates to define a taxonomy of
node difficulty, categorizing nodes as easy, ambiguous, or hard.

In particular, we consider a model .#g) trained on a graph ¢ by minimizing a supervised
objective £ over training data @y,;,,. During training, we save a series of model checkpoints
& ={e1,ey,...,egp}, each associated with a parameter configuration 6,. At each checkpoint
e, the model outputs a predicted class probability distribution over C classes for every
node ve¥. Let (v,0,) € [0,1]€ denote this predicted distribution at checkpoint e, and let
2.(v,0,) denote the predicted probability for the true class label ¢ of node v. We define the
mean predicted probability for node v over training as:

— 1
PW) == Pc(v,0,)
Eeeé?

We then compute two types of predictive uncertainty for each node: (i) Epistemic
uncertainty, which captures the prediction variance across checkpoints, indicating model
instability:

1 — 72
vep() =+ Y [Pe0,00)-2w)] (5.4)
E ee&
and (ii) Aleatoric uncertainty, which measures the model’s confidence in its prediction at
each checkpoint:
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1
va(v) = & Y Pe(1,00) (1 -2 (1,6)). (5.5)
ecé&

These two quantities reflect complementary aspects of node-level difficulty: epistemic
uncertainty signals inconsistency in learning, while aleatoric uncertainty reflects intrinsic
ambiguity in the node’s label given its features and local structure. Based on these quantities,
we categorize each node v € 7 into one of three classes: Easy, Hard, or Ambiguous. This is
formalized as follows:

Easy if 2(v) = Cyp A
Va1 (V) < Pso [V (V)]

g (1,%9) = { Hard if P (1) < Ciow A (5.6)
Vai (V) < Psg [vq (V)]

Ambiguous otherwise

Here, Cyp and Cioy are confidence thresholds, and Psg[-] denotes the empirical median
of a distribution.

5.3.3. INDUCTIVE PROFILING OF UNSEEN NODES

GNN-MULTIFIX enables profiling of previously unseen nodes introduced into the existing
graph ¢ = (7,6). We design the profiling of unseen nodes solely around the uncertainties
of the deployed models, since the categorization of a node (hard, ambiguous, or easy) is
inherently dependent on the model and the task. The data-centric node property scores from
section 5.3.1 are not used, thereby preventing potential data leakage.

Given a new node vy, With feature vector xpew and incident edges Epew, We construct an
augmented graph ¢’ = (¥ U {Unew}, & UEnew). Given a model 4 g, trained on ¢ with saved
checkpoints & = {ey, ..., eg} we use the final checkpoint eg, to compute the representation
of vpew via a forward pass on its local subgraph consisting of L-hop neighborhood for
an L-layer GNN: i(yen’;)v = '/%(925) (Ysub). We then perform K-nearest neighbor search in the
representation space to find Ak (Vnew) from the training nodes. GNN-MULTIFIX predicts a
difficulty category (easy, hard, or ambiguous) via majority vote over this neighborhood:

Py,., =MajorityVote ({Category,, | u € N (Vnew)}) 5.7

To evaluate profiling accuracy, we derive the ground-truth difficulty category for vpey by
computing prediction consistency and confidence across checkpoints (Equations 5.4-5.6).
For multiple new nodes 7w, the categorization accuracy of GNN-MULTIFIX on the unseen
nodes is then:

Acc =

Tnewl w57,

Nodes classified as easy tend to receive confident and consistent predictions, while hard
or ambiguous nodes exhibit instability during training, indicating potentially unreliable
predictions.
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5.4. RESEARCH QUESTIONS AND EXPERIMENTAL SETUP

To validate and examine the broader implications of GNN-MULTIFIX, which has been
specifically designed to provide fine-grained characterizations of model behavior at the node
level (thereby addressing the central research question posed in Section Introduction), we
explore the following research questions:

RQ 5. How can GNN-MULTIFIX be used to uncover fine-grained differences in model
behavior at the node level between models with similar overall accuracy?

RQ 6. To what extent can GNN-MULTIFIX accurately predict the reliability of model
predictions on previously unseen nodes?

RQ 7. How effectively can GNN-MULTIFIX identify semantically inconsistent or erroneous
instances in knowledge-driven graph settings?

5.4.1. DATASETS

We demonstrate GNN-MULTIFIX on three diverse real-world datasets: (i) CORA [16],
a citation network where nodes are research papers with binary word features and class
labels based on topic categories; (ii) CREDIT [17], a financial graph with customer nodes
and attributes related to credit risk, where we use a preprocessed subset of 3000 nodes
following [18]; and (iii) BITCOINALPHA [19], a signed, directed trust network of trading
accounts, where node features are derived from trust scores and structural statistics. In
addition, to demonstrate the ability of GNN-MULTIFIX to identify atypical patterns and
semantic inconsistencies beyond what standard benchmarks reveal we construct a node
classification task from the FB 15K-237 knowledge graph dataset [20] as described below
and further detailed in the Appendix.

Knowledge Graph S-FB. Starting from the training subset %4, of FB15K-237 [21],
we create a new graph % = (¥, ;) where each node represents a triplet U = (u, r, v). Two
nodes are connected if they share an entity. Textual representations are generated using
the intfloat/multilingual-e5-large model by concatenating the descriptions
of the entities and relation. We pose a binary classification task: nodes derived from valid
triplets are labeled as true (1), and corrupted variants—constructed by replacing one entity
in 1% of triplets with a random entity—are labeled as false (0). To further simulate label
noise, we randomly flip the labels of 30% of nodes. This setup allows us to test whether
GNN-MULTIFIX can flag semantically incorrect or mislabeled nodes as hard or ambiguous,
thereby demonstrating its utility for error detection in knowledge-driven settings.
We further summarize the characteristics of the datasets in the following Table 5.1.

MODELS AND TRAINING SET UP

We consider three widely used graph neural networks: GCN [22], GAT [23], and GRAPH-
SAGE [24], along with a simple multilayer perceptron (MLP) as a baseline. In the standard
training setup, we used the built-in split in CORA and CREDIT and randomly split the nodes
in BITCOINALPHA into 60% for training, 20% for validation, and 20% for testing. We denote
this setting as PARTIAL TRAIN in the following sections. Additionally, to assess the upper
bound of model performances, we adopt a second setup in which all nodes in the graph are
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Dataset #Nodes #Edges #Features #Classes
CORA 2,708 5,429 1,433 7
CREDIT 3,000 28,854 13 2
BITCOINALPHA 3,783 28,248 8 2
S-FB 272,115 996,010,50 1,024 2

Table 5.1: Summary of Graph Dataset Characteristics

used simultaneously for training, validation, and testing. We denote this setting as FULL
TRAIN. The training process in these two setups are combined with early-stopping with
patience of 100 epochs.

CORA CREDIT BITCOINALPHA
GCN 0.801/0.981 0.613/0.661 0.850/0.850
GAT 0.780/0.997 0.594/0.641 0.594/0.732
GRAPHSAGE 0.780/1.000 0.614/0.690 0.810/0.850
MLP 0.569/1.000 0.623/0.680 0.738/0.740

Table 5.2: Prediction Accuracy of the collected machine learning models in PARTIAL TRAIN/ FULL
TRAIN setups. The full table with standard deviation on three random splits is summarized in Appendix.

5.5. RESULTS

We now demonstrate how GNN-MULTIFIX can be used to compare different models in the
behavior at the node level (RQ1), estimation of prediction reliability (RQ2) and detection of
semantic errors (RQ3).

5.5.1. DIFFERENCES IN MODEL-BEHAVIOR (RQ1)

As shown in Table 5.2, different models often attain comparable overall accuracy on the
same dataset. However, this raises a critical question: do these models with matching
aggregate performance also behave similarly at the node level? In this section, we leverage
GNN-MULTIFIX uncover fine-grained differences in model behavior, enabling us to move
beyond coarse evaluation metrics and diagnose how and on which nodes models diverge in
their learning and generalization patterns.

First, we analyze the per-model, per-category accuracy across the CREDIT, CORA,
and BITCOINALPHA datasets using the predicted node categories from GNN-MULTIFIX.
Specifically, for each model on each dataset, we compute the per-node classification accuracy
for every test node at the final checkpoint as follows:

1, if y, =y,
M, = v .yy for v € Vegt. 5.9
0, otherwise,

This yields an instance-wise accuracy vector M = [M,] e, € {0, 1}%estl Next, we group
the test nodes according to the difficulty category predicted by GNN-MULTIFIX, resulting
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in reordered accuracy vector M = {Measy, Mambiguous) Mhard} € {0, 1}¥estl . We then compute
the average accuracy for each category as

Measy =~ » Mambiguous = » Mhard =

_ - Z VEVeasy Ml/ - Z VEYambiguous MU v _ Z V€¥hard MV
|7/hard|

}. (5.10)

[Vambi guous |

The resulting per-category classification accuracies are summarized in Table 5.3. This
analysis provides a deeper understanding of how each model’s overall performance decom-
poses across difficulty levels. A trustworthy model should exhibit high confidence and
consistency on the easy nodes, indicating robust generalization to unseen data. As shown
in Table 5.3, for CORA and BITCOINALPHA, correct predictions are largely concentrated
within the easy and ambiguous categories, with models failing to correctly classify nodes
predicted as hard. In contrast, for CREDIT, the accuracy is more evenly distributed across
categories, suggesting that the models encounter more complex and inconsistent patterns in
this dataset, leading to the limited overall performance observed in Table 5.2.

Model C(?RA CR.EDIT BITCOI.NALPHA
Hard Ambiguous Easy | Hard Ambiguous Easy | Hard Ambiguous Easy
GCN 0.000 0.797 0.819 | 0.769 0.540 0.751 | 0.000 0.816 0.981
GAT 0.000 0.766 0.912 | 0.521 0.602 0.594 | 0.000 0.544 0.966
GRAPHSAGE  0.000 0.000 0.780 | 0.650 0.612 0.623 | 0.000 0.751 0.904

Table 5.3: Per-model, per-category accuracy across datasets CORA, CREDIT, and BITCOINALPHA
using predicted categories from GNN-MULTIFIX.

Then, we take CREDIT as an example to conduct a quantitative analysis on the final
saved checkpoints of the trained models in the PARTIAL TRAIN setup. Note that we refer
to the categorization defined in Equation 5.6 as the ground-truth categorization, and to the
KNN-derived categorization as the predicted categorization. We use these terms consistently
throughout this paper.

Although the models exhibit similar overall performance in Table 5.2, their behaviors
differ significantly. As shown in Figure 5.2, comparing the three graph machine learning
models—GCN, GAT, and GRAPHSAGE —we plot the predicted categorization made by
GNN-MULTIFIX on the test data. GCN treats most training samples as easy and the fewest
as hard. In contrast, GAT struggles with the largest number of test samples, finding 71
of them hard to classify. This indicates that GCN is better trained and generalizes more
effectively to unseen data than GAT. When comparing GCN with GRAPHS AGE, the main
difference lies in the handling of ambiguous data: GRAPHSAGE identifies 834 out of 1,000
test nodes as ambiguous, reflecting a higher level of uncertainty in its predictions.

Following the model-centric analysis, we now take dataset CREDIT as an example and
conduct a quantitative data-centric analysis. Specifically, we ask: Are there node properties
that are consistent with obtained characterizations of easy or hard nodes across different
GNN models? To investigate this, we plot the distributions of data-centric scores for training
nodes that are identified as easy(in green) or hard(in red) by all evaluated graph machine
learning models.
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As shown in Figure 5.3, there are 112 common =
easy and 27 common hard nodes in the training set of
CREDIT. Overall, the majority of easy nodes exhibit
lower data-centric profiling scores (ICFD and NCD),
indicating that their input features and local neighbor-
hoods are more homogeneous relative to other nodes =
in the same class. Their lower RWCD scores indicate = -
that the random-walk neighborhoods of these nodes R— ar SraphoAGE
are dominated by same-class nodes, meaning their
higher-order context is less label-mixed and exhibits
low class ambiguity.

By examining the distribution of hard nodes in
the training set, we gain insight into why GNNs struggle to learn them correctly. In the
CREDIT dataset specifically, these nodes typically exhibit larger deviations in their raw input
features compared to other nodes of the same class, as indicated by their higher ICFD scores
(around 0.2 in Figure 5.3a), whereas the easiest nodes tend to collapse toward an ICFD
score near 0. In contrast, the NCD scores are far less discriminative, as shown in Figure
5.3b. We hypothesize that, although classical GNNs aggregate only from the immediate
neighborhood at each layer, the multi-hop propagation of messages effectively exposes a
node to higher-order neighbors. For hard nodes, these higher-order regions contain a greater
mix of different-class labels, a pattern consistent with the distribution observed in Figure
5.3c.
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Figure 5.2: Models with similar overall
accuracy show completely different cer-
tainty of their predictions on unseen data.
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Figure 5.3: Common Easy vs Hard node across GNN models have different data-centric profiling
score distributions in the training data in CREDIT.

Finally, we analyze the predictions of the models on CORA, CREDIT and BITCOINALPHA
datasets in correlation scatter plots (as in Figs. 5.4 to 5.8). Each point represents a node
in a given graph dataset, plotted with its epistemic uncertainty (v,p as x-axis), aleatoric
uncertainty (v, as y-axis), with z-axis depicting one of the data profiling scores. Points
are colored based on their assignments by GNN-MULTIFIX for all the nodes using the
uncertainties defined in equation 5.4, 5.5 and 5.6.

PARTIAL TRAIN set-up. As shown in Table 5.2, GAT and GRAPHSAGE achieve the same
node classification accuracy on CORA in the PARTIAL TRAIN set-up. However, a comparison
of the plots in Figures 5.4a and 5.4b reveals notable differences in their behavior. Specifically,
GRAPHSAGE demonstrates higher prediction confidence, with GNN-MULTIFIX assigning
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(a) GAT on CORA. (b) GRAPHSAGE on CORA.

Figure 5.4: GAT and GRAPHSAGE achieve similar performance on CORA but with completely
different behavior on the nodes.

(a) GCN on CREDIT using built-in splits. (b) GRAPHSAGE on CREDIT using built-in splits.

Figure 5.5: GCN and GRAPHSAGE on CREDIT have comparable performance, but GCN finds more
nodes with higher profiling scores easy.

1296 out of 2708 nodes to the easy category and only 57 to the hard category. In contrast,
GAT exhibits lower confidence, with only 115 nodes categorized as easy and 223 as hard.
This distinction is further reflected in lower values along the v,; axis for GRAPHSAGE,
indicating more stable prediction confidence. Notably, for both GAT and GRAPHS AGE, hard
nodes show extremely low v, values, suggesting that these nodes are predicted incorrectly
and consistently so throughout training.

Considering the data-centric scores on the z-axis, GAT particularly struggles with nodes
that have high intra-class feature dissimilarity (ICFD) and neighborhood class divergence
(NcD) scores, indicating significant differences in input features and label distributions
within their local neighborhoods, whereas GRAPHSAGE is able to partially learn from or
generalize to such nodes, despite their challenging characteristics.

In contrast for CREDIT (Figure 5.5) one can observe larger number of easy nodes that
have high neighborhood class-divergence (NCD) scores. Easy and hard nodes are better
separated for GCN than GRAPHSAGE where hardness seem to increase for GCN with higher

S,NCD RWCDs,

(a) GRAPHSAGE on CORA trained with complete data. (b) MLP on CORA trained with complete data.

Figure 5.6: Diagnosing GRAPHSAGE and MLP on CORA in FULL TRAIN setup.
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(a) GRAPHSAGE trained on CREDIT with complete data. (b) MLP trained on CREDIT with complete data.

Figure 5.7: Diagnosing GRAPHSAGE and MLP on CREDIT in FULL TRAIN setup
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(b) GRAPHSAGE trained on BITCOINALPHA with com-
(a) GCN trained on BITCOINALPHA with complete data. plete data.

Figure 5.8: Diagnosing GCN and GRAPHSAGE on BITCOINALPHA in FULL TRAIN setup

values of random walk class divergence (RWCD) scores.

FULL TRAIN set-up. As summarized in Table 5.2, the FULL TRAIN setup represents an
upper-limit scenario in which all nodes in the graph are simultaneously used for training,
validation, and testing.

In Figure 5.6, we compare GRAPHSAGE and MLP, both achieving perfect accuracy on
CoRA in the FULL TRAIN setup. For GRAPHS AGE, model-centric scores are compact and
well-separated: easy nodes cluster tightly at the bottom-left, while ambiguous nodes form a
broader but coherent region. In contrast, MLP (Figure 5.6b) shows more dispersed clusters,
with ambiguous nodes exhibiting higher variance in v,; and several reaching v, values up
to 0.25, suggesting overfitting to easy nodes and less stable predictions on ambiguous ones.
With abundant training data, MLP exhibits greater confidence in its correct predictions on
nodes with high neighborhood-class divergence compared to GRAPHSAGE. One might then
ask: is leveraging explicit graph structure always beneficial when sufficient training data is
available?

The answer to the above question might not be trivial when we observe results on
CREDIT dataset (Figure 5.7). Despite using the complete data for training none of the two
models could not make correct predictions on all nodes. For both the best performing models
(GRAPHSAGE and MLP) there is no clear separation among easy and hard nodes on any of
three axes.

In contrast to CREDIT, we see a better separation of easy and hard nodes in BITCOINAL-
PHA (see Figure 5.8) dataset from GRAPHSAGE along the z-axis depicting random walk
class divergence (RWCD) score. This is not the case for the other best performing model i.e.
GCN. When considering model-centric scores GCN shows compact and stable uncertainty
estimates, with v,;, mostly in the range [0.00,0.04] and v,; between [0.10,0.25]. Easy nodes
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form a dense cluster with low v,, and moderate v,;, hard nodes show only a slight increase
in vep, and ambiguous nodes remain tightly grouped near-zero in v,p, and close to the upper
bound of v,;. Despite this concentration easy and hard nodes cannot be easily separated
for GCN making it harder to analyze the reasons for the observed hardness. More detailed
analysis of all remaining cases can be found in the Appendix.

5.5.2. PREDICTING RELIABILITY IN PREDICTIONS (RQ2)

We use GNN-MULTIFIX to predict the difficulty category easy, ambiguous, or hard for
previously unseen (test) nodes by applying a majority vote over their K-nearest neighbors
(from the training set) in the model’s output representation space. This is done via a single
forward pass over the subgraphs of the test nodes using the best-performing model checkpoint
from the PARTIAL TRAIN setup. We fix K = 10 for all experiments. Table 5.4 reports
the categorization accuracy across three datasets—CORA, CREDIT, and BITCOINALPHA
—using four models: GCN, GAT, GRAPHSAGE, and MLP. GNN-MULTIFIX consistently
demonstrates high accuracy in assigning difficulty labels to unseen nodes. Importantly,
nodes predicted to be in the easy category are typically associated with confident and stable
predictions, suggesting that their model outputs can be trusted.

Interestingly, although GRAPHSAGE achieves good overall performance on CORA,
GNN-MULTIFIX shows low categorization accuracy. We investigate this by visualizing the
distribution of ground-truth categories on the training nodes, as well as the predictions and
ground-truth categorization on the test nodes, in Figure 5.9.

As shown in Figure 5.9a, GRAPHSAGE exhibits significantly higher confidence on
the training data compared to GCN and GAT, despite their similar overall performance.
Specifically, GRAPHSAGE treats the majority of training nodes as easy, while GCN and GAT
view most training nodes as ambiguous. None of the models consider any training nodes to
be hard to classify. This indicates that, with the built-in split, the models quickly and easily
fit the 140 training nodes.

In Figure 5.9b, we present the ground-truth categorization of the test nodes in CORA. We
observe that GRAPHS AGE identifies a larger number of nodes as easy relative to GCN and
GAT. In contrast, GCN and GAT produce distributions for the test nodes that more closely
mirror those of the training nodes: the majority of nodes are categorized as ambiguous, with
a smaller portion labeled as easy. GRAPHSAGE, however, exhibits a stronger mismatch:
while most training nodes are labeled as easy, most test nodes are categorized as ambiguous.
This contrast suggests that GRAPHSAGE may be overconfident on the training set, likely due
to overfitting to the small number of training nodes.

When considering the prediction categorization reported in Table 5.4, GNN-MULTIFIX
reflects this mismatch by yielding low categorization accuracy for GRAPHSAGE on the
CORA dataset. Since the majority of the training nodes are labeled as easy and only four are
ambiguous, a test node is, under the KNN clustering algorithm, most likely to be predicted
as easy and only rarely as ambiguous, while it is impossible for a test node to be predicted as
hard. This serves as an indicator that, although the model appears confident on the training
nodes, this confidence does not align with its actual behavior on unseen nodes.
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Figure 5.9: Comparison of distribution of node categorization on dataset CORA.

CORA CREDIT BITCOINALPHA

GCN 0.773 0.662 0.945
GAT 0.830 0.601 0.982
GRAPHSAGE 0.218 0.657 0.703
MLP 0.092 0.672 0.958

Table 5.4: Categorization accuracy of test nodes achieved by GNN-MULTIFIX using only train nodes.

5.5.3. IDENTIFYING SEMANTIC ERRORS (RQ3)

We train GRAPHSAGE on our constructed graph S-FB with one random split to observe the
training dynamics on all the nodes, which includes both valid and intentionally corrupted
(false) nodes (triples). As the model is exposed to predominantly correct data, we hypothesize
that model-centric profiles from GNN-MULTIFIX can flag semantic inconsistencies, i.e.,
nodes whose learned patterns contradict established knowledge. Due to the scale of S-FB,
we train with a batch size of 1024. GNN-MULTIFIX classifies 34.9% of test nodes as easy,
50% as ambiguous, and 15.1% as hard.

Crucially, GNN-MULTIFIX effectively identify corrupted nodes. As the corrupted nodes
can be randomly splitted into train-, val-, and test-set. We use the ground-truth categorization
for analysis. Overall, 97.3% of the hard nodes correspond to flipped-label nodes, which
encode contradictions to ground-truth facts. Overall, 48.9% of all flipped-label nodes are
categorized as hard, demonstrating GNN-MULTIFIX’s ability to surface potential errors
through model behavior profiling.

Further to qualitatively demonstrate the capability of GNN-MULTIFIX in identifying er-
roneous entries or deviations from typical knowledge in the constructed graph, we conducted
a manual inspection of hard nodes flagged by the GNN-MULTIFIX. For instance, hard node
#272114 contains the corrupted triple U = (Paul Williams, nominated for, Bad Boy Records),
which was originally U = (Paul Williams, nominated for, A Star Is Born). Similarly, another
hard node #201387 includes U = (Velvet Goldmine, film/music, Carter Burwell), which was
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incorrectly labeled as False after label flipping. Both cases correspond to injected semantic
errors and highlight the potential of GNN-MULTIFIX to surface such anomalies for further
scrutiny.

To further investigate the behavior of GNN-MULTIFIX, we analyze the neighborhood
of a specific hard node (index 201387) in the S-FB graph. We randomly select six of
its neighbors—two from each predicted difficulty category: easy, ambiguous, and hard.
Table 5.5 summarizes the semantic content of these neighbors, along with whether their
labels were flipped during dataset construction.

As shown in Table 5.5, all selected neighbors correspond to semantically valid triples,
as indicated by their original (unflipped) labels. However, nodes with flipped labels are
more frequently categorized as ambiguous or hard. These nodes are connected to the
target node via shared entities like Velvet Goldmine and Carter Burwell, suggesting that
GNN-MULTIFIX can identify semantic inconsistencies based on neighborhood patterns and
learned difficulty profiles.

Category Entity1 Relation Entity2 Label Flipped
easy Howl Film/Music Carter Burwell No
easy True Grit Film/Music Carter Burwell No
ambiguous bisexuality Netflix genre  Velvet Goldmine Yes
ambiguous Eddie Izzard Film Velvet Goldmine No
hard film score Music genre Carter Burwell Yes
hard Velvet Goldmine film location London Yes

Table 5.5: Example nodes from S-FB with difficulty category, semantic content and whether an
incorrect label was used during training.

5.6. CONCLUSION

In this work, we introduced GNN-MULTIFIX, a node profiling framework that captures fine-
grained differences in graph model behavior by assigning interpretable scores to individual
nodes. These scores combine data- and model-centric perspectives to identify failure patterns
that aggregate metrics like accuracy or loss often miss. We demonstrated that the profiles
generalize to unseen nodes, enabling prediction reliability assessment without ground-truth
labels, and effectively detect injected errors in a knowledge graph. While our framework
demonstrates strong effectiveness, a limitation lies in the current scope of data-centric
profiles, which may not fully capture finer-grained structural and semantic variations across
nodes. As future work, we plan to broaden these profiles and explore their application to
tasks such as model selection, as well as extend the framework to dynamic and multi-label
graph settings.
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5.7. APPENDIX / SUPPLEMENTAL MATERIAL

This appendix provides additional technical details, extended results, and supplementary
discussions that support the analyses in the main paper.

In Section Discussion on Multi-Label Datasets, we extend our formulation of the neigh-
borhood class divergence scorre to the multi-label node classification setting, complementing
the single-label formulation presented in Section Our Proposed Framework of the main
paper. Section Model Hyperparameter Setting and Infrastructures gives detailed descrip-
tions of the datasets used and the hyperparameter settings for all models, supporting the
experimental setup introduced in the main paper. In Section Additional Experimental Results,
we present further experimental results including node categorization performance across
multiple random splits of the BITCOINALPHA dataset, expanding the results presented for
predicting reliability in predictions (RQ2). Section Correlation Analysis Between Data-
and Model-based Node Profiling Scores provides detailed analyses of model-centric and
data-centric profiling scores for different models and datasets. We then include additional
insights on model behavior during training in Section Training Behavior Analysis, which
compares the behavior differences of the models shown on different categories of the given
datasets. Finally, in Section S-FB Without Flipping Labels, we present an ablation study on
the necessity of label flipping in the S-FB dataset.

5.7.1. DISCUSSION ON MULTI-LABEL DATASETS

As mentioned in the main paper, in the problem formulation, we focus on the multi-class
node classification in this work, where one node can only belong to one class. To include the
possibility of multi-label node classification [25], where one node can belong to more than
one class, the formulation of S;, can be summarized as the average difference between 27,
and averaged label distribution in the direct neighborhood of each class y, € %,:

1
== X ¥ [10g(2, (@) +€)
| Vl VP, ce€ (5_11)

—log(2,,(0) |- (PPu(c) +e)

S,

where we report the average NCD to every class node v belong to. Higher value of
S, indicates a very different label distribution in the intermediate neighborhood of node v
compare to other nodes of the same class.

DATASETS

CORA [16] is a citation network in which each node represents a research article, and an
edge connects two nodes if one article cites the other. Each node is labeled with the category
of the corresponding article. Node features are binary word vectors (0/1), indicating whether
a specific word appears in the abstract of the article.

CREDIT [17] contains customer-level financial data used to predict credit default risk.
Attributes include demographics, credit history, and loan information, with some versions
incorporating graph structures to represent user relationships. It supports tasks like credit
scoring and risk assessment. We followed the pre-processing process in [18] to extract 3000
nodes out of the original CREDIT dataset.
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BITCOINALPHA [19] is a signed, directed network comprising trading accounts, where
each node corresponds to an individual account and each edge represents a trust rating issued
by one user toward another. Edge weights range from —10 (indicating complete distrust) to
10 (indicating complete trust). Following the procedure described in [18], we construct node
feature vectors based on received trust ratings and structural properties of the network, such
as in-degree and out-degree.

S-FB is a knowledge graph constructed from the original FB15K-237 dataset [21]. Each
node in the graph corresponds to a triple of the form <u, e, v>. Edges between nodes are
established based on shared entities, i.e., an edge exists if two nodes share at least one
common entity. Node labels indicate whether the corresponding node contains randomly
replaced entity within the triple. nodes containing such errors are assigned to class 0, while
error-free nodes are assigned to class 1. Furthermore, 30% of the nodes have intentionally
flipped labels, which introduces noise into the classification. We put the empirical evidence
for the necessity of flipping the labels in the Appendix S-FB Without Flipping Labels.

5.7.2. MODEL HYPERPARAMETER SETTING AND INFRASTRUCTURES
In this section, we summarize the hyperparameter configurations employed in this study for
the collected machine learning models (shown in Table 5.6) as well as for GNN-MULTIFIX.
For all publicly-available models we retained the default settings provided in their respec-
tive GitHub repositories, because our objective is not to benchmark absolute performance
but to probe the learning dynamics of each model on the target dataset. As noted in Section
Training Behavior Analysis, we additionally sampled training 80 checkpoints with uniform
increment to minimize any effects from differences in training length.

Dataset Model Hidden Dim LR Num Layers
CORA GCN 64 0.01 2
CORA GAT 64 0.01 2
CORA MLP 64 0.01 2
CORA GraphSAGE 64 0.01 2
BITCOINALPHA GCN 256 0.001 2
BITCOINALPHA GAT 256 0.001 2
BITCOINALPHA MLP 256 0.001 2
BITCOINALPHA GraphSAGE 256 0.001 2
CREDIT GCN 256 0.001 2
CREDIT GAT 256 0.001 2
CREDIT MLP 256 0.001 2
CREDIT GraphSAGE 256 0.001 2
S-FB GraphSAGE 256 0.001 2

Table 5.6: Hyperparameter Settings. "LR" indicates learning rate.

For the choice of thresholds ¢, and ¢;4,y in GNN-MULTIFIX, we used 0.75 and 0.25 for
the datasets CORA, CREDIT, and BITCOINALPHA. For S-FB, we used ¢, = 0.6, ¢jo,y = 0.4.

All experiments were conducted on high-performance computing servers featuring 2 x
Intel® Xeon® Gold 6140 CPUs @ 2.30GHz and 2 x AMD EPYC 7452 32-Core Processors,
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providing a combined infrastructure with a total of 72 Intel threads and 128 AMD threads.

5.7.3. ADDITIONAL EXPERIMENTAL RESULTS
We built three random splits on BITCOINALPHA and report the performance of the four
collected models in the PARTIAL TRAIN setup in the following Table 5.7:

Classification Accuracy Profiling Accuracy

GCN 0.850+0.003 0.878 +0.080
GAT 0.590 +0.005 0.942 +0.068
GRAPHSAGE 0.835+0.020 0.777 +£0.093
MLP 0.743 +0.004 0.965+0.011

Table 5.7: Average node classification accuracy achieved by GCN, GAT, GRAPHSAGE, and MLP on
BITCOINALPHA, and the node categorization accuracy achieved by GNN-MULTIFIX with standard
deviation.

Take the best performing model on BITCOINALPHA in average GCN as an example, we
summarize the test categorization in Table 5.8:

Metric split 0 split 1 split 2
Total test nodes 758 758 758
Easy 138 (18.21%) 176 (23.22%) 109 (14.38%)
Ambiguous 625 (81.13%) 572 (75.46%) 641 (84.56%)
Hard 5 (0.66%) 10 (1.32%) 8 (1.06%)

Table 5.8: Test node categorization in BITCOINALPHA across three random splits using GNN-
MULTIFIX.

5.7.4. CORRELATION ANALYSIS BETWEEN DATA- AND MODEL- BASED
NODE PROFILING SCORES

We analyze the predictions on the three collected graph datasets in 3D correlation scatter
plots in details in this section. The plots follow the same layout as in the main paper, where
each point represents a node in a given graph dataset, plotted with its epistemic uncertainty
(vep as x-axis), aleatoric uncertainty (v4; as y-axis), and one of the profiling scores (Sy,,
S1,, or Sy as z-axis). Points are colored by group difficulty (easy in green, ambiguous in
orange, or hard in red) as assigned by GNN-MULTIFIX using the uncertainties defined in
equation 5.4, 5.5 and 5.6.

PARTIAL TRAIN

CORA As shown in Figure 5.10, GCN exhibit a clear stratification of easy, ambiguous, and
hard groups. Among all the nodes in the graph, easy samples identified by GNN-MULTIFIX
are concentrated in regions of both low epistemic (v.p) and aleatoric (v4;) uncertainty,
indicating that GCN not only predicts the correct labels but does so consistently with low
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Figure 5.11: PARTIAL TRAIN correlation scatter plots of MLP trained on CORA using built-in splits.

variance. This suggests strongly confident and consistent predictions for these instances.
Nodes identified as easy by GNN-MULTIFIX tend to have lower data-based node profiling
scores compared to ambiguous and hard nodes. This suggests that the easy nodes are more
similar (in terms of features, local neighborhoods, and higher-order structures) to other
nodes of the same class. Comparing with MLP illustrated in Figure 5.11, GNN-MULTIFIX
also categorizes part of the nodes for GCN with high ICFD and NCD scores as ambiguous
whereas MLP solely depends on the input features and shows worse generalization for such
challenging nodes.

The gap in the distribution of S;, across all collected models highlights a key characteris-
tic of dataset CORA: the immediate neighborhood of the node in CORA tends to be either
highly similar to the majority or distinctly different, with few cases where nodes partially
share neighborhoods with others from the same class.

CREDIT Figures 5.12 and 5.13 present the correlation scatter plots for GAT and MLP
evaluated on the dataset CREDIT under the PARTIAL TRAIN setting. Interestingly, while
the MLP classifier achieves the highest test accuracy in this setup (as reported in Table 5.2),
it concurrently demonstrates the lowest consistency or confidence in its predictions on the
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Figure 5.12: PARTIAL TRAIN correlation scatter plots of GAT trained on CREDIT using built-in splits.
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Figure 5.13: PARTIAL TRAIN correlation scatter plots of MLP trained on CREDIT using built-in splits.

unseen test nodes (as indicated by the categorization accuracy in Table 5.4). This suggests
MLP may overfit to the easy nodes in the train and test subsets and struggles to generalize to
the ambiguous/hard nodes in the test subset. This observation further highlights that high
test accuracy alone may not fully reflect the quality of the learned representations, and that
evaluation frameworks like GNN-MULTIFIX, which reflects the confidence and consistency
of the predictions are crucial for a more comprehensive assessment of model reliability.

BITCOINALPHA Figures 5.14 to 5.17 present the correlation scatter plots for the col-
lected models on the BITCOINALPHA dataset. Compared to the other two datasets, nodes
categorized as easy, ambiguous, and hard by GNN-MULTIFIX tend to exhibit higher v,;
values and lower v, values when using GCN, GAT, and MLP. This pattern suggests that
model confidence on BITCOINALPHA is generally lower than on other datasets. Even when
predictions are correct, the predicted probability for the true label is not substantially higher
than for the alternative class.

In contrast, the scatter plots for GRAPHSAGE exhibit a noticeably different distribu-
tion. When examined alongside data-centric node profiling, we observe that many nodes
categorized as easy by GNN-MULTIFIX tend to have low ICFD and NCD values. These
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Figure 5.14: PARTIAL TRAIN correlation scatter plots of GCN trained on BITCOINALPHA.
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Figure 5.15: PARTIAL TRAIN correlation scatter plots of GAT trained on BITCOINALPHA.
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Figure 5.16: PARTIAL TRAIN correlation scatter plots of GRAPHSAGE trained on BITCOINALPHA.

characteristics suggest that such nodes are structurally and semantically more aligned with
the rest of the nodes in their class. In comparison, the same nodes are often categorized as
ambiguous when evaluated with other models. Additionally, GNN-MULTIFIX assigns only
a small fraction of nodes to the hard group for GRAPHS AGE, reflecting a more consistent
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Figure 5.17: PARTIAL TRAIN correlation scatter plots of MLP trained on BITCOINALPHA.

and confident prediction pattern. These observations indicate that the node subsets identified
as easy by GNN-MULTIFIX exhibit properties that GRAPHSAGE can generalize to more
effectively, underscoring its adaptability to the structural nuances of the BITCOINALPHA
dataset.

FuLL TRAIN

CORA As shown in Figure 5.18, the GCN model trained under the FULL TRAIN setting
exhibits improved performance compared to the PARTIAL TRAIN setting (Figure 5.10).
Specifically, a larger number of nodes with high ICFD and RWCD scores are categorized as
easy by GNN-MULTIFIX. Additionally, nodes categorized as easy in PARTIAL TRAIN with
low NCD are predicted with lower variance in FULL TRAIN, as reflected in reduced v,p
values, demonstrating substantially lower variance in prediction. However, the ambiguous
nodes (orange) appear more scattered than the ambiguous nodes in the PARTIAL TRAIN
setup, though they remain relatively distinct from the easy group. This dispersion suggests
that under FULL TRAIN, GCN may overfit to the easy instances, while still struggling to
generalize to more uncertain, ambiguous cases. As a result, GCN may rely heavily on
memorized patterns from confidently learned nodes, leading to reduced robustness when
encountering structurally or semantically complex inputs.

As shown in Figure 5.19, GAT exhibits a similar trend to GCN in terms of data-centric
node profiling. However, the ambiguous nodes (orange) in GAT are more widely spread
along the v,p axis compared to GCN. This suggests that although GAT achieves low
uncertainty for easy nodes (green), its attention mechanism may inadvertently introduce
noise or overemphasize less informative neighbors, resulting in less stable representations
for ambiguous cases. Nevertheless, the distinction between easy and ambiguous node groups
remains largely preserved.

CREDIT Figures 5.20 and 5.21 present the results of the correlation analysis conducted
on the CREDIT dataset using GCN and GAT under the FULL TRAIN setup. Compared to
the PARTIAL TRAIN setting, GNN-MULTIFIX categorizes more nodes with high ICFD,
NcD, and RWCD scores as easy for both GCN and GAT, with comparably similar ranges of



5. NODEPRO: AN INSTANCE-LEVEL PROFILING FRAMEWORK FOR
120 GRAPH-STRUCTURED DATA
Groups S
s R
ambiguous 1.00(¢ 3.0 0.8
097 25 0.6
0.95¢ 2.0
0.925 15 - 0.4
3]332 .4 L ot 0.2
0.850 0.5 6,
0.825 0.0 F3 0.0
025 * 0.25 025
2 Groups Groups
0.00 002 @ easy v 0.00 002 ® easy v l
. ® hard ® hard
908 o5 aranbigucus al 0B% o os Sinbiguous|
0.08 000 0.08 000
Vep Vep
Figure 5.18: FULL TRAIN correlation scatter plots of GCN trained on CORA.
Groups Groups Groups
Sf ® easy Sl [ ea:yp Sh ® easy
v ® hard '3 ® hard ® hard

ambiguous ambiguous ambiguous 08

1.000

208 _
%.0‘5.0%_051% i 005 P
70.14

vep

Figure 5.19: FULL TRAIN correlation scatter plots of GAT trained on CORA.

uncertainties. This observation suggests that, when provided with sufficient training data,
GCN and GAT generalize better to the challenging nodes with stable predictions.

BITCOINALPHA Figures 5.22 and 5.23 show the 3D correlation scatter plots for the
BITCOINALPHA dataset under the FULL TRAIN setting using GAT and MLP. According
to GNN-MULTIFIX’s categorization, more nodes are labeled as easy and fewer as hard for
GAT, and the overall spread of the ambiguous group becomes tighter along the uncertainty
axis compared to GAT in PARTIAL TRAIN. This indicates that GAT leverages the additional
supervision to refine its predictions.

In contrast, MLP, while having access to structural statistics encoded in the input features,
such as degree and edge weight distributions, does not explicitly model the relational graph
structure. As a result, it exhibits only subtle changes in both uncertainty measures under
the FULL TRAIN setting. There is a slight reduction in v, and a modest tightening of the
ambiguous cluster in the ICFD and RWcCD plots. However, the separation between nodes
categorized as easy and hard remains weak.
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Figure 5.20: FULL TRAIN correlation scatter plots of GCN trained on CREDIT.

5.7.5. TRAINING BEHAVIOR ANALYSIS

In this section, we analyze the behavior of the collected models in the PARTIAL TRAIN
setup with respect to nodes categorized as easy, ambiguous, and hard—represented in green,
orange, and red, respectively. Specifically, we track and summarize the average training loss
for each node category across sampled checkpoints, visualizing the results using line plots.
In all plots, the x-axis denotes the indices of the sampled training checkpoints, while the
y-axis represents the corresponding average training loss. These subgroups were determined
based on the ground-truth categorization of all nodes defined in equation 5.4, 5.5 and 5.6,
and the probabilities were computed via forward passes on the graph datasets without
backpropagation.

CORA As shown in Figure 5.24, across all models, the easy group shows a consistent
and rapid increase in predicted probability, quickly converging to high confidence in the
correct class. The MLP, despite lacking neighborhood aggregation, still achieves near-
perfect accuracy on these easy nodes, indicating that their correct classification is largely
feature-driven.

In contrast, the hard group consistently receives very low predicted probabilities for the
true class, regardless of the model architecture. For the GCN, GRAPHSAGE, and MLP in
particular, the probability for hard nodes stagnates early or even declines slightly during
training. This suggests that these nodes are either poorly represented in the feature space or
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Figure 5.21: FULL TRAIN correlation scatter plots of GAT trained on CREDIT.
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Figure 5.22: FULL TRAIN correlation scatter plots of GAT trained on BITCOINALPHA.
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Figure 5.23: FULL TRAIN correlation scatter plots of MLP trained on BITCOINALPHA.

misaligned with their neighborhoods, making them persistently difficult to classify.

The ambiguous group occupies an intermediate position in terms of learning dynamics.
The rate and extent of this improvement vary by architecture: GCN and GAT show relatively
stronger performance, while, GRAPHSAGE and MLP show weaker progression. This indi-
cates that the structures of GCN and GAT are more effective at incorporating structural cues
to disambiguate challenging examples. In contrast, GRAPHSAGE exhibits only modest gains,
suggesting limited flexibility in adapting to uncertain or noisy neighborhoods. MLP, which
lacks access to graph structure entirely, demonstrates the slowest improvement, relying
solely on node features and showing limited capacity to resolve ambiguity through training
alone. These differences underscore the importance of relational inductive bias in improv-
ing performance on less clearly defined instances, and position the ambiguous group as a
sensitive indicator of a model’s capacity for representation refinement and generalization.

Overall, the training dynamics reveal that while all models are highly effective at fitting
easy nodes, they struggle with hard nodes. The ambiguous group provides an informative
gradient of difficulty, and the degree to which its performance improves reflects each model’s
capacity for generalization. These observations motivate further exploration of specialized
training strategies or architectures to better handle ambiguous and hard examples in graph-
structured data.

CREDIT As shown in Figure 5.25, despite the clear separation between groups, the curves
on CREDIT exhibit greater fluctuation compared to other datasets, indicating a less stable
training process.

The easy group consistently reaches high predicted probabilities across all models,
typically plateauing above 0.9. This suggests that the features associated with these nodes
are highly discriminative, enabling models, even those lacking relational structure such as
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Figure 5.24: Observed average accuracy across categories at different model checkpoints on dataset
CORA.

MLP, to quickly gain confidence in their predictions.

Interestingly, during the early stages of training, as the confidence of the model in the easy
nodes increases, the predicted probabilities for the hard nodes tend to decrease. This pattern
reflects an early overfitting tendency, where the model prioritizes easily learnable patterns at
the expense of more challenging examples. In the later stages of training, particularly for
GCN and GAT, the predicted probabilities for the hard group begin to rise, however, this
improvement comes with a trade-off, as the confidence in the easy group starts to decline.
This shift suggests a redistribution of model focus that may reflect capacity limitations or
conflicting gradients across subgroups.

The ambiguous group occupies a stable middle ground. For GCN, GAT, and MLP the
predicted probability for this group remains relatively flat. GRAPHS AGE exhibits a similar
trajectory but with slightly more upward movement.
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Figure 5.25: Observed average accuracy across categories at different model checkpoints on dataset
CREDIT.

BITCOINALPHA Overall, the categorization of nodes into easy, ambiguous, and hard
demonstrates the consistent ability of GNN-MULTIFIX to distinguish between different
characteristics of the nodes. As shown in Figure 5.26, all evaluated models exhibit high
confidence and low variance on the easy nodes. In contrast, ambiguous nodes display
moderate and gradual improvement, while hard nodes consistently show low confidence and
greater variance throughout training.

Both GCN and GRAPHSAGE rapidly increase their confidence on easy nodes during the
early training stages, reaching probabilities near 0.9, which then remain stable until the end
of training. In comparison, ambiguous nodes improve more slowly, converging around 0.6
by the final epochs. Interestingly, during the early training phase, when confidence on easy
nodes is rising, the confidence on hard nodes actually declines from approximately 0.5 to 0.1.
Notably, GCN shows a slight late-stage recovery for hard nodes after the 60-th checkpoint.

GAT follows a similar trend to GCN in its treatment of node subgroups. Easy nodes
are learned quickly, reaching around 0.88 in probability, while ambiguous nodes exhibit
minimal gains over training and converge near their initialization level of 0.51. Among the
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models considered, GAT demonstrates the least improvement on ambiguous nodes. For hard
nodes, the predicted probability for the true label starts near 0.5 due to random initialization
but steadily drops to approximately 0.1 as the model focuses on optimizing performance for
easier examples.

Interestingly, MLP performs comparably to other GNN models, albeit with slightly
lower confidence on the easy nodes. This is likely because topological information, such as
in-degree, out-degree, and edge weights, is incorporated as part of the node input features.
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Figure 5.26: Observed average accuracy across categories at different model checkpoints on dataset
BITCOINALPHA one random split.

5.7.6. S-FB WITHOUT FLIPPING LABELS

We also investigate the categorization of nodes in the S-FB dataset without applying label
flipping. In this setting, the nodes containing randomly replaced entities with label 0 effec-
tively form a separate class that the GRAPHSAGE model attempts to fit. Table 5.9 presents
the categorization statistics generated by GNN-MULTIFIX when training GRAPHSAGE on
this modified dataset, which we refer to as FB15-K-Random.
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easy | ambiguous | hard
0.493 0.507 0.00

Table 5.9: Categorization percentage assigned by GNN-MULTIFIX when training GRAPHSAGE on
the dataset S-FB with 1% randomly chosen nodes injected with random replaced entities.

As shown above, all nodes were categorized into either the easy or ambiguous groups,
with none falling into the hard category. Additionally, we observe that the training accuracy
is nearly stationary and begins at over 0.9, which further justifies the need to inject flipped
labels to introduce learning difficulty.
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6.1. SUMMARY OF CONTRIBUTIONS

In this thesis, we showed how the properties of graph data, including feature noise, label
imbalance, and topology-affected label homophily, strongly shape GNN performance. Given
the lack of diversity in the common benchmark graph datasets, we first introduced a tunable
synthetic graph generator to produce diverse synthetic graph datasets. Building on insights
derived from data analysis across both real-world and synthetic multi-label graph datasets,
GNN-MULTIFIX dynamically fuses feature propagation, label propagation, and positional
encoding to address noisy and overlapping labels, ultimately generating informative node
embeddings for the multi-label classification task. As real-world graphs evolve over time,
AGALE shifts the focus from static setting to continual learning setting and introduces a
principled evaluation framework, enabling a more realistic assessment of model robustness
and adaptability to evolving graph data in the multi-label setting. To further deepen our
understanding of model behavior, NODEPRO integrates data-centric signals (such as feature
and label uncertainty and structural ambiguity) with model-centric measures (including
confidence and consistency), offering a systematic approach to diagnose node-level failure
modes and distinguish model performance beyond aggregate metrics.

In Chapter | Introduction, we formulated four research questions. We now summarize
how the contributions of this thesis work toward addressing these questions.

RQ1: To what extent do current GNNs improve on multi-label node classification tasks
with more complicated homophily semantics?

This question is addressed in Chapter 2 from both theoretical and empirical perspectives.
First, the notion of homophily requires a careful redefinition in the multi-label setting. The
standard definition used in single-label classification, where connected nodes either share a
label or not, is no longer applicable, because in the multi-label case nodes typically share
only a subset of their labels. To capture this, we introduce a new metric that quantifies
label homophily as the average Jaccard similarity between the label sets of all connected
node pairs. This provides a universal, edge-level measurement of homophily that can be
aggregated over the entire graph.

Second, our exploratory data analysis reveals that existing benchmark graph datasets lack
diversity in terms of label distributions and, consequently, in homophily patterns observed in
real-world scenarios. Using our new definition of label homophily, we propose a synthetic
graph generator to produce graphs with varying homophily levels and different levels of
input feature quality, the latter controlled by injected noise. These synthetic graph datasets
expose clear differences in the behavior of graph neural networks (GNNs) under controlled
conditions.

Finally, we systematically evaluate methods from three categories, feature-based models
such as MLPs, topology-based models such as DEEPWALK, and message-passing GNNs
that rely on both. Using four evaluation metrics, we analyze their performance on commonly
used datasets and highlight the overly optimistic nature of AUROC in the presence of class
imbalance in the multi-label graph datasets. We recommend using Average Precision instead.
Our analysis further reveals that the limited performance of GNNs stems from often noisy
information within node neighborhoods: ego nodes typically share only a fraction of their
labels with each neighbor, making the information about the remaining neighbor labels noise
in accurate label prediction of the ego nodes. This observation motivated the development of
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a more effective approach for generating node embeddings in multi-label node classification,
which we present in Chapter 3 in the answer of RQ2.

RQ2: Does integrating positional encoding and label propagation into message-passing
GNNs s consistently benefit multi-label prediction on graph-structured data?

We address this question in Chapter 3, motivated by empirical evidence obtained during
exploratory data analysis, which highlights why positional encoding and label propagation
can be beneficial for multi-label node classification.

First, we conduct an empirical study of the training dynamics of existing GNN models
on real-world multi-label datasets and show that they exhibit limited learning capability in
multi-label settings, even when abundant training data is available. Rather than examining
only the average training loss across all nodes, we analyze the loss at the instance level,
revealing that many nodes fail to be learned effectively. This provides direct, instance-level
evidence supporting the limitations identified in RQ1.

Second, prior work on graph isomorphism has focused mostly on graph-level discrimi-
nation, while isomorphism-related failures also arise at the node level. In realistic networks,
nodes that occupy the same structural role can appear far apart in the graph being part of
totally different communities, yet still have indistinguishable local neighborhoods under stan-
dard GNN message passing. As a result, existing GNNs often assign identical embeddings
to such nodes, failing to distinguish them despite their different global positions.

Third, we find that GNNs do not effectively exploit the label distribution of neighboring
nodes in multi-label datasets. Notably, a simple baseline that predicts a node’s labels by
aggregating the known training labels of its neighbors consistently outperforms existing
GNN architectures by a substantial margin.

Motivated by these observations, we propose GNN-MultiFix, a simple yet effective
framework that leverages all available information for each node—its input features, the
label information propagated from labeled neighbors, and its structural position encoded
through positional encodings. Through theoretical analysis and extensive experiments, we
demonstrate that GNN-MultiFix achieves substantial improvements across four real-world
multi-label datasets, as well as two sets of synthetic datasets with varying input feature
quality and label homophily.

Encouraged by the improvements observed in our empirical experiments, and recognizing
that real-world graphs are often generated in a streaming manner, we shift our focus from
the static setting to the continual learning setting in RQ3.

RQ3: Under which scenarios do current graph continual learning evaluation frameworks
fail, and how can they be generalized for both multi- and single-label scenarios?

This research question is addressed in Chapter 4. First, we examine existing continual
graph learning evaluation frameworks and their underlying design assumptions. We find that
these frameworks are primarily developed for single-label scenarios. Although multi-label
settings are occasionally mentioned, they are treated only as conceptually applicable to
node-level multi-label tasks and are evaluated exclusively on graph-level datasets. Since
multi-label graphs are still independent from each other, thus differ fundamentally from
multi-label nodes in one graph, we confirm that the complexities of node-level multi-label
continual learning have been largely overlooked.
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To study this setting, we begin by directly applying existing evaluation frameworks to
multi-label datasets. Through this process, we identify several critical limitations, including
the lack of graph-aware data partitioning strategies, overlaps between training, validation,
and test sets across tasks, and reliance on predefined class orders. These issues highlight
the inadequacy of current frameworks for evaluating continual learning on multi-label node
classification tasks.

Second, motivated by the realistic evolution of multi-label graphs, we define two gen-
eralized incremental learning settings and provide theoretical analysis to characterize the
generated subgraphs.

Third, we refine the graph data partitioning process. Existing approaches partition graphs
using generic data-splitting algorithms, which do not account for multi-label dependencies,
which directly makes one node belong to multiple tasks simultaneously. We therefore
introduce graph-aware partitioning methods that generate subgraphs for each time step while
also producing train/validation/test splits within each subgraph avoiding the possible data
leakage problem.

Finally, we categorize the classes of graph machine learning models suitable for deploy-
ment in the continual graph learning setting and evaluate state-of-the-art methods under our
proposed framework to assess current progress in this area.

Building on our work in developing the evaluation framework in assessing graph machine
learning models behaviors, and motivated by the substantially different node-level behaviors
identified in addressing RQ2, we next investigate the behavior of graph machine learning
models at the instance level. This naturally leads to the final research question of this thesis.

RQ4: How can we understand the correlation between model behavior and graph data
properties through instance-level profiling?

This research question has been studied in Chapter 5. Prior work in data-centric graph
machine learning has predominantly focused on improving the quality, structure, or ma-
nipulation of graph data itself, while model-centric approaches aim to develop effective
architectures evaluated primarily through aggregate performance metrics. However, what has
been largely missing in the literature is a systematic analysis that connects model behavior
with the underlying properties of graph data, allowing us to understand why models succeed
or fail at the node level.

First, we introduce three interpretable scores assigned to individual nodes. These
scores capture key data properties such as Intra-class Feature Dissimilarity, Neighborhood
Class Divergence, and Random Walk Class Divergence. Building on existing notions of
model uncertainty, we categorize nodes into easy, ambiguous, and hard instances. By
jointly considering data properties and model predictions, we reveal which kinds of nodes
a given model finds easy, ambiguous, or difficult to fit. This provides an analytical tool,
complemented by visualization capabilities, that deepens our understanding of both dataset
characteristics and model behavior.

Secondly, we show that the proposed profiling signals generalize to unseen nodes,
enabling reliability assessment even in the absence of ground-truth labels. Furthermore, the
framework effectively detects injected errors in a knowledge graph, demonstrating its utility
for practical data quality auditing and instance-level diagnostic tasks.



6.2. LIMITATIONS AND FUTURE WORK 135

6.2. LIMITATIONS AND FUTURE WORK

Although our results mark a step forward, several limitations remain, paving the way for
future research.

Firstly, the diversity and realism of graph datasets are still limited. All proposed
methods in this thesis, while theoretically and empirically validated, have primarily been
tested on real-world benchmark datasets with similar properties and on our multi-label
synthetic graph datasets generated under controlled conditions at relatively small scale.
This leaves an open research gap in the curation of more diverse real-world graph datasets,
particularly those characterized by the properties discussed in this thesis, such as different
levels of feature quality, label homophily, and label distribution. A systematic comparison
of these real-world datasets with the synthetically generated graphs is also largely missing.
Future research should explore the development of synthetic graph generator models that
more accurately reflect the complex properties inherent in real-world multi-label graphs in
both static and continual learning setting.

Additionally, there remains substantial room for improving the performance of
current graph machine learning models in the multi-label node classification task in
both static and continual learning settings. While GNN-MULTIFIX achieves state-of-
the-art performance on the multi-label node classification task at the time of this thesis, it
could benefit from further theoretical analysis of the performance bounds achievable by such
fusion-based methods. Second, because GNN-MULTIFIX integrates a label propagation
module and employs a positional encoding module DEEPWALK, the current implementation
is limited to the semi-supervised (transductive) setting. An important direction for future
work is to develop inductive variants of GNN-MULTIFIX that can operate on previously
unseen nodes or subgraphs without requiring access to the entire graph during inference.
Third, a valuable next step would also be to develop an explainable module for positional
encoding to better understand its contribution to model performance. Last but not least, the
competitive performance of simple baselines such as DEEPWALK and MAJORITYVOTE
should not be overlooked. Conducting theoretical analyses to understand the success of
such simple methods could provide deeper insights into the properties of natural real-world
multi-label graphs and help in designing more effective approaches for this task.

Thirdly, there remains a clear lack of research on the natural evolution of multi-
label graph processes. While AGALE provides the first evaluation framework for continual
graph learning specifically designed for both sing-label and multi-label settings, the proposed
data-partitioning algorithms remain theoretically defined and have not yet been compared
against the actual evolution of real-world multi-label graphs. Examples include the evolution
of social networks around individuals over time, sequences of protein-protein interaction
networks that expand as new protein functions are discovered, or the evolving linkage
structures of Wikipedia pages over the years. These time-stamped multi-label datasets
could serve as valuable ground truth for developing and testing data-partition algorithms
and evaluation frameworks like AGALE. Future work should study the properties of such
temporal graphs to understand how the distributions of input features, labels, and topology
change over time. For example, we observed that our data partitioning algorithms tended
to make the graphs at each time step more homophilic than the original full graph. As a
result, the simplest baseline without any specialized continual learning mechanism achieved
strong average performance. Further analysis is needed to determine whether these similar
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properties hold in real-world temporal multi-label graph datasets.

Finally, there remains significant potential to deepen instance-level profiling in
graph machine learning. While NODEPRO provides the first data- and model-centric
analyses of node properties and model behaviors during training, its data-centric profiles
may not fully capture fine-grained structural or semantic variations across nodes. This gap is
likely to become more pronounced as graph machine learning models begin to incorporate
increasingly complex and nuanced data properties. Therefore, it would be valuable to design
new data-centric scores that capture the properties GNNs directly rely upon, while remaining
interpretable and explainable to practitioners. In addition, it would be valuable to explore the
use of NODEPRO for tasks such as model selection and instance-level data diagnosis, ideally
in close collaboration with domain experts. Last but not least, extending the framework
to dynamic and multi-label graph settings also represents an important direction for future
work.
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