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ABSTRACT

Graphs provide a powerful framework for representing complex relationships in diverse do-

mains, including social networks, biological systems, transportation, and communication

networks. Graph representation learning has emerged as a key technique for extracting

meaningful embeddings, enabling tasks such as node classification, graph classification, and

community detection. While Graph Neural Networks (GNNs) have significantly advanced

this field, many existing methods fail to jointly capture local structures and higher-order

dependencies, limiting their effectiveness. To address these challenges, this dissertation pro-

poses novel graph representation learning models that integrate both local and global struc-

tural information for improved performance across static and dynamic graphs. In our first

work, we introduce a proximity-based graph compression method for network embedding.

Our approach leverages neighborhood similarity to compress the input graph into a smaller,

more structured representation, preserving local proximity within super-nodes. Learning

embeddings on the compressed graph reduces computational costs while maintaining global

structural information. We then refine these embeddings back to the original graph, enhanc-

ing representation quality. In our Second work, we propose a multi-channel Motif-based

Graph Pooling method named (MPool) that captures the higher-order graph structure with

motif and also considers the local and global graph structure through a combination of se-

lection and clustering-based pooling operations. In our third work, we propose a graph

contrastive learning model with graph compression for graph classification. Using K-core and

K-truss-based compression, we generate two views that capture both low-order and higher-

order structures. These representations are optimized via contrastive loss and integrated for

the final graph classification. In our fourth work, we propose a Dynamic Graph Con-

trastive Learning (DyGCL) method for event prediction. Our model DyGCL employs a local

view encoder to effectively capture the local dynamic structure and a global view encoder



to capture the higher-order structure of the dynamic graphs. Our extensive experiments

demonstrate that our proposed methods outperforms the state-of-the-art methods for differ-

ent graph mining tasks like node classification, graph classification, and event prediction on

various real-world datasets. These contributions advance graph representation learning by

effectively integrating local and global structural information, opening new possibilities for

more interpretable and scalable models in future research.

INDEX WORDS: Graph Neural Network, Graph Pooling, Graph Contrastive
Learning, Graph Classification, Event Prediction
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

A graph is a mathematical structure used to model relationships between entities. It consists

of nodes (vertices) representing entities and edges representing their connections. Graphs

are prevalent in real-world applications, such as computer networks (routers/computers as

nodes, links as edges), social networks (individuals and their interconnections, including co-

authorship and citation networks), and biological networks (protein interactions essential for

biological functions).

Recently, graph representation learning from graphs has become popular for many prob-

lems in network analysis [1, 2, 3, 4, 5]. Graph representation learning is defined as encoding

structural information of graphs into a low-dimensional vector space on their connections [6].

By preserving the structural information of the network, nodes with links will be close to

each other in the vector space. Recently, deep learning models have been adopted for graph

representation learning, and many different Graph Neural Networks (GNNs) [7] have been

proposed to capture the complex relation information within graph data. GNNs have shown

competitive performance for many graph-related tasks, such as semi-supervised node classi-

fication, link prediction, and graph classification. By inputting a graph with node attributes

and message propagation along the edges, while some GNN models learn the node-level

representation for node classification [7, 8, 9, 10, 11, 12, 13], some others learn graph-level

representation for graph classification[14, 15, 16].



2

However, many real-world graphs exhibit higher-order structures, including long-range

dependencies, hierarchical relationships, and temporal dynamics. Existing approaches often

struggle to integrate both local and global structures, limiting their effectiveness. These

methods are limited to capturing local structures, such as immediate node neighborhoods,

and struggle to represent higher-order structures. This limitation hinders the performance

of graph representation in tasks requiring a deeper understanding of global graph topology.

This dissertation addresses these challenges by proposing four novel methods for graph

representation learning that effectively capture higher-order and lower-order structures in

both static and dynamic graphs. Our methods enhance graph representations by incorpo-

rating global structural patterns and temporal dependencies, enabling more expressive and

adaptive learning frameworks. We investigate two important problems of graph representa-

tion learning: node classification and graph classification. Through extensive experiments,

we demonstrate their advantages in improving predictive performance across various graph-

based tasks.

1.2 Overview of the Studies

1.2.1 Proximity-Based Compression for Network Embedding

In this study, we aim to develop a more efficient and effective approach for network embed-

ding. We consider an undirected, connected, and simple grap, simple graph G = (V ;E)

where V is the set of vertices, and E ⊆ {V × V } is the set of edges. Formally, we define

network embedding as follows:
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Definition 1 (Network embedding). Network embedding is a mapping ϕ : V → Rd, d << |V |

which represents each vertex v ∈ V as a point in a low-dimensional space Rd.

Here d is a parameter specifying the number of dimensions of our node representation.

Although recent methods show promising performance for various applications, graph

embedding still has some challenges. First, many of these methods are not scalable to large

graphs (scalability problem). Secondly, due to non-convex optimization, these approaches

can easily get stuck at a bad local minima as the result of poor initialization (initialization

problem). This may generate dissimilar representations for vertices within the same or

similar neighborhood set. Also, many of these methods ignore the global structure in the

graph.

These challenges have motivated us to use graph compression (summarization) algorithm

that reduces the complexity and size of large graphs. We propose a proximity-based graph

compression method that compresses the input graph to a smaller graph by incorporating

the neighborhood similarity of its vertices into super-nodes. NECL compresses the graph by

merging vertices with similar neighbors into super-nodes instead of random edge merging.

NECL employs the embedding of the compressed graph to obtain the embedding of the original

graph. This brings down the embedding cost and captures the global structure of the original

graph without losing the locality kept in the super-nodes. In addition to reducing the graph’s

size for embedding, we get fewer pairwise relationships from random walks on a smaller set

of super-nodes, which generates less diverse training data for the embedding part. All these

facts improve efficiency while maintaining similar or better effectiveness compared to the
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baseline methods. We then project the embedding of super-nodes to the original nodes.

1.2.2 MPool: Motif-Based Graph Pooling

In this work, we propose a model for graph classification, a fundamental task in graph

learning that aims to predict labels for entire graphs by leveraging both node features and

graph structures. The formal definition of the graph classification problem is as follows:

Graph Classification: We denote a graph as G(V,A,X) where V is the node-set,

A ∈ RN×N is the adjacency matrix, and X ∈ RN×d is the feature matrix with d dimensional

node feature and N is the number of nodes in the graph. We denote a graph collection as

(G, Y ) where G = {G0, G1, ..., Gn} with Gi’s are graphs and Y is the set of the graph labels.

In this paper, we work on the graph classification problem, whose goal is to learn a function

f : G → Y to predict the graph labels with a graph neural network in an end-to-end way.

GNNmodels apply different graph pooling methods to learn graph-level representation for

graph classification. However, existing pooling methods often fail to incorporate higher-order

graph structures, which play a crucial role in graph mining tasks such as classification [17],

and community detection [18]. There are different technical tools that have been proposed to

model higher-order graph structures [19] such as hypergraphs [20], simplicial complexes [21],

and motifs [22]. Between these tools, motifs (graphlets) are small, frequent, and connected

subgraphs widely used to measure the connectivity patterns of nodes [23, 24]. Despite their

effectiveness in various graph mining tasks, including classification [17], and community

detection [25], motifs have yet to be explored in graph pooling operations..

In this work, to address these problems, we propose a multi-channel Motif-based Graph
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Pooling method named (MPool) that captures the higher-order graph structure with motif

and also local and global graph structure with a combination of selection and clustering-

based pooling operation. We utilize motifs to model the relation between nodes and use this

model for message passing and pooling in GNN. We develop three motif-based graph pooling

models (MPoolS MPoolC , and MPoolcmb): selection and clustering based and combined model

(MPoolcmb). For the selection-based graph pooling model, we design a node ranking model

considering motif-based relations of nodes. For clustering-based graph pooling, we design a

motif-based clustering model that learns a differentiable soft assignment based on learned

embedding from the convolution layer. After learning the assignment matrix, we grouped

the nodes in the same cluster to create a coarsened graph. In our Combined model, we

combine both selection and clustering-based methods into one model that learns both local

and global graph structures. All models incorporate higher-order graph structure in graph

representation with taking motifs into consideration while pooling.

1.2.3 Graph Contrastive Learning via Structure-Aware Graph Compression

In this work, we propose a graph contrastive learning model for graph classification, follow-

ing the same problem formulation outlined in the second project. Contrastive learning, a

self-supervised technique, has been integrated into GNNs to enhance graph representation

learning [26, 27, 28]. It aims to maximize feature consistency by contrasting multiple seman-

tically coherent augmented views of the same graph [29]. However, existing methods generate

these views through random node and edge dropping, leading to structural information loss

and focusing primarily on low-level graph features.
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To overcome these limitations, we introduce a structure-aware graph contrastive learning

model via graph compression. Our approach leverages graph compression, a well-established

technique in graph mining that reduces complexity while preserving global structure, widely

used in tasks like community detection and graph embedding. To our knowledge, no prior

graph contrastive learning model has utilized graph compression for view construction.

Our model employs two view encoders: a K-core view encoder and a K-truss view encoder.

In the K-core view encoder, we first extract K-core subgraphs, compress them into super

nodes, and learn representations from both the original and compressed graphs. The K-

truss view encoder follows a similar process, using K-truss subgraphs instead. We optimize

these representations via contrastive learning and combine them to generate the final graph

representation for classification.

This structure-aware contrastive framework effectively preserves both local and global

structural properties, addressing key shortcomings of existing methods while enhancing

graph classification performance.

1.2.4 DyGCL: Dynamic Graph Contrastive Learning For Event Prediction

In this project, we tackle the event prediction problem by modeling historical event-related

articles as a sequence of dynamic graphs, where each graph captures contextual information

at a specific timestamp. Nodes represent words in the articles, and edges indicate word

co-occurrence within a fixed-size window. Specifically, one graph is created for each day,

and data from k consecutive days is represented as the dynamic graph and used to predict

whether an event will occur on (k + 1)th day.
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Here, we first define dynamic graphs and then event prediction via dynamic graphs.

Definition 1 (Dynamic Graph). A dynamic graph G is defined as a series of T discrete

snapshots denoted as G = {G1, G2, ..., GT}, where Gt represents the graph at timestamp t.

Each Gt has an adjacency matrix At showing the relation between nodes at time t

Definition 2 (Event Prediction). Given a training dataset D, where each sample is

represented as D[Gi] for i= 1, 2,3,. . . ,m and each and each G is a dynamic graph G =

{G1, G2, ..., GT} with initial node feature matrix X ∈ RNXd where N is the number of nodes

with d dimension at time t, our goal is to learn a graph encoder that maps the input dynamic

graph into vector representation and use this representation to predict the future event ŷ at

time T + 1.

Dynamic GNNs [30, 31, 32, 33] have been developed as extensions to standard GNNs to

capture the dynamic patterns within dynamic graphs and used for event prediction [34, 35,

30]. Although these models show promising results, they primarily focus on node-level repre-

sentation capturing the local structure and overlooking the global structure of the temporal

graph. On the other hand, both node-level and graph-level representations should be utilized

in a consistent way to capture the dynamic patterns of input graphs for more accurate event

prediction.

Addressing these aforementioned challenges, in this paper, we introduce a Dynamic

Graph Contrastive Learning (DyGCL) method that learns dynamic graph representation for

event prediction. In this model, we utilize two novel encoders: a local view encoder and

a global view encoder. Our local view encoder captures the local neighborhood structural
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information using a Dynamic Graph Convolutional Network, propagating node features over

time and applying pooling at the final step to obtain a graph representation for the entire

dynamic graph. Meanwhile, our global view encoder captures hierarchical graph structures

via dynamic Graph Pooling and aggregates these representations using an LSTM module.

Contrastive learning is applied to align the local and global representations, which are then

fused via an attention mechanism for event prediction. By integrating both encoders, DyGCL

learns a dynamic graph representation that effectively captures both local and global dynamic

structural patterns of the input graphs



9

CHAPTER 2

RELATED WORKS

2.1 Network Embedding

Network embedding plays a significant role in network data analysis, and it has received huge

research attention in recent years. Previous researchers consider the graph embedding as a

dimensionality reduction [36], such as PCA [37] that captures linear structural information

and LE (locally linear embeddings) [38] that preserves the global structure of non-linear

manifolds. While these methods are effective on small graphs, scalability is the major concern

with them being applied to large-scale networks with billions of vertices, since the time

complexity of these methods is at least quadratic in the number of graph vertices [1, 39].

On the other hand, recent approaches in graph representation learning focus on the scalable

methods that use matrix factorization [40, 41] or neural networks [42, 43, 44, 45]. Many of

these aim to preserve the first and second-order proximity as a local neighborhood with path

sampling using short random walks such as DeepWalk and Node2vec [2, 3, 4, 5, 46]. Some

recent studies aim to preserve higher-order proximity [47, 48]. In addition to these, some

recent works integrate contents to learn better representations [49]. While some studies use

network embedding on node and graph classification [6, 48, 50], some others use it on graph

clustering [51, 49, 52].

DeepWalk [6] is the pioneering work that uses the idea of word representation learning

in [53, 54] for network embedding. While vertices in a graph are considered as words,

neighbors are considered as their context in natural language. A graph is represented as a
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set of random walk paths sampled from it. The learning process leverages the co-occurrence

probability of the vertices that appear within a window in a sampled path. The Skip-gram

model is trained on the random walks to learn the node representation [53, 54].

Optimization of a non-convex function in these methods could easily get stuck at a bad

local minima as the result of poor initialization. Moreover, while preserving local proximities

of vertices in a network, they may not preserve the global structure of the network. As a

solution to these issues, a multi-level graph representation learning paradigm has been pro-

posed [48, 55, 56, 57]. HARP, is proposed in [48] as a graph preprocessing step to get better

initialization vectors. In this approach, related vertices in the network are hierarchically

combined into super-nodes at varying levels of coarseness. After learning the embedding of

the coarsened network with a state-of-the-art graph embedding method, the learned embed-

ding is used as an initial value for the next level. The initialization with the embedding of

the coarsened network improves the performance of the state-of-the-art methods. One of the

limitations of this method is that multi-level compressing and learning results in significant

compression and embedding cost. Random edge compressing may put dissimilar nodes into

the same super-node which makes their representation similar.

As a more efficient solution, MILE [56] performs multi-level network embedding on large

graphs using graph coarsening and refining techniques. It compresses the graph repeatedly

based on Structural Equivalence Matching (SEM) and Normalized Heavy Edge Matching

(NHEM). After learning the embedding of the compressed graph, they refine it efficiently

through a novel graph convolution neural network to get the embedding of the original
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graph. This way, it receives embedding for large scale graphs in an efficient and effective

way. More recently, GraphZoom [57] proposes a multi-level spectral approach to enhancing

both the quality and scalability. It performs graph fusion to generate a new graph that

effectively encodes the topology of the original graph and the node attribute information.

Then they apply spectral clustering methods to merge the nodes into super-nodes with the

aim of retaining the first few eigenvectors of the graph Laplacian matrix. Finally, after

getting the embedding of the compressed graph, they refine it by applying projection on

it to get the original graph embedding. LouvainNE [55] applies the Louvain clustering

algorithm recursively to partition the original graph into multiple subgraphs and construct a

Hierarchy partition of the graph, which is represented as a tree. Then they generate different

meta-graph from the tree and apply the baseline method i.e., DeepWalk Node2vec. After

getting the embedding from different meta-graph, they combine these embeddings to find

the final embedding. They use a parameter to regulate the weights of different embedding

for combining.

2.2 Graph Neural Networks

In general, GNNs can be categorized via two different approaches: spectral and non-spectral.

In the spectral approach [7, 58, 59], convolution operation for the graph is defined by Fourier

transform and graph Laplacian. Spectral methods have a basis-dependent problem in that

they are not generalizable to graphs with different structures. Using this approach, a model

trained on one graph structure cannot be effectively transferred to another. To overcome
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this problem, non-spectral methods design convolution operations by directly aggregating

neighbor nodes’ information [8, 9]. These methods are faster and more easily generalizable

to graphs of different structures. GraphSAGE [8] is one of the popular methods of non-

spectral methods where it samples a fixed-sized neighborhood and aggregates its information.

Moreover, Graph attention network (GAT) [9] uses the attention mechanism to aggregate

neighbor information where it gives different weights to neighborhood representation.

2.3 Graph Pooling

Graph pooling operation on GNN is developed for learning hierarchical graph representation

learning. There are two different classes of graph pooling in the literature: global pooling

and hierarchical pooling. Global pooling methods [60, 61] summarize entire graph in one

step. For example, Set2Set [60] implemented the global pooling using LSTMs where it uses

iterative content-based attention to calculate the importance of nodes. Another method,

SortPool [61] sorts the nodes based on their embedding and feeds them to the next layers.

However, the global pooling method does not learn graph representation hierarchically, which

is very important for graph-level representation.

Hierarchical pooling methods learn graph representation hierarchically and capture the

local substructures of graphs. There are two different hierarchical pooling methods in

the literature: node cluster pooling and selection pooling. Node cluster pooling methods

[62, 16, 63, 64] do the pooling operation by calculating the cluster assignment matrix using

node features and graph topology. After calculating the cluster assignment matrix, they build
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the coarse graph by grouping the nodes on the same cluster. For example, while DiffPool[62]

calculates the cluster assignment matrix using a graph neural network, MinCutPool[16] cal-

culates the cluster assignment matrix using a multi-label perception.

Selection-based pooling methods [14, 15, 65, 66] compute the importance scores of nodes

and select top k nodes based on their scores and drop other nodes from the graph to create

the pooled graph. For example, while gPool [14] calculates the score using node feature

and a learnable vector, SAGPool [15] uses an attention mechanism to calculate the scores.

SUGAR [67] uses subgraph neural network to calculate the score and select top-K subgraph

for pooling operation. They use BFS algorithm to sample the subgraph from the input

graph. Selection-based pooling methods are generally more memory efficient as they avoid

generating dense cluster assignments and select nodes based on their scalar projection values

on a trainable vector. However, both types of methods mainly use the node features and

normal adjacency matrix with GNNs for pooling operation. On the other hand, higher-order

structures, i.e., motifs, are also important for the graph-based task. In our proposed method,

we use motif structure for the pooling operation to integrate higher-order graph structure

information during learning graph representation.

2.4 Event prediction

In the area of event prediction, there is a broad spectrum of real-world applications that have

been explored, such as predicting political events [68, 35], forecasting election results [69],

traffic analysis, trends in the stock market [70], and tracking disease outbreaks [71, 72, 73, 74,
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75]. Initial approaches in this field often utilized traditional machine learning techniques. For

instance, the use of linear regression [76] has been noted for its effectiveness in predicting the

timing of future events by analyzing social media data frequency and volume. Furthermore,

more complex methods involving paragraph embeddings [77] and the utilization of topic-

specific keywords [78] have been investigated.

The advancements in event prediction have seen a notable shift from basic machine learn-

ing techniques to the adoption of sophisticated deep learning methods, particularly focusing

on the temporal aspects of information diffusion. The application of deep neural networks,

notably by Ma et al. [79, 80, 81] using recurrent neural networks, and Liu et al. [82] combined

convolutional and recurrent neural networks, exemplifies this advancement. These models

excel in understanding the progression and nuances of events as they unfold, particularly

in digital and social media contexts. Xia et al. [83] further contributed to this field with a

model focused on the detailed detection and segmentation of evolving event states, offering a

more granular perspective on event dynamics. Despite these technological advancements, a

common limitation persists in the predominant focus on semantic information of input data,

potentially overlooking other vital aspects, such as contextual and non-semantic factors,

which are crucial for a comprehensive and accurate prediction model.

2.4.1 Graph-based event prediction

Graph-based event prediction has seen significant advancements with the implementation

of GNNs, which excel in structuring the relationships among words or entities into graphs.

The DynamicGCN [34] exemplifies this approach by applying a static Graph Convolutional
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Network (GCN) to input graphs of each time epoch, initializing node features for each epoch

with embeddings from the previous one, and starting with word embeddings at the initial

time. This model updates node embeddings via a temporal layer, integrating the initial and

GCN-derived embeddings, and employs a readout layer to convert these embeddings into a

fixed-size vector for event prediction. Similarly, DyGED[35] focuses on learning graph-level

representations for each epoch’s graph, updated using a recurrent neural network (RNN).

This model applies a static GNN and global pooling for learning representations but does not

utilize hierarchical graph pooling, which is crucial for capturing the graph’s global structure.

DyGED then merges all snapshot graph embeddings into a single vector representation for

event prediction. While both models mark important contributions to graph-based event

prediction, leveraging GNNs to capture complex event dynamics, they also highlight areas for

potential improvements, such as the integration of more advanced graph pooling techniques

and enhanced processing of temporal information for more robust and accurate predictions.
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CHAPTER 3

Proximity-based Compression for Network Embedding

3.1 Introduction

This paper is published in Frontiers in Big Data [84]. In this work, we propose a novel

Network Embedding method, NECL, to generate embedding more efficiently or effectively.

We summarize our contributions as follows,

• New proximity-based graph compressing method: Based on the observation that ver-

tices with similar neighborhood sets get similar random walks and eventually similar

representation, we merge these vertices into super-nodes to get a smaller compressed

graph that preserves the proximity of nodes in the original large graph.

• Efficient embedding without losing effectiveness: We do random walks and embedding

on the compressed graph, which is much smaller than the original graph, efficiently.

This method has similar effectiveness with baseline methods by preserving the global

and local structure of the graph in the compressed graph.

• Effective embedding without decreasing efficiency: We use the embedding obtained

from the compressed graph as initial vectors for the original graph embedding. This

combines the global and local structure of the graph and improves the effectiveness.

Embedding of a small compressed graph does not take much time with respect to

original graph embedding, so it will not increase the embedding time significantly.
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• Generalizable: NECL is a general meta-strategy that can be used to improve the effi-

ciency and effectiveness of many state-of-the-art graph embedding methods. We report

the results for DeepWalk Node2vec and LINE.

3.2 Methodology

While a desirable network embedding method for real-world networks should preserve the

local proximity between vertices and the global structure of the graph, it should also be scal-

able for large networks. This section presents our novel network-embedding models, NECL

and NECL-RF, which satisfy these requirements. We extend the idea of the graph compressing

layout to network representation learning methods. After giving some preliminary informa-

tion, we explain our proximity-based compression method and how we combine compression

with network embedding.

In this paper, we consider an undirected, connected, simple graph G = (V ;E) where VG

is the set of vertices, and E ⊆ {V × V } is the set of edges. The set of neighbors for a given

vertex v ∈ V is denoted as NG(v), where NG(v) = {u|u ∈ V : (u, v) ∈ E}. We now define

what a compressed graph is.

Definition 2 (Compressed graph). A compressed graph of a given graph G = (V ;E) is

represented as CG = (S;M) where S = (VS;ES) is the graph summary with super-nodes VS

and super-edges ES and M is a mapping from each node v to its super-node in VS. A super-

edge E = (Vi;Vj) in ES represents the set of all edges between vertices in the super-nodes Vi

and Vj.
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Considering a graph G, we define adjacency matrix A that is symmetric for undirected

graphs. For an unweighted graph, we have Aij = 1 if and only if there exists an edge from

vi to vj, and Aij = 0 otherwise. For a graph with adjacency matrix A, we can define the

diagonal matrix, known as degree matrix, as Dij =
∑︁

k Aik if i = j, and Dij = 0 otherwise.

3.2.1 Neighborhood similarity-based graph compression

The critical problem for graph compressing with preserving local structures of the graph is

to identify vertices that have similar neighborhoods accurately, so they are more likely to

have similar representation. In this section, we discuss how to select vertices to merge into

super-nodes.

3.2.1.1 Motivation

The motivation of our method is that if two vertices have many common neighbors, many

embedding algorithms that preserve local neighborhood information will give similar repre-

sentations to them. This comes from our following observation that if two vertices, vi and

vj, of a graph have many common neighbors, they also have similar transition probabilities

to other vertices. This means that if Ai and Aj are similar, their transition probability

vectors, Ti = Ai ∗ D1
ii and Tj = Aj ∗ D1

jj, will be similar as well. Hence they have similar

neighborhoods and get similar neighborhood sets from random walks, and as a result, they

get similar representations from the learning process.

For example, in the toy graph in Figure 3.1, the neighbor sets of the nodes a and b are

the same. Hence, their transition probabilities to the other neighbor vertices are also the
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same, i.e., p(ni|a) = p(ni|b) = 1/4 for all i ∈ {1, 2, 3, 4}. Starting on either a or b yields

the same or very similar walks, so they have the same or similar representation. Therefore,

instead of walking and learning representations for both a and b, it is enough to learn one for

both of them. For this, we can merge this node pair (a, b) into one super-node ab. Transition

probabilities of this super-node to neighbors of a and b are still the same with a and b, i.e.,

p(ni|ab) = 1/4 for all i ∈ {1, 2, 3, 4}. When we obtain the representation of the super-node

ab, we can project it as the representation of each node in this pair. Merging these vertices

keeps the preservation of the first and second-order proximity. Thus, this does not affect the

results of walking and learning, but it increases efficiency.

Furthermore, compressing may change the transition probability of neighbors of com-

pressed vertices since the number of their neighbor decrease. As a result, the transition

probability of each neighbor changes. For example, in the toy graph in Figure 3.1-(a), while

the transition probability from n1 to its neighbors is 1
|N(n1)| , after compressing, it becomes

1
|N(n1)|−1

since the number of neighbors decrease by one. In order to avoid this problem,

we assign weights to edges of super-nodes based on the number of merged edges within the

compression. For example, the super-edge between super-node ab and n1 includes 2 edges

which are (a, n1) and (b, n1). Therefore, the weight of the super-edge (ab, n1) should be 2.

In a real-world graph, it is not expected to have too many vertices sharing exactly the

same neighborhood. However, for many graph mining problems, such as node classification

and graph clustering, if two vertices share many common neighbors, they are expected to

be in the same class or cluster, although their neighbor sets are not completely the same.
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(a) (b)

Figure 3.1 Example of graph compressing: a and b are merged into super-node ab connected
to the neighbours of both a and b.

Hence, we expect to have similar feature vectors for the vertices in the same class/cluster

after embedding. From these observations, we can also apply the same merge operation on

these vertices. Following the same idea in the example above, if neighbors of two vertices

are similar (but not exactly the same), we can merge them into a super-node and learn one

representation for all. While we can project this super-node embedding to original vertices

and use the same representation for both, we can also update them in the refinement phase

to embed the difference of them into their representation.

3.2.1.2 Proximity Based Graph Compressing

In this section, We define our graph compressing algorithm formally.

For a given graphG, if a set of vertices n1, n2, ..., nr in VG have similar neighbors, we merge

these vertices into one super-node n12...r to get a smaller compressed graph G′(VG′ , EG′). To

decide which vertices to merge, we define the neighborhood similarity based on the transition

probability. Before defining the neighborhood similarity, we first show that cosine similarity
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between transition probabilities of two vertices u and v, Tu and Tv, are determined by the

number of their common neighbors.

Theorem 1. Let T be the 1-step transition probability matrix of vertices V in a graph G

and let u, v ∈ V . Let N(u) and N(v) be the neighborhood sets of u and v and Tu and Tv be

the transition probability vectors from u and v to other vertices. Then the similarity between

Tu and Tv is proportional to the number of common neighbors, |N(u) ∩N(v)|.

Proof. The cosine similarity between Tu and Tv is defined by

sim(Tu, Tv) =

∑︁
i TuiTvi

||Tu||||Tv||
(3.1)

By definition of T , we have Tu = Au

|N(u)| and Tv =
Av

|N(v)| . Furthermore, we have

||Tu|| = 1/
√︁
|N(u)|, ||Tv|| = 1/

√︁
|N(v)|

and ∑︂
i

AuiAvi = |N(u) ∩N(v)|.

Hence, if we plug in these into the Equation (1), we get



22

sim(Tu, Tv) =

∑︁
i TuiTvi

||Tu||||Tv||
=

∑︁
i

Aui

|N(u)|
Avi

|N(v)|
1√

|N(u)|
1√

|N(v)|

=

1
|N(u)||N(v)| |N(u) ∩N(v)|

1√
|N(u)||N(v)|

=
|N(u) ∩N(v)|√︁
|N(u)||N(v)|

.

Therefore,

sim(Tu, Tv) ∝ |N(u) ∩N(v)|

This finalizes the proof.

From Theorem 1, we see that the similarity of transition probabilities from two vertices

to other vertices depends on the similarity of their neighbors. Therefore, for the compressing,

we define the neighborhood similarity between two vertices as follows.

Definition 3. (Neighborhood similarity) Given a graph G, the neighborhood similarity be-

tween two vertices u, v is given by

Nsim(u, v) =
2|N(u) ∩N(v)|
|N(u)|+ |N(v)|

(3.2)

In order to normalize the effect of high degree vertices, we divide the number of common

neighbors by degree of vertices. The neighborhood similarity is between 0 and 1, where it is
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Algorithm 1: Graph Compressing (G, λ).

Input: G(VG, EG), similarity threshold λ
Output: S(VG′ , EG′ ,WE),mapping M
M is a mapping from super-node to original node
S ← G
NSQ← ∅
for v ∈ VG do

for u ∈ NG(v) do
for k ∈ NG(u) do

Compute Neighborhood similarity between v and k as NSim(v, k)
NSQ← NSQ ∪ (v, k)

end

end

end
for (v, k) ∈ NSQ do

if NSim(v, k) > λ then
Merge them into a super-node sv,k
M(sv,k)← v; M(sv,k)← k
Delete v and k from S and add sv,k into S.

end
for ng ∈ NS(v) do

add edge between sv,k and ng
w(ng, svk) = w(ng, v)

end
for ng ∈ NS(k) do

add edge between sv,k and ng if there is no
w(ng, svk) = w(ng, svk) + w(ng, k)

end

end

0 when two vertices have no common neighbor and 1 when both have the same neighbors.

According to the neighbor similarity, we merge vertices whose similarity value is higher than

a given threshold value.

The neighborhood similarity-based graph compressing algorithm is given in Algorithm 1.

It is clear that the vertices with a nonzero neighborhood similarity are 2-step neighbors.

Therefore, we do not need to compute the similarity between all pairs of vertices. Instead,

we just need to compute the similarity between vertices and their neighbors’ neighbors. For
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each node v ∈ VG, we compute the similarity between v and each k as neighbors of neighbors

(line 3-10). Then, we check the similarity value of all pairs (u, k) in the list and if it is

higher than the given threshold λ (line 12), we merge u and k into a super-node su,k (line

13). Then we delete edges of u and k and add edges between neighbors of u and k and the

new super-node su,k (line 17-24). We assign weights to the edges of super-nodes based on

the number of merged edges within the compression. The threshold λ decides the trade-off

between efficiency and effectiveness. If we use a larger value, it will merge a fewer number

of vertices. On the other hand, if we use a smaller value, we merge more vertices, and as a

side effect, we may merge some dissimilar vertices as well, which may result in an increase

in efficiency but cause a decrease in accuracy. Note that since we use original neighborhood

similarity, the order of merging does not affect the result, so we randomly select a node and

check neighbors for compression. Furthermore, one super-node may include more than two

vertices of the original graph. For example, if the similarity between the vertices x and y,

NSim(x, y), and the vertices y and z, NSim(y, z), are both bigger than given threshold, we

merge x and y in sx,y and then we merge sx,y and z into sx,y,z. Therefore, during the merge

operation, we check whether the node y is merged with another node, and if so, we get the

super-node of the original node x.

3.2.2 Network Embedding

Our NECL framework is adaptable with any embedding method that preserves the neighbor-

hood proximity of nodes, i.e., DeepWalk, Node2vec, and LINE. We get the embedding for the
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original graph in two ways.

3.2.2.1 Network Embedding on Compressed Graph

Our main goal in this section is to improve the efficiency of the embedding problem while

maintaining similar effectiveness with the baseline methods. For this goal, instead of em-

bedding the original graph, we embed the compressed graph and employ this embedding for

the original graph embedding.

We first start compressing the graph for a given similarity threshold, as explained in the

previous section. Then we learn the embedding of super-nodes in the compressed graph.

Next, we assign the representation of each super-node in the compressed graph as the rep-

resentation of the corresponding vertices in each super-node and obtain the embedding of

the original graph. Since the size of the compressed graph is much smaller than the origi-

nal graph, the embedding will be more efficient. The details of our algorithm for network

embedding on a compressed graph is given in Algorithm 2.

In the algorithm, after getting the weighted compressed graph S (line 1), we obtain the

representation of super-nodes VS as ϕs in the compressed graph with the provided network

embedding algorithm (line 2). We apply any random walk-based representation learning

algorithm on the compressed graph. We just need to apply weighted random walks to

consider the edge weights. As the size of the compressed graph is smaller than the original

graph, it is more efficient to get embeddings of super-nodes than single vertices. Finally,

we assign the embedding of super-nodes to vertices according to the mapping M obtained
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from the compression (line 3-7). While we may lose some local information with assigning

the same representation to multiple vertices, we gain efficiency. Also, we may not need to

get small differences between nodes for many applications, e.g. classification, as we see in

Section 5.3.

3.2.2.2 Network Embedding with Refinement

Our main goal in this section is to improve the effectiveness of the embedding problem while

still maintaining similar efficiency with the baseline methods. For this goal, we employ the

embedding of the compressed graph as initialization to the original graph embedding and

refine it.

When we compress a graph using the neighborhood similarity score, we can easily cap-

ture the global structure of the original graph. On a large original graph, the random walk

may get stuck in a local neighborhood. As a result, the embedding method may not capture

the global structure of the original graph. However, when we do the random walk on the

compressed graph, it visits the globally similar neighbor nodes. Hence, we can capture the

global proximity of the nodes. That is why, in this method, we first embed the compressed

graph for a given similarity threshold to encode the original graph’s global structure in the

representation as in Section 3.2.2.1. Then, for the embedding of the original graph, instead of

starting with randomly initialized representations, which happens in the original embedding

methods such as DeepWalk and Node2vec, we start with the representations obtained from

the compressed graph. In the case of random representations, for example, two similar nodes
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Algorithm 2: NECL: Network Embedding on Compressed Graph.

Input: G(VG, EG), similarity threshold λ
Output: Representation ϕ(u) for all v ∈ VG

S,M ← GraphCompressing(G,λ)
ϕS ← WightedGraphEmbeding(S)
for Vi ∈ VS do

for vj ∈M(Vi) do
ϕ(vj)← ϕS(Vi)

end

end
ϕvj ←Refinement(ϕvj ,G ) // For Method 2 in 3.2.2.2

are likely to have two very different and distanced representations, hence, the optimization

process may not provide an accurate representation, and this may decrease the quality or it

may take a longer time to make them similar. However, initializing the representation using

the compressed graph embedding provides global structure information as initial knowledge

to the embedding. The original graph embedding updates this initial embedding with local

information that may be lost with compressing. Therefore, final embeddings have better

quality with integrating local and global information in one representation. In Algorithm 2,

the original graph embedding is obtained in line 8 by refining the compressed graph embed-

ding given as the initial representation.

3.3 Experiments

We do our experimental studies to compare our methods with different models in terms

of efficiency and effectiveness. We evaluate the quality of embeddings through challenging

multi-class and multi-label classification tasks on four popular real-world graph datasets.

First, in Section 3.3.1, we present our model’s performance based on different parameters.



28

Then, we compare the results of our models with the results of HARP.

Datasets: We consider four real-world graphs1, which have been widely adopted in the

network-embedding studies. Two of them are single-label, which are Wiki and Citeseer,

and two of them are multi-label datasets, which are DBLP and BlogCatalog (BlogC). In

single-label datasets, each node in the datasets has a single label from multi-class values. In

multi-label datasets, a node can belong to more than one class.

Baseline methods: To demonstrate that our methods can work with different graph

embedding methods, we use three popular graph embedding methods, namely DeepWalk,

Node2vec and LINE, as the baseline methods in our model. We combine each baseline

method with our methods and compare their performance. We give a brief explanation of

the baseline methods in Section ??. We named our first method as NECL, which uses a

compressed graph embedding as the original graph embedding, and the second method as

NECL-RF, which uses the compressed graph embedding as the initial vector for original graph

embedding and refine it with the original graph.

Parameter Settings: For DeepWalk, Node2vec, NECL(DW), NECL(N2V), NECL-RF(DW) and

NECL-RF(N2V), we set the following parameters: the number of random walks γ, walk length

t, window size w for the Skip-gram model and representation size d. The parameter setting

for all models is γ = 40, t = 10, w = 10, d = 128. The initial learning rate and final learning

rate are set to 0.025 and 0.001 respectively in all models. Representation size for LINE is

d = 64 for all model.

Classification We present our results and compare them with the baseline methods and

1https://linqs.soe.ucsc.edu/data
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also HARP in single-label and multi-label classification tasks. For the single classification

task, the multi-class SVM is employed as the classifier, which uses the one-vs-rest scheme.

For the multi-label classification task, we train a one-vs-rest logistic regression model with

L2 regularization on the graph embeddings for prediction. The logistic regression model is

implemented with LibLinear [85].

For the evaluation, after getting embeddings for nodes in the graph, we use these em-

beddings as the features of the nodes. Then, we train a classifier using these features. To

train the classifier, we randomly sample a certain portion of labeled vertices from the graph

and use the rest of the vertices as the test data. To have a detailed comparison of methods,

we vary our training ratio from 1% to 50% on the Citeseer, Wiki, and DBLP datasets and

from 10% to 80% for BlogCatalog. To compare to other datasets, we use a larger portion of

training data for the BlogCatalog dataset because the number of class labels of BlogCatalog

is about 10 times that of other graphs.

We repeat the classification tasks ten times to ensure the reliability of our experiment and

report the average macro F1 and micro F1 scores and embedding times of our models with

different parameter. Since our focus is improving the efficiency of embeddings, we report

the time for embedding and do not include compression time. However, as we explain in

the methodology section, we just need to compute the similarity between vertices and their

neighbors’ neighbors and combine them into supernodes. Furthermore, the computation is

not multi-level, just one-time computation. Therefore, the compression part does not have

high complexity and it does not have an impact on efficiency. All experiments are performed
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Table 3.1 Performance comparisons of NECL with baseline methods (BL)
Macro F1 Micro F1 Time (s)

NECL BL Gain% NECL BL Gain% NECL BL Gain%
DW 0.434 0.408 6.4 0.469 0.440 6.6 9.26 16.21 42.9
N2V 0.439 0.437 0.5 0.475 0.472 0.6 8.95 15.46 42.1Citeseer Line 0.317 0.320 -0.9 0.355 0.359 -1.1 0.67 1.43 53.1
DW 0.390 0.373 4.6 0.497 0.483 2.9 4.84 8.98 46.0
N2V 0.349 0.348 1.0 0.489 0.490 -0.2 9.41 19.10 50.7Wiki Line 0.355 0.369 -3.8 0.517 0.518 0.2 1.28 3.81 66.4
DW 0.625 0.603 3.6 0.656 0.635 3.3 39.97 93.96 57.5
N2V 0.626 0.624 0.3 0.657 0.653 0.6 75.81 175.31 56.8DBLP Line 0.595 0.593 0.3 0.649 0.645 0.6 9.94 28.58 65.2
DW 0.246 0.245 0.4 0.388 0.387 0.2 71.7 99.3 27.7
N2V 0.252 0.251 0.3 0.391 0.389 -0.5 1247 1628 23.4BlogC Line 0.215 0.219 -1.8 0.369 0.373 -1.1 99.35 126.65 21.6

on a server running Ubuntu 14:04 with 4 Intel 2.6 GHz ten-core CPUs and 48 GB of memory.

All data and code are publicly available through this link: https://github.com/esraabil/

NECL.

3.3.1 Analysis of NECL

We present our results in Table 3.1 and 3.2. For the similarity threshold λ < 0.5, the

compressed graph becomes very small and gives low macro F1 and micro F1 scores. Since

it also merges more nodes into super-nodes with a low similarity value, this may result

in information loss on the graph. Hence, we set the cutting point of compression at λ =

0.5. Moreover, to see the effect of the similarity threshold value λ on the compression and

accuracy, we vary it from 0.45 to 1. We present the macro F1 and micro F1 scores with

respect to the fraction of labeled data in Figures 3.2, 3.3, 3.4, 3.5 and embedding times

in Figure 3.6. We also report the number of edges and vertices in the compressed graph

with respect to similarity threshold λ on Figure 3.7 to see the effectiveness of the graph

compression algorithm.

https://github.com/esraabil/NECL
https://github.com/esraabil/NECL
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Table 3.2 Compression ratio with the similarity threshold λ = 0.5.
|V | |E|

Compressed Original Ratio % Compressed Original Ratio %
Citeseer 1427 2708 47.3 5236 10858 51.8
Wiki 1060 2405 55.9 8584 23192 63
DBLP 8824 27199 69.9 32984 133664 75.3
BlogC 8507 10312 17.5 543872 667966 18.6

Gain on baseline methods: For all datasets, we present macro F1 and micro F1

scores for single and multi-label classification tasks and embedding time in Table 3.1 and

compression ratio for edge and vertices in Table 3.2. We use 5% training ratio of labeled

vertices for Citeseer, Wiki, and DBLP and 40% training ratio for BlogCatalog. As we see

from Table 3.1, for DeepWalk, there is a significant gain on macro and micro F1 in addition

to gain on efficiency on Citeseer, Wiki, and DBLP. For Node2vec and LINE , while there is

a significant gain on total embedding time as efficiency, there is no (significant) difference

between NECL and baseline methods on macro F1 and micro F1 For LINE , we have a higher

gain on time for all datasets.

For DBLP, gains of embedding time are much higher than other datasets. On the other

hand, for BlogCatalog, gains of embedding times are less with respect to other datasets. As

we see from the tables, 1 and 2, the gain of embedding time depends on the compression

ratio of the number of edges and vertices. With compression, the number of vertices and

edges for DBLP decrease from 27199 to 8824 (70%) and from 133664 to 32984 (75%), re-

spectively. Therefore, embedding becomes more efficient with better or the same accuracy.

For BlogCatalog, the compression ratio is lower than the others, around 18%; therefore, the

time gain is also lower. The reason for this is that, in DBLP, vertices have many common

neighbors, so the neighborhood similarity is higher, and this results in more compression.
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On the other hand, in BlogCatalog, vertices have less common neighbors and so a lower

similarity, and this results in less compression. We can conclude that while the gain in the

effectiveness of our method depends on the baseline method, the gain in the efficiency of our

method depends on the characteristics of the dataset.

Detailed Analyses: We compare the performance of NECL framework for different

similarity threshold values λ that results in different compression ratios with the performance

of the baseline methods. Macro F1 and micro F1 scores on different datasets are given on

Figures 3.2, 3.3, 3.4, 3.5 for Citeseer, Wiki, DBLP and BlogCatalog datasets, respectively.

We observe that for λ > 0.45, macro F1, and micro F1 scores for NECL are similar with

or higher than baseline methods across all datasets except Citeseer. For λ <= 0.45, the

quality of embedding decreases dramatically and so does the accuracy of classification. The

results for Citeseer depend on the baseline methods. While λ = 0.45 gives better accuracy

for DeepWalk and Node2vec, it gives worse for LINE.
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Figure 3.2 Detailed classification results on Citeseer.
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Figure 3.3 Detailed classification results on Wiki.
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Figure 3.4 Detailed classification results on DBLP.

In addition to the macro F1 and micro F1 scores, we also report the embedding time and

compression ratio for different similarity threshold values λ in Figure 3.6 and Figure 3.7.

From the figures, we see that NECL takes significantly less time compared to the baseline

method. As expected, for a lower threshold value λ, the compression ratio increases, and

we get a smaller compressed graph and so the embedding time decreases. As BlogCatalog
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Figure 3.5 Detailed classification results on BlogCatalog.

has a lower compassion ratio, the embedding time is less for all three baseline methods. We

observe that there is a linear relation between λ and the number of vertices and edges until

λ = 0.5. After this point, graph sizes change dramatically for smaller λ for Citeseer, Wiki,

and DBLP, but the decrease is slow for BlogCatalog until λ = 0.7. One of the reasons for

this situation in BlogCatalog is that the sizes of the neighbor sets for some vertices are very

large, and it is not easy to get higher similarity for a larger set. For example, for two vertices

with 15 edges, 10 common neighbors can be considered to have a higher similarity. On the

other hand, two vertices with 150 edges should have 100 common neighbors to get the same

similarity value, which is not very common.

From these detailed analyses, we observe that smaller λ results in smaller compressed

graph. As a result, embedding becomes more efficient. However, for λ <= 0.45, we start

to lose critical information about the graph, hence, while efficiency increases, effectiveness

decreases dramatically. As a solution to this problem, we refine our results with our second
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Figure 3.6 Run time analyses for different similarity threshold values λ
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Figure 3.7 The ratio of vertices/edges of the compressed graphs to that of the original graphs.

method, NECL-RF.
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Table 3.3 Performance comparisons of all methods
Citeseer Wiki DBLP BlogCatalog

Macro F1 Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1 Micro F1
Baseline (DW) 0.408 0.440 0.373 0.483 0.603 0.635 0.245 0.387
HARP (DW) 0.422 0.453 0.366 0.483 0.612 0.644 0.253 0.390
NECL (DW) 0.434 0.469 0.390 0.497 0.625 0.656 0.246 0.388

NECL-RF (DW) 0.422 0.457 0.408 0.549 0.617 0.649 0.285 0.405
Baseline (N2V) 0.437 0.472 0.348 0.490 0.624 0.653 0.251 0.389
HARP (N2V) 0.432 0.466 0.352 0.492 0.626 0.656 0.259 0.394
NECL (N2V) 0.439 0.475 0.349 0.489 0.626 0.657 0.252 0.391

NECL-RF (N2V) 0.430 0.464 0.372 0.513 0.628 0.661 0.260 0.398
Baseline (LINE) 0.320 0.359 0.369 0.518 0.593 0.645 0.219 0.373
HARP (LINE) 0.430 0.494 0.322 0.396 0.594 0.643 0.228 0.373
NECL (LINE) 0.317 0.355 0.355 0.517 0.595 0.649 0.215 0.369

NECL-RF (LINE) 0.444 0.513 0.353 0.493 0.619 0.661 0.252 0.377

3.3.2 Comparisons of All Methods

In this section, we evaluate the effectiveness of our NECL-RF method and compare the results

with NECL, HARP, and baseline methods. From the analysis of NECL, we can see that λ = 0.5

similarity threshold value gives the best result in terms of efficiency and effectiveness. For

this reason, we decided to use the compressed graph for λ = 0.5 threshold value and get the

embedding for the compressed graph. We present the macro F1 and micro F1 scores achieved

on all datasets in Table 3.1 and 3.2. We use 5% of the labeled vertices for Citeseer, Wiki, and

DBLP, 40% for BlogCatalog as training data. To have a detailed comparison between our

models, NECL and NECL-RF, HARP and the baseline methods, we vary the fraction of labeled

data for classification, and present macro F1 and micro F1 scores in Figure 3.8-3.11.

In Table 3.3, we see that NECL or NECL-RF gives the highest macro F1 and micro F1 scores

for datasets with all baseline methods except for LINE on Wiki. For DBLP, NECL or NECL-RF

gives the highest accuracy for all the three baseline models. NECL-RF significantly improves

the quality of the embedding for all datasets except Citeseer with Node2vec and Wiki with
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LINE.

While HARP has higher accuracy than baseline methods, it does multiple levels of iteration

of graph coarsening and representation learning, so it increases the time complexity. On the

other hand, we do iteration only one level in NECL-RF. Embedding time for NECL-RF is

the total of embedding time for the original graph and compressed graph. As we see in

the previous section, the compressed graph is much smaller than an original graph, so the

learning time for the compressed graph is significantly less compared to the baseline method.

Hence, complexity does not increase significantly as in HARP. As a result, we get similar or

better effectiveness than HARP with less time complexity.

Detailed comparisons between all methods using different portions of labeled vertices as

training data are presented in Figure 3.8-3.11. In most cases, we see that in most of the

cases, NECL and NECL-RF give the highest accuracy compared to other models or give better

results than the baseline models. We observe that, for some datasets, refinement decreases

the accuracy of NECL. The reason for this decrease might be that, for some classification

tasks, learning a global structure with compressed data, which also includes a local structure

in the super-nodes, would be enough. So, when we relearn and update the embedding of

the compressed graph, it might add noise to the features. As a result, it deteriorates the

accuracy of the classification task. Also, as we see from the figures, our method has a better

improvement on DeepWalk. The reason is that while Node2vec and LINE may learn higher-

order proximity, regular random walks in DeepWalk may not capture higher-order proximity,

so it loses the global information. It also depends on the datasets.
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Figure 3.8 Detailed comparisons of classification results on Citeseer
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Figure 3.9 Detailed comparisons of classification results on Wiki
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Figure 3.10 Detailed comparisons of classification results on DBLP
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Figure 3.11 Detailed comparisons of classification results on BlogCatalog
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CHAPTER 4

MPool: Motif-Based Graph Pooling

4.1 Introduction

Graph Neural Networks (GNNs) have recently become a powerful technique for many graph-

related tasks, including graph classification. Current GNNmodels apply different graph pool-

ing methods that reduce the number of nodes and edges to learn the higher-order structure

of the graph in a hierarchical way. All these methods primarily rely on Graph Convolution

Networks(GCNs) with layer-wise propagation base on the one-hop neighbors to calculate

the assignment matrix in the clustering-based method and score in the node selection-based

method. However, they do not consider the higher-order structure of the graph. In this

work, we propose a graph pooling method, Motif Pool(MPool), that considers motifs as the

higher-order graph structure for pooling operation. We proposed two types of graph pool-

ing. As the first one, we develop node selection-based graph pooling with designing a node

ranking model considering the motif adjacency of nodes. As the second one, we develop

cluster-based graph pooling by designing a spectral clustering model using motif adjacency.

Finally, the result of each channel is aggregated into the final graph representation. This

work is published in PAKDD 2023 [86].

4.2 Methodology

In this section, we present our proposed graph pooling method. We first discuss our overall

framework. Then, we explain our selection-based and clustering-based motif pooling meth-
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ods. We further explain how we incorporate these methods into GNN models. Lastly, we

present the complexity analysis of our models.

4.2.1 Framework

In this section, first, we discuss the problem formulation of graph classification and prelimi-

naries. Then we present our motif-based pooling models.

4.2.2 Preliminaries and Problem Formulation

We denote a graph as G(V,A,X) where V is the node-set, A ∈ RN×N is the adjacency matrix,

and X ∈ RN×d is the feature matrix with d dimensional node feature and N is the number

of nodes in the graph. We denote a graph collection as (G, Y ) where G = {G0, G1, ..., Gn}

with Gi’s are graphs and Y is the set of the graph labels. In this paper, we work on the

graph classification problem, whose goal is to learn a function f : G → Y to predict the

graph labels with a graph neural network in an end-to-end way.

Graph Neural Network for Graph Classification: GNN for graph classification has two

modules: message-passing and pooling. For message-passing operations, Graph convolution

network (GCN) [7] is the most widely used model where it combines the features of each

node from its neighbors as follows:

H(l+1) = σ(D̃
− 1

2 ÃD̃
− 1

2H(l)θ(l)) (4.1)

where H(l+1) is the node representation matrix for layer (l + 1), σ is an activation function,

Ã = A+ I is the adjacency matrix with self-loop, D̃ ∈ RN×N is the normalized degree matrix
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of Ã, θ(l) is trainable weight for l(th) layer and H(l) is the input node representation matrix for

l + 1th layer obtained from previous layer. H0 = X is the initial input node feature matrix

of the input graph. We utilize GCN for message-passing operations in our model.

The second module of GNNs for graph classification is the pooling operation that helps

to learn the graph features. The main idea behind graph pooling is to coarsen the graph

by reducing the number of nodes and edges to encode the information of the whole graph.

In the literature, there are two types of hierarchical graph pooling methods: selection-based

and clustering-based methods. Selection-based methods calculate a score (attention) using

a scoring function for every node that represents their importance. Based on the calculated

scores, the top k nodes are selected to construct a pooled graph. They use a classical graph

adjacency matrix to propagate information and calculate the score.

Clustering-based pooling methods learn a cluster assignment matrix S ∈ RN×K using

graph structure and/or node features. Then, they reduce the number of nodes by grouping

them into super nodes by S ∈ RN×K to construct the pooled graph at (l + 1)th layer as

follows

A(l+1) = S(l)TA(l)S(l), H(l+1) = S(l)TH(l). (4.2)

Motifs and Motif-based Adjacency Matrix: Motifs (graphlets) are small, frequent,

and connected subgraphs that are mainly used to measure the connectivity patterns of

nodes [24]. Motifs of sizes 2-4 are shown in Figure 4.1. To include higher-order structural

information between nodes, we create the motif adjacency matrix Mt for a motif t where

(Mt)i,j represents the # of the motif containing nodes i and j.
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Figure 4.1 Motif Networks with size 2-4.

4.2.3 Motif Based Graph Pooling Models

We propose a hierarchical pooling method based on motif structure. As the first layer, graph

convolution (GCN) takes the adjacency matrix A and feature matrix X of the graph as input

and then updates the feature matrix by propagating the features through the neighbors and

aggregating features coming from adjacent nodes. After getting the updated feature matrix

from the convolution layer, our proposed graph pooling layer, MPool, operates coarsen on the

graph. These steps are repeated l steps, and outputs of each pooling layer are aggregated

with readout function [87] to obtain a fixed-sized graph representation. After concatenating

the results of readouts, it is fed to the multi-layer perceptron (MLP) layer for the graph clas-

sification task. We develop three types of motif-based graph pooling methods: (1) MPoolS

is the selection-based method, (2) MPoolC is the clustering-based method, and (3) MPoolcmb

is the combined model. These are illustrated in Figure 4.2.

In this work, we adopt the model architectures from SAGPool [15] as the selection-based

and MinCutPool [16] as the clustering-based model. On the other hand, our method is

compatible with any graph neural network that we show later in our experiment section.

A. Selection-based Pooling via Motifs (MPoolS): Previous selection-based methods [14,

15] do the pooling operation using a classical adjacency matrix. However, higher-order
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Figure 4.2 An illustration of our motif-based pooling methods.

structures like motifs show great performance on graph convolution network [17] and are

also important structures for graph classification. Therefore, in our selection method, we

first calculate the motif adjacency matrix for a particular motif type, e.g., triangle, from

the original graph as we discuss in Section 5.2.1. Then, we calculate the motif attention

score for each node by considering the motif adjacent. Based on these scores, we select

the top k nodes for pooling and construct the coarsened graph using the pooling function.

Figure 4.2 presents the overview of our selection-based graph pooling method. We use a

graph convolution network to calculate the motif attention score for each node where we use

node attributes and also motif-based graph topological information instead of pair-wise edge

information. Motif attention score is defined as follows

Z = σ(D− 1
2M̃D′− 1

2Xθatt) (4.3)

where σ is an activation function, M̃ ∈ RN×N is the motif adjacency matrix with self loop

where M̃ = M + IN , D
′ ∈ RN×N is the degree matrix of M , and θatt ∈ Rd×1 is the learnable
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parameter matrix.

Based on the motif attention score, we select the top k nodes from the graph following

the node selection method in [14]. The top k = α × N nodes are selected based on the Z

value where α is the pooling ratio between 0 and 1. Thus, we obtain the pooling graph as

follows

idx = topK(Z, [α×N ])

Xout = Xidx,: ⊙ Zidx, Aout = Aidx,idx

(4.4)

where idx is the indices of the top k nodes from the input graph which is returned by topK

function, Xidx is the features of the selected k nodes, Zidx is the motif attention value for

those nodes. ⊙ is the element-wise broadcasted product,: is the indexed of each node feature.

Aidx,idx is row and column wised indexed matrix, Aout is the adjacency matrix and Xout is

the new feature matrix of the pooled graph.

Since we use graph features and motif adjacency matrix with convolution, the motif

attention score is based on higher-order graph structures and features. So pooling operation

gets the important nodes with respect to higher-order structure.

B. Clustering-based Pooling via Motifs (MPoolC): In this paper, as the base for our

clustering-based pooling methods, we use MinCutPool [16] that is defined based on Spectral

clustering (SC) by minimizing the overall intra-cluster edge weights. MinCUTpool proposes

to use GNN with a custom loss function to compute cluster assignment with relaxing the

normalized minCut problem. However, they consider only the regular edge-based adjacency

matrix to find clusters. On the other hand, considering edge-type relations between nodes
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may result in ignoring the higher-order relations. Including higher-order relations like motifs

for clustering may produce better groups for pooling.

In our clustering-based method, we calculate the cluster assignment matrix S utilizing

motif adjacency information. We adopt spectral clustering method [16] where we use multi-

layer perceptron (MLP) by inputting node feature matrix X. We use the softmax function

on the output layer of MLP. This function maps each node feature Xi into the ith row of a

soft cluster assignment matrix S

S = MLP (X; θMLP ) = softmax(ReLU(XW1)W2) (4.5)

However, as it is seen in Equation 4.5, we do not use adjacency but use attributes of nodes

obtained from the convolution part. Therefore, to include motif information in the pooling

layer, we use the motif adjacency matrix in the convolution layer while passing the message

to neighbors as X = GNN(X, M̃ ; θGNN) where M̃ is the normalized motif adjacency matrix,

and θGNN and θMLP are learnable parameter.

We also incorporate motif information in the optimization. Parameters of the convolution

layer and pooling layer are optimized by minimizing a loss function L including the usual

supervised loss function Ls and also an unsupervised loss function[16] Lu as Lu = Lc + Lo

where

Lc = −
Tr(STMS)

Tr(STDS)
and Lo =

⃦⃦⃦⃦
STS

||STS||F
− IK√

K

⃦⃦⃦⃦
F

(4.6)

Lc is the cut loss that encourages strongly connected nodes in motif adjacency to be clustered

together. Here, Tr(STMS) = 1
k

∑︁K
k=1 S

T
k MSk and Tr(STDS) = 1

k

∑︁K
k=1 S

T
k DSk where K
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is the number of clusters and D is the degree matrix and M is the motif adjacency matrix.

Lo is the orthogonality loss, which helps the clusters to become similar in size. IK is a

(rescaled) clustering matrix IK = ˆ︁ST ˆ︁S, where ˆ︁S assigns exactly N/K points to each cluster.

After calculating the cluster assignment matrix, we compute the coarsened graph adjacency

matrix and attribute matrix using Equation 6.4.

C. Combined model (MPoolcmb): Selection-based models mainly focus on preserving the

local structure of the node by selecting top-K representative nodes while cluster-based meth-

ods basically focus on the global structure of the graph by assigning nodes into K-clusters.

To utilize the benefits of the selection-based and cluster-based models at the same time, we

combine our selection-based and cluster-based motif pooling models into one model. As a

result graph representation from the combined model encoded local structure information

from the selection-based model and the global structure model from the cluster-based model.

In this model we concatenate the graph-level representation from the selection-based mo-

tif pooling method and cluster-based motif pooling method into one final representation as

follows:

Xcmb = XS ⊕XC (4.7)

where XS is the graph-level representation from MPoolS model and XC from MPoolC method

and, ⊕ is the concatenation operation.
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4.2.4 Readout Function and Output Layer

To get a fixed-sized representation from different layers’ pooled graph, we apply a readout

function[15] that aggregates the node features as follows: Z = 1
N

∑︁N
i=1 xi||

N
max
i=1

xi where

N is the number of nodes, xi is the ith node feature and || denotes concatenation. After

concatenating the results of all readout functions as a representation of the graph, it is given

as an input to a multilayer perceptron with the softmax function to get the predicted label

of the graph as Ŷ = softmax(MLP (Z)) where Z is the graph representation. For graph

classification, parameters of GNNs and pooling layers are optimized by a supervised loss as

Ls = −
∑︁L

i=1

∑︁C
j=1 Yi,jlogŶ i,j where Y is the actual label of the graph.

4.2.5 Graph Reconstruction

In addition to using pooling for the graph classification problem, we further use it in autoen-

coder (AE) to construct graphs from their representations. We design an AE by optimizing

two objectives: (1) node attribute reconstruction and (2) edge reconstruction. For the node

attribute reconstruction, we use the mean squared error (MSE) as the optimization function.

For the edge reconstruction, the predicted adjacency matrix is scored against the target ad-

jacency matrix using binary cross-entropy (BCE) loss. In our model, we change the last step

as one MLP, which is optimized with graph classification task, with two MLPs, one predicts

the adjacency matrix with a final sigmoid activation and the other one predicts the node

attributes. Both the edge and attribute MLPs use the ReLU activation for the first two
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layers and are defined as follows

Â = MLPedge(V ; θMLPedge
) and X̂ = MLPattribute(V ; θMLPattribute

).

4.2.6 Complexity Analysis

The computational complexity of our methods involves two parts that correspond to motif

adjacency matrix calculation and pooling layer. Since we use the method from [88] to

calculate the motif adjacency matrix, the computation complexity of motif matrix calculation

for dense matrices is O(|V |3) and for sparse matrices is O(|V |2) where |V | represent the

number of vertices. In our selection-based method, we next do the graph pooling operation

similar to SAGPool [15] which has time complexity O(|V |2) for dense matrices and O(|E|) for

sparse matrices where |E| is the number of edges. Since our implementation is sparse for our

selection method, the computational complexity is O(|V |2 + |E|). For the clustering-based

method, we adopt MinCutPool [16] that requires O(K(E +V K)) computational cost where

K is the number of clusters in the cluster assignment matrix. It is further implemented by

a dense matrix. Hence, the total computational cost for our node cluster-based method is

O(V 2 +K(E + V K)).

4.3 Experiment

We evaluate the performance of our models in graph classification problems and compare

our results with the baseline methods for selection-based and clustering-based on differ-

ent datasets. We also give the results for the variation of our model by utilizing different
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Table 4.1 Graph statistics. |G|, Vavg, Eavg, and |C| denote the number of graphs, the average
number of nodes and edges, the number of classes in each dataset, respectively.

Datasets |G| Vavg Eavg |C|

D&D 1178 284.32 715.66 2

Biochemical

NCI1 4110 29.87 32.30 2

network
NCI109 4127 29.68 32.13 2

PROTEINS 1113 39.06 72.82 2

Mutagenicity 4337 30.32 30.77 2

Social
IMDB-BINARY 1000 19.77 96.53 2

network REDDIT-BINARY 2000 429.63 497.75 2

COLLAB 5000 74.49 2457.78 3

message-passing models. Further, we analyze the effect of the motif types on the results of

the pooling. More experiments can be found on supplements.

Datasets: We use eight benchmark graph datasets 6.1 in our experiments commonly used

for graph classification [89]. Among these, three datasets are social networks (SN); IMDB-

BINARY, REDDIT-BINARY, and COLLAB, and five other datasets are biological and

chemical networks (BN) ;D&D, PROTEINS (PROT), NCI1, NCI109, and Mutagenicity

(MUTAG) .

Baseline: We use five graph pooling methods as baseline methods. Among them, gPool

[14] and SAGPool [15] are selection-based method and MinCutPool (MCPool) [16], DiffPool

[62] and ASAP [63] are clustering-based method. We also combined SAGPool and MCPool

models in a single model and use as a baseline model.

Experimental setup: To evaluate our models for the graph classification task, we

randomly split the data for each dataset into three parts. We use 80% data for the training

set, 10% data for the validation set, and 10% data for the test set. We do the splitting
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process 10 times using 10 random seed values. We implement our model using PyTorch and

PyTorch Geometric library. For optimizing the model, we use Adam optimizer [90]. In our

experiments, we take node representation size as 128 for all datasets. Our hyperparameters

are as follows: learning rate in {1e-2, 5e-2, 1e-3, 5e-3, 1e-4, 5e-4}, weight decay in {1e-2,

1e-3, 1e-4, 1e-5}, and pooling ratio in {1/2, 1/4}. We find the optimal hyperparameters

using grid search. We run the model for a maximum of 100K epochs, and there is an

early stopping condition if the validation loss does not improve for 50 epochs. Our model

architecture consists of three blocks, and each block contains one graph convolution layer and

one graph pooling layer like [15]. We use the same model architecture and hyperparameters

with MinCuT and SAGPool models.

4.3.1 Overall Evaluation

Performance on Graph Classification: In this part, we evaluate our proposed graph

pooling methods for the graph classification task on the given eight datasets. Each dataset

contains a certain number of input graphs and their corresponding label. In the graph

classification task, we classify the input graph by predicting the label of the graph. We

use node features of the graph as the initial features of the model. If a dataset does not

contain any node feature, we use node degrees as initial features using one-hot encoding.

Table 4.2 and Table 5.2 show the average graph classification accuracy, standard deviation,

and ranking of our models and other baseline models for all datasets. We can observe from

the tables that our motif-based pooling methods consistently outperform other state-of-art

models, and our models get the first rank for almost all datasets.
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Table 4.2 Comparison of our models with baseline pooling methods for biochemical
datasets.

Model D&D NCI1 NCI109 PROT MUTAG Rank
gPool 75.0±0.9/7 67.0±2.3/8 66.1 ±1.6/8 71.1 ±0.9/8 71.9 ±3.7/8 7.8

SAGPool 75.7±3.7/6 68.7±3.0/7 71.0±3.4/5 72.5 ±4.0/7 74.9±3.9/7 6.4
MCPool 76.7±3.0/5 73.1 ±1.4/4 71.5 ±2.7/4 76.3 ±3.6/3 75.9 ±2.7/6 4.4
DiffPool 66.9 ±2.4/9 62.2 ±1.9/9 62.0±2.0/9 68.2 ±2.0/9 77.6 ±2.6/3 7.8
ASAP 76.9 ±0.7/4 71.5±0.4/5 70.1 ±0.6/7 74.2 ±0.8/5 - 4.2

Combined 74.5±9.8/8 74.1 ±1.2/3 72.0 ±2.1/3 75.6±2.1/4 76.5±3.2/4 4.4
MPoolcmb 81.2 ±2.1/1 77.4± 1.9/1 73.5±2.5/1 79.3 ±3.3/1 79.6 ±3.7/1 1
MPoolS 77.2 ±4.6/3 71.0±3.4/6 70.8±2.1/6 72.7 ±4.2/6 76.4 ±3.1/5 5.2
MPoolC 78.5 ±3.3/2 74.4±1.8/2 73.1±2.5/2 78.1 ±3.3/2 78.8 ±2.1/2 2

Table 4.2 shows the results for our motif-based models and other graph pooling models

on biochemical datasets. We obtain the reported results for gPool and DiffPool from the

SAGPool paper since our model architecture and hyperparameters are the same as SAGPool.

Also, for the ASAP method, we obtain the results from the initial publication (“-”) means

that results are not available for that dataset. As we see from the table, MPoolcmb gives

the highest result for all biochemical networks. In particular, MPoolcmb achieves an average

accuracy of 81.2% on D&D and 77.4% on NCI1 datasets which are around 4% improvements

over the MPoolC method as the second-best model. We can also see MPoolcmb gives very

good accuracy compared to baseline models for all biochemical datasets. Especially for

D&D, NCI1, and NCI109 datasets MPoolcmb gives 5.8%, 5.8%, and 3.9% improvements over

the best model of baseline models for these datasets. From this result, we can say that

incorporating global and local structures of the graph in the combined model gives better

results for graph classification on biochemical data. We further calculate the average rank

for all models, where our model MPoolcmb average rank is the lowest at 1 and our model

MPoolC is the second lowest.
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Table 4.3 Comparison of our models with baseline pooling methods for social network
datasets.

Model IMDB-B REDDIT-B COLLAB Avg. Rank
gPool 73.40±3.7 (3) 74.70±4.5 (7) 77.58 ±1.6 (3) 4.3

SAGPool 73.00±4.06 (4) 84.66±5.4 (2) 70.10±2.5 (7) 4.3
MinCutPool 70.78±4.7 (8) 75.67 ±2.7 (6) 69.91 ±2.3 (8) 7.3
DiffPool 68.40 ±6.1 (9) 66.65 ±7.7(8) 74.83 ±2.0 (4) 7
ASAP 72.74 ±0.9 (5) - 78.95 ±0.7 (2) 3.5

Combined 71.20±4.50(7) 88.40±0.22(1) 71.85±3.73(6) 4.7
MPoolcmb 74.20 ±2.8 (1) 84.10± 5.0 (3) 74.13±2.3 (5) 2.6
MPoolS 73.44 ±3.9 (2) 83.89±4.3 (4) 68.95±2.7 (9) 5
MPoolC 71.44 ±4.0 (6) 78.77±5.0 (5) 83.62±5.2 (1) 4

Table 5.2 shows the performance comparison with our models and other baseline models

on social network datasets. As we see from the table, our proposed methods outperform

all the baseline methods for all datasets except ReDDIT-BINARY, where our model is the

third best with giving very close to the second one, SAGPool. For IMDB-BINARY and

REDDIT-BINARY MPoolcmb model gives better accuracy than the MPoolS and MPoolC

model while for COLLAB dataset MPoolC give much higher accuracy than our other two

models. For both types of datasets, our selection-based method MPoolS gives better accuracy

than the selection-based baseline methods SAGPool and gPool for most of the datasets. In

particular, MPoolS achieves an average accuracy of 77.21% on D&D and 76.42% on MUTAG

datasets which is around 2% improvement over the SAGPool method which is our base

model. Similarly, our cluster-based model outperforms the baseline methods of cluster-

based methods for most of the datasets. Especially, MPoolC achieves an average accuracy

of 83.62% on COLLAB datasets, which is around 5% improvement over the ASAP method

as the second-best model and around 14% improvement over the MinCutPool, which is our

base model.
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Furthermore, when we compare our selection-based model MPoolS and clustering-based

model MPoolC results from Tables, we can see that MPoolC outperforms MPoolS for all

biochemical datasets. While MPoolS gives better accuracy for two social networks, IMDB-

BINARY and REDDIT-BINARY, MPoolC have 15% better accuracy than MPoolS on the

COLLAB dataset.

Ablation Study: While we use GCN as the base model for message passing, our pooling

model can integrate other GNN architectures. In order to see the effects of different GNN

models in our methods, we utilize the other four most widely used convolutional graph mod-

els: Graph convolution network (GCN) [7], Graph-SAGE [8], GAT [9], and GraphConv [91].

Table 4.4 shows average accuracy results for these GNN models using MPoolS MPoolC and

MPoolcmb on NCI1 and IMDB-BINARY datasets. As there is no dense version of Graph

attention network(GAT), we use it only for selection-based model MPoolS . For this ex-

periment, we use triangle motifs for the motif adjacency matrix calculation. As we see in

the table, the effects of GNN models and which model gives the best result depend on the

dataset. For the NCI1 dataset, Graph-SAGE gives the highest accuracy on MPoolS and

MPoolcmb model while GraphConv gives the highest accuracy on MPoolCmodel. For IMDB-

BINARY, all the graph convolutional models give very close results for all of our pooling

models. For MPoolC and MPoolcmb Graph-SAGE gives better accuracy than the other GNN

models while GAT gives the highest accuracy for MPoolS model.

We further study the effect of the motif type for pooling. In this experiment, we use 2-star,

triangle, and a combination of 2-star and triangle motifs, as these motifs are observed the
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Table 4.4 MPoolS MPoolC and MPoolcmb performance with different GNN models.
MPoolS MPoolC MPoolcmb

GNN Model NCI1 IMDB-B NCI1 IMDB-B NCI1 IMDB-B
MPoolGCN 70.98 73.44 74.44 71.44 76.09 73.90

MPoolGraphConv 74.20 73.50 75.93 71.90 74.7 73.00
MPoolSAGE 74.69 73.00 74.13 72.22 78.80 74.00
MPoolGAT 67.15 74.00 - - - -

Table 4.5 MPoolS MPoolC and MPoolcmb performance with different motifs.
Model Motif DD NCI1 Mutag IMDB-B

MPoolS
2-star 77.21 69.48 70.11 73.00

Triangle 75.63 70.98 76.42 73.44
2-star+triangle 75.63 69.82 72.39 69.64

MPoolC
2-star 78.48 73.56 73.56 71.20

Triangle 75.80 74.44 78.77 71.44
2-star+triangle 74.21 74.20 76.00 70.96

MPoolcmb

2-star 81.20 77.36 79.60 74.20
Triangle 80.50 76.09 77.90 73.90

2-star+triangle 79.95 76.75 78.42 73.40

most in real-world networks. We present the graph classification accuracy for different motifs

using MPoolS MPoolC and MPoolcmb in Table 4.5. As we see in the table, we get the highest

accuracy for MPoolS and MPoolC with the triangle motif for three datasets NCI1, MUTAG,

and IMDB-BINARY. For D&D, we get the highest accuracy with 2-star motif adjacency on

MPoolS and MPoolC . We also observe that for D&D, the accuracy of the selection-based

model does not vary much compared to the clustering-based model. For MUTAG, different

motifs have a large effect on the accuracy, where triangle motif adjacency gives around 4%

and 3% higher accuracy than the 2-star motif adjacency for the selection-based method

and for the clustering-based model, respectively. For IMDB-BINARY, 2-star and triangle

motifs give similar accuracy for both methods, and 2-star+triangle motif adjacency gives

less accuracy for the clustering-based method. For our combined model MPoolcmb the 2-star

motif gives the highest accuracy for all datasets whereas other motifs give very close results

to the 2-star motif.
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(a) Original (b) MPoolC (c) MinCut (d) MPoolS (e) SAGPool (f) MPoolcmb

Figure 4.3 Graph reconstruction Results after Pooling.

Performance on Graph Reconstruction:

In addition to using pooling for the graph classification problem, we further use it in

autoencoder (AE) to construct graphs from their representations. We build a model for graph

reconstruction using an AE. Our goal is to preserve the content information that is coming

from node attributes and also structural information that is coming from the adjacency

matrix. We design an AE by optimizing two objectives: (1) node attribute reconstruction and

(2) edge reconstruction. For the node attribute reconstruction, we use the mean squared error

(MSE) as the optimization function. For the edge reconstruction, the predicted adjacency

matrix is scored against the target adjacency matrix using binary cross-entropy (BCE) loss.

We show our graph reconstruction results for our pooling methods in Figure 4.3. The blue

graph is the original, and the orange graph is the reconstructed one. Since the predicted

adjacency is probabilistic, if the value is greater than 50%, we put an edge. All methods have

100% accuracy for edges on the ring and grid graph and an edge accuracy of 97.96% on the

bunny graph. From these results, we can easily see that our models are able to preserve the

content information and graph structure. We also present loss as MSE for node attributes
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Table 4.6 Autoencoder position loss.
Graph MPoolS MPoolC MPoolcmb SAGPool MinCutPool
Bunny 1.64e-07 7.49e-10 2.80e-10 1.63e-07 7.49e-10
Ring 4.12e-09 9.80e-08 1.62e-09 2.44e-09 9.79e-08
Grid 3.24e-09 1.11e-07 1.63e-09 4.75e-09 1.11e-07

as position in
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CHAPTER 5

Graph Contrastive Learning via Structure-Aware Graph Compression

5.1 Introduction

Graph compression is a powerful technique for reducing graph complexity while preserving

essential structural information. Existing graph contrastive learning models often rely on

random node and edge dropping for augmentation, which can result in significant information

loss. To address this, we propose Graph Contrastive Learning via Structure-Aware Graph

Compression, a novel framework for graph classification that constructs compressed graph

views to retain both local and global structures.

• Instead of randomly altering graphs, we introduce a structure-aware augmentation

strategy using K-core and K-truss decomposition. We propose a contrastive learning

framework that leverages K-core and K-truss view encoders to preserve both low-order

and high-order structural information.

• Our model optimizes representations from both encoders via contrastive learning, max-

imizing feature consistency in an unsupervised manner. This enhances structural fea-

ture learning and improves classification performance.

• We conduct extensive experiments on six benchmark graph datasets, comparing our

model against state-of-the-art GNN-based methods. Results demonstrate that our

approach achieves superior performance in graph classification.
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5.2 Methodology

In this section, we first present some preliminaries and problem formulation of this paper.

Then we discuss some primary concepts of Graph Neural Network and contrastive learning.

Then we present our proposed model, graph contrastive learning with graph compression.

5.2.1 Preliminaries and Problem Formulation

We denote a graph as G(V,A,X) where V is the node-set, A ∈ RN×N is the adjacency matrix,

and X ∈ RN×d is the feature matrix with d dimensional node feature and N is the number

of nodes in the graph. We denote a graph collection as (G, Y ) where G = {G0, G1, ..., Gn}

with Gi’s are graphs and Y is the set of the graph labels. In this paper, we work on the

graph classification problem, whose goal is to learn a function f : G → Y to predict the

graph labels with a graph neural network in an end-to-end way.

5.2.2 Graph Neural Network

Recently, GNNs have been used as benchmark models for static graphs for different types

of downstream tasks, including node classification, link prediction, and graph classification.

Graph Convolution Network (GCN) [7] is the most widely used GNN model. GCN is a

multilayer neural network to processes the graph data where it combines the features of each

node from its neighbors while propagating the information through the edges. Given an

input graph as G(V,A,X) where V is the node-set, A ∈ RN×N is the adjacency matrix and

X ∈ RN×d is the feature matrix with d dimensional node feature and N is the number of
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nodes in the graph GCN layer transform the node representation as follows:

H(1) = σ(D̃
− 1

2 ÃD̃
− 1

2H(0)θ(0)) (5.1)

where σ is a non linear activation function, Ã = A+I is the adjacency matrix with self-loop,

D̃ ∈ RN×N is the normalized degree matrix of Ã, θ(0) is trainable weight and H(0) = X

is initial node features. GCN model uses multiple convolutional layers to learn the spatial

feature for nodes from the connected nodes as follows:

H(l+1) = σ(D̃
− 1

2 ÃD̃
− 1

2H(l)θ(l)) (5.2)

where H(l) feature matrix and θ(l) model parameter for l(th) layer. The underlying intuition

for each layer is that nodes gather and aggregate information from their local neighbors. With

the l layers GCN model, nodes can get information from l−hops neighborhood information.

In general, while training the model for the classification problem, cross-entropy loss is

used as the supervised loss function, which compares the actual label with the predicted label.

5.2.3 Contrastive Learning

Contrastive learning (CL) has become one of the most popular approaches for unsupervised

representation learning, which learns through comparisons among different samples. This

comparison is typically conducted between positive pairs of ”similar” inputs and negative

pairs of ”dissimilar” inputs. Contrastive learning in the graph domain aims to learn node

or graph representation for a given input graph by maximizing the similarity between the
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different views of the input graph in their latent space via contrastive loss. In general, there

are three parts to graph contrastive learning: i) View construction, ii) View encoder, and

iii) Contrastive loss.

• View Construction: A view is represented as graph data, denoted as vi = (Ai, Xi),

where Ai ∈ RN×N and H(i) ∈ RN×d. While it is common to get 2 views, there are

also some models that create more than 2 views [92, 93]. In practical terms, view

augmentation approaches involve techniques like node dropping [94], edge perturbation

[95], attribution masking [96], and subgraph sampling [97].

• View Encoder: View encoder maps the node representation or graph representation

from different views of input graphs. As encoders for learning representations from

views, any GNN models can be used based on the problem and type of graphs.

• Contrastive loss: After learning the representations for different views using the view

encoder, the contrastive learning model is optimized by a contrastive loss. The objec-

tive of the contrastive loss function is to maximize the similarity among different view

representations of the same graph and minimize the similarity for view representations

of other graphs. In general, the contrastive loss can be described as follows:

Lcontra = −log(
sim(Zvi, Zvj)∑︁N

j′=1 sim(Zvi, Zvj′)
) (5.3)

where the sim(.) function measures the similarity between two representations. We

can use any similarity function, like cosine similarity and mutual information (MI) in
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Figure 5.1 An illustration of our Graph Contrastive Learning with Graph Compression.

the contrastive loss. Zvi and Zvj are the ith view and jth view representations of node

v.

5.2.4 Graph Contrastive Learning with Graph Compression

Our proposed Graph Contrastive Learning with Graph Compression model aims to enhance

graph representations, particularly for graph classification tasks. The overall architecture

is illustrated in Figure 5.1 and comprises three main components: (i) K-core View En-

coder, (ii) K-truss View Encoder, and (iii) Contrastive Learning. Specifically, the K-

core view encoder generates graph representations through K-core graph compression, while

the K-truss view encoder employs K-truss-based graph compression for graph representa-
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tion learning. Finally, the contrastive learning component optimizes these representations

obtained from both encoders.

5.2.4.1 K-core View Encoder

In the K-core view encoder, we first compute K-core subgraphs corresponding to different

k values from the input graph. Subsequently, these subgraphs are leveraged to construct

compressed graph representations. We then utilize a Graph Convolutional Network (GCN)

for message passing on both the subgraphs and the compressed graphs, followed by a pooling

operation to obtain the final graph representations.

K-core Subgraph Decomposition: A K-core subgraph is formally defined as follows:

Definition 3. K-core: Given a graph G = (V,E) and an integer k ≥ 1, the K-core of graph

G is the maximal induced subgraph Gk = (Vk, Ek) in which every vertex v ∈ Vk has a degree

of at least k, formally denoted as:

∀v ∈ Vk, deg(v) ≥ k. (5.4)

We perform K-core decomposition for multiple values of k to obtain various subgraphs.

To ensure the uniqueness of nodes across subgraphs, nodes appearing in multiple K-core sub-

graphs are retained only in the subgraph corresponding to the highest k-value and removed

from lower-order subgraphs. Subsequently, we evaluate the size of each resulting subgraph.

If a subgraph contains more nodes than a predefined threshold λ, we partition it evenly into

smaller subgraphs using the Breadth-First Search (BFS) algorithm. This process is repeated

iteratively until each subgraph’s size is at most λ.
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Graph Compression: After extracting the subgraphs, we construct a compressed graph

containing fewer nodes and edges, effectively preserving the structural integrity of the origi-

nal graph. In this compressed representation, each subgraph is encapsulated as a super-node,

significantly reducing the complexity while maintaining critical structural attributes. The

connections between super-nodes are established based on inter-subgraph connectivity, mea-

sured explicitly by edge density:

Asuper(i, j) =
|Eij|

min(|Ei|, |Ej|)
(5.5)

where Eij denotes the set of edges connecting subgraphs i and j, and |Ei|, |Ej| represent

the total number of edges within each subgraph, respectively. This compression approach

effectively retains crucial topological relationships, substantially enhancing computational

efficiency, scalability, and the effectiveness of subsequent graph representation learning tasks.

Graph Encoding. We first apply a Graph Neural Network (GNN), specifically a Graph

Convolutional Network (GCN), as a message-passing model to learn node-level representa-

tions for each decomposed subgraph and the corresponding compressed graph. The node

representation learning through GCN is formally expressed as:

H(1) = σ
(︂
D̃

− 1
2 ÃD̃

− 1
2H(0)θ(0)

)︂
(5.6)

where σ denotes a non-linear activation function, Ã = A + I is the adjacency matrix aug-

mented with self-loops, D̃ ∈ RN×N is the degree matrix of Ã, and θ(0) represents the trainable

parameters.

After obtaining the node embeddings, we utilize a readout layer to aggregate these node-
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level representations into fixed-size graph-level embeddings for each snapshot graph. The

readout function integrates node features by concatenating the mean and maximum opera-

tions, defined formally as:

ZK−core =
1

N

N∑︂
i=1

[hi ||
N

max
i=1

hi] (5.7)

where N denotes the total number of nodes, hi is the embedding of the ith node, and ||

denotes the concatenation operator. This aggregation effectively consolidates node-level

features, thus enhancing the discriminative power of the learned graph representations for

downstream classification tasks.

5.2.4.2 K-truss View Encoder

The K-truss view encoder follows a structure similar to the K-core encoder but leverages

triangle-based edge connectivity for graph decomposition and compression. Specifically,

we begin by computing K-truss subgraphs over a range of k values from the input graph.

These subgraphs are then used to construct a compressed graph representation. A Graph

Convolutional Network (GCN) is applied to both the subgraphs and the compressed graph for

message passing, followed by a pooling operation to obtain final graph-level representations.

Definition 4. Support: In a graph G = (V,E), the support of an edge e = (u, v) ∈ E,

denoted as supG(e), refers to the number of triangles in which the edge participates. Formally,

supG(e) = |{ ∆uvw : w ∈ V }|.

Definition 5. k-truss Subgraph: A subgraph S = (VS, ES) where S ⊆ G, VS ⊆ V , and

ES ⊆ E, is a k-truss subgraph if every edge e ∈ ES has support of at least k − 2, where
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k ≥ 2.

The k-truss structure is inherently based on triangle participation. Every graph is trivially

a 2-truss subgraph. The nested hierarchy of k-truss subgraphs follows: G3 ⊆ G2, G4 ⊆ G3,

and so on, such that Gk ⊆ Gk−1.

Definition 6. Edge Trussness: For a graph G and a given k > 2, an edge e = (u, v) may

appear in multiple k-truss subgraphs. The trussness of edge e, denoted as Tr(u, v), is defined

as the largest k such that e ∈ Gk and e /∈ Gk+1.

We extract k-truss subgraphs over a selected range of k values. If a subgraph exceeds

a predefined size threshold λ, we partition it using a Breadth-First Search (BFS) strategy,

as employed in the K-core view encoder. After decomposition, a compressed graph is con-

structed where each subgraph is represented as a super-node, and GCN, followed by pooling,

is applied on both the subgraphs and the compressed graph. The resulting representations

are concatenated to produce the final output of the K-truss view encoder.

5.2.4.3 Contrastive Learning

To optimize the consistency between the representations generated by the K-core and K-

truss view encoders, we apply contrastive learning. The objective is to maximize similarity

between the embeddings from both views of the same graph while distinguishing them from

representations of different graphs. The contrastive loss is formulated as:

Lcontra = − log

(︄
sim(Zcore, Ztruss)∑︁N
j=1 sim(Zinput, Zj)

)︄
(5.8)
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Here, sim(·) represents the cosine similarity function. Zcore and Ztruss denote the graph

representations from the K-core and K-truss encoders, respectively, and Zj refers to the

embedding of the j-th graph in the batch.

After generating the representations from both encoders, we combine them into a final

graph representation, which is then passed through a multi-layer perceptron (MLP) to predict

the graph label. The supervised loss is computed using the standard cross-entropy objective:

Ŷ = MLP(Zfinal)

Lsup = −
∑︂

Y log Ŷ

(5.9)

where Zfinal is the fused graph representation, Ŷ is the predicted label, and Y is the true

graph label.

The overall training objective is a weighted sum of the supervised loss and the contrastive

loss:

L = αLsup + (1− α)Lcontra (5.10)

where α is a tunable hyperparameter that balances the contribution of each loss component

during training.

5.3 Experiments

We evaluate the effectiveness of our proposed model on the graph classification task using six

benchmark datasets. We compare our approach against state-of-the-art baselines for graph

classification. Additionally, we conduct ablation studies by removing different components of

our model. Also, check the effect of message passing model by varying the message-passing
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model used in our framework and examining the influence of contrastive loss by varying the

value of α. Additionally, we als.

5.3.1 Datasets:

We use six publicly available datasets summarized in Table 6.1, all of which are commonly

used for benchmarking graph classification models [89]. These datasets include three social

network datasets (IMDB-BINARY, IMDB-MULTI, REDDIT-BINARY, and COLLAB) and

two biological or chemical datasets (D&D, and PROTEIN). Each dataset differs in terms of

graph size, number of nodes and edges, and class distribution, providing a diverse evaluation

scenario.

Table 5.1 Dataset statistics. |G| is the number of graphs, Vavg and Eavg denote the average
number of nodes and edges per graph, and |C| is the number of classes.

Dataset |G| Vavg Eavg |C|

D&D 1178 284.32 715.66 2

PROTEIN 1113 39.06 72.82 2

IMDB-BINARY 1000 19.77 96.53 2

IMDB-MULTI 1500 13.00 65.94 3

REDDIT-BINARY 2000 429.63 497.75 2

COLLAB 5000 74.49 2457.78 3

The datasets vary significantly in size and domain. For instance, REDDIT-BINARY and

COLLAB contain large graphs representing user interactions, while D&D and PROTEIN

contain more complex molecular structures with rich biological features. This diversity

ensures a robust evaluation of our model across different types of graph data.
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Table 5.2 Comparison of our models with baseline methods on Graph Classification.
Model IMDB-B IMDB-M REDDIT-B COLLAB D&D PROTEIN

gPool 73.40 50.27 74.70 77.58 75.0 71.9
SAGPool 73.00 49.43 84.66 70.10 75.7 72.5

MinCutPool 70.78 52.8 75.67 69.91 76.7 76.3
DiffPool 68.40 45.62 66.65 74.83 66.9 68.2
ASAP 72.74 - 78.95 76.9 74.2
MPool 74.20 50.26 84.10 83.62 81.2 79.30

InfoGraph 71.34 47.93 82.50 72.36 72.85 74.09
GraphCL 71.48 48.11 89.53 72.36 78.62 74.32
Our Model 78.80 52.88 89.65 86.70 83.43 78.88

5.3.2 Baseline:

We use six graph pooling methods and two graph contrastive learning methods as baseline

methods. Among them, gPool [14] SAGPool [15], MinCutPool [16], DiffPool [62], ASAP [63]

and MPool [86] are hierarchical graph poolin method. InfoGraph [28], and GraphCL [96]

are graph contrastive learning methods.

5.3.3 Experimental Setup:

For each dataset, we perform 10 independent random splits using different seed values. The

data is divided into 80% for training, 10% for validation, and 10% for testing. We implement

our model using PyTorch and PyTorch Geometric. The model is optimized using the Adam

optimizer [90]. Node embedding dimensionality is fixed to 128 across all datasets.

We tune hyperparameters using grid search over the following ranges: learning rate {1e-2,

5e-2, 1e-3, 5e-3, 1e-4, 5e-4}, weight decay {1e-2, 1e-3, 1e-4, 1e-5}. Each model is trained

for a maximum of 100K epochs, with early stopping triggered if the validation loss does not

improve over 50 consecutive epochs.
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5.3.4 Result:

Table 5.2 presents the classification accuracy (%) of our proposed model compared to sev-

eral state-of-the-art graph pooling and contrastive learning methods across six widely-used

benchmark datasets. Our model demonstrates superior performance across all datasets, un-

derscoring the effectiveness of combining K-core and K-truss structural views with contrastive

learning.

On the social network datasets (IMDB-BINARY, IMDB-MULTI, and REDDIT-BINARY),

our model achieves the best accuracy of 78.80%, 52.88%, and 89.65%, respectively. These

results indicate that our model effectively captures both local and higher-order structural

patterns crucial for social graph analysis. Notably, although GraphCL performs compet-

itively on REDDIT-BINARY (89.53%), our model slightly outperforms it, validating the

benefit of dual-view alignment.

For the collaboration network dataset COLLAB, our model obtains an accuracy of

86.70%, significantly outperforming strong baselines such as MPool (83.62%) and ASAP

(78.95%). This demonstrates the utility of subgraph-based compression in modeling complex,

large-scale interaction graphs.

On the biological and chemical datasets (D&D and PROTEIN), our model achieves

83.43% and 78.88%, respectively. While MPool attains a slightly higher score on PROTEIN

(79.30%), our method provides the most consistent performance across all datasets. The

strong results on these structurally diverse datasets confirm the robustness and generaliz-

ability of our approach.
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Table 5.3 Performance comparisons with the main model (DGCL), the model with
supervised loss (DGCLsup), the model with K-core view encoder (DGCLcore), and the

model with K-truss view encoder (DGCLtruss.
Dataset GCLC GCLCsup GCLCcore GCLCtruss

IMDB-B 78.80 75.10 74.95 75.07
IMDB-M 52.88 50.26 50.15 49.88

REDDIT-B 89.65 88.20 86.32 87.54
COLLAB 86.70 84.25 83.65 83.79

DD 83.43 80.85 79.54 80.32
PROTEIN 78.88 77.63 75.77 75.56

Overall, these results highlight that our contrastive graph learning framework—leveraging

structure-aware K-core and K-truss decompositions—learns more expressive and discrimina-

tive representations for graph classification tasks across various domains.

5.3.4.1 Ablation Studies

To further understand the contributions of different components and design choices in our

framework, we conduct a series of ablation studies. The results are summarized in Tables 6.6–

5.5.

Component Analysis. Table 6.6 compares the performance of our full model (GCLC)

with three ablated variants: GCLCsup (trained using only supervised loss), GCLCcore (us-

ing only the K-core view encoder), and GCLCtruss (using only the K-truss view encoder).

Across all datasets, the full model outperforms its variants, demonstrating the effectiveness

of combining contrastive learning with dual-view structural compression. Both GCLCcore

and GCLCtruss underperform the full model, indicating that integrating both views con-

tributes to richer representation learning. The contrastive objective also plays a key role, as

evidenced by the performance gap between GCLC and GCLCsup.

GNN Variants: Table 6.3 examines the impact of different GNN architectures (GCN,



72

Table 5.4 Performance comparisons of different GNN models on GCLC for DD and IMDB
datasets.

Dataset GCN GAT Graph-SAGE
D&D 83.43 82.75 83.26

IMDB-B 78.80 78.87 78.68

Table 5.5 Performance comparisons of different values on α on GCLC for DD and IMDB
datasets.

Dataset α = 0.5 α = 0.6 α = 0.7 α = 0.8 α = 0.9
D&D 83.35 83.43 82.88 82.51 80.84

IMDB-B 78.80 78.81 77.74 77.28 76.85

GAT, and GraphSAGE) on the D&D and IMDB-B datasets. While all three models achieve

competitive results, GCN yields the highest accuracy on D&D (83.43%), whereas GAT

performs slightly better on IMDB-B (78.87%). These results indicate that our framework is

adaptable to various GNN backbones and consistently delivers strong performance.

Effect of Contrastive Loss Weight α. Table 5.5 shows the results for varying values of

the loss weight parameter α, which controls the balance between supervised and contrastive

learning objectives. The best performance is achieved when α = 0.6 on both D&D and

IMDB-B datasets. While lower or higher values of α still produce reasonable results, extreme

values (e.g., α = 0.9) tend to degrade performance, suggesting that an appropriate trade-off

between the two objectives is essential for optimal learning.
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CHAPTER 6

DyGCL: Dynamic Graph Contrastive Learning For Event Prediction

6.1 Introduction

This paper is published in IEE BigData 2024 [98]. In this work, we introduce a Dynamic

Graph Contrastive Learning (DyGCL) method that learns dynamic graph representation for

event prediction. The main contributions of our work can be outlined as follows:

• We present an innovative framework called Dynamic Graph Contrastive Learning

(DyGCL), expressly developed for event prediction. DyGCL considers both the local and

global structures of input graphs to comprehend the temporal dependency for event

forecasting via the local view and the global view encoders, respectively. The local

view encoder learns the graph representation that captures the local structure of the

graph in each time-stamp graph, considering the previous time-stamp representations.

In contrast, the global view encoder infers a unified representation for each time-stamp

graph with dynamic pooling and utilizes them with an RNN model to capture the

global structure in all time-stamp graphs.

• The DyGCL framework utilizes contrastive learning while optimizing two representations

coming from the local view encoder and the global view encoder. With contrastive

learning, while capturing the structural features in an unsupervised way, we maxi-

mize the similarity between representations obtained from both encoders for feature

consistency, which enhances the overall effectiveness of the model.
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• We perform comprehensive experiments to show the effectiveness of our model on six

different event datasets. We compare the results of our model against several state-

of-the-art deep learning and GNN-based baseline models for event prediction. The

experiments demonstrate that our model outperforms these baseline models.

6.2 Methodology

In this section, we first present some primary concepts and terminology about dynamic

graphs and contrastive learning and then define the event prediction problem. Then we

explain our Dynamic Graph Contrastive Learning (DyGCL) model including local and global

view encoders, optimized with contrastive loss.

6.2.1 Preliminaries and Problem Description

For an event at a specific location, historical event-related articles reveal important infor-

mation about the rising event and they are used to predict future events. In this project,

event-related articles are encoded into a sequence of graphs as a dynamic graph where each

graph represents the contextual information from a specific timestamp. While nodes in the

graph represent words occurring in the articles of that timestamp, edges between nodes rep-

resent the occurrence of the words in a predefined fixed-size window. Specifically, one graph

is created for each day, and data from k consecutive days is represented as the dynamic

graph and used to learn and predict whether an event will occur on (k + 1)th day.

Here, we first define dynamic graphs and then event prediction via dynamic graphs.
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Figure 6.1 An overview of Dynamic Graph Contrastive Learning, (DyGCL) architecture. We
feed input graphs into the Local View Encoder and Global View Encoder. Local View
encoder learns the dynamic graph representation through the dynamic node representation.
Global-View Encoder learns dynamic graph representation through graph pooling and the
LSTM model. After optimizing representations by contrastive learning, they are combined
by an MLP layer and fed to the predictor for event prediction.

Definition 7 (Dynamic Graph). A dynamic graph G is defined as a series of T discrete

snapshots denoted as G = {G1, G2, ..., GT}, where Gt represents the graph at timestamp t.

Each Gt has an adjacency matrix At showing the relation between nodes at time t

We define the event prediction problem as the binary classification problem and predict

whether there is an event on day t+1 using data from t previous days. Formal definition of

the event prediction via dynamic graphs is given as follows;

Definition 8 (Event Prediction). Given a training dataset D, where each sample is

represented as D[Gi] for i= 1, 2,3,. . . ,m and each and each G is a dynamic graph G =

{G1, G2, ..., GT} with initial node feature matrix X ∈ RNXd where N is the number of nodes
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with d dimension at time t, our goal is to learn a graph encoder that maps the input dynamic

graph into vector representation and use this representation to predict the future event ŷ at

time T + 1.

For our dynamic graph datasets, which are constructed from the text of event-related

articles, we have one global initial node feature matrix Hsem representing the semantic mean-

ing of all words appearing over the time obtained with a word embedding model. Ht can be

obtained by filtering the words occurring at time t.

Graph Contrastive learning: Contrastive learning (CL) has become one of the most pop-

ular approaches for unsupervised representation learning, which learns through comparisons

among different views. In general, there are three parts in graph contrastive learning: i)

View Construction: A view is represented as graph data, denoted as vi = (Ai, Xi), where

Ai ∈ RN×N and H(i) ∈ RN×d. Different views of a given graph are created with augmentation

approaches like node dropping [94], edge perturbation [95], and subgraph sampling [97]. ii)

View Encoder: View encoder learns the node representation or graph representation from

different views of input graphs using a GNN model. iii) Contrastive loss: The model

is optimized by a contrastive loss with an objective of maximizing the similarity among

different view representations.

6.2.2 Dynamic Graph Contrastive Learning

Our novel Dynamic Graph Contrastive Learning (DyGCL) model is specifically designed to

optimize dynamic graph representation learning, particularly for event prediction tasks. The

overall architecture for the model is presented in Figure 6.1. The model consists of three
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main components as detailed in Algorithm 3; i) Local view encoder ii) Global view encoder,

and iii) Contrastive learning. The local view encoder extracts the local structural informa-

tion from the dynamic graphs using a Dynamic Graph Convolutional Network. The global

view encoder captures the global structure using Dynamic Graph Pooling and a recurrent

neural network. Then, the graph representations from both encoders, optimized via con-

trastive learning to maximize the similarity between them, are combined with an attention

mechanism as the final dynamic graph representation and utilized for event prediction.

Algorithm 3: Dynamic Graph Contrastive Learning (DyGCL)

Input: Initial Node Features matrix H(sem), Temporal Graphs, Event Label Y
Output: Predicted Event label ŷ
G ← randomly sample a batch
for i in G do

AT−k,...,T , Hsem = Gi Zlocal, HL = LV E(AT−k,...,T , Hsem)
//Local view graph representation
Zglobal = GV E(AT−k,...,T , HL)
//Global view graph representation

Lcontra =
ZlocalZ

T
global

∥Zlocal∥∥Zglobal∥
//Contrastive Loss

Zlocal = ZlocalWl + bl
Zglobal = ZglobalWg + bg
ZFinal = MLP ([Zlocal∥Zglobal])

Ŷ = σ(MLP (ZFinal))
Lsup = −

∑︁
Y logŶ

L = αLsup + (1− α)Lcontra

end

6.2.2.1 Local View Encoder

In general, a graph-level representation is derived from the node-level representations of the

graph. Therefore, obtaining an improved graph representation hinges on having superior

node representations. To enhance node representation, it is crucial to consider the local
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structure of nodes, including neighborhood relationships and interactions with neighbors. To

learn better node representation by preserving the local structure of the nodes and getting

graph-level representation from the node-level representation, we introduce a local view

encoder in Algorithm 4.

Algorithm 4: Local View Encoder (LVE)

Input: Initial Node Features matrix Hsem, Temporal Graphs.
Output: Local view Graph Representation Zlocal, Updated node Features H
for each t← T − k to T do

H(t) = σ(D̃
− 1

2 Ã
t
D̃

− 1
2H(t−1)θ(t−1))

H(t)′ = H(t)W t
s + bts

H(sem′) = HsemW
t
0 + bt0

H(t) = tanh([H(t)∥Hsem])
end

Zlocal =
1
N

∑︁N
i=1[hi]

In the local view encoder, we use a Dynamic Graph Convolution Network (DyGCN) that

learns dynamic node representation, preserving the temporal local structure for dynamic

graphs. It passes the information from the previous time step to the next step to capture

the dynamically changing neighboring structures among the input graphs. DyGCN comprises

two layers: the static GCN layer and the temporal attention layer. For every time step graph,

we apply the static GCN to learn node representations based on the current graph structure

and also node features coming from the previous time step. This allows us to encapsulate the

local structure of nodes at each time step into vector representations. Within each time step,

the static GCN learns the node representation using a message-passing approach, which is

described as
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H(t) = σ(D̃
− 1

2 ÃD̃
− 1

2H(t−1)θ(t−1)) (6.1)

where H(t) represents the node representation matrix for the tth snapshot graph, σ is an

activation function, Ã = A + I is the adjacency matrix with self-loop, D̃ ∈ RN×N is the

normalized degree matrix of Ã, θ(t) is the trainable weight for t(th) time step and H(t−1) is

the input node representation matrix for tth time steps obtained from previous time step’s

Dynamic GCN.

While the topological structure of the graph and its changes over time are important

features to detect events, semantic meanings of the words are also important for events. On

the other hand, when GCN is applied at each time epoch, it updates node representations

with the current time epoch neighborhood. Over multiple timestamps, there is a risk of

losing essential semantic details of nodes, potentially leading to the over-smoothing issue.

To address this challenge, we create a temporal attention layer. We define initial node fea-

tures, Hsem with their word embeddings, which represent their semantic meanings. After

obtaining node representations from the current time epochs’ GCN, we refine these repre-

sentations through a temporal attention layer with initial semantic representations, Hsem.

In this layer, we combine the node representation from the current timestamp’s GCN and

the initial semantic node features using a linear neural network layer. First, we multiply

them by learnable weight matrices that signify the importance of each representation for

event prediction. Then we concatenate weighted representations and give it to an activation

function. Here we use tanh as the activation function. By refining the node representation
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obtained from GCN with the initial semantic word embedding in each temporal attention

layer, we facilitate the fusion of semantic attributes of the nodes. The temporal attention

layer applied at each time step is formalized as follows:

H(t)′ = H(t)W t
s + bts

Hsem′ = HsemW
t
0 + bt0

H(t) = tanh([H(t)′ ||Hsem′ ])

(6.2)

where H(t) is the embedding matrix from GCN layer at time t, H(sem′) is the initial node

embeddings or pre-trained word embeddings, W t
s , b

t
s and W t

0, b
t
0 are learnable perameters for

H(t) and H(sem′), respectively, and || is the concatenation operation.

After updating node embeddings using the temporal attention layer, we pass it as initial

node embedding to the next GCN layer at the time stamp t+1. After getting the final node

representation from the Dynamic Graph Convolution layer at the last time step, we convert

the node representations into graph representations using global mean pooling, which takes

the average of node features defined as follows:

Zlocal =
1

N

N∑︂
i=1

[hi] (6.3)

where N is the number of nodes, hi is the ith node feature.

6.2.2.2 Global View Encoder

The local view encoder is primarily engineered to derive graph-level representation from

the dynamic node-level representations from temporal graphs. However, this node-centric
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approach tends to capture only the local structures of input graphs, often sidelining the

global structures. While local structures show close-by connections, global structures show

bigger patterns across the entire graph. For predicting events, these big patterns are also

important. Sometimes, events happen because of connections that aren’t right next to each

other. If we only focus on the local structure, we might miss these important clues. Thus,

for predicting events, it is very important to consider global structures.

To capture higher-order features in input graphs, we introduce a global view encoder in

Algorithm 5 where we use a Dynamic Graph Pooling module. At first, we learn a hierarchical

graph representation for each time snapshot graph. These graph representations are then

refined by a recurrent neural network, considering both the current and previous temporal

graph representations to capture relations between them and also to capture the changes

from one to another.

To learn the hierarchical graph representation, selection-based and clustering-based pool-

ing models can be applied. Here, we employ the SAGPool model as a selection-based graph

pooling method [15]. Selection-based methods are chosen for their memory efficiency and

Algorithm 5: Global View encoder (GVE)

Input: Node Features matrix H, Temporal Graphs.
Output: Global view graph representation Zglobal

for each t← T − k to T do
S = σ(GNN(H t, At, θtatt))
idx = topK(S, [α×N ])
A(l+1) = Aidx,idx

Zt =
1
N

∑︁N
i=1 xi∥

N
max
i=1

(xi)

end
Zglobal = RNN(ZT−k, . . . , ZT )
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emphasis on the global structure of the input graph. In SAGPool, we select the top k im-

portant nodes from the input graph that are deemed relevant to the event and keep these

nodes and relations between them for the next layer. The selection of the top k nodes is

determined by calculating attention scores for all nodes, leveraging node features, the GNN

model, and an attention parameter, as follows:

S =σ(GNN(H t, At, θtatt)) (6.4)

Where S ∈ RN×1 represents the node attention scores, H t denotes the node embeddings at

time t, At is the adjacency matrix, θtatt ∈ Rd×1 is the learnable parameter matrix at time t,

and N is the number of nodes.

Following the calculation of attention scores, we select the top k nodes with the highest

scores. Subsequently, we construct a new coarse graph using the selected nodes, as outlined

below:

idx =topK(S, [α×N ])

A(l+1) =Aidx,idx

(6.5)

where idx is the indices of top-k nodes, α is the pooling ratio, N is the number of nodes,

and A(l+1) is the coarse graph. Multiple graph pooling and GCN layers on each snapshot

graph are applied to get a hierarchical graph representation.

As the final layer of the hierarchical graph representation learning, we apply a readout

layer to get a fixed-sized graph-level representation for each snapshot graph. The readout
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function aggregates the node features as follows:

Zt =
1

N

N∑︂
i=1

[hi||
N

max
i=1

hi] (6.6)

where N is the number of nodes, hi is the ith node feature and || denotes concatenation.

The graph pooling method effectively captures the static global structure of the current

time epoch graph. Yet, to grasp the dynamic evolution of the global structure in temporal

graphs, it is crucial to update the current time epoch graph representation with that of the

previous time epoch graphs. For this purpose, a Recurrent Neural Network (RNN) layer

is employed. RNNs, well-suited for sequential data, update the current data representation

by considering the input data from the preceding steps in the sequence. In our approach,

we feed graph representations from the pooling layers into the RNN layer in the following

manner:

Zglobal = RNN(Zt−k, . . . , Zt) (6.7)

where zt−k is the graph-level representation of k-previous time steps from current time graph.

The output of the RNN layer is used as the global graph features.

6.2.2.3 Constrastive Learning

While the local view encoder and global view encoder extract the different features of the

dynamic graph, their final representation should be similar as they belong to the same data.

Therefore, we apply contrastive learning to make them similar. Our contrastive learning

objective function aims to maximize the cosine similarity or minimize the cosine distance

between the graph representations from local and global view encoders.
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We use graph representations from the local view encoder and the global view encoder as

positive samples if they belong to the same data. In our model, we do not use any negative

sample in contrastive learning as Namkyeong Lee et, al [26] mentioned that contrastive

learning on graphs performs better without negative samples. As our objective, we minimize

the cosine distance between positive samples. We define our objective function as follows:

Lcontra =
ZlocalZ

T
global

∥Zlocal∥∥Zglobal∥
(6.8)

Where Zlocal is the graph-level representation from local view encoder and Zglobal is the

graph-level representation from global view encoder

6.2.2.4 Output layer

In our approach, the graph-level outputs from both the local view encoder and global are

integrated, allowing us to embed both temporal local and global graph structural information

into a singular graph-level embedding. The amalgamation of these embeddings is facilitated

by an MLP layer. To combine local and global view representations, we first employ two

distinct learnable weights for the two embeddings, allocating specialized attention to each.

Once the embeddings are individually multiplied by their respective learnable weights, they

are concatenated. Subsequently, an activation function is employed to seamlessly merge

them, as outlined below
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Zlocal = ZlocalWl + bl

Zglobal = ZglobalWg + bg

ZFinal = tanh([Zlocal||Zglobal])

(6.9)

where Zlocal is graph embedding matrix from local view encoder, Zglobal is graph embedding

from global view encoder, Wl,bl, and Wg,bg are learnable perameters for Zlocal and Zglobal,

respectively, || is the concatenation operation and tanh is an activation function of the linear

layer.

After combining both graph representations into one final graph representation, our

model gives it as an input to a multilayer perception layer with the sigmoid function to

predict the event occurrence and calculate the supervised loss as follows:

Ŷ = σ(MLP (ZFinal))

Lsup = −
∑︂

Y logŶ

(6.10)

where ZFinal is the graph representation, Ŷ is the predicted event occurrence, and Y is the

actual event occurrence.

We jointly train our model with a weighted sum of the supervised loss and contrastive

loss as follows:

L = αLsup + (1− α)Lcontra (6.11)

where α is a hyperparameter of the model.
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Table 6.1 Dataset statistics. |S| is the number of samples, N̄ and Ē are the average number
of nodes and edges, respectively, and |Ev| is the number of events.

Datasets |S| N̄ Ē |Ev|
Thailand 1883 600 7281 715
Egypt 3788 675 9680 1469
Russia 3552 645 9776 1171
India 12249 685 12994 4586

NYC Cab 4464 263 3717 162
Twitter 2557 1000 10312 287

Table 6.2 Performance comparisons of our model with baseline models on event prediction
Method Model Thailand Egypt Russia India NYC Cab Twitter Weather

Static
GCN 76.13 75.8 76.63 67.45 84.91 77.21

TopKpool 77.03 85.28 78.45 65.53 86.45 78.65
SAGPool 77.74 86.12 80.86 68.50 90.82 80.78
DiffPool 76.13 82.8 79.63 67.48 88.70 76.6
MPool 77.85 85.64 80.52 69.10 89.88 82.58

Dynamic

GCN+GRU 79.28 83.88 79.66 67.48 85.00 76.50
GCN+LSTM 78.13 83.05 79.38 68.10 85.07 76.55
EvolveGCN - - - - 84.20 78.24
DynamicGCN 80.92 84.71 84.71 68.70 81.00 71.30

DDGCN 79.10 85.25 86.32 70.70 80.92 78.15
DyGED 73.50 85.41 81.43 68.88 91.20 81.00

DyGCL (Ours) 86.57 89.28 88.95 76.85 95.80 90.68

6.3 Experiment

In assessing our model’s performance for the event prediction task, treating it as a dynamic

graph classification problem, we conduct a comprehensive evaluation. We compare our

model’s performance against six distinct baseline models. Additionally, we delve into the

analysis of the impact of the number of historical days on event prediction. Furthermore, we

present results for variations of our model, incorporating different message-passing models

and graph-pooling methods. We also visualize the global structure of temporal graphs.

6.3.1 Datasets

In our experiments, we use six datasets. Among them, four of them are social event datasets,

one is a weather event dataset and the other is a traffic event dataset. Table 6.1 shows the
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statistics of six datasets where |S| represents the number of samples for each dataset. For

all datasets, each sample contains seven snapshot graphs where N̄ and Ē are the average

number of nodes and edges of each snapshot graph.

Thailand, Egypt, Russia, and India event datasets are collected from the Integrated

Conflict Early Warning System (ICEWS)[99, 34]. These datasets include information on

political events and are designed for assessing both national and international crises. We

concentrate on data sourced from major cities such as Delhi, Mumbai, Kolkata, and others in

India, Bangkok in Thailand, Cairo in Egypt, and Moscow in Russia. Rallies, strikes, violent

protests, and passage obstructions are frequent event types on these datasets.

The NYC Cab represents a mobility network that contains geo-tagged mass-gathering

events, such as concerts and protests. The Twitter Weather dataset showcases user-

generated content pertaining to weather events, including storms and earthquakes.

6.3.2 Baseline

We use several graph neural network methods as baseline methods which mainly focus on

Dynamic graphs or static graph classification. We divide our baseline methods into two

classes: (1) Static methods, and (2) Dynamic methods.

6.3.2.1 Static Methods

We compare our model with GCN[7], TopKpool[14], SAGPool[15], DiffPool [62] and MPool [86],

which are most common graph representation learning methods. For the static methods, we

combine all time step graphs in a dynamic graph into one graph for each sample.



88

• GCN : Graph Convolutional network is the most popular GNN model for node repre-

sentation learning. GCN aggregates the neighborhood information to update the node

representation. After getting node representation we apply global pooling described in

equation 6.3 to get graph-level representation.

• TopKPool : TopKPool is a hierarchical graph pooling method that selects top-k nodes

for pooling operation. It considers the topological structure of the graph to select the

top-k nodes.

• SAGPool : SAGPool is also a hierarchical graph pooling method that selects top-k

nodes using the self-attention method to select top-k nodes for pooling operation.

• DiffPool : DiffPool is a cluster-based hierarchical graph pooling method. It uses a

Graph Neural Network to learn a cluster assignment matrix of the input graph. Then

it uses the cluster assignment matrix for graph pooling where it combines the nodes in

each cluster into supernodes for the next layer.

• MPool : MPool hierarchical graph pooling method where it uses motif structure to

capture the higher-order structure of input graph. It uses both clustering and selection

approaches to learn the graph-level representation.

6.3.2.2 Dynamic Methods

For the dynamic baseline models, we use GCN+LSTM [100], GCN+GRU [100], Dynam-

icGCN [34], EvolveGCN [101], DDGCN[102] and DyGED [35].
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• GCN+LSTM : This model learns the dynamic graph representation using GCN and

LSTM models. GCN+GRU is a variation of this model where it replaces LSTM with

the GRU model. It is designed as a temporal graph neural network to predict traffic

conditions in the traffic network.

• DynamicGCN : This model applies GCN and a temporal layer for each snapshot to

learn dynamic node representations. It converts dynamic node representation to graph

representation using a mask linear layer. It is designed for event prediction on social

media data.

• EvolveGCN : EvolveGCN is a dynamic graph convolution network that uses GCN and

Recurrent Neural Network (RNN) to learn the representation of dynamic networks.

It transfers the parameter matrix from one timestamp’s GCN to another timestamp’s

GCN. It is a more general model that is applied to edge prediction, edge classification,

and node classification for dynamic graphs. Here we also use the global pooling method

in the last layer of the model to convert node representation to graph representation.

• DDGCN : DDGCN utilizes a dual channel dynamic graph convolutional network where

it uses dynamic graph and dynamic knowledge graph to learn the dynamic graph level

representation.

• DyGED : DyGED is the most recent event prediction model that uses global graph

pooling on each time step graph and applies RNN models to include macro-level graph

dynamics for graph representation learning.
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(a) Thailand- Historic (b) Egypt-Historic (c) Thailand-Lead (d) Egypt-Lead

Figure 6.2 Detailed Event prediction results of DyGCL model for the different number of
historic and lead days.

6.3.3 Experimental Settings

To assess our model for the event prediction task, we partition the data into three segments:

70% for training, 15% for validation, and 15% for testing. This splitting process is repeated

ten times using ten different random seeds. We take the average of 10 different runs as

the final results. Our model is implemented using PyTorch and PyTorch Geometry library,

with the optimization performed by the Adam Optimizer. In order to determine optimal

hyperparameters, we conduct grid search within the specified ranges: learning rate in {1e−

2, 5e − 2, 1e − 3, 5e − 3, 1e − 4, 5e − 4}, weight decay in {1e − 2, 1e − 3, 1e − 4, 1e − 5},

pooling ratio in {1/2, 1/4}, dropout ratio fixed at 0.2, and hidden size in {16, 32, 64, 128}.

The training process halts if the validation loss fails to improve for 50 epochs. For the initial

node embeddings of the dynamic graph, we use a 100-dimensional word embedding vector

obtained through the Word2Vec method.

6.3.4 Result

In Table 6.2, we present a summary of our event prediction accuracy results, with results of

Static and Dynamic baseline models. We treat the event prediction task as a binary graph
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classification problem, where class labels are {0, 1} indicating whether an event occurs on

that day or not. The EvolveGCN model is applicable to datasets where all samples have the

same number of nodes. This constraint limits the availability of results to only NYC Cab

and Twitter weather datasets that meet this requirement. For other datasets, the number

of nodes is different for different samples.

As we see from Table 6.2, our model consistently works well and outperforms all baseline

models across all datasets. Notably, our model improves the highest accuracy of baselines by

6.9% for the Thailand dataset with 86.57% accuracy, 3.1% for Egypt with 89.95% accuracy,

3.0% for Russia with 88.95% accuracy, 11.5% for India datasets with 76.85 accuracy, 4.6%

for NYC Cab dataset with 95.80 accuracy and 9.6% for Twitter Weather dataset with 90.68

accuracy. For the Russia and India datasets, the DDGCN model achieves the second-highest

accuracy. For the Thailand dataset, DynamicGCN gives better accuracy than the other

baselines whereas SAGPool demonstrates the second-highest accuracy for the Egypt dataset.

For NYC Cab and Twitter weather datasets, DyGED gets the second-highest accuracy.

Additionally, we observe that dynamic methods generally outperform static baseline

methods for all datasets, with the exception of the Egypt dataset where SAGPool, as the

static graph pooling method, performs better than other baselines. This result suggests the

importance of global structural information for the Egypt dataset.

Sensitivity Analysis: In our previous experiment, we used the previous 7 days’ data to

make a prediction on Day 8. In this experiment, we investigate the prediction performance

by varying both the number of prior days and lead time. Historical days denote the previous
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number of days used as the training data. We want to see whether there is an effect of the

number of historical days preceding the event on the event prediction task by changing it

from 2 to 7. In Figure 6.2, we present precision, recall, and F1-score for different numbers

of days for the event using the DyGCL model for the Thailand and Egypt datasets. In this

figure, “day 2” denotes the use of data from the last two preceding days (6th and 7th days)

for predicting events on the 8th day. We can see that for both datasets the Precision and F1-

score increase gradually when we increase the number of historic days for event prediction.

For both datasets, we get the highest score for “day 7”.

In our experiment, we also explore the effect of the lead day on the model performance

by varying the number of lead days from 1 to 7. We present precision, recall, and F1-score

for different numbers of days for the event using the DyGCL model in Figure 6.2. The lead

day signifies how many days in advance our model predicts the event. As an example, when

we refer to “day 6”, it implies the utilization of data from the 1st day to the 6th day for

predicting the event on the 8th day, indicating a two-day advance prediction.

In Figure 6.2, for Precision and F1-score, DyGCL with “day 7” yields the highest scores for

both datasets. In this scenario, DyGCL performs better with a higher number of lead days’

information compared to fewer days. For the Thailand dataset, we get the highest Recall

score for “day 5” and for The Egypt dataset DyGCL gives the highest Recall score for ”day

6”.

Ablation Study: In our ablation study, we investigate the impact of different parts of

the model including contrastive learning, the GNN model in the local view, the RNN layer,
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Table 6.3 Performance comparisons of different GNN models on DyGCL for Thailand and
Egypt datasets.

Dataset Method Precision Recall F1

Thailand
GCN 0.8182 0.766 0.7912
GAT 0.75 0.798 0.773

GraphSAGE 0.779 0.787 0.783

Egypt
GCN 0.9397 0.7957 0.8618
GAT 0.834 0.855 0.814

GraphSAGE 0.864 0.835 0.847

and the pooling layer in the global view, on the model performance. We present results for

all ablation studies for Thailand and Egypt datasets as the representative except contrastive

learning where we present results for all datasets.

We first experiment with GNN models. In addition to GCN as the default model, we

apply two other popular GNN models, which are GAT and GraphSage in the local view

encoder to see the effect of them on the model performance. Table 6.3 shows the Precision,

Recall, and F1 scores for different GNN models. From the table, we can see that the GNN

model has a big impact on the model performance. For both datasets, the GCN model

performs much better than the other models, especially with respect to precision.

We also change the hierarchical graph pooling method in the global view encoder to

see the effect of different graph pooling methods. In addition to SAGPool pooling as the

default one, we select Top-K as the selection-based graph pooling method and DiffPool as

the cluster-based pooling method. Table 6.4 shows the Precision, Recall, and F1-score for

the Thailand and Egypt datasets. From the table, we can see that selection-based methods

outperform the cluster-based method. For the Thailand dataset, the Top-k graph pooling

method gives the highest accuracy and for the Egypt dataset, the SAGPool performs better

than other methods.
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Table 6.4 Performance comparisons of different graph pooling models on DyGCL for
Thailand and Egypt datasets.

Dataset Method Precision Recall F1

Thailand
Top-K 0.839 0.787 0.805

SAGPool 0.8182 0.766 0.7912
DiffPool 0.8161 0.7553 0.7845

Egypt
Top-K 0.847 0.826 0.836

SAGPool 0.9397 0.7957 0.8618
DiffPool 0.8664 0.8553 0.8608

(a) T-4 (b) T-3 (c) T-2 (d) T-1

Figure 6.3 Temporal pooled graphs in Global View Encoder for a sample event in NYC cab
dataset.

In addition, we use different Recurrent Neural Networks (RNN) in the global view encoder

to see their effect on them for the event prediction task. While LSTM is the original RNN

model in the global view, we use two different popular RNN models, which are GRU, and

Transformer in the global view encoder. Table 6.5 shows the Precision, Recall, and F1

scores for different RNN models. As we can see from the table, the LSTM model gives

better results for the Thailand dataset whereas the Transformer model performs better for

the Egypt dataset.

Furthermore, we investigate the impact of contrastive loss, Local view encoder, and

Global view encoder on event prediction. We evaluate our main model, alongside three

variations: DyGCL DyGCLsup DyGCLL and DyGCLGṪhe DyGCL model is our primary approach,

whereas DyGCLsup excludes the contrastive loss and directly merges the Local and Global
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Table 6.5 Performance comparisons of different RNN models on DyGCL for Thailand and
Egypt datasets.

Datasets Method Precision Recall F1

Thailand
LSTM 0.8182 0.766 0.7912
GRU 0.8514 0.6702 0.75

Transformer 0.7765 0.7021 0.7374

Egypt
LSTM 0.9397 0.7957 0.8618
GRU 0.9151 0.8255 0.8680

Transformer 0.9112 0.8298 0.8686

Table 6.6 Performance comparisons with the main model (DyGCL), the model with
supervised loss (DyGCLsup), the model with local encoder (DyGCLL), and the model with

global encoder(DyGCLG.
Dataset DyGCL DyGCLsup DyGCLL DyGCLG
Thailand 86.57 85.87 80.48 74.20
Egypt 89.28 86.64 84.20 85.77
Russia 88.95 88.37 84.58 82.45
India 76.71 76.85 69.12 68.91
NYC
Cab 90.68 89.88 80.65 93.20

Twitter
weather 95.80 95.74 72.50 88.70

view encoders’ representations using a Multi-Layer Perceptron (MLP) layer. In DyGCLL only

the Local view encoder’s graph representation is utilized for event prediction, and in DyGCLG

only the Global view encoder’s graph representation is used. Unlike other ablation studies,

we present the results for all datasets in Table 6.6. The table illustrates that our main model

DyGCL which incorporates contrastive loss, achieves superior accuracy compared to the other

variations. Additionally, the combined model DyGCLsup which integrates both the Local and

Global view encoders, outperforms the single-view models (DyGCLL and DyGCLG). These

findings justify the significance of combining both view encoders and employing contrastive

learning to refine the representation for event prediction.

Visualization: We also visualize the temporal graphs to see the global structure of the

temporal graph before an event. For this experiment, we select a sample from the NYC Cab



96

dataset where an event has occurred. We took four days’ temporal graph before that event

and applied our pre-trained DyGCLmodel. Then we get the pooled graph from the output

of hierarchical graph pooling layers in the global view encoder and present the graphs in

Figure 6.3. As we can see from the figure, the global structure of temporal graphs before

the event is changing a lot and our model is capturing those structures with the local and

global view encoders.
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CHAPTER 7

FUTURE WORK

The research presented in this dissertation has significantly advanced graph representation

learning in areas such as node classification, graph classification, event prediction, graph

pooling, and contrastive learning. However, several promising directions remain for future

exploration.

• Scalability and Efficiency While models like MPool and DyPool achieve state-of-

the-art performance, their computational costs can be high. Future research should

focus on optimizing these models for greater scalability and efficiency. Techniques

such as model pruning, quantization, and distributed training could reduce resource

consumption while maintaining performance. Additionally, designing lightweight yet

powerful architectures can further enhance their applicability to large-scale graphs.

• Explainability and Interpretability A key challenge in deep learning, including

Graph Neural Networks (GNNs), is model interpretability. Future work should priori-

tize developing methods that enhance the transparency of graph-based models, making

their predictions more understandable to users. This could involve designing novel vi-

sualization tools, interpretability algorithms, and integrating explainable AI (XAI)

techniques into graph learning frameworks.

• Robustness and Adversarial Resistance Ensuring the robustness of GNNs against

adversarial attacks is crucial for their deployment in critical applications. Future re-

search should investigate vulnerabilities in existing models and develop defense mech-
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anisms to improve their resilience. This includes exploring adversarial training tech-

niques tailored for complex graph structures and designing models that can detect and

mitigate adversarial manipulations.

By addressing these challenges, future work can further refine graph representation learn-

ing, making it more scalable, interpretable, and robust for real-world applications.
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CHAPTER 8

CONCLUSION

This dissertation explores various aspects of graph representation learning and its applica-

tions across multiple domains. Through three interconnected research projects, we advance

the state of the art in graph mining by emphasizing the importance of both local and global

structures in static and dynamic graphs. The key contributions and findings from each

project are summarized below.

In the first project, We present a novel method for network embedding that preserves the

local and global structure of the network. To capture the global structure and accelerate the

efficiency of state-of-the-art methods, we introduce a neighborhood similarity-based graph

compression method. We build two models, NECLand NECL-RF, where NECLprovides effi-

ciency with learning on the small compressed graph, and NECL-RFprovides effectiveness with

incorporating global information into embedding with the compressed graph. Experimental

results on various real-world graphs show the effectiveness and efficiency of our methods on

challenging multi-label and multi-class classification tasks.

In the second project, we introduce a novel motif-based graph pooling method, MPool,

that captures the higher-order graph structures for graph-level representation. Our proposed

method includes hierarchical graph pooling models for both selection-based and clustering-

based methods. Additionally, we combine these methods to develop a hybrid model. Our

experiments demonstrate that our proposed methods outperform the baseline models on a

majority of the datasets.
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In our third project, we develop a novel graph contrasting learning model for the graph

classification task. In this model, we use K-core and k-truss based graph compression for the

view generation for contrastive learning. Graph compression technique captures the global

and local structures of the graph. Our experiments demonstrate that it achieves the state-

of-the-art performance on the graph classification task, where we compare our model with

graph pooling and graph contrastive learning models.

In our last work, we propose a Dynamic Graph Contrastive Learning model DyGCL for

event prediction. There are two view encoders in our model one is a local view encoder,

and another one is a global view encoder. The local view encoder learns dynamic graph

representation by capturing the temporal local structure of input graphs, and the global view

encoder learns dynamic graph representation that encodes the temporal global structure of

the input graph. In the experiment, we show that our model outperforms existing Dynamic

GNN methods on event prediction tasks on various real-world datasets.

These projects collectively highlight the importance of integrating local and global struc-

tures in graph representation learning for both static and dynamic graphs across various

domains. Our research enhances the capabilities of graph representation learning, demon-

strating superior performance over existing methods in diverse applications. The advance-

ments presented in this dissertation lay a strong foundation for future exploration, driving

the development of more robust, interpretable, and practical models in graph-based learning.
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