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Abstract

Node classification has emerged as a critical task in graph deep learning, with

diverse real-world applications such as recommendation systems, drug discovery, and

citation networks. Although Graph Convolutional Networks and Graph Transformers

have shown strong performance in this domain, they face inherent limitations. GCNs

suffer from over-squashing, which restricts their ability to model long-range depen-

dencies, while Graph Transformers encounter scalability issues when applied to large

graphs. To address these challenges, we propose SIGNNet, A Hybrid SImilarity-aware

Graph Neural Network with Transformer for Node Classification. SIGNNet effec-

tively captures both local and global structural information, enhancing the model’s

ability to learn fine-grained relationships and broader contextual patterns in graph

data. The framework combines GCNs with a score-based similarity mechanism to im-

prove local and global node interaction modeling while mitigating the effects of over-

squashing. To tackle scalability, we introduce a Personalized PageRank-based node

sampling strategy that enables efficient subgraph generation. Additionally, SIGNNet

incorporates a novel Structure-Aware Multi-Head Attention (SA-MHA) mechanism

that integrates structural features into the attention process, allowing the model to

prioritize nodes based on their topological importance. We have conducted extensive

experiments on both homophilic and heterophilic benchmark datasets to evaluate the

effectiveness of our proposed method, SIGNNet. Our method consistently outper-

forms existing state-of-the-art approaches, demonstrating significant improvements

across all datasets. Specifically, SIGNNet achieves average accuracy gains of 6.03%,

5.47%, and 4.78% on the homophilic datasets Cora, Citeseer, and CS, respectively.

Even more substantial improvements are observed on the heterophilic datasets, with

gains of 19.10% on Wisconsin, 19.61% on Texas, 19.54% on Cornell, 7.22% on Actor,

and 14.94% on Chameleon. These results highlight the robustness and generalizability

of SIGNNet in handling diverse graph structures.
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Chapter 1

Introduction

1.1 Background

Graph structures provide powerful frameworks for modeling complex non-euclidean

relationships between entities, making them invaluable across numerous real-world ap-

plications [1]. These graph relationships can be categorized as either homogeneous,

where connections exist between nodes of identical types, or heterogeneous, where con-

nections span across different node types. Graph-based representations have proven

essential in diverse domains including social network analysis, recommendation sys-

tems, and biological network modeling [2]. Such representations facilitate enhanced

relational data modeling while providing critical insights for community detection,

node classification, and edge prediction tasks. The capacity to represent entities and

their interactions in graph form is fundamental for capturing inherent relational struc-

tures across diverse domains.

Node classification the task of predicting labels for graph nodes by utilizing both

node features and network topology presents distinct challenges in different graph

structures. In homogeneous graphs, the primary challenge involves learning from uni-

form node and edge types, whereas heterogeneous graphs require models to capture

complex multi-typed relationships and diverse node attributes. Graph Neural Net-

works (GNNs) have emerged as particularly effective models for addressing these chal-

lenges by leveraging both structural and feature information within graph data. GNNs
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excel at node classification by capturing local and global network patterns, making

them well-suited for handling complex graph structures. Among various GNN archi-

tectures, Graph Convolutional Networks (GCNs) [3] have gained significant traction.

GCNs function by propagating messages between neighboring nodes and aggregat-

ing features into unified representations. This localized feature aggregation enhances

the expressiveness of node embeddings, enabling improved performance across node

classification [4], community detection [5], recommendation systems [6], and graph

classification [7] tasks. Despite their widespread success, GCNs perform optimally

only on homophilic graphs where nodes share high feature similarity with their neigh-

bors. They encounter significant challenges when applied to heterophilic graphs, where

neighboring nodes exhibit substantial attribute differences. This limitation, known as

over-squashing [8], occurs when the model struggles to propagate information across

distant nodes, failing to capture the long-range dependencies crucial for effectively

modeling complex heterogeneous graph relationships. The Graph Transformer ar-

chitecture was introduced to address these GCN limitations, demonstrating superior

performance in node classification tasks [9]. Graph Transformers capture information

from the entire graph structure, enabling nodes to aggregate knowledge from all other

nodes through an attention mechanism. This global attention capability proves ad-

vantageous for node classification by facilitating the capture of complex dependencies

throughout the graph. However, the computational expense of calculating attention

scores between each node and every other node in the graph presents a significant

drawback, potentially capturing irrelevant information. This inefficiency can com-

promise node classification effectiveness, as not all nodes contribute meaningfully to

target node representations. Our proposed framework addresses this limitation by

selectively focusing on the most relevant nodes, thereby enhancing both classification

performance and computational efficiency.
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1.2 Motivation

Graph-structured data are used in various domains such as social networks, biolog-

ical systems, recommendation engines, and citation networks. A central challenge in

analyzing such data is the task of node classification, where the objective is to assign

meaningful labels to graph nodes using both their attribute information and the rela-

tional information embedded in the graph. Traditional Graph Convolutional Networks

have demonstrated remarkable success in this domain by leveraging neighborhood ag-

gregation. However, they are fundamentally constrained by the over-squashing phe-

nomenon, which hinders their ability to capture long-range dependencies in the graph.

On the other hand, Graph Transformers offer a global view of the graph via atten-

tion mechanisms, but their high computational cost and lack of structural bias limit

their scalability and effectiveness on large or complex graphs. The need for a unified,

efficient, and structurally aware framework that overcomes the limitations of both

GCNs and Graph Transformers provides the core motivation for this work. This the-

sis aims to address these challenges by proposing a hybrid architecture that combines

the strengths of both paradigms while introducing novel components that improve

node classification performance across a variety of homophilic and heterophilic graph

datasets.

1.3 Challenges of Node Classification

Existing methods such as SAN [10] and SNGNN++ [4], offer state-of-the-art per-

formance by addressing the common limitations of GCNs and transformers, ensuring

accurate and contextually relevant outcomes. These methods use raw node features

that contain only attribute information and lack local and global structural context.

This limitation impairs the model’s capacity to fully capture the underlying graph

topology and the intricate relationships between nodes. Additionally, computing at-

tention over the entire graph introduces scalability challenges due to the high compu-

tational cost of processing all node pairs, making these methods inefficient for large
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graphs. Another limitation is that these methods calculate attention scores based

solely on node feature similarity, neglecting critical structural information. Attempts

to capture the network using positional encodings, such as laplacian and spatial en-

codings, often fail to fully capture the graph structure. This restriction hampers the

capture of crucial relationships between distant nodes, leading to less effective results.

1.4 Overview of Project

This thesis presents SIGNNet: a Hybrid Similarity-Aware Graph Neural Network

with Transformer designed for scalable and accurate node classification. SIGNNet

integrates structural and semantic information of the network by using three key

strategies: (i) neighborhood-influenced feature learning, (ii) connection-aware feature

representation, and (iii) class-centric feature representation.

To address scalability, the framework incorporates a Personalized PageRank-based

node sampling technique that constructs informative subgraphs for each node, thereby

reducing computational complexity without significant loss of structural information.

Furthermore, the Structure-Aware Multi-Head Attention (SA-MHA) module is pro-

posed to inject structural bias directly into the attention computation, allowing the

model to focus on semantically and topologically relevant nodes.

Through extensive experimentation on eleven benchmark datasets spanning both

homophilic and heterophilic graphs, SIGNNet demonstrates significant performance

gains over existing state-of-the-art GNN and Transformer-based methods. The archi-

tecture effectively balances classification accuracy, scalability, and structural aware-

ness, making it a robust solution for real-world node classification problems.

1.5 Problem Statement

Our research presents an innovative framework designed for node classification in

graph-structured data. We aim to achieve precise node classification by systemat-

ically extracting, enriching, and utilizing intrinsic node features, effectively captur-
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ing the fundamental structural relationships and contextual information embedded

within graph topologies. Mathematically, a graph is defined as G = (V,E,X), where

V = {v1, v2, . . . , vn} represents a finite set of n nodes, E denotes the set of edges

capture the relationships between nodes, and X = [x1, x2, . . . , xn] ∈ Rn×d is the node

feature matrix, with d denoting the dimensionality of the feature space. The vector

xi is the feature vector of node vi, which represents its characteristics.

The goal is to predict the node’s label using a supervised learning framework.

This framework will construct a function f that maps input features X to the cor-

responding node labels Y . The set Y includes all possible node labels, represented

as {y1, y2, . . . , ym}. The framework is designed to improve feature representations,

helping it to work well across different nodes and predict their labels correctly. The

main goal is to create a mapping that is both accurate and flexible, ensuring better

classification results for different graph structures.

This research aims to accomplish the following goals:

• Explore the use of Structure-Aware Multi-Head Attention mechanisms to di-

rectly incorporate topological information into the attention process, facilitating

more effective integration of network structure during feature learning.

• Assess whether combining connection-aware features with class-centric represen-

tations enhances the model’s capacity to embed complex higher-order network

information within node representations.

• Evaluate the effectiveness of a strategic node-sampling approach based on Per-

sonalized PageRank for generating localized subgraphs, with the dual objectives

of improving computational scalability and preserving critical structural charac-

teristics.

• Determine if neighborhood-influenced feature aggregation techniques success-

fully capture and represent spatial dependencies among interconnected nodes

within the graph.
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Table 1.1: Overview of symbols

Notation Description
G = (V,E,X) Graph

n Number of nodes
d Dimension of node feature vector

V = {v1, v2, . . . , vn} Set of nodes in the graph
X = [x1, x2, . . . , xn] ∈ Rn×d Node feature matrix
P = [p1, p2, . . . , pn] ∈ Rn×d Convolutional feature amplification matrix

Xfinal ∈ Rn×d Final enriched feature matrix
Xsim ∈ Rn×d Similarity driven feature matrix
Xdeg ∈ Rn×d Connection-based convolutional feature matrix
Xcomp ∈ Rn×n Compatibility matrix

Y = {y1, y2, . . . , ym} Set of node label/class
A ∈ Rn×n Adjacency matrix
N(i) Neighbour of node vi
C(i) Node similar to vi

W,WQ,WV ,WK Learnable weight matrices
AT Transpose of matrix A
ȳk Representative of class k

concat Concatenation

The Table 1.1 outlines the special symbols used in this thesis, providing clarity for

the mathematical formulations discussed.

1.6 Contributions

The main contributions of SIGNNet are as follows:

[1] We introduce a novel framework that leverages both structural and semantic

graph properties to enrich node features, facilitating a deeper understanding of

node interactions and yielding enhanced model performance.

[2] We develop a dual approach combining class-centric analysis with connection

score-based methods to effectively capture higher-order contextual information

throughout the network, resulting in globally enriched node representations.

[3] We design a Structure-Aware Multi-Head Attention (SA-MHA) mechanism that
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directly incorporates network topology into attention computations, thereby im-

proving the model’s ability to represent complex network dependencies.

[4] We formulate a specialized node-sampling technique utilizing the Personalized

PageRank algorithm to generate node-specific localized subgraphs, enabling ef-

ficient training scalability while maintaining critical structural graph properties.

[5] We introduce neighborhood-influenced feature learning to aggregate spatial de-

pendencies, facilitating more robust node feature representation. This approach

improves the model’s capacity for capturing localized structural patterns.

[6] We conduct comprehensive empirical evaluation across eleven diverse bench-

mark datasets, demonstrating that our approach consistently outperforms cur-

rent state-of-the-art methods in node classification tasks.

1.7 Organizing the Thesis

This thesis is organized as follows:

• Chapter 2 reviews existing literature in the field of node classification, GCN-

based methods, and Graph Transformer-based methods.

• Chapter 3 presents the proposed methodology, including model architecture,

and algorithms.

• Chapter 4 details the experimental setup, datasets used, evaluation metrics,

performance results, and ablation studies.

• Chapter 5 discusses the limitation, future work in this direction, and model

complexity analysis.

• Chapter 6 concludes the thesis by summarizing the key findings and contribu-

tions of the work.
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Chapter 2

Literature Review

The exponential expansion of graph-structured data across diverse domains includ-

ing social networks [11, 12] and biological systems [13, 14, 15] has catalyzed significant

advancements in node classification techniques. This fundamental task involves pre-

dicting node labels by leveraging both node attributes and network connectivity pat-

terns. As graphs continue to grow in complexity and scale, researchers have increas-

ingly turned toward sophisticated deep-learning approaches. Graph Convolutional

Networks (GCNs) [3] have demonstrated remarkable efficacy in capturing localized

node dependencies, while more recent innovations [16, 17] have explored transformer-

based architectures that employ attention mechanisms to enhance the interpretation

of node relationships within extensive and intricate graph structures. For analyti-

cal clarity, we categorize the existing literature into two primary research directions:

GCN-based methodologies and Graph Transformer-based approaches.

2.1 GCNs-based Methods

GCNs represent a sophisticated deep-learning architecture specifically engineered

to transform complex graph structures into meaningful, low-dimensional representa-

tions that preserve essential topological and feature information. It systematically

updates node representations through the aggregation of information from neighbor-

ing nodes and their associated features, as illustrated in Figure 2.1. The Graph Con-
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volutional Network operates on two primary inputs: an adjacency matrix encoding

the network’s connectivity structure, and a feature matrix containing the intrinsic at-

tribute information of individual nodes within the graph. The GCN processes these

inputs to generate distinctive embeddings for each node in the network. These node

embeddings encapsulate information from neighboring node features, making them

particularly well-suited for node classification tasks [18]. The GCN operation can be

conceptualized as a series of sequential layers, with each layer systematically refin-

ing node feature representations. Following the connectivity patterns defined in the

adjacency matrix, nodes disseminate their feature information to adjacent neighbors

within the network structure.

Subsequently, in each successive layer, the model aggregates these distributed fea-

tures through a computational process typically involving linear transformation fol-

lowed by non-linear activation functions. This iterative mechanism facilitates the

accumulation of broader contextual information from throughout the network topol-

ogy, a process that is repeated across multiple layers to capture increasingly complex

structural patterns. Ultimately, the GCN generates refined node embeddings that

provide semantically enriched representations, enabling more accurate and effective

node classification.

Graph Convolutional Layers

Input Graph with 
Node Features

Hidden 

Layer

All Nodes get 

Aggregated Features

Softmax

Output

Fully Connected Layer

Figure 2.1: Graph convolutional networks

GCNs have significantly advanced node classification tasks on graphs. The APPNP

[19] employs a Personalized PageRank-based propagation scheme to enhance node

classification by expanding the utilized neighborhood, thereby improving model effi-

ciency. However, while APPNP leverages the Personalized PageRank (PPR) matrix

10



for message passing, it can occasionally introduce redundant propagation, which may

result in inefficiencies when capturing finer relationships within complex networks.

GCNII [20] enhances traditional GCNs by integrating residual and identity mappings

to tackle the over-smoothing problem, allowing for better preservation of feature infor-

mation across multiple layers. While these improvements help maintain performance,

GCNII can still encounter challenges in retaining initial node information, particularly

in deeper layers and denser graphs, which may limit its ability to capture complex re-

lationships effectively.

DisCo [21] is a graph-based disentangled contrastive learning framework for a cross-

domain recommendation, capturing fine-grained user intents and filtering irrelevant

source-domain information. It uses a multi-channel graph encoder and intent-wise con-

trastive learning guided by user similarity to enhance cross-domain knowledge transfer

and mitigate negative transfer.

DisenSemi [22] is a semi-supervised framework for graph classification that learns

disentangled graph representations using a graph encoder. It refines these repre-

sentations through supervised objectives and mutual information-based constraints

while enforcing consistency between supervised and unsupervised models via mutual

information-based regularization. The Deep Graph Mutual Learning [23] framework

is meant for Cross-domain Recommendation transfers knowledge using user-item in-

teraction graphs. It builds domain-shared and domain-specific interaction graphs and

uses parallel graph neural networks to capture user preferences.

HE-SNE [24] is a stream network embedding approach for modeling dynamic user

behaviors by capturing their evolving nature over time. Unlike traditional static em-

bedding methods, this approach represents user behaviors as temporal event sequences,

updating node embeddings based on each event. Finally, GATE-GNN [25] employs a

network ensemble to address imbalanced data, enhancing classification accuracy and

stability in challenging environments. While this ensemble-based approach effectively

handles class imbalance, the added complexity can reduce its efficiency on large-scale

graphs, posing scalability and computational overhead challenges. Each method con-

tributes distinctively to addressing the complexities of graph-structured data in su-
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pervised learning contexts. This research seeks to utilize deep learning approaches to

create a sturdy and adaptable framework for node classification across diverse scenar-

ios, addressing the complexities of graph-structured data. In the subsequent sections,

we will discuss the Graph Transformer-based methods.

2.2 Graph Transformer-based Methods

The Graph Transformer represents a powerful and highly effective architecture for

diverse graph-based tasks, including edge prediction [26], community detection [27, 28],

and node classification, consistently demonstrating superior performance across these

applications. At its architectural core, the Graph Transformer comprises two funda-

mental components: the Multi-Head Attention (MHA) mechanism and a position-wise

feed-forward network. The sophisticated MHA mechanism processes input sequences

of node features by projecting each node’s feature representation into distinct query,

key, and value spaces through learned weight matrices. This projection enables the

model to compute attention by evaluating complex interactions between these trans-

formed features, effectively capturing diverse relationship patterns among nodes within

the graph structure. By simultaneously employing multiple attention heads, the MHA

mechanism successfully captures a comprehensive spectrum of contextual information

throughout the graph network [29, 30]. The outputs generated from these various

attention heads undergo concatenation followed by a linear transformation, producing

refined node feature embeddings. This architectural design equips Graph Transform-

ers with the capacity to effectively learn intricate patterns and dependencies within

complex graph structures, rendering them particularly powerful for node classification

tasks.

Graph Transformer-based methods for node classification have introduced innova-

tive ways to enhance node representation and scalability. Gapformer [31] integrates

Graph Transformer with graph pooling, significantly reducing computational com-

plexity while maintaining long-range interactions. However, while the pooling mecha-

nism enhances efficiency, it may occasionally overlook critical local node information,
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which can impact performance in fine-grained node classification tasks. Dual-Encoding

Transformer [32] utilizes both structural and semantic encoders to enhance represen-

tation learning by capturing comprehensive node interactions. However, the integra-

tion of dual encoders can introduce synchronization challenges, especially in highly

connected or large-scale graphs where balancing structural and semantic information

becomes complex. Spectral Attention Network (SAN) [10] leverages Laplacian-based

positional encoding to mitigate over-squashing and enhance sub-structure detection,

offering strong global context modeling. HEAL [33] is a deep learning model for pro-

tein function prediction. It utilizes a hierarchical graph transformer with super-nodes

to capture structural semantics and employs graph contrastive learning to enhance

graph representation by maximizing similarity between different views. GraphSite

[34] is a DNA-binding residue predictor by leveraging protein structures predicted by

AlphaFold2. It frames the binding site prediction as a graph node classification task

and employs a transformer-based model to incorporate structural information. How-

ever, while utilizing the full Laplacian spectrum improves global representation, this

reliance may limit its ability to capture localized structural details, particularly in

graphs with distinct local variations.
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Chapter 3

Proposed Method

3.1 Overview

This section focuses on the details of SIGNNet, as shown in Figure 3.1. The frame-

work has three main parts: (a) feature augmentation and enrichment; (b) adaptive

node sampling integrated with sequence module; and (c) attention-based node classi-

fication. In the feature augmentation and enrichment module, node features are en-

hanced by integrating both local and global network information. Local information of

the network is incorporated into the node’s feature by using neighborhood-influenced

feature learning. Global information is captured in two ways: first, through connection

score, which measures a node’s importance in the network by counting its direct neigh-

bors; and second, by concatenating the most similar class-centric feature to the node’s

feature. In the adaptive node sampling integrated with the sequence module, we con-

struct node sequences by sampling relevant neighbors to capture the node’s structural

property and neighborhood information. The final enriched node features and node

sequences are passed to the attention-based node classification module, including the

Graph Transformer and a dense layer for final prediction.

3.1.1 Feature Augmentation and Enrichment

Traditional node classification methods [35, 36, 37] rely on raw node features, which

can overlook complex relationships in graph structures. In the proposed method,

15



node features are enhanced by integrating both local and global network information.

Local information is aggregated by leveraging graph convolutional networks while

global information is aggregated by connection score and class-centric mechanism, all

the steps are defined in Algorithm 3.1. This makes the feature of each node more

comprehensive, resulting in better classification performance. In the next section, we

will discuss how local information is incorporated into node features by the message-

passing technique.

Figure 3.1: Proposed architecture
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3.1.1.1 Neighborhood-influenced Feature Learning

Graph Convolutional Networks (GCNs) is a neural network that works on graphs,

capturing the relationship between connected nodes. Each node updates its features

by gathering information from its neighbors. The input to the GCNs is feature matrix

X ∈ Rn×d, where n is the number of nodes and d is the dimension of the feature

vectors and a compatibility matrix Xcomp ∈ Rn×n encapsulates pairwise feature simi-

larity, marking entries as 1 when similarity exceeds threshold and 0 otherwise. This

approach enhances the representation of nodes by covering long-range dependencies

and enriching node features with broader contextual information from the network.

There are three major steps in the GCN: aggregation, combination, and updating as

shown in Figure 3.2. In the aggregation step, each node vi aggregates information from

its similar nodes C(i) and itself. This information is weighted based on the degree of

the node vi and vj denoted by di and dj respectively, adjusting how much each node

contributes. In the combination step, the aggregated information is processed through

a learnable weight matrix W (l), which refines the node features into more meaning-

ful representations. Finally, in the updating step, a non-linear function is applied to

update the features for the next layer as shown in Equation 3.1:

h
(l+1)
i = σ

 ∑
vj∈C(i)∪{i}

1√
di · dj

h
(l)
j W

(l)

 (3.1)

where h
(l)
j represents the features of node vj at layer l and σ denotes sigmoid ac-

tivation function. In summary, GCN is applied to the graph structure for the feature

enrichment of each node. This leads to a convolutional feature amplification matrix

P = [p1, p2, . . . , pn] ∈ Rn×d that effectively captures semantic information. In the fol-

lowing section, we will explore the concept of Connection-aware feature representation.
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Figure 3.2: Neighborhood-influenced feature learning

3.1.1.2 Connection-aware Feature Representation

Features are further improved by connection score, a basic measure of a node’s

importance within the graph. Connection score deg(vi) evaluates the connectivity of

a node by counting the number of adjacent nodes in the network. This metric is very

helpful for determining how influential a node is in the network. Mathematically, the

connection score for a node vi is defined in Equation 3.2.

deg(vi) =
n∑

j=1

Aij (3.2)

The adjacency matrix is a square binary matrix of size A ∈ Rn×n, where n is the

total number of nodes in the graph. Each element Aij in the matrix is equal to 1

if there is a direct edge between node vi and node vj otherwise, it is 0. This means

that deg(vi) is calculated by summing up all the values in the row corresponding to

node vi, effectively counting the total number of edges connected to vi. Including

the connection score enriches the node’s feature vector by adding information about

how well-connected each node is in the graph. This enhancement provides the model

with a clearer view of the node’s role within the network. Once the connection score

is computed for each node, it is integrated into the node’s feature vector to form

a connection-based convolutional feature matrix Xdeg ∈ Rn×d. This integration is

performed by adding the connection score deg(vi) directly to the feature vector p(vi)

of each node vi obtained by the message passing. The resulting feature vector xdeg(vi)

is thus computed as shown in Equation 3.3.
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xdeg(vi) = p(vi) + deg(vi) (3.3)

After adding the connection score to each node’s feature, the updated node feature

now reflects its importance within the network [38], which will contribute to accurate

predictions. In the next section, we discuss about class-centric feature representation.

Algorithm 3.1 Node feature enhancement for graph transformer

Input: Adjacency matrix A ∈ Rn×n , Compatibility matrix Xcomp ∈ Rn×n, Feature
matrix X ∈ Rn×d, class labels {y1, y2, . . . , ym}
Output: Final feature matrix Xfinal ∈ Rn×d

1: for each node vi ∈ V do
2: h

(l+1)
i = σ(

∑
vj∈C(i)∪{i}

1√
di·dj

h
(l)
j W

(l))

3: end for
4: P = [p1, p2, . . . , pn] ∈ Rn×d

5: for each node vi ∈ V do
6: deg(vi) =

∑n
vj=1Aij

7: Xdeg(vi) = P (vi) + deg(vi)
8: end for
9: for yk ∈ {y1, y2, . . . , ym} do
10: x̄k =

1
|yk|

∑
vi∈yk xi

11: end for
12: for vi ∈ {v1, v2, . . . , vn} do
13: for yk ∈ {y1, y2, . . . , ym} do
14: sim(xi, x̄k) =

xi·x̄k

∥xi∥∥x̄k∥
15: end for
16: k = argmaxk sim(xi, x̄k)
17: Xsim(vi) = [x(vi), x̄k]
18: end for
19: Xfinal = [Xdeg, Xsim]

3.1.1.3 Class-centric Feature Representation

We compute class-centric features that encapsulate the features of all nodes belong-

ing to the same class. This leads to including the global context of graph structure in

the node feature. For each class yk, we calculate a class representative x̄k, which is the

average of the feature vectors of all nodes vi that belong to class yk. This computation
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is formalized in Equation 3.4:

x̄k =
1

|yk|
∑
vi∈yk

xi (3.4)

where |yk| denotes the number of nodes in class k, and xi ∈ Rd represents the

feature vector of node vi. The resulting class representative x̄k serves as a centroid in

the feature space, capturing the central tendency of the features within that class. For

each node vi, we calculate the cosine similarity sim(xi, x̄k) between its feature vector

xi and each class representative x̄k. This similarity measure, defined in Equation 3.5,

shows how closely the node’s features align with the characteristics of each class.

sim(xi, x̄k) =
xi · x̄k
∥xi∥∥x̄k∥

(3.5)

After computing the similarities, the class representative that exhibits the highest

similarity with the node vi is identified. This most similar class representative is then

concatenated with the original feature vector of the node to produce the similarity-

enriched feature matrix Xsim ∈ Rn×2d, as described in Equation 3.6.

xsim(vi) = [X(vi) ∥ x̄k for k = argmax
k
sim(xi, x̄k)] (3.6)

This approach allows each node to inherit global information about its class, im-

proving its feature representation by integrating not only its own attributes but also

the typical characteristics of the class it is most similar to. This similarity-enriched

feature matrix enhances the ability of the model to generate more correct predictions

by considering both local node features and broader class-level patterns.

The final feature matrix Xfinal ∈ Rn×3d is initially formed by concatenating two

distinct matrices: the connection-based convolutional feature matrix Xdeg ∈ Rn×d

and the similarity-enriched feature matrix Xsim ∈ Rn×2d. This process expands the

dimensionality of the final feature matrix to encompass both local and global informa-

tion, offering a robust representation that adeptly handles the complexities of graph

structures. Following this expansion, Xfinal is processed through a fully connected
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layer that compresses its dimensionality down to d, resulting in a streamlined final

features matrix Xfinal ∈ Rn×d. This compression step prepares the enriched features

for classification tasks. These feature vectors are subsequently utilized as inputs

in the classification model, enhancing the classification performance. In the next

section, we discuss the node sampling technique.

The Algorithm 3.1 enhances node features in a graph by performing several

operations sequentially. Initially, from lines 1 to 4, it aggregates weighted features

from each similar node based on the Compatibility matrix, applies a non-linear

transformation, and creates a convolutional feature amplification matrix P ∈ Rn×d.

Subsequently, lines 5 to 8 compute each node’s connection score and enhance its

features by incorporating this score into the convolutional feature amplification matrix

P , resulting in a connection-based convolutional feature matrix Xdeg ∈ Rn×d. Lines

9 to 11 focus on deriving class-centric features for each class from the nodes within

those classes. The final steps, lines 12 to 18, involve computing cosine similarities

between each node’s features and these class-centric features, concatenating with

the most similar class-centric feature to form a similarity-driven feature matrix

Xsim ∈ Rn×d, and combining Xsim ∈ Rn×d and Xdeg ∈ Rn×d to produce the final

feature matrix Xfinal ∈ Rn×d. This process effectively utilizes both local connectivity

and global class information to refine node representations for improved performance

in node classification.

Algorithm 3.2 Sampling matrix creation

Input: Adjacency matrix A ∈ Rn×n, c is damping factor and, I ∈ Rn×n is identity
matrix
Output: Sampling matrix S ∈ Rn×n

1: Initialize a matrix D ∈ Rn×n with all zeros.
2: d = A× 1
3: for vi ∈ {v1, v2, . . . , vn} do
4: D[vi][vi] = d[vi]
5: end for
6: Â = A×D−1

7: S = c(I − (1− c)Â)−1
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3.1.2 Node Sampling and Sequence Construction

In traditional methods [10, 38], the Graph Transformer typically processes the

entire graph, considering all nodes and edges together, which may raise scalability

concerns. To address this our framework uses a node sampling technique based on

the Personalized PageRank (PPR) algorithm [39] to create subgraphs around each

node defined in Algorithm 3.3. Using the sampling matrix S ∈ Rn×n where n is

the number of nodes in the graph defined in Algorithm 3.2, we identify the most

influential nodes relative to a given node v. The vector r is defined for each node as

shown in Equation 3.7:

r = c(I − (1− c)Â)−1ev (3.7)

where Â is the transition matrix calculated as,

Â = A×D−1 (3.8)

where I ∈ Rn×n is the identity matrix, D ∈ Rn×n is the degree matrix, A ∈ Rn×n is

the adjacency matrix, ev is a one-hot vector representing the node v, and c is damping

factor. The node sampling process begins by calculating scores from the sampling

matrix S ∈ Rn×n, where each row reflects the relative influence of all nodes with

respect to node v. To prevent the node from sampling itself, the diagonal entry is

set to a large negative value. Next, the top k1 neighbors of the node v are identified

based on their PPR scores, selecting those with the highest influence within the local

neighborhood.

Following this, probabilistic sampling is performed, selecting a subset of nodes

with positive PPR scores, along with the top k1 neighbors, to form the subgraph. The

indices of these sampled nodes, together with node v itself, are then used to construct

the subgraph, ensuring that each subgraph contains k1 + 1 nodes. This approach

effectively captures both highly connected and structurally diverse neighborhoods,

allowing the model to focus on locally significant nodes while maintaining the overall
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graph structure. In the following module, we will explore the third component of our

framework, which focuses on attention-based node classification.

In Algorithm 3.2, lines 1 − 6 efficiently compute the transition matrix by Equa-

tion 3.8. This normalization balances node influence across the graph. This forms

Â, a symmetric matrix that scales adjacency relations based on normalized degrees,

enhancing graph structure representation. Lines 7 compute the sampling matrix S by

incorporating the transition matrix and a damping factor c. It will be further used in

finding the subgraph of each node in the graph explained in Algorithm 3.3.

• selectNode(vi, sample index, p): It takes input as a node, the number of nodes

to be selected, and probability vector p. It randomly selects r number of nodes

with weighted probability without repetition.

• select(top neighbor index, k1−r): It takes input as the top neighbor index and

the number of nodes to be selected. It returns randomly selected k1 − r nodes

from the top neighbor index.

In Algorithm 3.3, the initialization of data list in line 2 sets up storage for subgraphs

of each node. For each node vi, its entry in the sampling matrix S is set to −∞ in line

4 to prevent self-inclusion in subgraphs. The top k1 influential neighbors are identified

in line 5, and the entry for vi is reset to zero in line 6. The positive entries in S[vi] are

counted between lines 8− 12, followed through the calculation of a probability vector

p for sampling in line 15. For each node, q subgraphs are generated by sampling nodes

using p in line 18, with additional nodes selected from top neighbors to complete

the subgraph size in line 22. The resulting subgraphs are stored in data list in line

25. This approach efficiently combines matrix operations and stochastic sampling to

generate localized subgraphs for each node.

3.1.3 Attention-based Node Classification

The drawbacks of Graph Transformer are discussed in this section along with

solutions for better classification. Graph transformers use only the node features to
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calculate the attention score which ignores the structural property of the network.

To address this, we introduce a structural encoding vector to incorporate structural

details into the attention process.

Algorithm 3.3 Subgraph sampling for ensemble

Input: Sampling matrix S, nodes v1, v2, . . . , vn, number of nodes in each subgraph
k1, number of samples q
Output: Subgraphs of each node

1: data list← []
2: for vi ∈ {v1, v2, . . . , vn} do
3: s = S[vi]
4: s[vi] = −∞
5: top neighbor index = s.argsort()[−k1 :]
6: s = S[vi]
7: s[vi] = 0
8: count = 0
9: for vj ∈ {v1, v2, . . . , vn} do
10: s[vj] = max(s[vj], 0)
11: if s[vj] > 0 then
12: count = count+ 1
13: end if
14: end for
15: r = min(count, k1)
16: sub data list← []
17: p = s/s.sum
18: for m ∈ {1, 2, . . . , q} do
19: if r > 0 then
20: node sample id = selectNode(vi, r, p)
21: else
22: node sample id = []
23: end if
24: remaining nodes = select(top neighbor index, k1 − r)
25: node sample id = concatenate(vi, node sample id, remaining nodes)
26: sub data list.append(node sample id)
27: end for
28: data list.append(sub data list)
29: end for
30: Return data list

3.1.3.1 Structure-Aware Multi-Head Attention

Structure-Aware Multi-Head Attention (SA-MHA) is introduced to address above

mentioned limitations. For a pair of nodes vi and vj, multiple views of structural infor-
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mation are captured in a structural encoding vector, denoted as ψ, which enhances the

attention mechanism. The attention score β is computed as defined by Equation 3.9.

β =
QKT

√
d

+ ψ (3.9)

Here, d represents the dimension of the key vectors, while Q and K denote the learn-

able weight matrices for the query and key, respectively. The structural encoding

ψij is generated by concatenating multiple structural encoding functions represented

by Equation 3.10.

ψij = Concat(αm(vi, vj) | m ∈ {0, 1, . . . ,M − 1}) (3.10)

Here, Concat is a concatenation operation. Each structural encoding function αm

captures a specific aspect of the relationship between the node pair defined in Equa-

tion 3.11. In our approach, we consider the structural order in which node pairs are

connected. The structural encoding functions are defined in Equation 3.11:

αm(vi, vj) =

Ãm[i, j], if m < M − 1

0, otherwise

(3.11)

where Ã = Norm(A + I) is the normalized adjacency matrix including self-

connections. Thus, the first M − 1 dimensions ofϕij encode the probabilities of reach-

ability from 0-order (identity relationship) to (M − 2)-order between nodes vi and vj,

preserving fine-grained structural information for each node pair.

3.1.3.2 Prediction

The prediction process in our framework leverages the attention mechanism to

incorporate both the graph’s structural information and the positional relationships

between nodes. This process begins with encoding the input features Xfinal ∈ Rn×d

and applying a linear transformation to elevate them into a space with higher dimen-

sionality defined in Equation 3.12:
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H(0) = Linear(Xfinal) (3.12)

The initial encoded representation is refined using the SA-MHA, allowing the model

to simultaneously capture different parts of the graph while incorporating structural

biases. The query, key, and value matrices for the attention heads are computed as

Q(l) = H(l−1)W
(l)
Q , K(l) = H(l−1)W

(l)
K , V (l) = H(l−1)W

(l)
V . The attention score for each

head is computed using the scaled dot-product defined by Equation 3.13, enhanced

by structure-aware encoding.

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

+ ψ

)
V (3.13)

where ψ represents the attention bias, capturing both structural and positional re-

lationships between the nodes. After the attention scores are computed, the output

passes through a feed-forward network (FFN), which applies two linear transforma-

tions separated by a GELU activation function as expressed by Equation 3.14.

FFN(H(l)) = GELU
(
H(l)W1 + b1

)
W2 + b2 (3.14)

Residual connections and layer normalization are then applied to stabilize the training

process as illustrated by Equation 3.15.

H(l+1) = LayerNorm(H(l) + FFN(H(l))) (3.15)

Finally, the hidden representation H(l) is used for prediction by applying a lin-

ear transformation followed by a softmax function to produce class probabilities as

expressed by Equation 3.16.

T = softmax
(
H(L)Wout + bout

)
(3.16)

The predicted class for each node is determined by choosing the class with the

greatest probability in the output distribution T ∈ R1×u where u is a number of

26



classes in the dataset. This method ensures that the final predictions fully use the

structural and positional information embedded in the graph, allowing for accurate

node classification within complex network systems.
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Chapter 4

Experimentation and Result

This section presents the datasets used for the experiments and the comparison

of our proposed method with existing Graph Transformer-based and GNN-based ap-

proaches. Then we discuss the hyperparameter information and perform the ablation

studies.

4.1 Datasets

To validate our method’s adaptability we experiment on both homophilic and

heterophilic datasets summarized in Table 4.1. Homophilic datasets include Cora,

Citeseer, and Pubmed, where nodes are likely to link with similar others. Heterophilic

datasets such as Wisconsin, Texas, Cornell, Chameleon, Actor, CS, Photo, and Squir-

rel in which nodes belonging to different classes are more prone to being connected. To

understand the structural properties of the datasets we compute the following graph

metrics.

• Average Degree (AD) [40]: To understand the graph structure, we calculate

the average degree of nodes in each dataset. A high degree generally means

a dense graph, which can then influence the learning efficiency of graph-based

deep learning models.

• Clustering Coefficient (CC) [41]: This metric helps to measure the tendency of

nodes to cluster together, such that get a tightly connected cluster of nodes. In

29



general, a graph with a very high clustering coefficient has a high probability

that nodes in the community will be connected.

• PageRank Centrality (PRC) [42]: We calculate the PageRank centrality to the

order of incoming links to calculate the importance of each node. In particular,

it is useful in node classification tasks since it can be used to identify influential

nodes that should be of vital importance when information flows through the

network directly affecting the classification results.

• Homophily Ratio (HR) [43]: This metric helps to measure the feature similar-

ity of labeled nodes that are connected in a network. High symmetry ratios

mean that nodes are connected with nodes in the same class, which can greatly

influence the efficiency of node classification algorithms.

• Triangles (Tri) [40]: To understand how different parts of the network are con-

nected, the probability of forming dense clusters and to better understand local

connectivity, we count of triangles for each node.

4.1.1 Cora, Citeseer, and Pubmed

The Cora, Citeseer, and Pubmed [44] datasets are traditional citation networks

that are widely adopted in graph-based tasks. In these networks, the node represents

the research paper while edges connect nodes in cases where one paper cites the other.

The node features are sparse bag-of-words vectors obtained from the paper textual

content, and each feature indicates the presence of specific text in the paper.

4.1.2 CS

The Coauthor CS [45] dataset models a graph where nodes represent individual

authors connected by edges if they have co-authored a paper. This forms a network

reflecting real-world academic collaborations. Node features often include embeddings

from their publications, such as bag-of-words from paper keywords, offering semantic

insights into their research domains.
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4.1.3 Photo

The Amazon Photo [45] dataset forms a graph where each node represents a

photography-related product, linked by edges when products are frequently purchased

together, mirroring consumer buying behaviors on e-commerce sites. Node features

include bag-of-words extracted from product reviews, offering valuable insights into

consumer preferences and the attributes of the products.

Table 4.1: Summary of homophilic and heterophilic datasets

Dataset # Nodes # Edges # Classes # Features Tri AD CC PRC HR

Homophilic Datasets

Cora 2,708 5,429 7 1,433 1.81 3.90 0.240 0.000369 0.810

Citeseer 3,327 4,732 6 3,703 1.05 2.74 0.140 0.000301 0.736

PubMed 19,717 44,327 3 500 1.90 4.50 0.060 0.000051 0.802

CS 18,333 163,788 15 6,805 14.04 8.93 0.343 0.000055 0.808

Photo 7,650 238,162 8 745 281.33 31.13 0.404 0.000131 0.827

Heterophilic Datasets

Wisconsin 251 499 5 1,703 1.41 2.05 0.208 0.003984 0.196

Texas 183 295 5 1,703 1.10 1.78 0.198 0.005464 0.108

Cornell 183 280 5 1,703 0.97 1.65 0.167 0.005464 0.131

Actor 7,600 26,752 5 931 2.81 3.95 0.080 0.000132 0.219

Squirrel 5,201 198,493 5 2,089 5534.86 41.74 0.422 0.000192 0.224

Chameleon 2,277 31,421 5 2,325 451.99 15.85 0.481 0.000439 0.235

Note: # Nodes = Number of nodes, # Edges = Number of edges, # Classes = Number
of classes, # Features = Number of features per node, Tri = Average triangle count, AD =
Average degree, CC = Clustering coefficient, PRC = PageRank centrality, HR = Homophily
ratio.

4.1.4 Texas and Wisconsin

The Texas and Wisconsin [46] datasets are smaller-scale web networks, frequently

utilized to test model performance on challenging graph structures. In these datasets,

nodes represent web pages, and edges correspond to hyperlinks between them. The

node features are binary vectors indicating the presence or absence of specific keywords

on the web pages.
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4.1.5 Actor

The Actor [47] dataset, derived from the film industry, features a unique graph

structure where nodes are actors and there are edges between nodes if they have

collaborated professionally. The characteristics of the actors including gender, birth

year, and the genres of movies they have appeared in, provide a wide range of datasets

for model evaluation.

4.1.6 Cornell

The Cornell [48] dataset is a popular website network in which nodes are web pages

and if there is a hyperlink from one page to another then there is an edge between

them. Node features are the bag-of-words representation of web pages. Web pages

can be classified into the five classes student, project, course, staff, and faculty.

4.1.7 Squirrel and Chameleon

The Squirrel and Chameleon [49] dataset are popular Wikipedia page-page net-

work. In which nodes are the articles from Wikipedia and if there are hyperlinks

between the articles then there is an edge between them. Node features indicate the

presence of particular nouns in the articles. The nodes were classified into 5 classes in

terms of their average monthly traffic.

4.2 Comparison Methods

We compare SIGNNet with the existing methods to show its effectiveness. In this

section, we summarize the various methods used for comparison in our experiment.

We start with GNN-based methods and conclude with the graph transformer-based

methods.

32



4.2.1 GNN based Methods

We compare the performance of SIGNNet with the following GNN-based ap-

proaches.

[1] GCN [3] applies a scalable approach to graphs by using a simplified version of

convolutional neural networks directly on graph data. It learns node represen-

tations that capture both local structure and node features.

[2] GAT [50] introduces graph attention networks, which use self-attention layers to

allow nodes to focus on their most important neighbors.

[3] APPNP [19] is based on GCN and PageRank to improve node classification in

graphs. It is called Personalized propagation of neural predictions (PPNP), uses

a propagation scheme based on Personalized PageRank and its faster version is

APPNP.

[4] GCNII [20] is an improved version of GCN that solves the over-smoothing prob-

lem. Two techniques are used such as initial residual connections and identity

mapping. It was performing better than the existing methods present at that

time.

[5] ACM-GCN [51] addresses the issue of heterophily in Graph Neural Networks

(GNNs), where connected nodes significantly differ, often leading to underper-

formance. The Adaptive Channel Mixing (ACM) framework, leverages dynamic

utilization of aggregation, diversification, and identity channels in each GNN

layer.

[6] GATv2 [52] is an enhanced version of the original Graph Attention Network

(GAT). To overcome the drawbacks of GAT it uses dynamic attention in place

of static attention, which allows it to handle more complex graphs and perform

better over a range of graph structures.

[7] Non-local GNNs [53] introduce a new framework for graph neural networks

(GNNs) that utilizes non-local aggregation, which is essential for tasks on graphs

33



with low homophilic coefficients. The author suggests an effective attention-

based technique for non-local aggregation and demonstrates how local aggrega-

tion can be harmful for certain kinds of graphs.

[8] FSGNN [37] is simple and improves performance by selecting only the most

useful features from graph data. L2-Normalization and SoftMax are used to

eliminate less informative features that were collected from neighbors.

[9] SNGNN++ [4] is a method created to overcome the difficulties in heterophilic

graphs, in which nodes of the same class do not always need to be connected.

To address this, a matrix is calculated to show the similarity between the nodes,

helping with better aggregation and improving model performance.

[10] UniG-Encoder [54] uses a projection matrix to transform node connections into

edge features, which are processed by a neural network. A reverse transforma-

tion is used to derive the node embeddings, and they are used for graph-based

tasks. In contrast to existing methods, UniG-Encoder seamlessly couples node

features and graph structures while performing well with both heterophilic and

homophilic graphs.

[11] Geom-GNN [46] finds that message-passing neural networks generally do not

adequately capture structural information and detect distant relationships in

graphs. To deal with it, the geometric aggregation scheme employs the ideas

from the network geometry to achieve worthwhile exploitation of the continuous

space below the graph structure. The whole approach is based on node embed-

ding, mapping of structural neighborhoods, and dual-level aggregation. These

components are incorporated into the GeomGCN model to significantly improve

direct graph learning.

4.2.2 Graph Transformer based Methods

We compare the performance of SIGNNet with the following Graph Transformer-

based approaches.
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[1] SAN [10] uses learned positional encoding (LPE) to capture the full laplacian

spectrum, which supports the model to understand the position of the nodes

in the graph. The LPE is added to the node features, and then the fully con-

nected transformer network processes the aggregate features. This approach

offers deeper insights into the graph structure and enhances model performance.

[2] UniMP [55] is a method that combines feature and label propagation for better

classification from the graph convolutional network and the label propagation

algorithm. It uses a graph transformer to process feature and label embeddings,

and to reduce overfitting uses a masked label prediction strategy.

[3] DET [32] is designed to improve the scalability in large graphs. It uses two

encoders first is the structural encoder, which aggregates the information from

neighbors and second is the semantic encoder, which finds semantically related

nodes. This method performs better for node classification tasks.

[4] Adaptive Graph Transformer AGT [40] is introduced to enhance node classifi-

cation in graphs. To overcome the limitations of existing graph transformers,

it incorporates trainable centrality encoding and kernelized local structure en-

coding to capture structural properties effectively. Additionally, it includes an

adaptive transformer block, boosting performance on node classification tasks.

[5] NAGphormer [56] is designed to handle large graphs efficiently. It uses a

Hop2Token module that turns neighborhood features from different hops into

multiple tokens for each node, instead of treating each node as a single token. It

also learns more informative node representations compared to advanced Graph

Neural Networks (GNNs).

[6] Gapformer [31] is designed to improve node classification using Graph Trans-

formers. It focuses on two issues: the first is irrelevant information from distant

nodes, and the second is high computational cost. This method overcomes these

issues by using graph pooling, which reduces the number of nodes for attention

while keeping long-range information, thus reducing complexity.
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[7] SoftGNN [57] Graph neural networks excel in networks where similar nodes

connect but struggle in heterophilic networks with dissimilar connections. In-

troduces a label-guided GNN that leverages node labels to selectively aggregate

neighborhood information across different classes. By incorporating an adaptive

attention mechanism, this model enhances node representation distinguishability

and generalizes better across varying network types.

4.3 Experimental Results

In this section, we present a comprehensive overview of the experimental setup,

describing the datasets, model configurations, hyperparameter settings, and evaluation

metrics. Following this, we discuss the performance comparison on both homophilic

and heterophilic datasets.

4.3.1 Experimental Setup

To evaluate the performance of the SIGNNet, we run this model using the Adam

optimizer for the GCN with a learning rate of 0.01 and a weight decay of 5e-4. The

hidden dimensions are set to 128, and dropout of 0.3 to avoid overfitting. We used the

AdamW optimizer for the Graph Transformer model with an initial learning rate of

2e-4 and an ending learning rate of 1e-9. The hidden dimensions are set to 128 with

a dropout of 0.3. The weight decay is 0.01, and the batch size of 32. To evaluate the

performance of SIGNNet, we use accuracy as an evaluation metric. We implement

our method using PyTorch Geometric (PyG) [58] and PyTorch [59]. The datasets are

publicly available on PyG, and we use the same node and label attributes as provided

in these datasets. We divide each dataset into 60% for training, 20% for validation,

and 20% for testing to maintain consistent evaluation across the model.
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4.3.2 Performance on Homophilic Datasets

From the results presented in Table 4.2, it is clear that SIGNNet achieves state-

of-the-art performance on three out of the five datasets, which underscores the ef-

fectiveness of our proposed method. Our analysis compares methods based on both

graph neural networks and graph transformers. Unlike Non-local GNNs [53], which

mainly focus on heterophilic datasets and tend to overlook local network informa-

tion, our method enhances node features by aggregating both structural and semantic

information of the network. This is achieved through the use of connection scores

and class-centric features, leading to improved performance. Specifically, the accu-

racy of Non-local GNNs on the Cora, Citeseer, Pubmed, CS, and Photo datasets are

88.50%, 76.20%, 89.06%, 94.28%, and 94.18% respectively. The performance of the

PubMed dataset, while competitive, reveals certain challenges specific to its structure.

Its sparse structure, with few connections and low clustering, makes it challenging for

our proposed method to effectively gather and spread information but less critical for

baselines focused on overall graph properties. Also, the lack of influential nodes in

PubMed makes it hard to capture wider network patterns, a limitation less significant

for some baseline models. Moreover, the sampling strategy employed in our approach

may hinder the effectiveness of subgraph generation, impacting overall performance.

In contrast, SIGNNet surpasses Non-local GNNs on four out of these five datasets,

with improvements of 3.95%, 4.94%, 3.08%, and 0.66% for Cora, Citeseer, CS, and

Photo respectively. These results demonstrate the enhanced capability of SIGNNet

in handling datasets where similar nodes are more likely to be connected, thereby

providing a more accurate classification performance. AGT [40] demonstrates strong

performance in node classification but encounters scalability challenges because it

processes the entire graph for each classification task. To address this, our proposed

method employs a sampling technique that not only mitigates scalability issues but

also emphasizes the importance of neighboring nodes. This focus enhances the under-

standing of local node interactions and improves performance on homophilic datasets,

where similar nodes are more likely to be connected. The accuracies of AGT on
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Table 4.2: Comparison of models on homophilic datasets (Accuracy in %)

Model Cora Citeseer PubMed CS Photo

Graph Neural Network-based Methods

GCN [3] 86.92±1.33 76.13±1.51 88.42±0.50 89.11±0.70 85.94±1.18

GAT [50] 87.34±1.14 75.75±1.86 86.33±0.48 88.53±0.54 87.13±1.00

APPNP [19] 87.75±1.30 76.53±1.61 86.52±0.61 94.49±0.07 94.32±0.14

GCNII [20] 86.08±2.18 74.75±1.76 90.15±0.43 84.23±0.78 67.06±1.74

ACM-GCN [51] 87.91±0.95 77.41±1.78 90.30±0.52 94.83±0.24 90.34±1.82

GATv2 [52] 87.25±0.89 75.72±1.30 85.75±0.55 88.46±0.61 81.52±3.23

Non-local GNNs [53] 88.50±1.80 76.20±1.60 89.06±0.27 94.28±1.82 94.18±0.19

FSGNN [37] 88.23±1.17 77.40±1.93 89.78±0.38 95.15±0.48 92.58±0.78

SNGNN++ [4] 88.13±0.98 77.75±1.75 87.23±0.42 92.26±1.28 93.67±0.97

UniG-Encoder [54] 88.49±1.10 77.78±1.70 89.76±0.46 94.57±1.93 92.92±1.27

Geom-GNN [46] 85.35±1.57 78.90±1.15 89.95±0.47 95.64±2.81 93.35±1.40

Graph Transformer-based Methods

SAN [10] 81.91±3.42 69.63±3.76 81.79±0.98 94.51±0.15 94.86±0.10

UniMP [55] 84.18±1.39 75.00±1.59 88.56±0.32 94.20±0.34 92.49±0.47

DET [40] 86.30±1.41 75.37±1.41 86.28±0.44 93.34±0.31 91.44±0.49

AGT [40] 81.65±0.41 70.95±0.62 81.48±1.69 87.16±2.18 88.49±0.92

NAGphormer [56] 85.77±1.35 73.69±1.48 89.70±0.19 95.75±0.09 95.49±0.11

Gapformer [31] 87.37±0.76 76.21±1.47 88.49±0.44 94.48±0.36 92.34±0.63

SoftGNN [57] 86.34±0.85 76.91±1.57 89.45±0.35 95.38±1.27 92.17±0.54

SIGNNet 92.45±1.13 81.14±0.52 87.89±2.10 97.36±0.81 94.84±0.61

the Cora, Citeseer, Pubmed, CS, and Photo datasets are 81.65%, 70.95%, 81.48%,

87.16%, and 88.49%, respectively. In contrast, SIGNNet outperforms AGT across all

five datasets with significant improvements. Specifically, SIGNNet achieves enhance-

ments of 10.80% for Cora, 10.19% for Citeseer, 6.41% for Pubmed, 10.20% for CS, and

6.35% for Photo. These results highlight SIGNNet’s superior capability in handling

diverse dataset characteristics effectively.
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4.3.3 Performance on Heterophilic Datasets

From the results presented in Table 4.3, it is evident that SIGNNet achieves state-

of-the-art performance on five of the six datasets, underscoring the robustness of our

proposed method. FSGNN [37] primarily utilizes local features and neglects the struc-

tural property of the network. This approach generally results in diminished perfor-

mance on heterophilic graphs, where nodes belonging to different classes are more

likely to be connected. To address this limitation, our

Table 4.3: Comparison of models on heterophily datasets

Model Wisconsin Texas Actor Cornell Chameleon Squirrel

Graph Neural Network-based Methods

GCN [3] 52.55±4.27 60.81±8.03 28.73±1.17 60.54±5.30 64.82±2.24 53.43±2.01

GAT [50] 57.45±3.51 62.16±4.52 28.33±1.13 61.89±5.05 60.26±2.50 40.72±1.55

APPNP [19] 55.29±3.90 61.62±5.37 29.42±0.81 73.51±0.37 54.30±0.77 32.37±0.51

GCNII [20] 52.54±7.32 58.91±4.32 25.40±0.97 77.86±3.79 63.56±3.04 38.47±1.58

ACM-GCN [51] 88.28±3.64 87.99±4.64 36.08±1.03 85.14±6.07 66.93±1.85 54.40±1.88

GATv2 [52] 52.74±3.96 60.54±4.55 28.79±1.47 50.27±8.97 62.20±2.11 50.80±3.01

Non-local GNNs [53] 87.30±4.30 85.40±3.80 37.90±1.30 84.90±5.70 70.10±2.90 59.00±1.20

FSGNN [37] 88.43±3.22 87.57±4.86 35.75±0.96 87.84±6.19 78.95±0.86 74.10±1.89

SNGNN++ [4] 89.02±3.36 88.65±4.90 34.20±1.26 87.84±4.81 80.83±0.94 75.48±1.98

UniG-Encoder [54] 87.84±3.90 85.95±3.90 35.79±0.39 86.75±6.56 81.06±1.21 74.39±2.17

Geom-GNN [46] 64.51±3.58 66.76±2.78 31.46±1.25 60.54±3.67 60.00±2.81 38.15±0.92

Graph Transformer-based Methods

SAN [10] 51.37±3.08 60.17±6.66 27.12±2.59 50.85±8.54 48.74±5.25 46.36±3.27

UniMP [55] 79.60±5.41 73.51±8.44 35.15±0.84 66.48±12.5 69.17±0.18 65.84±2.37

DET [32] 54.90±6.56 56.76±4.98 28.94±0.64 72.18±7.14 67.94±3.71 64.26±0.87

AGT [40] 83.20±4.10 79.14±4.29 35.74±0.51 73.28±4.82 75.83±3.84 73.67±3.84

NAGphormer [56] 62.55±6.22 63.51±6.53 34.33±0.94 56.22±8.08 75.17±3.85 68.27±3.91

Gapformer [31] 83.53±3.42 80.27±4.01 36.90±0.82 77.57±3.43 81.04±1.65 70.98±2.31

SoftGNN [57] 88.63±3.37 88.11±4.39 36.68±0.86 78.92±3.78 81.67±1.81 74.16±0.39

SIGNNet 90.20±1.66 92.24±2.81 39.82±1.25 91.35±0.48 83.97±0.37 73.49±0.51

method incorporates a compatibility matrix that facilitates information sharing

among similar nodes and integrates class-centric features to provide a comprehensive
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view of each class. This dual strategy enhances our understanding of the network

and significantly improves performance. The accuracies of FSGNN on the Wisconsin,

Texas, Actor, Cornell, Chameleon, and Squirrel datasets are 88.43%, 87.57%, 35.75%,

87.84%, 78.95%, and 74.10%, respectively. In stark contrast, SIGNNet demonstrates

superior performance over FSGNN on five of these six datasets, with accuracy im-

provements of 1.77% for Wisconsin, 4.67% for Texas, 4.07% for Actor, 3.51% for Cor-

nell, and 5.02% for Chameleon. These enhancements highlight SIGNNet’s effective

adaptation to the challenges posed by heterophilic datasets and its ability to leverage

both local and global network properties for improved classification results. Gap-

former [31] faces challenges like quadratic complexity and noise from irrelevant nodes

in node classification, which SIGNNet addresses effectively. SIGNNet reduces com-

plexity through a Personalized PageRank-based node sampling method that limits the

number of nodes processed. It also incorporates a Structure-Aware Multi-Head Atten-

tion (SA-MHA) mechanism, which integrates structural information into the attention

process, focusing on topologically significant nodes and reducing noise from irrelevant

ones. Additionally, SIGNNet enhances node representation by employing connection

scores and class-centric features, allowing for a better capture of both local and global

graph properties. These improvements enable SIGNNet to handle the graph structure

more adeptly, thereby improving its performance in node classification tasks across

various datasets. The accuracies of Gapformer on the Wisconsin, Texas, Actor, Cor-

nell, Chameleon, and Squirrel datasets are 83.53%, 80.27%, 36.90%, 77.57%, 81.04%,

and 70.98%, respectively. In clear contrast, SIGNNet significantly outperforms Gap-

former across all these datasets, demonstrating notable improvements. Specifically,

SIGNNet achieves enhancements of 6.67% for Wisconsin, 11.97% for Texas, 2.92%

for Actor, 13.78% for Cornell, 2.93% for Chameleon, and 2.51% for Squirrel, under-

lining its superior performance across a range of graph environments. Furthermore,

SIGNNet is compared against NAGphormer[56], SoftGNN [57], SAN [10], and many

other advanced methods in node classification. SIGNNet consistently outperforms

these methods by significant margins across all evaluation metrics. This thorough

comparison emphasizes the robustness and effectiveness of SIGNNet specifically in
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node classification tasks. By surpassing existing benchmarks, SIGNNet proves its ca-

pability to effectively utilize graph structural and feature information, thus improving

node classification performance across diverse datasets.

4.4 Ablation Studies

To show the effectiveness of individual components employed in our proposed

method, we perform ablation studies by removing one component at a time from

our proposed framework and evaluate how each contributes to performing on three

datasets: Cora, Citeseer, and Actor. It provides insight into the role any individual

component plays in the feature representation and the classification performance

of the model. Additionally, we assess the behavior of the model with a different

number of epochs, visualize learned embeddings, and examine the effects of varying

transformer layers and subgraph counts to gain insights into the adaptability and

effectiveness of the framework.

4.4.1 Modal Component Analysis

To understand the importance of each module in the framework, we remove one

module at a time and investigate its effect on the framework, comparing the results on

the homophily and heterophily datasets as shown in Table 4.4 and Table 4.5. Next,

we discuss the effect of each module in the framework.

a) Impact of Neighborhood Influence Learning Feature: It works by using

message passing to add local features from neighboring nodes into each node’s feature,

making the node features more informative. By including this local information, we

enhance the overall understanding of the node’s position in the network. If we remove

this module, the node features will not include any local context.

b) Impact of Connection-aware Feature Representation: We incorporate

broader information into each node’s feature by adding its connection score, which

measures how influential a node is within the network. Connection score helps capture
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the importance of a node in its immediate surroundings. If this part is removed, the

node features will lose their global context, reducing their ability to reflect the node’s

influence within the network.

c) Impact of Class-centric Feature Representation: We incorporate global

information into each node by aggregating class-centric features. The class-centric

information is calculated by taking the average of the feature vectors for all nodes

that belong to the same class. If we remove this module, the node features will be

missing the broader contextual understanding of the graph structure, and this would

negatively impact the method’s performance.

Table 4.4: Performance on homophilic datasets across different configurations

Configuration Cora Citeseer Pubmed CS Photo

W/o GCN 87.45±1.10 74.44±0.57 83.54±1.50 94.64±0.78 93.74±0.51

W/o Cscore 91.95±0.85 80.97±0.45 87.12±1.24 96.81±0.65 94.17±0.49

W/o CR 90.77±1.07 78.79±0.35 86.14±2.07 96.24±0.62 93.88±0.55

SIGNNet 92.45±1.13 81.14±0.52 87.89±2.10 97.36±0.81 94.84±0.61

W/o GCN = Without graph convolutional network, W/o Cscore = Without connection score,
W/o CR = Without class representative

Table 4.5: Performance on heterophilic datasets across different configurations

Configuration Actor Wisconsin Texas Cornell Chameleon Squirrel

W/o GCN 36.15±1.17 84.79±1.42 87.05±2.53 86.84±0.35 80.28±0.29 70.68±0.44

W/o Cscore 38.14±0.95 89.57±1.37 90.87±2.63 91.15±0.37 83.17±0.32 72.78±0.37

W/o CR 37.15±1.15 89.46±1.47 91.89±2.61 89.75±0.41 83.21±0.28 73.29±0.46

SIGNNet 39.82±1.25 90.20±1.66 92.24±2.81 91.35±0.48 83.97±0.37 73.49±0.51

W/o GCN = Without graph convolutional network, W/o Cscore = Without connection score,
W/o CR = Without class representative

4.4.2 Performance Comparison across Various Layers

In this subsection, we evaluate the classification performance of our method by

varying the number of transformer layers from 1 to 5. As the number of layers in-
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(a) Cora (b) Citeseer (c) Actor

Figure 4.1: Performance analysis across varying transformer layers

creases, the transformer captures more structural information from the network, gen-

erally improving classification performance. However, it can also cause overfitting.

For example, Cora and Citeseer achieve better results with 3 layers, while the Actor

dataset performs better with 2 layers. Thus, the selection of layers must be done

carefully, taking into account the structural characteristics of the dataset for better

performance. The following graphs Figure 4.1(a), Figure 4.1(b), and Figure 4.1(c)

shows how the number of layers affects the performance of the Cora, Citeseer, and

Actor datasets respectively.

4.4.3 Performance Comparison across Various Subgraphs

In this section, we analyze how changing the number of subgraphs affects the SIGN-

Net performance. The model exhibits the lowest performance with a single subgraph,

while performance steadily improves as the number of subgraphs increases, reaching

its peak at five subgraphs. Further increases lead to a decline in performance. Fig-

ure 4.2(a), Figure 4.2(b), and Figure 4.2(c) display the results for subgraph counts of

1, 3, 4, and 7 across the Cora, Citeseer, and Actor datasets respectively, highlighting

significant variations in performance.
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(a) Cora (b) Citeseer (c) Actor

Figure 4.2: Performance analysis with varying subgraph counts

(a) Cora (b) Citeseer (c) Actor

Figure 4.3: Performance analysis with varying damping factor value

4.4.4 Performance Comparison across Various values of

Damping Factor

We analyze the role of the damping factor in the Personalized PageRank (PPR)

algorithm and its impact on model performance across different datasets. The restart

probability controls the balance between local and global exploration in a graph. To

guarantee a bias toward nodes nearby, the random walker either returns to a pre-

determined starting node at each step or keeps investigating nearby nodes. When

the value of restart probability is small then it encourages a more comprehensive ex-

amination of the graph, and when the number is high then it more focuses on local

neighbors. Cora’s performance improves with a higher restart chance as shown in Fig-

ure 4.3(a), and Citeseer gives the best performance when the value is 0.15 as shown

in Figure 4.3(b). The Actor’s accuracy, on the other hand, varies, suggesting a more

intricate link as shown in Figure 4.3(c). These results show that the damping factor

is an important parameter.
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(a) Cora (b) Citeseer (c) Actor

Figure 4.4: Performance analysis with varying number of heads in graph transformer

4.4.5 Performance Comparison across Various Numbers of

Attention Heads

To evaluate the performance gain achieved by employing different numbers of at-

tention heads. We carried out our experiments on three benchmark datasets such as

Cora, Citeseer, and Actor to show the significance. The number of attention heads in a

graph transformer is crucial because it enables the model to focus on various node-to-

node interaction characteristics by capturing several attention patterns at once. The

large number of attention heads helps to capture complex patterns and identify more

intricate dependencies within the graph. However, too many heads can raise computa-

tional overhead and model complexity, which could result in overfitting or performance

degradation. The accuracy varies with the number of attention heads, highlighting

dataset-specific trends. We observe a different trend in all the datasets as the number

of attention heads increases. In Cora, a general trend is observed, the performance

of the model increases as the number of heads increases as shown in Figure 4.4(a),

while Citeseer reaches its peak performance at a specific value before stabilizing as

shown in Figure 4.4(b). Due to the dense nature of Actor dataset has a more complex

pattern, where accuracy increases at a smaller number of heads and then gradually

declines with larger values as shown in Figure 4.4(c). These results indicate that the

optimal number of attention heads is dataset-dependent and is required to achieve

good performance.
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(a) Cora (b) Citeseer (c) Actor

Figure 4.5: Test and validation accuracy over epochs

4.4.6 Accuracy Comparison Over Epochs

In this subsection, we illustrate the performance of the method over time. In the

initial phase of learning on the Cora dataset, the training accuracy increases rapidly

as the model understands the dataset. Validation accuracy is also increasing but at

a slower pace shown in Figure 4.5(a). As the training proceeds, both the training

and validation accuracies converge, indicating that the model learns well and does not

overfit. This trend indicates that the model handles the dataset well and achieves

good classification results after several epochs. From Figure 4.5(b), we can clearly see

that the Citeseer dataset is a little bit more complex than the Cora dataset as during

the training validation accuracy is less steady, going up and down across the epochs,

which shows that the model has a harder time generalizing to new data compared

to Cora dataset. The Actor dataset is a heterophilic graph, and the Figure 4.5(c)

clearly shows how difficult it is to find nodes correctly for the model. Both training

and validation accuracy start at low points, while training accuracy improves steadily,

validation accuracy changes do not fully stabilize, reflecting the difficulties of the Actor

dataset, where the model is challenged to always achieve better results.

4.4.7 Cora Dataset Visualization

In this subsection, we present a wide view of the Cora dataset after the model

has learned through structural and feature-based transformations. This visualization
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(a) Before Training (b) After Training

Figure 4.6: Cora dataset visualization before and after training

captures the initial representation of the node embeddings before training shown in

Figure 4.6(a), showing minimal separation between classes. After training with the

proposed method, the node embeddings are improved by capturing both the structure

and semantic contexts of the network, highlighting how the method enhances the

embeddings such that nodes that belong to the same class are closer to each other

shown in Figure 4.6(b). This progression illustrates the method’s ability to effectively

organize and classify the nodes, leading to more accurate node classification.
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Chapter 5

Discussion

We present SIGNNet, a novel framework designed for node classification by inte-

grating both semantic and structural properties of the network into the node features.

SIGNNet leverages a Personalized PageRank algorithm to generate subgraphs specific

to each node which addresses scalability issues associated with Graph Transformers.

Additionally, we propose a structure-aware mechanism that aggregates the structural

information in the attention process of the network. Our proposed method offers

significant advancements in node classification by employing some novel techniques.

5.1 Limitations and Future Work

The proposed framework shows promising outcomes. However, some technical

limitations and future directions are described below.

5.1.1 Limitations

• Dependency on Labeled Graphs: This method is not suitable for unsuper-

vised and semi-supervised tasks as we are dealing with the dataset in which

nodes are labeled.

• Partial Loss of Global Structural Information: The node sampling method

preserves key features for efficiency while improving the scalability of the graph

transformer with little effect on larger network information.
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• Disconnected Graphs: A significant challenge arises when dealing with dis-

connected graphs, as the absence of connections between components restricts

the flow of information. Since graph convolutional networks rely on neighbor-

hood aggregation for feature propagation, nodes in different disconnected com-

ponents remain isolated, limiting the model’s ability to learn meaningful rep-

resentations across the entire graph. Additionally, our sampling strategy may

inadvertently select nodes only from the same component, leading to biased

subgraph formation, which affects generalization.

• Edge Directions and Temporal Information: Our framework does not ex-

plicitly incorporate edge directions or temporal dependencies, which may limit

its applicability to dynamic or directed graphs. In real-world scenarios, edge

directions are crucial in representing asymmetric relationships, such as citation

networks or knowledge graphs, where information should flow in a specific direc-

tion. Similarly, time-evolving graphs require models that account for the tem-

poral ordering of edges to capture evolving node interactions. The lack of these

mechanisms may hinder the model’s performance on tasks requiring sequential

or directional information processing.

• Class Imbalance: The presence of a class imbalance in node classification tasks

can negatively impact model performance. When certain classes are underrep-

resented, the model may struggle to learn discriminative features for minority

classes, leading to biased predictions. Prior studies [60, 61, 62] have explored

strategies to address class imbalance in GNNs, but our approach does not in-

clude explicit mechanisms for handling skewed class distributions. This remains

an important direction for future work.

5.1.2 Future Work

SIGNNet primarily focuses only on node classification tasks. However, our pro-

posed framework can be expanded to additional graph tasks such as:
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[1] Community Detection: relies on identifying densely connected substructures

within a graph. The graph convolutional network of our framework inherently

preserves homophily by aggregating local neighborhood features, making it well

suited to detect community structures [63]. By stacking multiple GCN layers,

the model captures higher-order dependencies, which enhances the detection

of hierarchical communities. Additionally, our class-centric feature aggregation

can be adapted to generate community-level embeddings. When combined with

graph-theoretic measures such as modularity and degree centrality, these embed-

dings can aid in detecting influential nodes or community hubs [64], improving

the framework’s applicability to community detection tasks.

[2] Link Prediction: Our framework can be extended to link prediction by modi-

fying the subgraph extraction process to generate an induced subgraph centered

around a node pair. Instead of sampling multiple subgraphs, we construct a

single localized subgraph that encapsulates the structural context between the

two nodes, ensuring that their direct and indirect connections are preserved. To

model pairwise interactions effectively, the Graph Transformer’s structure-aware

attention mechanism is adapted to compute edge-level attention scores, allowing

the model to dynamically assess the importance of potential links based on sur-

rounding connectivity patterns [26]. This mechanism ensures that structurally

significant edges contribute more to the learned representations. Additionally,

our framework integrates positional encodings to capture the global structural

roles of nodes within the induced subgraph. These encodings enable the model to

retain essential topological information, ensuring that it can distinguish between

existing and potential links based on their relative positions within the graph.

While our framework exhibits strong potential for these tasks, we acknowledge

that further empirical validation is necessary. Consequently, our thesis explicitly

outlined this as a future research direction.

[3] Graph Classification: Our current framework employs the Graph Transformer

primarily for node-level representations. To extend it for graph-level classifica-
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tion, future work will explore hierarchical pooling techniques (e.g., DiffPool,

TopK pooling) to generate compact graph embeddings. Additionally, incor-

porating global self-attention mechanisms could enhance structural awareness.

Benchmarking on standard graph classification datasets will further assess its

efficacy.

However, it is worth noting that not all components of our proposed method apply

to every task; however, certain components can effectively address specific challenges.

Further research and experimentation can help overcome these limitations, enhancing

the method’s effectiveness and suitability for real-world node classification tasks.

5.2 Model Complexity Analysis

In this section, we have conducted a comprehensive complexity analysis, evaluating

both the time complexity and parameter count of our proposed method in compar-

ison with multiple state-of-the-art methods. All experiments were conducted on a

Linux server equipped with an AMD Ryzen 5 5600X 6-core processor (3.70 GHz),

32 GB RAM, and an NVIDIA GeForce RTX 3050 GPU. The detailed comparison

of computation time and parameter counts across different models is presented in

Table 5.1. Our analysis reveals interesting trade-offs between model complexity and

performance. When compared to GNN-based methods, SIGNNet has a larger param-

eter count but achieves superior accuracy compared to other models. Notably, while

GCNII [20] demands more computational time than SIGNNet, it fails to match SIGN-

Net’s performance benchmarks. In the context of graph transformer-based approaches,

SIGNNet’s parameter count exceeds most comparative methods, with Gapformer [31]

being the sole exception. Despite its larger architecture, Gapformer requires signif-

icantly more computation time than SIGNNet while achieving lower performance.

SIGNNet maintains competitive computation times relative to other models in the

benchmark suite. In contrast, the SIGNNet framework optimally balances computa-

tional efficiency and model complexity. Despite having a moderate number of param-

eters (0.700320 million), SIGNNet delivers a competitive inference time of 0.009067
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Table 5.1: Inference time and number of parameters of various methods

Models Time (seconds) Parameters (millions)

GNN-based Methods

GCN [3] 0.007458 0.184

GAT [50] 0.007691 0.185

GCNII [20] 0.043489 0.354

UniG [54] 0.001305 0.369

FSGNN [37] 0.001446 0.646

Graph Transformer-based Methods

Gapformer [31] 0.014067 0.786

SAN [10] 0.008996 0.509

DET [32] 0.008757 0.490

UniMP [55] 0.001662 0.333

SIGNNet 0.009067 0.700

seconds. Overall, SIGNNet achieves superior performance with a balanced level of

computational complexity, making it well-suited for real-world deployment scenarios

with limited computational resources. Additionally, we provide a detailed breakdown

of the computational complexity of our proposed framework’s key components such as

SA-MHA and Personalized PageRank sampling. We break down the computational

cost of its key components as follows:

1. Neighborhood Influence Feature Learning Module: The complexity of

this module is O(l|E|d2), where l represents the number of layers, |E| is the number

of edges, and d is the feature dimension. This reflects the computational cost of

aggregating neighborhood information across multiple layers.

2. Connection Score Computation: Calculating the connection score for

each node involves iterating through all edges, leading to a complexity of O(n2),

where n is the number of nodes in the graph. Once these scores are computed,

integrating them into node features requires additional O(nd) operations.
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3. Class-centric Feature Computation: Extracting Class-centric features

involves two main steps:

• Computing the initial feature representation incurs a complexity of O(nd).

• Generating the similarity-driven feature matrix requires O(ndm) operations,

where m is the number of classes. Since m is a constant, the overall complexity

for this step simplifies to O(nd).

4. Personalized Page Rank Sampling Technique: The sampling operation

within SIGNNet involves an exhaustive search across node relationships, which can

be computed in time O(mul(n)), where mul(n) denotes the time complexity of matrix

multiplication for matrices of order n× n.

5. Structural-aware Attention Mechanism: The attention mechanism oper-

ates with a complexity of O(nqk1), where q is the number of sampled nodes, and k1

represents the number of nodes in each subgraph. Since q and k1 are constants and

significantly smaller than n, this component simplifies to O(n), ensuring scalability

concerning the sampled subgraph size.

The computational demands of SIGNNet are comparable to those of other state-of-

the-art methods. Furthermore, our evaluations indicate that SIGNNet consistently

achieves high-performance metrics across most datasets.
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Chapter 6

Conclusion

We propose SIGNNet, a novel framework for node classification that effectively

integrates both structural and semantic information into node features, which ini-

tially contain only attribute-level data. Our approach enriches node representations

through three key mechanisms: neighborhood-influenced feature learning, connection-

aware representation, and class-centric feature encoding. The neighborhood-influenced

feature learning component utilizes Graph Convolutional Networks (GCNs) to embed

local structural context into node features, allowing the model to better differentiate

between classes based on local connectivity patterns. Meanwhile, the connection-

aware and class-centric modules encode broader network context and node relevance,

resulting in richer and more discriminative feature representations. To address the

computational limitations associated with Graph Transformers, SIGNNet incorpo-

rates a Personalized PageRank-based node sampling strategy, which efficiently selects

the most influential nodes within a subgraph. This approach significantly reduces

computational overhead without sacrificing performance. Furthermore, we introduce

a Structure-Aware Multi-Head Attention mechanism, which combines feature simi-

larity with graph structural information to enhance the effectiveness of the attention

process. Experimental results demonstrate that SIGNNet consistently outperforms ex-

isting state-of-the-art models across both homophilic and heterophilic graph datasets.

Compared to Gapformer, SIGNNet achieves notable accuracy improvements on ho-

mophilic datasets: 5.08% on Cora, 4.93% on Citeseer, 2.88% on CS, and 2.5% on
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Photo. On heterophilic datasets, it outperforms Gapformer by 6.67% on Wisconsin,

11.97% on Texas, 2.92% on Actor, 13.78% on Cornell, 2.93% on Chameleon, and

2.51% on Squirrel. In comparison with SNGNN++, SIGNNet achieves gains of 4.32%

on Cora, 3.39% on Citeseer, 0.66% on Pubmed, 5.10% on CS, and 1.17% on Photo

among homophilic datasets. For heterophilic datasets, it surpasses SNGNN++ by

1.18% on Wisconsin, 3.59% on Texas, 5.62% on Actor, 3.51% on Cornell, and 3.14%

on Chameleon. These results clearly demonstrate the strength of our approach. By

integrating both local and global contextual information into node features while ad-

dressing the scalability limitations of Graph Transformers, SIGNNet provides a robust,

efficient, and accurate solution for node classification in diverse graph settings.
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