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Xii Abstract

Diploma Thesis

Graph Representation Learning with Edge Heterophily Discriminating

Syrago AKrivousi

Abstract

Graph Representation Learning (GRL) has gained a lot of attention from researchers. Mod-
ern GRL methods have been observed to face challenges on graphs with heterophilic edges,
which exist in real data. However, in order to build an effective model for this purpose,
complex neural architectures are designed, which require a large number of parameters for
training, making them inaccessible for use in real-life applications where resources are lim-
ited. In this thesis, a method for graph representation learning with edge discrimination, called
GREET, is proposed to address this issue. Moreover, a knowledge distillation strategy is pro-
posed to overcome the weaknesses of existing models due to the volume of parameters while
preserving the performance and decision-making capabilities of the model. In particular, first
a teacher model is trained on offline data, and then a distillation loss function is applied to a
student model in order to transfer the knowledge from the teacher to a smaller model, which
requires fewer parameters. According to the experiments that are performed on six datasets,
two homophilic and four heterophilic, they demonstrate that the GREET model performs
better than the state-of-the-art GRL models, especially on heterophilic graphs. The imple-
mentation of the knowledge distillation strategy, based on the experimental results, proves to
be an effective approach, as it remarkably reduces the computational cost while preserving
the model performance in great measure. The proposed approach in this study aims to con-
tribute to the use of complicated neural architectures in applications with limited resources
to handle graphs with both homophilic and heterophilic edges since real-world data contain

both types of edges.

Keywords:
Graph representation learning, Heterophic graphs, Knowledge distillation, Edge discrimina-

tion, Model compression
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Lepiinym xiil

Authopoatikny Epyacio
Expadnon Avanapdotaong I'papov pe Awoyopiopo Etepoyevov Akpmv

2vpayo Akpiooon
Iepiinyn

H pébnon avamapdotaong ypdowv xel kepdicel peydAn mpocoyn amd tovg epevvntéc. 'Exet
napatnpndet 0Tt o1 cVYYpoveg PEBodoL avTipeTOnilovy TPOKANGELS GE YPAPOLS LE ETEPO-
YEVELG AKUEG, Ol OTTOTEC LITAPYOVY OTO TPAYUATIKA dedopéEva. QoTOC0, Yo vo dnpovpyn et
£Va AMOTEAEGUATIKO LOVTEAO Y10 TO GKOTO avTO, GYEO1ALOVTOL TOAVTAOKEG VEVPMOVIKES Olp-
YLTEKTOVIKEG, O1 OTTOIEC OaNTOVV HEYAAO aplOUd TAPAUETP®VY KATA TNV EKTOIOEVOT, YEYOVOG
7OV TIS KAO1oTA aAmpOGLTES Y10 YPNON O TPUYUOTIKEG EQAPLOYES OTOV Ol TOPOL EIVaL TEPLO-
PLOUEVOL. XTIV TapoHGO SIMAMUOTIKY £pyacia, TpoteiveTat o néBodog expadnong avamo-
pactoonc Ypaewv pe dtakpion akpav, n omoia ovopaletor GREET, yuo tv avtipetdmion
avtob tov {ntuatoc. EmmAéov, mpoteivetan o otpatnykn andotang yvoong yo va Ee-
TEPAGTOVV Ol OSVVAIES TOV VPIGTAUEVOV HOVTEA®V eEa1TiOG TOV OYKOL TOV TOPAUETPOV,
STNPOVTOG TAPAAANAQ TIG OLVATOTNTEG AMYNG OTOPACEDY TOL HOVIEAOV. LVYKEKPIUEVA,
TPAOTO EKTOLOEVETOL EVOL LOVTEAD SOIGKAAOL GE OEOOUEVA EKTOC GVUVOESTG KOl GTN GLVEXELN
EPAPUOCETAL 1O GLVAPTNOT ATMOAELNG OTOGTAENG O £VOL LOVTEAD LoONTY), TPOKEEVOD V.
petapepBel N yvoon amd Tov 04oKAAO GE £va LKPOTEPO LOVTEAO, TOV OmoLTel AYOTEPES
TOPOUETPOVG. ZOUPMOVO, LE TO TEPALOTO TOV TPAYLATOTOMONKAY G& €1 GUVOAN OEOOUE-
VOV, V0 OLOYEV KO TEGGEPQ ETEPOYEVT], amodetkvieTat 0Tt To0 GREET £yetl kaAvtepn amd-
doom amd To GVYYPOVA LOVTELD, 101mG o€ eTEPOVEVEIC Yphpovc. H epappoyn g otpatnytkig
andoTagNG YVOONGS, LE PACT TO TEWPAUATIKG ATOTEAEGLOTAL, OTOOEIKVOETOL ATTOTEAEGLLOTIKTY)
TPOGEYYIOT, KAOMG LELMVEL GNUOVTIKA TO VTOAOYIGTIKO KOGTOGC, SLOTPMVTOS TAPAAANAQ GE
peyoro Babud v amdo0cN TOV HOVTEAOV. TNV TOPOVGH HEAETN, | TPOTEWVOUEVT TPOGEY-
YoM GLUPAAEL GTT (PO TOADTAOK®OV VEVPOVIKDV OPYLTEKTOVIKAOV GE EPOPLOYES LLE TEPLO-
PLOUEVOLG TOPOVGS Y10 TOV XEPIGUO YPAP®V LLE OPOYEVELS Kol ETEPOYEVELG OKUES, EPOGOV TA
O€d0UEVA TOV TTPAYLOTIKOD KOGLOV TEPLEYOLV KOl TOLG OVO TOTOVS UKUMV.
AéCarc-kAre10nd:

ExudOnon avamapdotaong ypdeov, Etepoégirot ypdeot, Andotaln yvoong, Alaympiopdg

KOV, ZVUUTIECT] LOVTEAOL
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Chapter 1

Introduction

Researchers have increasingly used graphs as a fundamental format for representing and
analyzing complex data in recent years. Many real-life applications, such as social networks [3],
biological networks [4], and recommender systems [5], commonly use them. Recently, graph
neural networks (GNNs) have achieved remarkable progress and have become widespread
in tasks such as link prediction, node classification, graph classification, and graph represen-
tation learning [6, [7]. The rapid evolution of deep learning and the flexible structure of graph
data have played a key role in this development. GNNs exploit the topology of the graph to
be able to extract important patterns and features from it. In this way, GNNs handle graph-
based data with more accuracy and efficiency [8, 9]. However, despite the large number of
GNN architectures designed, a critical challenge in this area is processing heterophilic data,
that is, graphs of nodes with dissimilar attributes or with different labels that are more likely

to connect.

Conventional GNNs mainly use homophilic data, which are graphs where nodes with
similar labels are likely to be connected, as shown in the Figure [[1]. Researchers have
acknowledged the drawbacks of GNNs, which usually make them inefficient on heterophilic
data due to their natural bias towards homophilic structures [10]. This limitation has led to
the development of advanced GNN models, which have robust performance in various data
situations. The development of GNNs specifically for heterophilic graphs marks a significant

improvement in the field of graph representation learning.

Furthermore, traditional GNNs face some additional challenges when applied to unsuper-
vised graphs, as node labels are not available to guide the learning process. The labels provide

direct evidence, so edge discrimination can be incorporated into supervised node classifica-

1
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2 Chapter 1. Introduction
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Figure 1.1: Examples of homophilic and heterophilic graphs (Left (a): a citation network;

Right(b): an online transaction network) [[1]].

tion models [11]. Nevertheless, it is difficult to distinguish edge types based exclusively on
node characteristics and graph structure in unsupervised scenarios, especially for edges con-
necting nodes with moderate similarities. Consequently, novel GNN models currently being
designed for heterophilic and unsupervised graphs aim to address these challenges, enabling
more accurate and efficient representation learning in a more extensive range of graph-based
applications.

These advanced GNN models for heterophilic graphs are highly complicated and com-
putationally expensive, which makes them challenging to implement in real-world environ-
ments with limited resources. Knowledge distillation has emerged as a promising solution to
address this problem, as a simpler student model is trained to replicate the performance of
a more computationally complicated model, which is the teacher. This technique has been
successfully applied to a variety of domains, enabling smaller models in Natural Language
Processing [[12], efficient models in Speech Recognition [[13] and accurate models in Medi-
cal Diagnosis [|14]. The transfer of knowledge from the teacher model to the student model
dramatically reduces computational resource requirements and achieves high performance.
This methodology provides multiple advantages for practical implementations, such as the
ability of robust GNNs to be integrated into devices with limited computational and power

capabilities.
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The contribution of the thesis diploma is summarised as follows:

* We study a number of state-of-the-art methods for representing heterophilic graphs
in an unsupervised scenario and consider the GREET model [2], which integrates a

module for edge discrimination with a representation learning module.

* In addition, we propose a knowledge distillation framework for the reduction of train-
ing parameters in the domain of graph representation learning. In doing so, it facilitates
knowledge transfer between a large model and a variant of it, which has lessened com-

putational requirements.

The thesis is structured in five chapters, starting with the introduction of the thesis, pre-
sented in chapter 1. In chapter 2, the material of related works is reviewed, while chapter 3
presents the GREET model and discusses the importance of developing an efficient knowl-
edge distillation framework in the domain of graph representation learning to reduce the
computational requirements of the model. In chapter 4, the models examined in the thesis,
the datasets used, and the experimental setup adopted for their evaluation with the results

produced are presented. Finally, this thesis ends with the conclusions in Chapter 5.
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Chapter 2

Related Work

2.1 Introduction to Graph Representation Learning

The field of representation learning for heterophilic graphs has become increasingly sig-
nificant for dealing with complex real-world challenges such as social network analysis, rec-
ommendation systems, and fraud detection [[15]. We can find interesting patterns and enhance
decision-making procedures in a variety of applications by utilizing the inherent connections

and heterogeneity inside these graphs.

2.1.1 Graph Neural Networks

A Graph Neural Network (GNN) is a specialized deep learning model designed to work
with graph-structured data, where nodes represent entities and edges represent relationships
between them. GNNs generate embeddings for each node by iteratively combining the em-
beddings of its neighbors, effectively capturing the node’s local and global context within the
graph. This process enables the model to learn how a node’s status is influenced by its inter-
actions with its neighbors. GNNs can be trained in various frameworks, including supervised
learning with labeled data, semi-supervised learning with a mix of labeled and unlabeled data,
and unsupervised learning without any labels, making them versatile for numerous applica-
tions like social network analysis, recommendation systems, and biological network model-
ing. Furthermore, GNNs are well suited for tasks such as node classification, link prediction,

and graph classification.

5
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6 Chapter 2. Related Work

2.1.2 Types of Nodes in a Node Classification in GNNs

In the classification of nodes in GNNs there are three categories of nodes, training nodes,
transductive test nodes and inductive test nodes [16]. Training nodes are labeled nodes that
are used during the training phase. They have their embeddings, which are computed at the
last level of the GNN and are used to compute the loss function during training. Transductive
test nodes are nodes whose labels are not available but their features are accessible during
the training phase. They also have their embeddings computed by the GNN but do not con-
tribute to the computation of the loss function. On the other hand, inductive test nodes are
unseen nodes that the model encounters after training. They are totally excluded from the

computation of the GNN embedding and the loss function during the training.

2.1.3 Graph Convolution Networks

Graph convolutional networks (GCNs) are a popular category of GNNs and generalize
traditional convolutional neural networks to the graph domain []. GCNs have two types that

can overlap: spectral-based and spatial-based methods.

1. Spectral-based GNNs: A spectral representation of the graphs is applied in spectral
techniques. The methods are defined theoretically from the perspective of graph signal
processing. The initial recognized study on spectral-based GNNs was published by
Bruna et al.(2013) [[17]. Subsequently, spectral-based GNNs have seen a rising number
of advancements, extensions, and approaches. ChebyNet, as proposed by Defferrard et
al. (2016) [118], is a spectral-free filter that eliminates the need for eigenvector analysis
and achieves a large reduction in complexity. It approximates the spectral filter using
Chebyshev polynomials. A similar technique is used by Cayley [[19]. Until recently, a
large number of spectral-based GNNs had emerged [20, 21].

2. Spatial-based GNNs: Based on the structure of the graph, spatial techniques define
convolutions directly on it. The spatial-based convolution method aggregates nodes’
surrounding information and is an extension of the traditional Euclidean convolution
technique. Because of their ability to be transferred, confined nature, and reduced com-
putational cost, these convolutions have proven to be quite appealing. The initial spa-
tial techniques were developed using CNN [22] and random walks [23, 24, 25]. Fol-
lowing that, Gilmer et al. (2017) proposed the MPNN model [26], which solidified

Institutional Repository - Library & Information Centre - University of Thessaly
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2.1.4 Graph Representation Learning 7

the message-passing mechanism in spatial techniques to unify several variants. The
GraphSAGE model [[7] generates embeddings by uniformly sampling a fixed-size set
of neighbors and aggregating their features instead of using the entire neighbor set.
Xu, Hu et al. (2018) found that GNNs’ message passing can’t distinguish certain graph
structures, so they created GIN [8], which improves representation by adjusting the
central node’s feature weight. More recently, there have been efforts to enhance the

representational power of GNNs [27, 2§].

2.1.4 Graph Representation Learning

Graph representation learning (GRL), also known as graph embedding, is a subfield of
machine learning that focuses on embedding graph structures into continuous vector spaces,

facilitating tasks such as node classification, link prediction, and graph clustering.

* Conventional GRL methods typically employ deterministic approaches to directly en-
code graph topology and node attributes into low-dimensional representations. Some
examples of these methods use random walks to construct the nearest neighbors, such
as Node2vec, LINE, and DeepWalk [29, 25, 24]. In addition, techniques like VGAE [30]
and ARGA [31] leverage autoencoder-like design to maximize the agreement between

neighboring nodes.

» Contrastive GRL methods emphasize learning representations by maximizing agree-
ment between different views or augmentations of the same graph while discriminat-
ing them from other graphs. These approaches frequently rely on strategies for self-
supervised learning. Examples are GraphCL [32], which investigates the implementa-
tion of contrastive learning in graph-level learning challenges, and GRACE [33], which
generates augmented views by edge dropping and feature masking. Furthermore, con-

trastive methods are more robust and perform better in unsupervised scenarios.
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8 Chapter 2. Related Work

2.1.5 Heterophilic Graphs: Importance of Developing GNNs

The graph learning community usually divides graphs into homophily and heterophily
categories based on node labels in order to facilitate learning. Homophilic graphs are charac-
terized by nodes that tend to connect with similar nodes, often resulting in clusters of nodes
with similar features or labels. This is a common scenario in social networks, where peo-
ple with similar interests or demographics form tight-knit communities. This type of net-
work has been extensively studied, partly due to its straightforward nature. Conversely, het-
erophilic graphs have nodes that are more likely to form connections with other nodes that
are not similar to them, resulting in a more varied collection of connections. This kind of
graph is prevalent in scenarios such as recommendation systems or collaborative networks,
where diverse interactions are beneficial. Nevertheless, learning about heterophilic graphs
presents greater challenges. Numerous GNNs have been developed to improve performance
in environments characterized by low homophily. Geom-GCN [34] introduces an innova-
tive geometric aggregation method to address the issues of losing neighborhood structural
information and lacking long-range dependencies. Furthermore, H2GCN [10] aggregates in-
formation from higher-order neighborhoods, separating ego and neighbor embeddings and
combining intermediate representations. More recently, GGCN [35] presented a strong and
more comprehensive method that tackles the differences in features and degrees between
surrounding nodes by combining learned degree corrections and signed messages, thereby

reducing the homophily assumption included in GCNS.

2.2 Knowledge Distillation

Knowledge distillation is a machine learning technique used to build effective models
without appreciably compromising performance. It accomplishes this by training a compact
model (student) to mimic the behavior of a larger, more complex model (teacher), hence
addressing the need to deploy models in environments with limited resources [36, 37]. This
technique transfers knowledge to the student model by utilizing the insights that the teacher
model received during training. Knowledge distillation aims to maintain the teacher model’s
excellent performance while lowering computing requirements, making the student model

appropriate for real-world scenarios where speed and resource efficiency are crucial [38, 39].
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2.2 Knowledge Distillation 9

GNNs have benefited significantly from the application of knowledge distillation, which
has helped to minimize their size and computing requirements. This method allows effective
GNNs to be used in real-life situations without greatly sacrificing their functionality. For
distillation on graphs, output logits [40], graph structures [41], and embeddings [42] are the
three types of data that can be thought of as transferable knowledge.

The application of knowledge distillation is essential in graph-based models in the area of
GRL to enable them to be used despite their high computational requirements. Large GNNs
that are designed for this task achieve high accuracy, but they are unsuitable for real-time or
resource-constrained applications due to their extensive processing requirements. By using
knowledge distillation, a smaller and more efficient GNN can be trained to mimic the per-
formance of a larger model. In this manner, the computational load is significantly reduced
while preserving the production of high-quality graph representations, since it is affordable
to use efficient GNNs in more practical applications.

A few efforts have been made to decrease the model sizes of the fundamental neural
networks developed by GRL using knowledge distillation techniques. Ma and Mei [43] pre-
sented a multi-task knowledge distillation technique that improves GRL, especially in situa-
tions where training data is limited, by utilizing network-theory-based graph metrics as aux-
iliary tasks. More recently, Joshi et al. [44] proposed G-CRD, a unique contrastive learning
method, to improve the performance of lightweight GNNs by aligning their node embeddings
with those of more expressive teacher models, maintaining both global topology and latent

interactions.
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Chapter 3

Proposed Model

3.1 The GREET Model

The existence of two types of edges, homophilic and heterophilic, leads to some fun-
damental questions, such as whether it is possible for a model to discriminate among these
two categories in an unsupervised process. The absence of labels is a significant difficulty
in distinguishing edges. To this problem is added the need to combine edge discrimination
with graph representation learning in an efficient way in an integrated model. In response
to these challenges, Liu Y. et al. [2] suggested a innovative unsupervised method for Graph

Representation learning with Edge hEterophily discriminaTing (GREET).

In this chapter, we cover the suggested GREET method in depth. As the model archi-
tecture is shown in Figure B.1, GREET comprises two parts in particular: an edge discrimi-
nating unit that distinguishes between homophilic and heterophilic edges and a dual-channel
representation learning unit that utilizes both types of edges to produce informative node rep-
resentations. The edge discriminating unit implements an edge discriminator that is trained
unsupervised using node characteristics and structural encodings to distinguish edges into
homophilic and heterophilic edges. The dual-channel representation learning unit generates
node representations by implementing graph convolution on the two discretized sides using
low-pass and high-pass filters, respectively, using a dual-channel coding component. The
generated node representations are used to measure similarities between nodes in order to
train the edge discriminator, thereby integrating representation learning with edge discrimi-

nation.

11
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Figure 3.1: The general structural design of the GREET model [2].

3.1.1 Edge Discriminating Module

The edge discriminator is designed to estimate the homophily probability of each edge
and, based on this, to distinguish between homophilic and heterophilic edges. The probability
of homophily between two neighboring nodes is mainly influenced by two main factors, the
structural features where the topological role of the nodes is revealed and the features in which
their semantic content is contained. A common solution for integrating information about the
structure and characteristics of a node is the use of GNN. Nevertheless, the employment of
GNN leads to a smoothing of the node’s characteristics, resulting in the loss of the necessary
information needed by the model about heterophily.

For this reason, the model examines an alternate approach. It attempts to model the struc-
tural features with a vectorial structural encoding, or, as it is otherwise known, positional
encoding [45, 46, 47]. By applying positional coding, the combination of node structural en-
codings with raw features results in the preservation of effective evidence. More precisely, to
apply position coding and extract structural information, the model uses a structural coding
based on a diffusion process with random walk [46]. Using d-step random walk-based graph

diffusion, the d,-dimensional structural encoding s; of node v; can possibly be calculated:

X

Siz[Tm T, . Tf;] e R% 3.1)

where T = AD ! is the random walk transition matrix.

Applying two MLP layers, the edge discriminator calculates the homophily probability

given the input of the generated structural encodings and raw features in the following way:
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3.1.1 Edge Discriminating Module 13

h; = MLP([x;|[s:]), h; = MLP([x]]s;]),
0i; = (M LPy([hi|[0}]) + M LP,([h}|[h;])) /2 (3.2)

where [-||-] represents the concatenation operation, h’, is an intermediate embedding of node
v;, and 0; ; is the estimated homophily probability for e; ;. In the embedding concatenations,
we use the second MLP layer for their different orders to prevent the estimation from being
influenced by the edges’ direction.

The computation of the probability 6; ; aims to derive a sample of a binary homophily
indicator w; ; for edge e; ; from the Bernoulli distribution w; ; ~ Bernoulli(6; ;), where when
w; ; = 1, homophily is implied and when w; ; = 0, heterophily is implied. The discriminator
is difficult to train since the sampling is not differentiable, so to overcome this challenge,
the model approximates the binary indicator w; ; with the Gumbel-Max reparameterization
trick [48, 49]. More precisely, the discrete homophily indicator w; ; is loosened to a contin-

uous homophily weight w; ;, which is calculated as follows:

w; ; = Sigmoid((0; ; + logd — log(1 —0))/T,) (3.3)
where the temperature hyperparameter is 7, > 0 and the selected Gumbel random variate is 0
~ Uniform(0, 1). When 7, is closer to 0, then w); ; is inclined to be more precise, approaching
0orl.

By computing the edge homophily indicators, it is possible to distinguish the original
graph G = (A, X) into homophilic and heterophilic graph views, G = (A"™ X) and
G = (A(ht), X). Furthermore, in order to enable training of the edge discriminator, replac-
ing the explicit distinction of edges between homophilic and heterophilic types, it assigns a
soft weight to every edge when it operates on the homophilic or heterophilic view:

AEZm) = UA)i,j, Al(’};t) =1- wi,j, for 61'7]' € 8 (34)
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14 Chapter 3. Proposed Model

3.1.2 Dual-Channel Encoding Module

Based on homophilic and heterophilic graph views, in order to produce informative rep-
resentations from them, it is necessary to extract the common information between similar
nodes along homophilic edges and filter out unrelated information arising from dissimilar
neighbors along heterophilic edges. To accomplish this, the model consists of two different
encoders that apply to the homophilic and heterophilic graph views, low-pass and high-pass
graph filters, respectively.

In the homophilic view, where similar nodes are linked together, the low-pass graph filter
is applied to smooth the characteristics of the nodes along the homophilic structure. The
application of the low-pass filter is chosen as it can extract the low-frequency information
in the graph signals and subsequently maintain the common knowledge of similar nodes.

SGC [50] is used as the low-pass GNN filter in this model, which is analyzed as follows:

< (hm)

H{"™ = pLptm (x), 1™ = A" ) 3.5)

where Al is the symmetric normalized homophilic adjacency array, [ € {1,..., L} is the
index of the layer and H(Lhm) is the final output that forms the homophilic representation array
H"™),

In the heterophilic view, where dissimilar nodes are connected together, it is not efficient
to apply a low-pass filter since it would normalize the characteristics of the nodes. As a
result, the information of different nodes would be confused, which would lead to a loss of
the node’s discriminative properties. According to these observations, the model applies high-
pass graph filtering, which is the reverse function of the low-pass filter, in order to utilize the
heterophilic edges in a more efficient way. The high-pass filter sharpens the characteristics of
the nodes along the edges and preserves the high-frequency graph signals, so it is possible to
distinguish the representations of dissimilar connected nodes from one another. Additionally,
it has been proven that the Laplacian graph operator, i.e., the multiplication of the Laplacian
graph matrix L, is effective for extracting high-frequency components. For this purpose, the
model, in order to apply high-pass filtering to the heterophilic view, uses Lap-SGC, a simple
GNN, which is explained below:

H{" = ML (x), B = L™ H™) (3.6)

(ht) (ht

where L' = I — aA " is the symmetric normalized Laplacian array of the heterophilic
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3.1.3 Model Training 15

view, where « is a hyperparameter that regulates the intensity of high-pass filtering, [ €
{1,...,L} and Hth) is the final output of Lap-SGC that forms the heterophilic representation
array H"),

Therefore, two different sets of representations capturing low- and high-frequency infor-
mation, respectively, are generated by applying two distinct encoders, an SGC encoder and a
Lap-SGC encoder. The final node representations are produced by concatenating the repre-

sentations generated from both views: H = [H"™)|[H")] ¢ R"*¢ with its i-th row h; € R%

being the representation vector of node v;.

3.1.3 Model Training

In this method, the training strategies of the edge discrimination unit and the representa-
tion learning unit have been specifically designed. The edge discrimination unit training is
based on node representations to measure node similarity, and a pivot-anchored ranking loss
has been designed. The representation learning unit then produces representations of the two
views produced by the edge discriminator unit and creates a strong dual-channel contrast loss
for training the representation encoders. Finally, an alternating training strategy is introduced
to repeatedly optimize the two components so that each component increasingly enhances the
other, so that the total optimization objective can be theoretically defined as the sum of the

losses of the two components.

Pivot-Anchored Ranking Loss

The edge discriminator is designed to distinguish between homophilic edges, where sim-
ilar nodes are connected to each other, and heterophilic edges, where dissimilar nodes are
linked together. However, in this model, a major limitation is that the edge discriminator must
efficiently perform and find the boundary between similar” and “dissimilar” nodes in an un-
supervised scenario. For this purpose, it is proposed to compute the similarity using randomly
sampled pairs of nodes as ” pivots”. In addition, a pivot-anchored ranking loss is designed to
ensure that pairs of nodes connected by homophilic edges are notably more similar than pairs
of pivot nodes and, correspondingly, pairs of nodes linked by heterophilic edges are signif-
icantly more dissimilar than pairs of pivot nodes. More specifically, for each homophilic or
heterophilic edge e; ; € £, the homophilic pivot-anchored ranking loss R(hm)(em) and the

heterophilic pivot-anchored ranking loss R("*) (e; ;) are defined, correspondingly, as follows:
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16 Chapter 3. Proposed Model

R(hm)(ei’j) — [Svi/,vj/ — S, + ,y(hm)]_H
R™(e; ;) = [Se.; — S, + 7" 3.7)

where [x], = max(z,0) indicates that exclusively the positive case of x is taken into con-
sideration, s, ; = cos(h;, h;) is the cosine similarity at the representation level between the
node pair connected by the edge e; ;, Svgv, = cos(h;, hj/) is the cosine similarity between
two randomly selected nodes vy and v/, ™) and 4" are correspondingly the margin pa-
rameters for the homophilic and heterophilic pivot-anchored ranking losses, which have the
ability to influence the similarity difference to a considerable degree.

The homophilic and heterophilic ranking losses L and L") are obtained by apply-
ing the expectation to all homophilic and heterophilic edges, respectively, as shown in the

following:

1 3
Lghm) - E R(hm) Cii) — —=—— UAJZ R(hm) €ii)y
V)
1
Lt — E R (e;5) = —— Y~ (1 — i ;) )R" ey 3.8
P i ) = - 8( ig )BT (eag), 38)
€i,j

where the multinomial distributions are [ [(w; ;) and [[(1 — @ ;), and w; j; and 1 — w; ; are
the homophilic and heterophilic edge weights that parameterize the multinomial distributions,
W ™) and W are the normalization conditions that are derived correspondingly from the
sum of the total edge weights w; ; and 1 — w; ;. Therefore, the total pivot-anchored ranking
loss to be minimized is defined as follows:

L, = L™ 4 (") (3.9)

r

Robust Dual-Channel Contrastive Loss

A strong contrasting mechanism is employed to train the node representation learning
module, which forces the model from two distinct graph projections to produce semantically
consistent representations. In this way, through the indirect use of the produced representa-
tions for feature-level similarity reconstruction, the negative effects caused by small amounts
of falsely distinguished edges are effectively combated.

In particular, first for each node v; € V), it detects another node v; within the top-k similar

subset of nodes of v; that is measured by the attributes AV;=kNN(v;,k), and then compares
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3.2 Knowledge Distillation Strategy 17

their representations across homophilic and heterophilic views. With the aim of providing
a fair measure of similarity, the node representations resulting from the two different views
are projected into a latent space with two MLP learners, correspondingly, and subsequently
the similarity between the projections in the latent space is used as a metric to measure the
node representation similarity. The robust cross-channel contrastive loss, which is based on

InfoNCE contrastive loss [51, 33], is written as follows:

1 1 ecos(zghm),zﬁ-ht))/n: ecos(zl(ht),zﬁ-hm))/’rc
Le=—= 2 a2 (log o +log ‘ )
¢ ; cos(zM™) L)y LB (hm)y

n v; €V 2"/\/;‘ v;EN; kaEV\m € = r ) kaey\vi 6608( i %k )/7e
(3.10)
where zghm) and zght) are correspondingly the projections of the representations of the ho-

mophilic and heterophilic views of v; in latent space, 7. is a hyperparameter named temper-
ature for contrastive learning, and cos(+, ) is cosine similarity. Technically, the contrastive

loss is computed using a mini-batch method for large graph datasets.

3.2 Knowledge Distillation Strategy

The fundamental concept of knowledge distillation is the pre-training of a large model,
called the teacher, as an offline training process and then computing a smaller model with
fewer parameters, called the student, which is suitable for deployment in production where
available resources are limited. The complicated neural network structure of the teacher
model requires the training of a high number of parameters to find out the offline data pattern.
More specifically, the training of the student model is performed according to a distillation
loss function to transfer knowledge from the pre-trained teacher model. The student model,
therefore, imitates the performance of the teacher model while maintaining excellent pre-
diction accuracy while reducing the requirements for student model training, as the training
costs of the model are decreased due to its compressed size.

In this study, the aim is to use the GREET model and achieve a remarkable reduction in
requirements by transferring knowledge to a student model. First, the teacher model is pre-
trained according to the instructions of the original paper. Then, the student model, which
is a variant of the original GREET model with reduced parameters, is generated and trained
according to a distillation loss function in order to transfer the knowledge from the teacher

model that was obtained during its training [52, 53].
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18 Chapter 3. Proposed Model

The knowledge obtained from the teacher GREET model was passed to the student GREET
model through the distillation loss function L”, whereby the student model is alternately
trained for the iterative optimization of the two components [52]. The distillation loss func-

tion is defined as a minimization problem in the following way:

minL” = ~yL% + (1 —~v)L" (3.11)

where L is the ranking loss and the contrastive loss produced by the student model and L™
is the inference error of the two modules of the teacher model, in Equations B.9 and B.10.
The hyperparameter v € [0, 1] during the training of the student model regulates the relative
influence provided by the two losses of the models, the student and the teacher. When we
set a larger value for parameter v, it indicates that more importance is given to minimizing
the student’s model losses, and thus, it does not highly consider the knowledge of the teacher
model. The L distillation loss function allows knowledge transfer with reduced training
requirements and also enables the accuracy of the model to be preserved at similar levels or

even improved.

3.2.1 Variations of the Model

The objective of knowledge distillation is to decrease the number of trainable parameters
in the student model in order to limit the resources required to use the model. In order to ex-
amine the efficiency of the knowledge distillation framework in the recommended GREET
model, two variants of the original model were generated with a greatly compressed size. Ac-
cording to the original model, which has the most extended number of parameters and was
proposed in the initial paper, a model with a smaller number of parameters was created first,
followed by a second model with an even more restricted number of parameters. The devel-
opment of these variants is intended to evaluate the model based on the effect of model com-
pression during the knowledge transfer process. Furthermore, the experimental evaluation of
these variants aims to provide information on the implementation of knowledge distillation

in the field of GRL and its effect on the accuracy of the model.

Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 22:07:19 EEST - 216.73.216.250



Chapter 4

Experiments

4.1 Datasets and Evaluation Protocol

Dataset Description

Cora and CiteSeer [54] are two homophilic citation network datasets, which are stan-
dards for evaluating graph representation algorithms. Each node denotes a paper, each edge
denotes a citation relationship between two papers, and the features are bag-of-word repre-
sentations of documents. The labels correspond to the research topic of the documents, which
are categorized into seven and six categories for each dataset, respectively.

Cornell, Texas and Wisconsin [34] are three heterophilic datasets, which are more specif-
ically three web networks from the computer science departments of different universities.
Nodes are web pages and edges are hyperlinks between two of them. The features are repre-
sentations of the corresponding page in the form of a bag of words and the labels correspond
to web page types that are classified into five categories.

Chameleon [34] is also a heterophilic dataset, which is a Wikipedia network, where nodes
indicate web pages in Wikipedia and edges indicate connections between two of them. The
attributes include the informative nouns on Wikipedia pages and the labels represent the av-
erage web page visitation, which is categorized into five categories.

All datasets are accessed by importing the torch geometric.datasets library. In addition,
for homophilic datasets, public separations were adopted and for heterophilic datasets, the
commonly used 48%/32%/20% training/validation/testing splits, which have been used in

previous works, were adopted. The statistics of the datasets are presented in the Table#. 1.

19
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20 Chapter 4. Experiments

Table 4.1: Statistics of benchmarking datasets

Dataset Nodes Edges Features Classes Train/Val/Test
Cora 2,708 10,556 1,433 7 140/500/1000
CiteSeer 3,327 9,104 3,703 6 120/500/1000
Chameleon 2,277 36,051 2,325 5 1,092/729/456
Cornell 183 295 1,703 5 87/59/37
Texas 183 309 1,703 5 87/59/37
Wisconsin 251 499 1,703 5 120/80/51

Training and Evaluation Protocol

To evaluate the effectiveness of the representations produced by the model, the transduc-
tive node classification is adopted as a task. In the training phase, the models are trained in
an unsupervised manner. In the evaluation phase, the generated representations are frozen
and a logistic regression classifier is applied to train and test them. For all datasets, the eval-
uation metric is reported as the mean test accuracy and standard deviation for ten runs of

experiments. For each trial, a teacher model and a corresponding student model are created.

Accuracy

A fundamental metric for evaluating the performance of a model that has classification
as its task is accuracy, providing a brief insight into how well the model performs in terms
of correct predictions. It is estimated as the ratio of correct predictions to the total number of

input samples.

Correct Predictions
All Predictions

Accuracy =

(4.1)

4.2 Models

4.2.1 Examined Models

To evaluate the performance and effectiveness of the experiments, a number of recent
implementations of models related to GRL are selected, which belong to the category of

contrastive UGRL methods. These methods are as follows:
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* DGI [55]: maximizes the mutual information between the input graphs and their high-
level hidden representations and captures both node characteristics and topological

structure in an unsupervised manner.

* GMI [56]: maximizes mutual information between local surface representations and

high-level graph summaries, but without relying on random walk methods.

* GCA [57]: uses adaptive augmentation systems based on topological and semantic

biases to preserve the inherent structures and features of graphs.

* BGRL [58]: provides alternative augmentations of the input graph without relying
on negative examples, so as to reduce memory overhead and allow application to ex-

tremely large graphs.

The publicly accessible version was used for each baseline. In addition, the tuning of the
parameters was maintained as stated in the original publication of each, on condition that the

same datasets were used.

4.2.2 Experimental Models

The experimental models include the GREET model [2], the original model, which is also
considered the teacher model, and the GREET-KD* and GREET-KD** models, which are

used as the student models in the knowledge distillation process.
* GREET: the proposed method.
* GREET-KD*: is a variant of the proposed model with a reduced number of parameters

* GREET-KD**: is a variant of the proposed model with an even further reduced num-

ber of parameters

For the proposed method and its variants, the initial tuning of the parameters as stated in
the original paper was used.

More specifically, for the first GREET-KD* student model, it adapts the same hyper-
parameters as the original work, except for the value of the dimension of intermediate em-
bedding d;, the dimension of representations d, and the dimension of projected embedding
d,, where d; = d, = d, = 32 are used. This achieves a highly reduced set of parameters

compared to the teacher model, where d; = d, = d,, = 128 is used for these parameters.
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Then, for the second student model GREET-KD**, which wants to achieve even more

parameter reduction, the above hyperparameters are set to d; = d, = d,, = 16.

4.3 Performance Evaluation

In the tables and §.3, we present the experimental results when comparing the ex-
amined models on two homophilic and four heterophilic datasets, respectively. First, with-
out applying the knowledge distillation strategy and comparing their performances, we can
observe that the GREET model significantly outperforms all the examined models. Being
designed to improve representation learning performance on heterophilic graphs, it is impor-
tant to place particular emphasis on its superiority of performance on heterophilic datasets
over the baselines, in which case the minimum improvement is by 12% over the GMI model
for the Cornell dataset. Given that baselines are typical and contrastive UGRL methods, it
is evident that the GREET method clearly outperforms them. The main drawback of these
UGRL methods is that, following their approach, they continuously smooth the representa-
tions along heterophilic edges, losing a significant amount of information. On the other hand,
the higher performance of GREET is due to the discrimination and exploitation of both edge
types. Therefore, it is concluded that this approach can benefit GRL in general, knowing that

data derived from real applications contains both homophilic and heterophilic edges.

Table 4.2: Results in terms of classification accuracies (in percent £ standard deviation) on

homophilic benchmarks.

Dataset
Model
Cora CiteSeer

DGI 81.96+ 0.81 72.52+0.048
GMI 82.77+ 0.85 69.47+1.17
GCA 81.774+ 1.023 69.954+1.005
BGRL 79.14+ 1.71 69.41+1.10
GREET 83.21+ 0.49 72.77+0.99
GREET-KD* 82.57+0.89 71.69+1.33
GREET-KD** 78.76+1.42 71.09+0.86
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Table 4.3: Results in terms of classification accuracies (in percent + standard deviation) on

heterophilic benchmarks.

Dataset
Model
Chameleon Cornell Wisconsin Texas

DGI 39.21+1.34 | 60.00+4.15 | 57.064+2.23 | 66.49+2.76
GMI 41.54£1.95 | 61.62+6.02 | 64.31+2.60 | 57.034+5.33
GCA 49.46+2.14 | 55.38+6.30 | 53.08+6.33 | 58.214+4.59
BGRL 43.60£1.09 | 54.05+2.70 | 62.94+2.84 | 66.76+1.73
GREET 62.50+2.74 | 74.05+3.01 | 84.31+2.32 | 85.68+3.64
GREET-KD* 58.60+1.76 | 73.2445.62 | 80.59+5.50 | 82.62+7.28
GREET-KD** 54.084+2.37 | 70.5445.17 | 79.22+6.55 | 81.08+5.41

According to the experimental results, the outperformance of the GREET model is the
main reason for its use as a teacher model. Nevertheless, due to its intricate architecture,
which consists of two different modules to allow GREET to show higher performance, it is
a model with considerable computational cost, as evidenced by the number of parameters
presented in the tables #.4 and #.9. As a consequence, the proposed knowledge distillation
approach focuses on reducing these training parameters, which means that fewer resources
are required to utilize the model while keeping the performance within a similar range.

In tables §.2 and .3, the performance of the variants of the proposed method, which
are the GREET-KD* and GREET-KD** student models, is also presented. According to the
results, comparing the variants with the original model and baselines, it is noticed that on
heterophilic datasets, the student models show a slight drop in performance compared to
the teacher model but still outperform the other methods, indicating that the knowledge and
decision-making capabilities of the teacher model have been distilled to a sufficiently high
degree of accuracy. On homophilic datasets, the student models do not outperform either the
other methods nor the original model but still preserve extremely high performance, remark-
ing that the maximum deviation from the lowest performance of the other models is less than
1%. Furthermore, it is important to consider that the students’ models have dramatically re-
duced the number of parameters compared to the teacher model, showing a compression rate
of 76% and 88%, respectively, in the two experimental variants. These experimental find-

ings demonstrate the effectiveness of the proposed knowledge distillation approach in the
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field of GRL, as the student models are able to attain quite high performance considering the

remarkable reduction in computational resources.

Table 4.4: Model parameters on homophilic datasets (in millions), when comparing the pro-

posed GREET student model with the other non-distillation strategies.

Dataset Compression
Model
Cora CiteSeer Rate
DGI 0.996 2.159
GMI 1.993 4.317
GCA 0.882 2.045
BGRL 1.130 2.292
GREET 0.586 1.491
GREET-KD* 0.140 0.360 0.76
GREET-KD** 0.070 0.179 0.88

Table 4.5: Model parameters on heterophilic datasets (in millions), when comparing the pro-

posed GREET student model with the other non-distillation strategies.

Model Dataset Compression
Chameleon Cornell Wisconsin Texas Rate
DGI 1.453 0.056 0.056 0.502
GMI 2.906 1.004 1.004 1.004
GCA 1.355 0.055 0.055 0.112
BGRL 1.587 0.602 0.602 0.116
GREET 0.929 0.723 0.723 0.723
GREET-KD* 0.226 0.168 0.168 0.168 0.76
GREET-KD** 0.113 0.083 0.083 0.083 0.88
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4.4 Parameter Tuning
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Figure 4.1: Impact of hyperparameter -y on the prediction accuracy of student model GREET-
KD*.

In Figures }.1] and .2, we evaluate the effect of the hyperparameter + of equation on
the performance of the student models for each of the datasets used for experimental evalua-
tion. The value of the hyperparameter -y is varied from 0.1 to 0.9, with a step of 0.1. For each
value of the hyperparameter ~y, the average accuracy resulting from three runs is reported.
This observation contributes to understanding how the value of v affects the distillation pro-
cess and how the teacher influences the student. In line with the above, it is observed that
for all datasets and in both variants of the model, the best performance is reported for values
of y ranging between 0.2 and 0.8. In particular, when ~ takes the value 0.1, the knowledge
of the teacher model is mainly distilled, which means that the student’s training is restricted
to the teacher’s knowledge, and in this way, the prediction accuracy is reduced. Conversely,
when the v takes the value of 0.9, the distillation process is focused on the student, which
means that the student model derives less knowledge from the teacher model, which does not

contribute to the accuracy improvement.
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Chapter 5

Conclusion

In this thesis, the implementation of a knowledge distillation framework for model com-
pression in the field of graph representation learning (GRL) was presented. The motivation
behind this was to reduce the computational cost without significantly affecting the per-
formance of the model. In order to draw conclusions on the effectiveness of the proposed
method, extensive experiments are performed using different state-of-the-art methods be-
longing to the category of contrastive UGRL techniques, and their performance is compared
with the performance of the proposed model, which is GREET. While observing the results,
the outperformance of the GREET model is demonstrated compared to the other GRL meth-
ods. The design of the model, in which it uses an edge discriminator to distinguish the two
types of edges and a dual-channel encoding component to generate representations accord-
ing to the edge discrimination, makes the model significantly more efficient, especially on

heterophilic graphs, in comparison to the baseline GRL methods.

Furthermore, observing the number of parameters required to implement the model, it is
evident that GREET is computationally expensive, as it requires a high number of parameters
because of its complicated architecture. For this reason, a knowledge distillation approach is
proposed, where knowledge from a large teacher model is transferred to smaller student mod-
els. In particular, first a teacher model is pre-trained on offline data, and then to transfer the
knowledge to a smaller student model, which requires a lower number of parameters, a dis-
tillation loss function is applied. The experimental evaluation showed that the application of
knowledge distillation is effective, as the results of the smaller models were quite satisfactory
despite the high reduction in the number of parameters. Hence, this study demonstrates that

knowledge distillation is an effective approach that can be successfully applied in the field of

27
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28 Chapter 5. Conclusion

GRL and is able to significantly compress the model. The application of this approach, there-

fore, makes the model reachable in real-world applications where resources are restricted.

Future Work

In the future, this research could be expanded by broadening the experiments with more
datasets from different sources and searching for methods to optimize the efficiency of the
method for reduced computational requirements, e.g., by examining other forms of loss func-
tions to train the student model. Furthermore, a number of transfer learning techniques could
be studied. In this way, the model will be able to exploit the knowledge gained from different
graph datasets to train on a new one with higher efficiency, a very important factor for the
utilization of the model in real-life applications in which the model is required to train on

new data.
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