
IMPERIAL COLLEGE LONDON

DEPARTMENT OF COMPUTING

Reproducible Knowledge Distillation
for Graph Neural Networks

Author:
Lorenzo G. Stigliano

Supervisor:
Dr. Islem Rekik

Submitted in partial fulfillment of the requirements for the MSc degree in Computing
Science / Artificial Intelligence & Machine Learning of Imperial College London

September 2023



Abstract

Graph Neural Networks (GNNs) have emerged as a powerful tool for modelling graph-
structured data in various domains, such as network neuroscience. However, the scal-
ability of GNNs becomes a challenge when dealing with large graphs, hindering real-
time inference and deployment on resource-limited devices. Knowledge distillation on
graphs (KDG) offers a solution by compressing large GNN models while maintaining
performance. However, existing KDG methods often focus on performance (e.g., accu-
racy) while neglecting reproducibility, which is crucial for the trustworthiness of these
models. Reproducibility is the identification of consistent biomarkers or features un-
der different perturbation methodologies. Although several studies have investigated
biomarker reproducibility, reproducibility in the context of KDG has not been explored.

Thus, in this project, we aim to bridge the three domains; GNNs, knowledge distillation,
and reproducibility into a novel domain that we term reproducible offline knowledge dis-
tillation for GNN concerned with the reproducibility of distilled models. We begin by
motivating research into this domain by showing that with several different knowledge
distillation (KD) and KDG techniques, there is generally a degradation in the repro-
ducibility of the distilled models.

In light of this, we propose a novel algorithm Reproducibility aware Knowledge Distilla-
tion on Graphs (RepKD) which aims to retain and increase reproducibility while con-
serving the performance of distilled models. RepKD uses a two-step process. Firstly,
a one-to-many teacher-student framework is used to train the student models collec-
tively, and secondly, the selection process selects the best student from the ensemble.
We tested our method under a range of different datasets and GNN architectures while
comparing it to the state-of-the-art (SOTA) KD and KDG methods, and we saw that our
method managed to successfully increase the self-reproducibility score while preserv-
ing the performance of the student models. Furthermore, we showed that during the
training process, our method exhibited comparable training times and incurred negligi-
ble memory overhead in comparison to other SOTA methods. More impressively, these
results were obtained while decreasing the number of parameters by at least 95.63%.
Finally, we also delved into the interpretability of the distilled models, attempting to
explain and understand them.

We hope that our proposed method and research can act as a pivotal starting point for
future exploration into reproducible knowledge distillation for GNNs.
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Chapter 1

Introduction

Graph-structured data is highly prevalent across many domains, owing its wide-ranging
presence to its ability to model complex systems. For instance, in network neuroscience,
brain structures are modelled as graphs where nodes represent the anatomical brain
regions and edges quantify their interaction [1]. Similarly, graphs are widespread in
the natural sciences, as exemplified by their use in representing protein structures [2]
in biology and molecular structures [3] in chemistry.
Motivated to understand and leverage graph structures, one would naively look towards
deep learning (DL) methods. However, DL techniques fail to generalise well to non-
Euclidean data (e.g., graphs) [4]. As a result, a new branch of DL was developed to
handle non-Euclidean data, Graph Neural Networks (GNNs) [5, 6, 7, 8, 9, 10, 11].
GNNs have had great success in domains such as recommendation systems [12], traffic
networks [13], natural language processing [14] and network neuroscience, where they
have enabled significant advances in the study of brain connectivity [15, 16].
However, despite the successes of GNNs, they fail to scale when dealing with large
graphs for both real-time inference [17] and deployment to resource-limited devices
[18]. GNNs make use of a message passing scheme, which requires to aggregate all neigh-
bouring node embeddings at each layer of the GNN. In turn, scalability and deployment
becomes a challenge with this scheme, known as the neighbour explosion problem [11],
which increases both the inference time and size of the deployed GNN model.
As a result, different methods have been proposed to scale GNNs. For example, sampling-
based methods [7, 9, 19], are used to speed up training and inference by only consider-
ing a subset of the nodes of the graph. Despite solving the neighbour explosion problem,
these models still remain large, which poses a problem for deployment with limited re-
sources. Algorithmic-based solutions focus on reducing the size of the GNN model, such
as pruning [20], quantization [21, 22] or knowledge distillation (KD).
In particular, KD aims to distil the performance of a large model (teacher) into a small,
parameter-efficient model (student) [18, 23], in turn allows for quicker inference and
resource-friendly deployability. This idea has been naturally applied to graphs and is
known as Knowledge Distillation on Graphs (KDG) [18]. These methods have had
large success in compressing models while preserving performance [24, 25, 26, 27].
However, KD and KDG methods prioritise performance, while the reproducibility of the
distilled models is often ignored. However, this is a crucial factor to consider during
knowledge transfer. In fact, as we shall see in Chapter 3, there are no KD or KDG

3



1.1. CONTRIBUTIONS Chapter 1. Introduction

methods directly concerned with the reproducibility of the distilled models, raising the
question, can distilled models be trusted?
Reproducibility is concerned with the identification of the same distinctive biomarkers
or features when the data undergoes different perturbation methodologies (e.g. pertub-
ing the distribution of training and testing data) [1]. This is of particular importance
in the clinical setting, since a highly reproducible model leads to an increase in its
trustworthiness and reliability [28]. Furthermore, reproducibility is closely linked to
interpretability. In clinical assessments, interpreting which set of consistent biomarkers
cause a specific brain disorder is vital for neurological disorder diagnosis [29]. Despite
this, in the context of GNN, there have only been two studies considering feature re-
producibility [1, 30]. These works focus on GNN and federated GNN model selection
methods based on reproducibility, but not in the context of KDG.
Considering this, it becomes evident that reproducibility within the context of KD and
KDG has received insufficient attention and remains unexplored. Hence, this project
bridges the three areas; GNNs, knowledge distillation and reproducibility into a novel
domain that we term reproducible offline knowledge distillation for GNN concerned with
the reproducibility of distilled models.

1.1 Contributions

This project explores reproducibility for offline KD and KDG methods. The primary
contributions of this project are outlined as follows:

• In Chapter 4 we motivate research into the novel domain of reproducible offline
knowledge distillation for GNN. In particular, we set out to answer the following
question: What happens to the reproducibility of student models after knowledge
distillation takes place?

• In Section 4.2 we propose a novel score that quantifies the reproducibility of a
GNN model. The score is designed to indicate how well a model identifies the
same set of biomarkers or features across different data perturbation strategies.

• We propose a novel KDG algorithm, Reproducibility aware Knowledge Distillation
on Graphs (RepKD), in Chapter 5, which aims to retain and increase the repro-
ducibility of the student model while conserving their performance. A one-to-
many teacher-student framework is used, which is the first within KDG methods.
In Chapter 6 extensive experiments are carried out to assess the performance of
our algorithm compared to current state-of-the-art KD and KDG methods.

• In Section 5.2, we define a novel intra-student loss function used in RepKD that
pushes students away from each other in order to promote diversity and repro-
ducibility within the ensemble.
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Chapter 1. Introduction 1.2. ETHICAL CONSIDERATIONS

1.2 Ethical Considerations

We aim to uphold principles of transparency, fairness, and inclusivity in our research. In
this project, we explore reproducible knowledge distillation on graphs, with a particular
focus in the field of network neuroscience. As such, the datasets we are working with
involve human participants as we delve into the intricacies of neuroscience. To respect
the rights and privacy of human participants involved, we use two open-source and
widely available datasets: Brain Genomics Superstruct Project dataset [31] and the
BreastMNIST dataset from MedMNIST v2 [32]. Furthermore, the code used for this
dissertation is publicly available, allowing for the replication and verification of our
findings.
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Chapter 2

Background

In this chapter, we will introduce key concepts to the reader to help them understand
and give context to our project. We will cover graph neural networks, knowledge distil-
lation on graphs and reproducibility.

2.1 Graph Neural Networks

In this section, we give a concise introduction to the main ideas and terminology used
in graph neural networks (GNNs), these will equip the reader with the necessary back-
ground knowledge to understand GNNs.

2.1.1 Graphs

Graphs are the cornerstone of GNNs, and as such, we introduce them formally.

Definition 1 (Graph) A graph G is defined by {V,A,X, Y } where V = {v1, . . . , vn} is the
set of vertices or nodes. The degree deg(vi) of a node is the number of edges attached to
it. A ∈ Rn×n is a symmetric adjacency matrix which defines the edge relation between
the nodes of the graph. If aij ̸= 0 then there exists an edge connecting nodes vi and
vj. X ∈ Rn×d is the feature matrix, each node vi ∈ Rn×1 are stacked row-wise. Finally
Y ∈ RC×1 is the one-hot encoded class for G.

We will be dealing with undirected graphs throughout this project, and as such, A is
symmetric. However, graphs can be directed, and in turn, A is not symmetric. Further-
more, graphs can be weighted; each edge has a value associated with it; unless stated
otherwise, the graphs we are dealing with are weighted.
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Chapter 2. Background 2.1. GRAPH NEURAL NETWORKS

2.1.2 Graph Neural Networks

GNNs are a branch of deep learning developed to handle non-Euclidean data. In this
subsection, we cover the main objectives of GNNs and how the general message passing
scheme works.

GNN Objectives

GNNs are used for several different objectives, given the same graph structure. As a
result, it is imperative that we make a clear distinction between the objectives since the
underlying GNN architecture, training technique, and inference mechanism will vary
depending on the end goal.

Node level - In this case, the node embeddings in the final layer of the GNN are used
for classification or regression tasks for each node individually. For example, consider a
scenario where we have a graph representation of webpage interactions, with webpages
represented as nodes. In this case, the objective of a node classification task would
involve determining the category or class of unlabeled nodes within the graph.

Edge level - Here, the objective can be either classification or regression of an edge
between two nodes. For example, to predict if two nodes are linked in a graph.

Graph level - Again, the objective can be either classification or regression, but in
this case on the whole input graph. This is done with the use of pooling, usually a
permutation-invariant function, and readout layers [33] which aggregate the node em-
beddings to find a compact representation of the whole graph. In this project we focus
on graph level tasks, in particular, graph classification.

Message Passing

The main goal of a GNN is to generate informative node embeddings of the input graph.
A GNN takes an adjacency matrix A and a node feature matrix X which represent the
graph G. For a given node, its neighbourhood of nodes is used to define its embedding.
To evaluate this node embedding, it involves a three-step process [34]: first, all the
neighbour embeddings (messages) are gathered. Secondly, they are aggregated via
a pooling function, such as averaging. Finally, the aggregated embedding is passed
through an update function, which is normally a learned function such as an MLP [34].
This is then used as the new node embedding. This process is known as message passing
[35] and is a key cornerstone for many of the GNN models used [5, 6, 7, 8, 9, 11].
In fact, what distinguishes these models from one another is that they use different
techniques for aggregation and the choice of update function.
Naturally, one would like to add more layers to increase the expressivity of the node
embeddings and capture higher-order relations between the nodes. To do so, we look
at the receptive field of the node of interest, which is determined by its N-hop neigh-
bourhood. The N-hop neighbourhood is the set of nodes that can be reached within N
edge traversals from the node of interest. When using N layers we begin at the N-hop
distance from the node of interest and progressively use the message passing scheme to

7



2.1. GRAPH NEURAL NETWORKS Chapter 2. Background

calculate node embeddings at the (N-1)-hop distance. This process is repeated until we
reach the node of interest, the 0-hop distance. This is then used as the final embedding
for the node of interest.
For example, when using Graph Convolutional Networks (GCN) [5] the node embed-
dings H(l+1) at layer l + 1 are given by:

H(l+1) = σ(D̃− 1
2 ÃD̃− 1

2H(l)W (l)) (2.1)

with Ã = A+ I where I is the identity matrix and D̃ is the diagonal node degree matrix
of Ã, W (l) is the weight matrix for layer l and σ(·) is an activation function. Notice that
when l = 0 then H(0) = X, the node features.
Another prevalent GNN is the Graph Attention Network (GAT) [8], which combines
notions of attention layers with GNNs. We define h(l+1)

i as the embedding of node i at
layer l + 1 by:

h
(l+1)
i =

∥∥∥∥K

k=1

σ(
∑
j∈Ni

αijW
kh

(l)
j ) (2.2)

Where K are the number attention heads,
∥∥ refers to concatenation, αij are learnable

attention weights which quantify the importance of the interaction between node i and
j. Ni is the neighbourhood of node i and W k is a weight matrix for attention head k.
Note that if multi-head attention is used for the final layer, averaging over the attention
heads is used instead of concatenation [8].

2.1.3 Neighbour Explosion Problem

Despite the success of GNNs, they have some limitations. One large limitation is the
over-smoothing issue, where node embeddings become the same for all nodes in the
graph as the number of layers increases due to the receptive fields of each node being
the same [36]. The neighbour explosion problem [11] is more critical for GNNs deploy-
ment. Many GNNs make use of the message passing scheme which requires aggregating
all neighbouring node features at each layer of the GNN [33]. With the use of larger
graphs and deeper GNNs, scalability and deployment become harder since, as the num-
ber of GNN layers increases, the number of nodes aggregated increases exponentially
[17].
To overcome this issue, several solutions have been proposed. Separated into two lines
of thought: model-based and algorithmic-based solutions [17]. Model-based solutions
are broadly classified into two classes: sampling-based [7, 9, 19] or linear propagation-
based [6, 37] methods [17].
Linear propagation-based methods focus on reducing the computation required for
message-passing in GNNs by leveraging efficient precomputation [17]. For example,
SGC [6] simplifies GCN [5] by removing the non-linear activation function of GCN; in
turn, neighbourhood aggregation matrices can be precomputed, saving computation.
Although inference time is saved, they still struggle with inference due to the removal
of the non-linear activation function [17].
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Chapter 2. Background 2.2. KNOWLEDGE DISTILLATION ON GRAPHS

Sampling-based methods carefully select nodes or graphs during training or inference.
GNNs that use layer-wise sampling, such as [9] are another way to sample nodes. In
contrast to node sampling methods such as GraphSAGE [7] where nodes are sampled at
the start of training or inference. Layer-wise sampling respects the hierarchical structure
of graphs. GNNs that use graph sampling methods, such as Cluster-GCN [19], on the
other hand, partition the original graph into smaller clusters. Although these methods
manage to mitigate the neighbour explosion problem, they suffer from high variance
inherited by the sampling process involved [17]. Furthermore, the size of the GNN
models in both sampling-based methods is not reduced. As a result, this poses a problem
for deployment on resource-limited devices.
Algorithmic-based solutions focus on reducing the size of the GNN models, addressing
the limitations of sampling-based methods. For example, pruning [20] and quantization
[21, 22] are commonly used. Pruning techniques are concerned with reducing the
dimension of the feature embeddings in all the layers of the GNN, while low-precision
integer arithmetic [21] is used in quantization to reduce inference time and model size
[17]. However, in this project, we focus on offline knowledge distillation (KD) in order
to reduce the size of the GNN models.

2.2 Knowledge Distillation on Graphs

Knowledge distillation (KD) is a wide domain aimed at distilling the performance (e.g.,
accuracy) from a large model, the teacher, into a small one, the student. In turn,
light, deployable, and generalizable models are created [23]. Knowledge distillation
on graphs (KDG) extended KD to graph-structured data, such that these methods can
be tailored for GNNs.

2.2.1 General Framework

To begin, we will introduce the general KD objective. We are interested in transferring
knowledge from a teacher to a student. To do so, the general loss function used to train
the student model is given by:

L = α · LCE + β · LKD (2.3)

Here, the learning procedure is guided by a teacher model through LKD which transfers
the knowledge from the teacher to the student. In particular, it acts as a regularisation
term that guides the training procedure. In this project, we will focus on classification
tasks, and as such, we use the cross-entropy loss LCE between the predicted class and
the ground truth labels. However, any loss can be used, depending on the task at hand.
Here α and β are parameters that balance the terms.
In fact, many KDG methods are composed of three ingredients: the knowledge used, the
distillation scheme used, and the teacher-student framework used. These will be covered
in the subsequent sections.

9



2.2. KNOWLEDGE DISTILLATION ON GRAPHS Chapter 2. Background

2.2.2 Knowledge

In this section, we define what constitutes as knowledge, in the context of graphs. Knowl-
edge, in the context of KDG, can take many forms, such as logits, node embeddings, or
topological structures [18]. In general, knowledge is distilled through LKD [18]:

LKD = DIV (kt, ks) (2.4)

DIV is a function that measures the distance between the knowledge of a teacher kt

and the knowledge of a student ks. There are many functions that can be used as DIV ,
such as Kullback-Leibler divergence [38], cross entropy, or the L2 norm; this varies
depending on the KDG method and type of knowledge used.

Output Logits were the first form of knowledge used in KD [24] (vanilla KD) , known as
response-based knowledge. The output logits are simply the outputs of the final layer of
the model before they are passed through a SoftMax activation function. Here, LKD is
the Kullback-Leibler divergence with a soft target-distribution between the logits of the
student and the teacher. To get the soft-target distribution, SoftMax with temperature
is used, which is defined as:

στ (zi, τ) =
exp(zi/τ)∑
j exp(zj/τ)

(2.5)

Where zi, the logit for class i. The result is a probability distribution over the class ele-
ments. τ , temperature, is a hyperparameter used to change the shape of the probability
distribution. If τ > 1, makes the distribution becomes softer, where the probabilities of
different classes are closer. By using this, we can calculate the KD loss, LKD:

LKD(z
t, zs) = τ 2 ·DKL(στ (z

t, τ), στ (z
s, τ)) (2.6)

Where zt and zs are the logits of the teacher and student. DKL is the Kullback–Leibler
divergence. τ 2 is used to stabilise the learning procedure, we use this throughout the
project as suggested in [24]. Notice that knowledge transferred through logits is not
graph dependant.

Embedding Matching Graph Structure
Matching

(A) (B)

Teacher TeacherStudent Student

Figure 2.1: Graph-specific knowledge distillation techniques (A) For all nodes, we match
the teacher and students learned graph embeddings. (B) For each node, we distil graph
structure such that the student learns a similar graph representation as that of the teacher.
Blue and yellow denote the teacher’s and student’s learned representations of the given
graph. Red and green indicate the nodes of interest through which we are distilling knowl-
edge, in the teacher and student, respectively.
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Chapter 2. Background 2.2. KNOWLEDGE DISTILLATION ON GRAPHS

Node Embeddings can be used in order to leverage graph structure. Knowledge can be
distilled by matching the teacher’s learned node embeddings at different layers with the
students [18]. As a result, the distillation process is guided by the embeddings such that
students learn the same node representations as the teacher, as depicted in Figure 2.1
(A). For example, in [39] where the goal is to increase model performance, they directly
match the node embedding of the final layer. It is worth noting that this technique is
generally used to increase model performance [18].

Graph Structure is another way of distilling knowledge. This is done by capturing how
graph structure is described by the teacher and distilling this to the student model [18].
The main idea here is to find ways to preserve the embedded topological structure while
considering node embeddings and the relative structure of the graph found through
the teacher [26]. In turn, allowing for richer and more informative student models.
For example, LSP [26] and MSKD [27] make use of local structures, as depicted in
Figure 2.1 (B), but there are other techniques concerned with the conservation of global
structures, such as [40].
For example, the local structures used in LSP [26] defined in the following way: For
a graph G = {V,A} where V ∈ Rn and A ∈ Rn×n the local structures learned by the
teacher model t or a student model s can be expressed as a set of vectors for each node:

LS = {LS1, LS2, ..., LSn} where LSi ∈ Rd (2.7)

where d is the degree of the centre node i of the local structure. Where each element of
the vector LSij is given by:

LSij = SoftMax(exp(−1

2
||hi − hj||2)) (2.8)

This measures the similarity of the given pair of nodes i and j, where j is the neighbour-
hood of i. hi and hj represent their node embeddings. As a result, LSi can be calculated
for all the nodes in the graph in turn LSs and LSt can be calculated for the student and
teacher, respectively. Once these are calculated, we can transfer the knowledge from
the teacher to the student by using the following loss function:

LKD(LSt,LSs) =
1

n

n∑
i=1

DKL(LSt
i,LSs

i ) (2.9)

Here, the loss is given by the average Kullback-Leibler divergence lossDKL, for all nodes
n in graph G. Finally, LKD defined in equation 2.9 can be used in equation 2.3 to train
a GNN by using graph structure as knowledge.
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2.2. KNOWLEDGE DISTILLATION ON GRAPHS Chapter 2. Background

2.2.3 Distillation Schemes

Here we discuss the three main distillation schemes for KD and KDG. In particular, these
can be divided into offline, online, and self-distillation [18, 23].

Pre-trained Teacher TeacherStudent Student
Teacher /
Student

(A) (B) (C)

Figure 2.2: Different distillation schemes: (A) offline, (B) online, and (C) self-distillation
The arrow indicates the direction of knowledge transfer. Figure inspired by [23].

Offline distillation - Figure 2.2 (A), makes use of a two step process. The first step,
involves pre-training a teacher model. Subsequently, the student network is trained
while keeping the teacher fixed [23]. It is worth noting that the majority of the KDG
methods follow this paradigm [23]. In fact, during our project, we will focus on these
methods since we want to reduce the size of a pre-trained model.

Online distillation - Figure 2.2 (B), trains both a teacher and student together during
the distillation process in an end-to-end fashion [18]. This saves the time and memory
overhead needed to pre-train and store a teacher model. These methods are particularly
useful when we do not have access to massive teacher models [23].

Self-distillation - Figure 2.2 (C), or teacher-free distillation is when one model is both
the teacher and student [18]. In this paradigm, the model learns to improve itself by
transferring knowledge through the layers of the model [41].

2.2.4 Teacher-Student Frameworks

In this section, we will cover the main teacher-student frameworks used. The schemes
discussed in Subsection 2.2.3 are often used with one of these frameworks.

One to One - (one teacher to one student) framework is mostly used in KDG [18]. In
this case, one teacher exclusively distils knowledge into one student. In most cases,
both the teacher and the students are GNNs; however, there is a separate line of work
that aims to distil GNNs into a multilayer perceptron (MLP) [42, 43, 44].

Many to One (many teachers to one student) framework is also used in KDG. In this
case, an ensemble of diverse teachers is used to train one student [18]. Despite the in-
crease in knowledge attained by the use of multiple teachers, the robustness of students
trained with this paradigm is reduced due to the introduction of noise in the knowledge
by the use of multiple teachers [18].

The Many to Many and One to Many frameworks have not been extensively studied in
KD. KD aims to compress models, and the use of ensembles conflicts with this goal. In
turn, only a handful of papers make use of these paradigms. For example, in [45], an
ensemble of teachers is used to train an ensemble of students, many to many. In [46]
they use the one-to-many framework for text sentiment classification.
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2.3 Reproducibility

In this section, we introduce the notion of reproducibility in the context of network
neuroscience. Network neuroscience is a domain that focuses on studying and under-
standing the patterns of neural activity that arise within the brain [47]. Here, brains
are modelled as graphs. Nodes represent regions of interest (ROIs), ROIs are different
anatomical regions of the brain.
The identification of biomarkers, which, in the context of network neuroscience, trans-
late to ROIs capable of conveying significant information about underlying neurological
conditions. Reproducibility, in this context, is concerned with the identification of the
same distinctive biomarkers or features when the data undergoes different perturbation
methodologies. More precisely:

Definition 2 (Self-Repoducibility) Given a GNN model trained with different data per-
turbation strategies (e.g., cross-validation), self-reproducibility quantifies the ability of the
model to find consistent biomarkers or features across these perturbations.

Self-reproducibility is of great importance, especially in the clinical setting. If a model
is highly reproducible, this means that it can find consistent biomarkers or features,
which, in effect, increases its trustworthiness. In Section 4.2 we formally introduce
the self-reproducibility score used throughout this project. It is worth mentioning that
this definition of reproducibility, despite being introduced in the context of network
neuroscience and the clinical setting, can be applied to any domain.
Furthermore, it is important to understand that this definition of reproducibility is dif-
ferent from [1, 30] where they investigate the reproducibility between different GNN
architectures that find the same discriminate biomarkers or features; we, on the other
hand, look at the same GNN architecture under different perturbation strategies.
An important question arises: How does one identify biomarkers or features when using
GNNs for graph classification tasks? [1] first proposes a solution to this by using a one-
layer MLP as an output layer applied over the concatenated node embeddings (in order
to preserve the graph structure) of the final layer of the GNN. As a result, the importance
of a biomaker or features is given by the magnitude of the weights in the output layer
of the MLP, since this layer is used for final graph classification. This notion will be used
throughout this project.

2.4 Summary

In this chapter, we introduced the preliminary information and background needed to
understand this project. In particular, we explored GNNs, understood how they work
and their limitations, in particular the neighbour explosion problem, and motivated
KD and KDG. For KDG, we explained what constitutes as knowledge, what distillation
schemes can be used, in this project we focus on offline distillation since we are inter-
ested in compressing pre-trained models, and which teacher-student frameworks can
be used. Finally, we introduce reproducibility in the context of network neuroscience.
All of which are fundamental cornerstones of our project. In the next section, we will
cover the related work and literature relevant to our project.
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Chapter 3

Related Work

Reproducible knowledge distillation on graphs is a domain that has yet to be explored,
and to the best of our knowledge, there are no KDG methods concerned with repro-
ducibility. However, in this section, we explore closely related areas to our project and
proposed method. In particular, we will look at state-of-the art methods in KD and
KDG. We will also look at interpretable artificial intelligence, biomarker reproducibility
methods, and stable feature selection methods, areas which are closely related.

3.1 Knowledge Distillation

Knowledge distillation (KD) aims to transfer the performance of a large model into a
smaller one. KD was first proposed in [24], where knowledge is transferred through
the output logits of the teacher, as described in Section 2.2. FitNets [25] propose
knowledge transfer through intermediate features (learned representations, e.g., the
output of intermediate layers) of the models. The L2 distance loss is used to match the
intermediate features between the teacher and student. Here, the loss function is given
by:

L = α · LCE + β · LKD + γ · LF (3.1)

where LF = DL2(ψs(fs(x)), ψt(ft(x))), fs(x) and ft(x) denote intermediate feature maps
for the student and teacher, respectively. ψs and ψt denote feature transformations for
consistent feature shapes for the student and teacher, respectively. DL2 denotes the L2

distance, and LKD is the response-based knowledge loss defined in equation 2.6. In
fact, many other KD methods have been proposed throughout the literature [23], all of
them with a unique way to transfer knowledge, distillation scheme used, or the use of
different teacher-student frameworks. However, despite their great successes and usage
in many applications such as NLP or computer vision, these methods are not tailored
for GNNs. As a result, methods were developed to take into account graph-structured
data, as discussed in Section 2.2.
LSP [26] was the first method that considered the graph structure learned by GNNs
and used this as knowledge during distillation. This is done with the use of the local
structure-preserving module [26] which takes into account the topological structure of
the graph learned by the teacher and then matches it with the students learned graph
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structure during the distillation process, as explained in Subsection 2.2.2. Multi-scale
knowledge distillation (MSKD) [27], takes LSP one step further by using multiple
teachers to transfer knowledge to the student model. Again, knowledge is transferred
through the teacher’s graph structures. However, an attention mechanism is used to
determine the importance of each teacher during knowledge distillation. The attention
weight αl for each teacher l is given by:

αl =
MLP (zs)TMLP (ztl)∑L
l=1MLP (zs)TMLP (ztl)

(3.2)

zs and zt are the logits of the student and teacher models, respectively. L is the total
number of teachers. MLP refers to a multi-layer perception and is used to project the
logits to a lower-dimensional space [27]. The loss LMSKD is given by:

LMSKD =
1

n

L∑
l=1

n∑
i=1

αlDKL(LSt
i,LSs

i ) (3.3)

Furthermore, MSKD also transfers knowledge through the output logits from all the
teachers to the student. The final loss is given by:

L = α · LCE + β ·
L∑
l=1

LKD(z
tl , zs)) + γ · LMSKD (3.4)

where LKD has been defined in equation 2.6, LCE is the cross entropy loss, and α, β
and γ are parameters to balance the terms.
Many other KDG methods have been proposed; for example, in [42, 43, 44] they distil
GNNs to MLPs. The motivation behind this is to minimise the complexity and inference
time of GNNs while also reducing the dependency on the graph structure [18]. Other
methods, such as [48], are concerned with the fairness of the distilled models. In
particular, they aim to tackle inheriting biases distilled from the teacher into the student
model, which is different from reproducibility.
Despite the fact that KDG methods are designed for GNNs and graph-structured
data, they fail to consider the distilled model’s reproducibility.
Furthermore, as we shall see, our proposed method uses a one-to-many teacher-
student framework. As such, we explore works that use methods with similar frame-
work designs. The use of many students in KD and KDG has not been extensively
studied; in fact, only a handful of papers explore these ideas. In [45], an ensemble of
teachers is used to train an ensemble of students. What makes this particularly power-
ful is that the students are connected via branches, which encourages collaboration and
reduces the variance of the student model [45]. In [46] the one-to-many framework
is used for sentiment classification, where each student model is trained on a different
angle of the data. For example, in the task of cross-lingual sentiment classification [46]
each student is trained on a different language of the same text. The drawback of these
methods is that, again, they do not take into account the reproducibility of the distilled
models and are not designed to be used with graph-structured data.
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More importantly, to the best of our knowledge, the one-to-many teacher-student frame-
work in the context of KDG has not been explored nor implemented. This leaves an
opportunity to leverage the ideas from these papers into our proposed KDG method.
As we have discussed, KD and KDG methods do not take into account the reproducibil-
ity of the distilled models. However, there are two methods that are concerned with
the stability of distilled models. Here, stability refers to the ability of a model to find
consistent discriminative features, similar to our definition of reproducibility.
In [49] they use decision tree models as the student, due to their human interpretability.
However, decision trees are sensitive to the data used to train them. As a result, in
order to stabilise the student, they generate a large pool of pseudo-samples from the
teacher. Then the stability of a split is assessed by running an hypothesis test to ensure
that sufficient samples are used such that the split is consistent [49]. In [50] they
generalise the notion of stability such that the student can be any intelligible model
such as decision trees or symbolic regression, allowing for more flexibility of the student
model. Furthermore, they produce more stable models when compared to the previous
method. In contrast to [49] where they only use one student, here they generate a large
number of candidate models used for comparison during training.
Despite the success of these methods, they have limitations when applied to GNNs.
Firstly, these methods require a large number of pseudo-samples to be generated in
order to be effective. In the context of deep graph generation, which captures the under-
lying distribution from which the graphs are generated, sampling becomes infeasible
since complexity scales quadratically O(n2) as a function of n nodes [51]. Another lim-
itation is that these methods restrict the student’s model architecture to simple models
such as decision trees, which fail to capture the nuances of graphs. In fact, the com-
plexity and depth of these trees are, in many cases, restricted to a few levels, further
reducing their expressive power. The reason for this is that these methods are mainly
used for model interpretability and to provide interpretations for black-box models.
Furthermore, [50] requires a large number of candidate models to be compared in the
case of decision trees, which can easily be generated; however, in the context of GNNs,
it is not clear how one would go about this.
[49] and [50] have a particular focus on interpretability. This motivated us to explore
model-agnostic post-hoc explanation methods, a branch of interpretable artificial intel-
ligence focused on explaining models once they have been trained. We found that these
methods have close parallels with KD. Here the teacher is a black-box model, which we
wish to explain, and the student is an interpretable model.

3.2 Interpretable Artificial Intelligence

Despite the remarkable accomplishments of machine learning and deep learning mod-
els across various fields, these models often lack the ability to provide users with a clear
understanding of their outputs. As such, there has been a significant surge in the adop-
tion of explainable artificial intelligence (XAI). XAI lies in addressing the interpretability
and explainability issues associated with these black-box models.
In particular, post-hoc model explanation, a branch of XAI where models are explained
after they have been trained [52]. They can be separated into two classes: model-
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specific [53] or model-agnostic [54, 55]. Model-specific explanations attempt to directly
explain the model, for example, with the use of saliency maps [56].
On the other hand, model-agnostic post-hoc explanation methods do not require access
to the internal structure of the black box model; they only need the predictions. As a re-
sult, model-agnostic methods explain the outputs of black-box models by distilling this
knowledge into an interpretable model. However, these methods have been criticised
for their instability [57] and exploitability [58]. As a result, researchers have investi-
gated ways of stabilising them such that these methods give consistent interpretations,
in turn increasing their reproducibility.
For example, S-LIME [59] attempts to stabilise a well-known model explanation tech-
nique LIME [55]. LIME is a post hoc model explanation technique based on perturba-
tions of the data, which are then used to train a sparse linear explainer, such as LASSO
regression [55]. LIME has been shown to give unstable interpretations due to sam-
pling variance or the sensitivity of LIME to hyperparameters [57]. S-LIME attempts to
stabilise these interpretations by using a hypothesis testing framework similar to [49]
ensuring that sufficient samples are used to guarantee stability.
However, these methods have similar limitations to those of [49] and [50] mentioned
in the previous section. Furthermore, post-hoc models only have access to the output
of the model, which means they are restricted in how one can distil knowledge for the
student. As a result, the nuances of graph structure cannot be taken into account during
the distillation process, which limits their usability with GNNs.

3.3 Biomarker Reproducibility Methods

As we have mentioned, reproducibility in the clinical setting is of great importance due
to the increased trust and interpretability of these models. Despite this, in biomedical
domains such as network neuroscience, prediction accuracy is the main measure to
assess how well a model is able to distinguish between different neurological states
often overlooking reproducibility [1].
Despite the importance of biomarker reproducibility, only a handful of papers have
focused on this. In [60] they create a novel architecture by fusing the attention mech-
anism [61] and residual network (ResNet) [62] to capture the most discriminate ROIs
while also optimising for classification performance. Furthermore, in [63] reproducible
biomarkers across different datasets are used to identify critical brain changes respon-
sible for neurodegenerative disorders, such as schizophrenia and autism. In [64] they
improve the reliability of the identified biomarkers in [63] by using a large and diverse
pool of training samples. In a similar vein, [65] exhaustively aims to identify the most
reproducible biomarkers for autism diagnosis by using two different imaging modalities:
functional and structural MRI.
Despite the successes of these works, they work directly with brain images and fail to
make use of GNNs to leverage the topological structures of brain graphs. In particu-
lar, [60] make use of 3D-ResNets, in [63, 64] independent component analysis [66] a
decomposition-based technique. Notably, in [65] they use a variety of classical machine
learning and deep learning models.
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However, in [67] they leverage graph structures in order to find the most distinctive fea-
ture selection algorithm that produces the most reproducible features for multi-graph
datasets. The issue with this method is that it makes use of traditional feature selec-
tion methods and, as such, cannot be directly used with GNNs. In fact, [1, 30] address
this limitation and investigate the reproducibility of GNNs. In [1] they create a novel
framework used to find the most reproducible GNN model given a pool of different
GNN architectures such as GCNs or GATs. Inspired by this, [30] uses many of the same
notions and techniques but applies them to federated learning. Nevertheless, these pa-
pers investigated intra-model reproducibility, “if two models have consensus over the
most important features or biomarkers, this shows that those features are reproducible
across models. Hence, since different models end up finding the same top discrimi-
nate features, this shows that such models are reproducible.” [1]. In contrast, we are
concerned with the self-reproducibility of a model; that is, we want to increase the re-
producibility of a single GNN architecture such that it is robust to perturbations to the
data. As a result, the methods set out in these papers are not directly applicable to our
problem. In light of this, we can see that the reproducibility of KDG methods has not
been investigated, which leaves an opportunity to explore this domain.

3.4 Stable Feature Selection

Another line of work which is related but orthogonal to our work is stable feature selec-
tion. This domain is concerned with stabilising feature selection (FS) algorithms such
that they give consistent and robust features [68]. In the context of bioinformatics,
stable biomarker discovery is of great importance. This is because clinicians can be
confident that the biomarkers identified by the FS algorithm and subsequently used as
features for the machine learning algorithms can consistently separate controls from
cases [68]. However, finding stable biomarkers is a difficult challenge due to various
sources of instability. Firstly, the limited high-dimensional data, which in many cases is
incomplete or noisy [28]. Secondly, underlying disorders can have multiple informative
biomarkers that are difficult to identify [68]. Finally, many of the FS algorithms do not
take stability into account [68]. This has motivated researchers to investigate stable FS
algorithms. In fact, there has been a growing number of papers that are concerned with
stable FS algorithms since the robustness of these methods to perturbation in the data
is of the utmost importance for reliable biomarker discovery [69]. For example, in the
context of biomarker discovery, [70, 71, 72] makes use of ensemble and data perturba-
tion methods to find robust features by training a diverse set of FS algorithms. Then
ensembles the results to get the final features, such that the features are more robust to
perturbation in the data.
Reproducibility is closely related with stable FS. If we discover features that are con-
sistent and stable, in turn, the FS algorithms are highly reproducible [68]. However,
fusing FS algorithms together with GNNs has become a strenuous challenge [1]. The
difficulty arises in the extraction of informative biomarkers or features of GNN models.
This is because, unlike traditional machine learning models which directly make use
of the features discovered by the FS algorithms, GNNs use node feature vectors and
adjacency matrices as inputs. To address these limitations, [1] proposes the use of a
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one-layer MLP as an output layer, for graph classification, as explained in Section 2.3.
In turn, the reproducibility of GNNs relies on the absolute values within this layer, which
indicate the importance of each feature or biomarker. As a result, applying stable FS
algorithms directly to GNNs is not clear.

3.5 Summary

In this chapter, we covered the literature related to our project and the proposed method.
We saw that many of the KD and KDG methods do not take into account the repro-
ducibility of the distilled models. We also explored XAI methods that distil black-box
models into an interpretable one due to the close parallels with KD. Finally, we looked
at biomarker reproducibility methods and stable feature selection; these areas aim to
tackle the same problem, but not in the context of KD. In light of the literature, we can
see that there is an opportunity to explore a new research domain: reproducible offline
knowledge distillation for GNN. In the next section, we aim to motivate this domain.
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Chapter 4

Motivation

Having introduced the reader to the background and related work for our project, we
have seen that there is a lack of research concerned with the reproducibility of KD and
KDG methods. As a result, we aim to motivate a novel research area: reproducible offline
knowledge distillation for GNN. To do so, we first formally introduce the problem. Then,
we propose a method to quantify the reproducibility of a model. Subsequently, we show
empirically that if reproducibility is not taken into account, in many cases, it leads to a
degradation of the distilled model’s reproducibility.

4.1 Problem

Teacher

Student

Reproducibility?Performance

Figure 4.1: Illustration of the fundamental problem with KD and KDG methods. The per-
formance of the teacher is being distilled to the student, but reproducibility is not being
taken into account. Losses are explained in Equation 2.3. ŶS and YTruth are the student
predictions and ground truth labels.

As we have discussed extensively in Chapters 2 and 3, the main goal of knowledge dis-
tillation is to transfer performance, generally accuracy, from the teacher to the student.
Different forms of knowledge, distillation schemes, and teacher-student frameworks can
be used. However, we found that no method takes into account the reproducibility of
the student model during the distillation process, as illustrated in Figure 4.1.
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As discussed in Section 2.3, it is important in the clinical setting since it puts into ques-
tion whether we can trust distilled models. As a result, we explore the following ques-
tion: What happens to the reproducibility of student models after knowledge distillation
takes place? Before answering this question, we need to quantify reproducibility.

4.2 Quantifying Reproducibility
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Figure 4.2: Framework used to derive the self-reproducibility score of a fixed GNN model.
(A) For a fixed model, we train it using different data distribution perturbation strate-
gies. Once the model has been trained, we extract the final weight vectors for each cross-
validation method ŵi. Using ŵi and for n different threshold values, we extract the rank
vector rkhi for each cross validation method (i ∈ {1, 2, 3}). (B) Using rkhi , we evaluate
the self-reproducibility matrix Rkh for different threshold values. (C) Next, we use them
to calculate the final self-reproducibility matrix R (D) By using R, we calculate the self-
reproducibility score SR.

In this section, we introduce a novel score, the self-reproducibility (SR) score, to mea-
sure the reproducibility of a model (Definition 2). If a model has a large SR score, then
this means that it identifies the same set of biomarkers or features across different data
perturbation strategies, in turn increasing its trustworthiness. It is important to under-
stand that the self-reproducibility score proposed is different from the ones in [1, 30].
In [1, 30] the score aims to quantify reproducibility between different GNN architec-
tures; we, on the other hand, quantify reproducibility same GNN architecture under
different perturbation strategies.
We define a fixed model as a model for which the architecture, hyperparameters, and
initial weights are the same before it undergoes a different data perturbation training
strategy, in this case cross-validation. Notice that during cross-validation, any training
strategy can be used, such as offline knowledge distillation or simply gradient descent.
To understand how we derive the SR score, we will walk through Figure 4.2.

(A) We begin by training a model using 3, 5, and 10-fold cross-validation as the data
perturbation strategies, resulting in 18 trained models in total (one for each type of
cross-validation, 3, 5, and 10-fold). We look at the weights of the final layer of each
model, as explained in Section 2.3, and take the average of these weights for each cross-
validation scheme used (3, 5, and 10-fold) as the final weight vector. As a result, we
end up with three final weight vectors, one for each cross-validation scheme; we call
them ŵi where i ∈ {1, 2, 3} indicates the cross-validation scheme used.
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Once all the ŵi have been obtained, we can look at the top K ROIs or features for each
of these vectors. To do so, we take the absolute value of each of the weights ŵi, rank
them in descending order, and select the top K indices. We call this the rank vector
rkhi of the top khth ROIs or features. Where i is the index of ŵi used. We do this for n
different K threshold values.
(B) For a given threshold K we can define a self-reproducibility matrix Rkh which
measures the consistency between different perturbation strategies for a given threshold

value. Each entry of the matrix Rkh is given by Rkh
i,j =

|rkhi ∩rkj |

|rkhi |
, the intersection of

indices between for rki and rkj . This done for all unique combinations of rki , resulting in
a three-by-three matrix. One can evaluate different n self-reproducibility matricies Rkh

for different threshold values.
(C) To generate the final self-reproducibility matrix R, where each entry is given by

Ri,j =
∑n

h=1 R
kh
i,j

n
, here n is the total number of thresholds K. This is simply the average

of the n self-reproducibility matrices Rkh.
(D) The final self-reproducibility score SR is given by averaging the off-diagonal
elements of the upper triangular part of the matrix R, since it is symmetric. Each
entry of R is a score for each data perturbation strategy across all thresholds; thus,
averaging over these values gives a score that incorporates all perturbation strategies
and different threshold values for a model.
The SR score varies from 0 to 1. A model is perfectly reproducible if its SR score is
equal to 1. This means that the model always finds the same set of top biomarkers
under various perturbations of the training data. Note that the SR score can be scaled
by any factor. Using a scaling factor of 100, the score varies from 0 to 100 instead.
It is important to highlight that despite variations of the metric above being extensively
used in biomarker discovery [73], it has some drawbacks. Firstly, the values of K and n
are often chosen empirically. Secondly, the score simply looks at the intersection of the
ranks; in turn, this does not take into account the weights for each biomarker. Thirdly,
when looking at larger values of K if a biomarker appears in a vastly different location
in both vectors, it will get the same score as if it appeared in similar locations since the
intersection does not consider relative ranking.

4.3 Knowledge Distillation & Reproducibility

In this section, we explore the reproducibility of knowledge distillation on graphs meth-
ods. In particular, aim to answer the following research question: What happens to the
reproducibility of student models after knowledge distillation takes place?

4.3.1 Experimental Setup

In this section, we give a brief overview of the experimental setup used for motivating
the problem of reproducible offline knowledge distillation for GNN. Note that the experi-
mental setup here is the same as the one in the evaluation and discussion section of the
project. As such, in-depth explanations can be found in Section 6.1.
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Datasets: We conduct experiments on graph classification tasks. In particular, we look
at four datasets derived from the Brain Genomics Superstruct Project (GSP) dataset
[31]. The datasets are constructed from the structural and functional MRI scans to
produce cortical morphological networks (CMNs) for each individual. In particular,
for each individual, the maximum principal curvature network C1, cortical thickness
network C2, sulcal depth network C3 and average curvature network C4 are derived.
Each dataset is comprised of 698 graphs, split into two classes: male and female. The
number of nodes per graph is 35, the average number of edges is 298, and the average
node degree is 17. We also use the BreastMNIST dataset from MedMNIST v2 [32]. The
dataset is comprised of 780 samples; the number of nodes per graph is 28, the average
number of edges is 135.58, and the average node degree is 10.11. We treat the images
as graphs, as is done in [30].

Knowledge Distillation Methods: To understand what happens to the reproducibility
of distilled models, we investigate four different KD methods. In particular, Vanilla
KD [24] which is the first proposed KD technique, introduced in Subsection 2.2.2. The
second method we explore is FitNet [25], explained in Section 3.1 where the loss is
defined in equation 3.1. Finally, we investigate two KDG methods: LSP [26] and MSKD
[27]. LSP transfers knowledge through graph structure, detials of losses can be found
in Subsection 2.2.2. MSKD does too, but makes use of multiple teachers as explained
in Section 3.1, loss is defined in equation 3.4. Due to the use of multiple teachers
of varying layers, in these experiments a one- and two-layer GNN were used as the
teachers.

Teacher and Student Backbones: Once the KD methods have been decided, we need
to define the teacher and student architectures to use. We explore two widespread and
common GNNs: Graph Convolution Networks (GCN) [5] and Graph Attention Networks
(GAT) [8]. These were introduced in Subsection 2.1.2. The GCN teacher is a 2-layer
GCN. The node embedding dimensions per layer are 64 and 2, respectively. The GCN
student is a 1-layer GCN, and the node embedding dimension is 2. The GAT teacher
is a 2-layer GAT. The first layer has 8 attention heads, each with a node embedding
dimension of 8. The second layer has one attention head with node embedding di-
mension 2. The GAT student is a 1-layer GAT. In this case, there is only one attention
head with node embedding dimension 2. In the final layer of the GNN, a topology-
preserving aggregation function is used on the node embeddings, which is then passed
into a single-layer MLP for final classification. This is done such that each weight that is
extracted is related to a biomarker or feature [1]. However, this means that the hidden
dimension final layer must be equal to the number of classes, which in our case is two.

Training & Parameter Settings: All models need to be trained using 3, 5, and 10
fold cross-validation, due to the definition of self-reproducibility, Section 4.2. For each
cross-validation, we report the performance of the model on each of the test splits and
then evaluate the self-reproducibility score, using four different threshold values: K =
{5, 10, 15, 20}. We ran all experiments across 10 different seeds; to mitigate biases
in the weight initialization or data splits, results are reported over the different seeds.
Furthermore, to ensure fair tests, we used many shared parameters across all models,
all defined in Table 6.1. Pre-trained teacher and student-specific hyperparameters can
be found in the table A.1. KD model-specific hyperparameters are defined in Table A.2.
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4.3.2 Analysis

Before we look at the reproducibility of the distilled models and analyse the results,
we need to ensure that successful knowledge distillation has in fact taken place. From
Table 4.1 we can see that the accuracy of the student when trained with the teacher,
across all datasets and architectures, increases with respect to the original student.
We now turn our attention to the self-reproducibilty scores of the distilled models for
different datasets, KD methods, and GNN architectures used. From Figure 4.3 we can
immediately see clear trends.
Firstly, we can see that for all different knowledge distillation methods, the students
reproducibility decreases. As seen by the percentage decrease of the student model
when trained with a KD method with respect to the student trained without any KD
method (orange bars). FitNet sees the largest fall in reproducibility for both GCN and
GAT architectures on average across all datasets, −21.43% and −11.92% respectively.
LSP and MSKD see similar degradations in student reproducibility since they use the
same knowledge transfer technique (graph structures). Finally, vanilla KD sees the least
degradation of reproducibility for both GCN and GAT architectures on average across all
datasets, −1.32% and −1.38%. This clearly shows that KD methods that do not take re-
producibility into account lead to a degradation in the distilled model’s reproducibility,
in the worst case, a decrease of 31.42%.
Secondly, on average, student models are more reproducible than the teachers for
both architectures. To explain this, we look at the stability of GNNs, [74] showed
that deeper models have large fluctuations in their weights. In turn, this could explain
why the teachers are less reproducible. Reproducibility depends on the weights of the
final layer, since weights are less stable for larger models. In turn, this degrades the
self-reproducibility score.

Model C1 C2 C3 C4 BreastMNIST Average

GCN T. 61.01±0.30 66.16±0.09 66.91±0.09 65.44±0.12 72.48±0.31 66.40±0.18
GCN S. 57.78±0.28 63.75±0.20 63.25±0.11 63.62±0.09 69.21±0.66 63.52±0.27

Vanilla 58.16±0.24 63.98±0.14 63.75±0.15 63.77±0.23 70.34±0.60 64.00±0.27
FitNet 60.73±0.57 64.21±0.39 65.20±0.31 64.45±0.20 73.32±0.08 65.58±0.31
LSP 61.21±0.27 65.58±0.31 66.43±0.08 65.78±0.13 73.41±0.17 66.48±0.19
MSKD 62.18±0.14 65.72±0.38 66.51±0.26 65.79±0.09 73.99±0.04 66.84±0.18

GAT T. 62.03±0.31 67.77±0.09 65.29±0.23 66.40±0.55 72.92±0.09 66.88±0.26
GAT S. 57.52±0.49 61.17±0.07 60.29±0.19 59.96±0.08 55.59±0.08 58.91±0.18

Vanilla 58.05±0.38 63.12±0.19 61.13±0.03 60.65±0.15 56.91±0.08 59.97±0.16
FitNet 62.52±0.16 66.37±0.26 65.85±0.26 66.46±0.23 73.54±0.16 66.95±0.21
LSP 63.28±0.20 66.40±0.35 66.67±0.22 66.83±0.05 73.42±0.07 67.32±0.18
MSKD 63.45±0.35 66.92±0.51 66.93±0.11 66.48±0.13 73.60±0.18 67.47±0.25

Table 4.1: Average test-set accuracy for 3, 5 and 10-fold cross validation. GCN (top) and
GAT (bottom) architectures. Teacher (T.) student (S.). Bold and Underline indicate the
best and second best performance among the KD methods. Average column is the averaged
performance of each model across all datasets.
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Figure 4.3: Average self-reproducibility scores for GCN (top) and GAT (bottom) archi-
tectures. Value above the KD method bar indicates the percentage decrease of the self-
reproducibility with respect to the student trained without KD (orange). The last set of bars
shows the averaged performance of each model across all datasets.

We suspect that the inherit uncertainty of the teacher model causes a degradation in
students reproducibility. Teachers are models that try to best solve a task; however, they
are not perfect and, as such, have uncertainty. In turn, this means that teachers have
variability, which, if not taken into account, is distilled into the student models, thus
reducing the self-reproducibility score. Furthermore, we attempt to explain the differ-
ences in the students degradation between different KD techniques. We suspect this is
due to the way knowledge is transferred from the teacher to the student. Vanilla
KD uses output logits, while FitNet, LSP, and MSKD match the internal model structure
directly. As such, matching graph structures and internal representations influence the
weights in the final layer more than output logits, which results in a larger degradation.

4.4 Summary

To conclude, in this chapter, we formally introduced the problem of reproducibility and
knowledge distillation. We formalised the notion of reproducibility and put forward a
score that can be used for GNNs. More importantly, we answered the following ques-
tion: What happens to the reproducibility of student models after knowledge distillation
takes place? We empirically showed that for a wide range of GNN architectures and KD
and KDG baselines, there is a degradation in the distributed models reproducibility. In
light of these findings, in the next section, we propose a novel KDG method that aims
to solve this issue.
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Chapter 5

Method

In the previous chapters, we explored KD and KDG methods and saw that the repro-
ducibility of distilled models decreased. As a result, in this section, we propose a novel
offline knowledge distillation method for GNNs designed to retain the reproducibility
of student models while also conserving their performance.

5.1 Problem Formulation

In this section, we formalise the problem we are trying to solve. In particular, we want
to retain and increase reproducibility while conserving the performance of distilled mod-
els (students) during offline knowledge distillation for GNN-based teacher-student frame-
works. In order to achieve this, the designed model must satisfy the following:

Performance - The proposed method should prioritise conserving and increasing the
students reproducibility without degrading their performance.

Model agnostic - KD methods should work independently of what GNN architectures
are used. As a result, the proposed method should be robust to the choice of GNN used
for both the teacher and student architectures.

Efficiency - When comparing the proposed method to other KD and KDG methods, we
should not see a large overhead in the training time, number of parameters or inference
time of the distilled model.

5.2 Proposed Method

We intorduce our novel proposed method, Reproducibility aware Knowledge Distillation
on Graphs (RepKD), which aims to transfer the knowledge from a large pre-trained
teacher GNN to a smaller GNN student while preserving reproducibility for graph clas-
sification. As seen in Figure 5.1 the overall framework is a two-step process which
consists of (A) reproducibility aware knowledge distillation process and (B) student
selection process, which decides the final GNN student used for inference.

26



Chapter 5. Method 5.2. PROPOSED METHOD

GNN T

GNN S1

GNN S2

GNN SN

M
LP

Ag
gr

eg
at

io
n

M
LP

Ag
gr

eg
at

io
n

M
LP

Ag
gr

eg
at

io
n

M
LP

Ag
gr

eg
at

io
n

GNN S1

GNN S2

GNN SN

M
LP

Ag
gr

eg
at

io
n

M
LP

Ag
gr

eg
at

io
n

M
LP

Ag
gr

eg
at

io
n

GNN SFinal

M
LP

Ag
gr

eg
at

io
n

Selection Process

(A) (B)

Figure 5.1: An overview of the proposed Reproducibility aware Knowledge Distillation
on Graphs (RepKD) framework. A two-step process, (A) reproducibility aware knowledge
distillation (B) student selection process, is used to decide the final student GNN used.
GNN T , GNN S1, GNN S2, GNN SN represent graph neural networks for the teacher and
the 1st, 2nd, and Nth student. zt, zs1 , zs2 , zsN , ẑs represent the teachers and 1st, 2nd, Nth,
and average students logits and YTruth are the ground truth labels for graph G. hti, hs1i ,
hs2i , hsNi , ĥsi represent the teachers and 1st, 2nd, Nth, and average students embedding for
node i. Black and red lines indicate response-based and graph-based knowledge transfer,
respectively. Dashed lines indicate averaging. The green boxes indicate loss functions used
during training.

5.2.1 Reproducibility aware Knowledge Distillation

We begin by exploring (A) the reproducibility aware knowledge distillation method
used to train the student models. To understand the framework, we will begin by
explaining why an ensemble of students is used and then walk through the different
loss functions that form the method. It is worth noting that our method is different
from current KD, which leverages ensembles [45, 46] In particular, [46] is exclusively
designed for text data, and [45] does not leverage graph structures. In fact, our method,
to the best of our knowledge, is the first KD on graphs method to leverage the one-to-
many teacher-student framework.

Student Ensemble

Ensembles are a well-known technique used in machine learning to increase model
performance [75]. Recently, ensembles have gained a lot of interest in deep learning,
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known as deep ensembles, due to their simplicity and ability to quantify uncertainty [76].
They have also had great success in stabilising feature selection algorithms [70, 71, 72],
such that consistent features are discovered. Furthermore, ensembles have been used in
KD. In, [45] showed that by joining the output logits of the students and incorporating
a loss at the ensemble level, it helped reduce the variance of the predictions of each
student model and encouraged within-model collaboration in the ensemble, further
increasing performance.
As such, we leverage these ideas and incorporate them into our method. In particular,
we use ensemble of N students, a hyperparameter that needs to be tuned, where each
model has the same GNN architecture but is initialised with different weights. This
is done in order to embrace the variability incurred by model initialization, which is
leveraged to stabilise student reproducibility.
In particular, we incorporate two ensemble-level losses for collaborative learning: an
intra-student loss to promote diversity within the ensemble and a teacher-student loss
within the ensemble to retain performance at the individual level.
Furthermore, it is important to highlight that all the models pass their node embeddings
through a topological persevering aggregation function before passing them through the
MLP for classification [1]. This is because it is vital to preserve the topological structure
such that the weights are permutation variants since the ordering of the weights is
important when evaluating the reproducibility score and for model interpretability. In
particular, instead of averaging the node embeddings in the final layer of the GNN, we
simply concatenate the embeddings row-wise. Then we apply the MLP to each column.
However, this means that the hidden dimension final layer is restricted to the number
of classes in order to be able to get the output logits for each class needed for graph
classification.

Ensemble Losses

As mentioned previously, we incorporate two losses for collaborative learning within
the ensemble. In particular, LCE and LESP .
LCE is simply the cross-entropy loss between ensemble prediction:

Ŷ Ensemble
i = SoftMax(ẑsi ) =

exp(ẑsi )∑
j exp(ẑ

s
j )

(5.1)

where ẑsi is the average logits for the students in the ensemble for class i, and the ground
truth prediction Y Truth which are one hot encoded.

LCE(Y
Truth, Ŷ Ensemble) = −

C∑
c

Y Truth
c log(Ŷ Ensemble

c ) (5.2)

where C is the total number of classes used for classification.
Since we are dealing with graph-structured data, it was important that this be taken
into account during the distillation process. As a result, ensemble structure preserving
loss LESP aims to preserve the topological graph structure learned by the teacher model
and distil this into the ensemble. We use the same definition of local structure used in
[26, 27].
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For a graph G = {V,A} where V ∈ Rn and A ∈ Rn×n the local structures learned by the
teacher model or an ensemble mode can be expressed as:

LS = {LS1, LS2, ..., LSn} where LSi ∈ Rd (5.3)

Where LS is a set of vectors for each node n with degree d.
LSi measures the similarity between node i and all its neighbours. In order to calculate
each element of the vector LSij, we need to pass G through the model such that we
have the node embeddings learned for each node of the graph. LSij given by:

LSij = SoftMax(exp(−1

2
||hi − hj||2)) (5.4)

where i and j is a pair of nodes and j is the neighbourhood of i. hi and hj represent their
respective node embeddings. In turn, L̂S

s
and LSt can be calculated for the ensemble

and teacher, respectively.
It is important to note that this is different to [26] and [27] to order to be able to
evaluate L̂S

s
which is the local structure for the ensemble. We need to first evaluate

the node embeddings for the ensemble ĥsi for all nodes. To do so, we simply take the
average of the node embeddings across the students in the ensemble.

ĥsi =
1

N

N∑
k=1

hsk (5.5)

Where N is the total number of students in the ensemble. Having evaluated ĥsi for all
nodes, we can now use these in equation 5.3 to calculate L̂S

s
. We can now use the local

structures we evaluated and use them during KD, through the use of the following loss
function:

LESP (LSt, L̂S
s
) =

1

n

n∑
i=1

DKL(LSt
i, L̂S

s

i ) (5.6)

Here, the loss is given by the average Kullback-Leibler divergence lossDKL, for all nodes
n in the graph G.

Intra-Student Loss

To promote diversity and stability within the ensemble, we introduce a novel intra-
student loss LIS. Motivated by distance-aware deep ensembles [77] and anti-distillation
techniques [75], where during optimisation models in the ensemble are pushed away
from each other. In [75] a loss is used to decorrelate the output logits of the models
in the ensemble for each batch. In [77] they incorporate a weight repulsive term in
the gradient of the weight parameters to prevent them from having the same value.
Putting these two ideas together, we incorporate a loss that pushes the weights of the
final layer away from each other by using the cosine similarity measure between these
weights. This is done to ensure that during the model selection process, there is a wide
diversity of students that are orthogonal to each other. As we shall see vital for the
students reproducibility.
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To calculate LIS, we first need to evaluate the cosine similarity loss LSC between all
students in the ensemble N . This is done by evaluating the cosine similarity between
the weights wsi and wsj of the MLP for all unique pairs of students i and j:

LSC = SC(w
si , wsj) =

wsi · wsj

||wsi ||2 × ||wsj ||2
(5.7)

SC is the cosine similarity measure, · indicates the dot product, and || · ||2 is the L2 norm.
If SC(w

si , wsj) = 0 then wsi and wsj are orthogonal or decorrleated to each other; as
such, we wish to minimise LSC . Finally, to evaluate LIS, we define B as the unique set
of all pairs of student weights B = {(wsi , wsj) ∈

(
N
2

)
} then:

LIS =

|B|∑
k=1

LSC(Bk) (5.8)

As a result, when minimising this loss function, it results in decorrelarted weights for
all pairs of students, which in turn promotes model diversity within the ensemble and
stabilises the weights, which in turn results in reproducible models.

Teacher-Student Loss

We also introduce a novel ensemble teacher-student loss LETS inspired by [45]. Here
a one-to-one knowledge distillation from each teacher to the student in their respective
ensembles is incorporated to promote a diverse set of representations. We incorporate
this loss for both diversity within the ensemble and to guide the students so that, in-
dividually they have similar performances to the teacher. This is crucial to preserving
individual student performance during the selection process.
LETS is a response-based loss, meaning we distil knowledge from the teacher to each
student in the ensemble through their output logits:

LETS = τ 2
N∑
i=1

DKL(στ (z
t, τ), στ (z

si , τ)) (5.9)

Where N is the total number of students in the ensemble, zt and zsi are the logits of
the teacher and student i. DKL is the Kullback-Leibler divergence. τ is the temperature
parameter (τ 2 is used to stabilise the learning procedure [24]).

Final Loss Function

Finally, we can define the final loss function used during training by simply joining the
above losses together:

LFinal = α · LCE + β · LESP + γ · LETS + λ · LIS (5.10)

Where α, β, γ and λ are hyperparameters used to balance the loss terms. The pseudo-
code for the framework is summarised in Algorithm 1.
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5.2.2 Selection Process

After the ensemble has been trained, as explained above, we then pick a final student
model from the ensemble, which is then used during inference. There are several rea-
sons why we pick one student instead of using the ensemble. Firstly, this is to reduce
the number of model parameters such that the final model used during inference is pa-
rameter efficient. Secondly, if parallelization is not possible in the end device, such as
CPUs with a single core, then the inference time of the ensemble is greater than that of
a single model. Since we need to evaluate multiple models and join their outputs. Fi-
nally, this gives us the opportunity to find a model that is both reproducible and retains
performance.
To determine the final student model SFinal, the selection criteria used are simply select-
ing the model within the ensemble that has the highest weighted reproducibility score
and accuracy. To calculate it, for each model in the ensemble, we evaluate its repro-
ducibility score and accuracy, then take the mean of these two values as the final score.
The reason this is used is to find models that find a balance between reproducibility and
performance; as we shall see, these are inversely correlated.

5.3 Implementation

Our proposed method was implemented in Python using the PyTorch [78] and PyTorch
Geometric [79] libraries. Since we are working with graph-structured data, Pytorch
Geometric is specifically intended to interface with GNN, allowing us to directly operate
on graphs using built-in methods. Both of these libraries are optimised for GPU utilisa-
tion, ensuring high-performance execution. Moreover, a key reason behind our choice
of these libraries is their extensive use within the research community. This popularity
assures that our results can be easily replicated by others, fostering the credibility of
our approach. Appendix C has detailed information about the code repository of our
project.

5.4 Summary

In this chapter, we introduce our novel proposed knowledge distillation method, Re-
producibility aware Knowledge Distillation on Graphs (RepKD), which aims to solve the
problem highlighted in Chapter 4, the deterioration of reproducibility in distilled mod-
els. RepKD is made up of two key components. Firstly, a one-to-many teacher-student
framework is used to train an ensemble of students using distance aware and knowl-
edge distillation losses to ensure both reproducibility and performance. Secondly, once
the training is complete, the best student from the ensemble is chosen in order to find
the most reproducible and performant student. In the next chapter, we will compare
our method to other state-of-the-art methods and carry out extensive experiments to
justify the different design choices of our method.
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Algorithm 1 Reproducibility aware Knowledge Distillation on Graphs

Input: Set of training graphs G = {G}; Pre-trained GNN teacher T with model param-
eters θt; Total number of students in ensemble N

Output: A compact student model SFinal with model parameters θsFinal

initialize model parameters {θs1 , θs2 , ..., θsN} ← SEnsemble

//knowledge distillation process

while SEnsemble has not converged do
for G in G do

//cross entropy loss

calculate ensemble ẑs as the average of {zs1 , zs2 , ..., zsN}
calculate LCE using ground truth labels, ẑs and equation 5.2
//ensemble structure preserving loss

evaluate LSt using G, θt and equation 5.3
extract {hs1 , ..., hsN} using G and SEnsemble

evaluate ĥs using {hs1 , ..., hsN} and equation 5.5
evaluate L̂S

s
using ĥs and equation 5.3

calculate LESP using L̂S
s
, LSt and equation 5.6

//intra-student loss

extract weights {ws1 , ws2 , ..., wsN} from SEnsemble

calculate loss LIS using {ws1 , ws2 , ..., wsN} and equation 5.8
//teacher-student loss

extract zt using G and θt

extract {zs1 , zs2 , ..., zsN} using G and SEnsemble

calculate loss LETS using zt, {zs1 , zs2 , ..., zsN} and equation 5.9
//final loss and update model parameters

evaluate final loss LFinal using LCE,LESP ,LIS,LETS and equation 5.10
update all SEnsemble parameters θsi ← θsi − θsi∇LFinal

end for
end while

//student selection process

evaluate self-reproducibility score {SRs1 ,SRs2 , ...,SRsN} in SEnsemble

evaluate accuracy {Accs1 ,Accs2 , ...,AccsN} for students in SEnsemble

calculate average SR and accuracy score {1
2
(SRsi + Accsi)} for students in SEnsemble

return SFinal, student with max {1
2
(SRsi + Accsi)} score
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Chapter 6

Results & Discussion

In this section, we evaluate our proposed framework, RepKD, which we introduced
in the previous chapter, against the problem formulation (Section 5.1). We carry out
ablation studies that support the design choices of our proposed framework. We also
explore the efficiency of our method during training and inference. Finally, we look at
the interpretability of the distilled models.

6.1 Experimental Setup

6.1.1 Datasets

We chose to test our method by using datasets in the medical domain due to the impor-
tance of reproducibility within the clinical setting.
The Brain Genomics Superstruct Project (GSP) dataset [31] was used. The GSP
dataset is derived from structural and functional MRI scans, which are used to cre-
ate cortical morphological networks (CMNs). Here, brains are represented as graphs,
where nodes represent regions of interest (ROIs). ROIs are different anatomical regions
of the brain, defined in Table C.2. Each edge quantifies the interaction between these
ROIs. CMNs model the relationship between different ROIs using a specific measure-
ment. We focused on four: maximum principal curvature C1, cortical thickness network
C2, sulcal depth network C3 and average curvature network C4.
Each of the CMNs are comprised of 698 healthy individuals between the ages of 21 and
23 years, separated into two classes: male and female. Each CMNs are treated as an
independent dataset since different morphological views have different distributions,
which in turn means the graph structures derived from them differ. The number of
nodes per graph is 35, the average number of edges is 298, and the average node
degree is 17. The node feature matrix used is a one hot-encoded vector for each ROI.
The CMNs where generated in the following way. Firstly, the FreeSurfer software [80]
was used to construct left and right cortical hemispheres. Then each cortical hemi-
sphere was divided into 35 regions using the Desikan-Killiany atlas, defined in Table
C.2. Subsequently, various measurements were utilized for each subject, for differ-
ent ROIs, measurements of morphological differences in sulcal and gyral convolutions
where taken for each CMNs. For more details refer to [81].
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The second dataset we used was the BreastMNIST dataset from MedMNIST v2 [32].
MedMNIST contains a large collection of biomedical imaging datasets. In particular,
BreastMNIST is based on 780 ultrasound images for breast cancer tumour classifica-
tion. Images are classified into two classes: normal and benign, the positive class, and
malignant, the negative class. Since we are using GNNs, we simply use the images
as graphs. In [30], concerned with the reproducibility of GNN methods for federated
learning, they do the same. Here, the number of nodes per graph is 28, the average
number of edges is 135.58, and the average node degree is 10.11.
It is important to note that median thresholding was applied to all edges of the graphs,
a common technique used so that the graphs are not fully connected. Here, an edge
between two nodes is maintained if its weight is greater than the graph’s median. This
is done with CMNs to remove redundant and noisy edges between ROIs [82].

6.1.2 Baselines

To evaluate and demonstrate the performance of our proposed method, we compared
it against a range of KD and KDG methods. The first baseline we used was Vanilla KD
[24] which is the first proposed KD technique, as discussed previously in Subsection
2.2.2. It is a response-based method where knowledge is transferred via output logits.
In particular by using SoftMax with temperature as described in equations 2.5 and
through the loss function defined in equations 2.3 and 2.6.
The second baseline used is FitNet [25]. Here knowledge is transferred through the
teacher logits, as before, but also through intermediate features (learned representa-
tions, e.g., the output of intermediate layers) of the models. The loss, defined in equa-
tion 3.1, is used to match the intermediate features between the teacher and student.
Since we are dealing with GNNs, we use the notion that an intermediate feature map
is the set of learned node embeddings of a particular layer of the GNN [26, 27]. In this
project, we match the node embeddings learned in the final layers of the teacher and
student models.
Our proposed method is designed for GNNs, and as such, we explore two KDG tech-
niques. Firstly, local structure preserving KD, LSP [26]. LSP is the first method that
considers the graph structure learned by GNNs. This is done with the use of the local
structure preserving module, which takes into account the topological structure of the
graph learned by the teacher and then matches it with the students learned graph struc-
ture during the distillation process, as covered in Subsection 2.2.2. The loss function is
defined in equation 2.3 where the knowledge-specific loss is defined in equation 2.9.
The second graph-based KD technique used is multi-scale knowledge distillation MSKD
[27], current state-of-the-art (SOTA) method. MSKD takes LSP one step further by us-
ing multiple teachers with different layers to transfer knowledge to the student model.
Again, knowledge is transferred through the teacher’s graph structures. However, an at-
tention mechanism is used to determine the importance of each teacher during knowl-
edge distillation, defined in equation 3.2, explanation can be found in Section 3.1. The
loss function for MSKD is defined in equation 3.4. The MSKD paper suggests to stop
incorporating teachers when you see a degradation in performance; in our case, this
was at two-layer GNNs, as such, we use two teachers.
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6.1.3 Teacher and Student Backbones

Having decided on the KD methods we will compare our method to, we also need
to define the teacher and student architectures used with these methods. We used
two GNNs to validate the generalizability of our proposed method. In particular, we
use Graph Convolution Networks (GCN) [5] and Graph Attention Networks (GAT) [8],
introduced and explained in Subsection 2.1.2.
We give a summary of the GNN teacher and student architectures. The GCN teacher
is a 2-layer GCN. Where the node embedding dimensions per layer are 64 and 2, re-
spectively. The GCN student is a 1-layer GCN, and the node embedding dimension is
2. The GAT teacher is a 2-layer GAT. The first layer has 8 attention heads, each with a
node embedding dimension of 8. The second layer has one attention head with node
embedding dimension 2. Finally, the GAT student is a 1-layer GAT. In this case, there is
only one attention head with node embedding dimension 2.
It is worth noting that due to the small size of the input graph (35 × 35 for GSP and 28
× 28 for BreastMNIST) we are restricted in the number of layers used for the GCN and
GAT. In fact, due to the over-smoothing problem, we saw a degradation in performance
when using more than two layers. Furthermore, as explained in Subsection 5.2.1, the
dimension of the final layer of the GNN needs to be equal to the number of classes so
that it can be used in the topologically preserving aggregation function.

6.1.4 Shared Hyperparameters

In order to ensure a fair evaluation of the models, we attempted to use the same param-
eter settings among the models and only tune model-specific parameters for both the
pre-trained models and KD baselines. Shared parameters are defined in the table 6.1.

Hyperparameter Value

Training Epochs 50
Optmiser Adam [83]
Optmiser Weight Decay 5x10-4
Batch Size 1
Graph Thresholding Median
Soft Targets Temperature τ (if used) 3
KD α* (if used) 1

Table 6.1: Table of shared hyperparameters. * for GSP datasets, tuned for BreastMNIST.

The baselines we have introduced all have different hyperparameters, which in turn
need to be tuned. In order to do this, we simply used the hyperparameter values that
were used in the literature for each of the methods and chose others empirically, based
on the lowest validation loss. In-depth details of the student and teacher GNN hyper-
parameters can be found in table A.1. The hyperparameter settings details for each
KD baseline can be found in table A.2 for each dataset. Finally, we also provide a
RepKD-specific table that defines the number of students used for each GNN architec-
ture combination; this can be found in table A.3. For completeness, the hyperparameter
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search space can be found in table A.4. It is worth noting that due to the large search
space, limited access to resources, and difficulty of training models for 3, 5, and 10-fold
cross validation across 10 seeds, for all KD baseline methods we used the same hyperpa-
rameters that were found with a pre-trained GCN teacher and GCN student architecture
when exploring intra- and cross-model performance.

6.1.5 Training

It is important to understand how training is undertaken to understand the results. Due
to the definition of self-reproducibility, all model needs to be trained using 3, 5, and
10-fold cross-validation. For each cross-validation, we report the performance of the
model on each of the test splits and then evaluate the self-reproducibility score using
four different thresholds values K = {5, 10, 15, 20}.
Furthermore, in order to ensure fairness in our experiments, we have followed the
guidelines set out in [84]. Firstly, we used stratified splits, such that class distributions
are conserved. Furthermore, what needs to be carefully considered when using offline
KD methods is that when training student models, the pre-trained teacher is trained on
the same data to prevent data leakage. More importantly, all experiments were carried
out across 10 different seeds, values 0 through 9, in order to mitigate biases in the
weight initialization or data splits [84], we report the average performance over these
runs. All of the experiments were carried out on an Intel Core i7-10700 @2.90GHz CPU
with Ubuntu 22.04 Linux OS.
Moreover, when analysing our results, we will use the following notation: “GCN” or
“GAT” followed by “T”. or “S.”, this simply refers to the GNN architecture, and if it
is the teacher or the student, “T.” and “S”., respectively. Furthermore, these models
are trained without knowledge distillation; they are simply trained using an Adam
optimiser and with the parameters explained in Subsection 6.1.4.

6.2 Performance

We begin by evaluating our proposed KD method, RepKD, under two different scenar-
ios: intra-model distillation, where the teacher and student have the same architecture,
and cross-model distillation, where the teacher and student have different architectures.
To evaluate our proposed method, we look at two metrics: the self-reproducibility score,
which is the main concern of our model, and accuracy (since we ensure balanced splits
across all classes) to assess if knowledge distillation has taken place. This metric is
extensively used when comparing KD methods, for example in [24, 26, 25].

6.2.1 Intra-Model Performance

We begin by comparing the intra-model performance of our model against the different
baseline KD methods. In particular, we are distilling from a teacher to a student with
the same GNN architecture; GCN to GCN and GAT to GAT.
Table 6.2 shows the intra-model self-reproducibility score for all models and datasets.
We can immediately see clear results. Firstly, we can see that across all architectures
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Model C1 C2 C3 C4 BreastMNIST Average

GCN T. 89.14±3.74 88.88±3.39 90.60±4.47 90.17±5.46 89.21±5.45 89.60±4.50
GCN S. 92.60±4.64 94.04±2.20 91.17±3.41 93.29±2.70 97.69±1.96 93.76±2.98

Vanilla 90.07±4.76 92.85±3.53 90.57±5.43 92.58±2.63 96.54±2.17 92.52±3.70
FitNet 63.50±8.25 70.28±11.26 67.86±10.11 73.93±9.17 92.76±2.49 73.67±8.25
LSP 70.49±11.52 77.31±8.33 74.40±12.75 77.92±7.74 91.50±4.82 78.32±9.03
MSKD 82.44±4.52 81.85±7.27 78.61±9.17 79.46±11.05 90.64±3.95 82.60±7.19
RepKD 96.00±1.92 96.89±0.77 96.50±1.11 96.90±1.39 96.75±1.45 96.61±1.32

GAT T. 91.72±3.31 93.33±3.36 91.60±5.21 92.42±4.06 73.36±10.82 88.49±5.35
GAT S. 91.94±3.33 90.74±4.07 91.99±3.43 91.75±3.74 99.47±1.01 93.18±3.12

Vanilla 90.81±4.78 90.28±4.77 90.06±5.31 91.21±3.37 97.11±5.72 91.89±4.79
FitNet 78.00±14.75 84.13±11.08 74.49±14.53 85.22±7.39 88.54±7.63 82.08±11.08
LSP 88.99±6.75 85.76±5.43 82.21±8.76 85.11±6.53 91.60±3.32 86.73±6.16
MSKD 88.10±7.37 84.47±5.16 81.97±9.20 85.44±8.70 91.04±4.00 86.21±6.88
RepKD 95.33±1.80 95.86±0.39 97.96±1.65 97.56±0.55 98.96±0.63 97.13±1.00

Table 6.2: Intra-model self-reproducibility score. Bold and Underline indicate the best and
second best performance among the KD methods. Top GCN to GCN and bottom GAT to GAT.
Visualisations in Figures B.1 and B.2.

and datasets, RepKD achieves greater self-reproducibility scores than all other KD
methods, achieving an average self-reproducibility score of 96.61 and 97.13 for GCN
and GAT architectures, respectively. This clearly shows the robustness and ability to
conserve the reproducibility of distilled models of RepKD under different scenarios, one
of the main objectives of the method.
Secondly, beyond superior self-reproducibility performance with respect to other KD
methods RepKD demonstrates its effectiveness in many cases by not only main-
taining but enhancing the self-reproducibility score with respect to both student
models (trained without KD) and teacher models. In particular, we saw a percent-
age increase in self-reproducibility of 3.04% and 4.25%, for models trained with RepKD
compared to models trained without KD, GCN S. and GAT S., respectively. Furthermore,
substantial improvement was observed in models trained with RepKD in relation to the
teacher models, in particular a percentage increase in self-reproducibility of 7.83% and
9.77% with respect to GCN T. and GAT T. This indicates that the method not only pre-
serves reproducibility but also promotes consistent model weights across different data
perturbation strategies. In turn, this improvement contributes to the increased inter-
pretability of the distilled models.
Thirdly, we look at the standard deviation of the different methods. We can see that the
average standard deviation of RepKD is 1.32 and 1.00 for GCN and GAT architectures,
respectively. When comparing these values with respect to the other KD methods, we
can see that RepKD offers the greatest model stability. This suggests that RepKD
can find similar model weights (since reproducibility is based on the final layer model
weights) independently of their initialization due to the use of ensembles. This inherent
stability enhances the reliability of the models, as the self-reproducibility score remains
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Model C1 C2 C3 C4 BreastMNIST Average

GCN T. 61.01±0.30 66.16±0.09 66.91±0.09 65.44±0.12 72.48±0.31 66.40±0.18
GCN S. 57.78±0.28 63.75±0.20 63.25±0.11 63.62±0.09 69.21±0.66 63.52±0.27

Vanilla 58.16±0.24 63.98±0.14 63.75±0.15 63.77±0.23 70.34±0.60 64.00±0.27
FitNet 60.73±0.57 64.21±0.39 65.20±0.31 64.45±0.20 73.32±0.08 65.58±0.31
LSP 61.21±0.27 65.58±0.31 66.43±0.08 65.78±0.13 73.41±0.17 66.48±0.19
MSKD 62.18±0.14 65.72±0.38 66.51±0.26 65.79±0.09 73.99±0.04 66.84±0.18
RepKD 60.13±0.18 61.95±0.05 64.02±0.06 63.19±0.20 72.68±0.13 64.39±0.13

GAT T. 62.03±0.31 67.77±0.09 65.29±0.23 66.40±0.55 72.92±0.09 66.88±0.26
GAT S. 57.52±0.49 61.17±0.07 60.29±0.19 59.96±0.08 55.59±0.08 58.91±0.18

Vanilla 58.05±0.38 63.12±0.19 61.13±0.03 60.65±0.15 56.91±0.08 59.97±0.16
FitNet 62.52±0.16 66.37±0.26 65.85±0.26 66.46±0.23 73.54±0.16 66.95±0.21
LSP 63.28±0.20 66.40±0.35 66.67±0.22 66.83±0.05 73.42±0.07 67.32±0.18
MSKD 63.45±0.35 66.92±0.51 66.93±0.11 66.48±0.13 73.60±0.18 67.47±0.25
RepKD 57.69±0.30 64.69±0.15 56.03±0.05 56.07±0.05 74.10±0.04 61.72±0.22

Table 6.3: Intra-model average test-set accuracy across 3, 5 and 10-fold cross validation.
Top GCN to GCN and bottom GAT to GAT. Bold and Underline indicate the best and second
best performance among the KD methods.

more consistent across different seeds in comparison to other KD methods.
We now shift our attention to Table 6.3, which shows the average 3, 5, and 10-fold
cross-test accuracy for all models and datasets. It is important to analyse this since our
KD model should also be able to distil performance (e.g., accuracy) from the teacher
to the student. We can see, as expected, that MSKD, the state-of-the-art method for
KD on graphs, achieves the best accuracy across all datasets and architectures. How-
ever, from Table 6.2 we can see that this is at the expense of self-reproducibility. In
particular, RepKDs self-reproducibility score on average outperforms MSKD by 16.96%
and 12.68%, for GCN and GAT architectures, respectively. This shows the difficulty of
finding a balance between reproducibility and performance.
However, upon closer inspection, we can see that while preserving self-reproducibility,
RepKD manages to successfully distil performance into the student model. On
average across all datasets and for all architectures, models trained with RepKD com-
pared to ones trained without KD saw an increase in accuracy from 63.52 to 64.39
(1.37% increase) and 58.91 to 61.72 (4.78% increase) for GCN and GAT architectures,
respectively. Furthermore, we can see that RepKD consistently outperforms Vanilla
KD. In particular, RepKD sees an average accuracy increase of 0.62% and 2.92% over
Vanilla KD (for GCN and GAT architectures, respectively). Showing that while preserv-
ing self-reproducibility, it also manages to see considerable performance increases over
other KD methods.
It is worth mentioning that our method outperformed other KD methods under one
scenario when using the GAT architecture for the BreastMNIST dataset. We speculate
that the outcome can be attributed to the nature of the data, where images are treated
as graphs. Since GNNs and KDG methods are designed specifically for graph-structured
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data, Furthermore, as mentioned before, we use the same model parameters found for
GCN architectures, which in turn could indicate that certain models could potentially
be experiencing suboptimal performance.

6.2.2 Cross-Model Performance

We now evaluate our method under a more difficult scenario, cross-model performance.
The ability for a KD method to distil knowledge from a teacher and student with differ-
ent GNN architectures; GCN to GAT and GAT to GCN.

Model C1 C2 C3 C4 BreastMNIST Average

GCN T. 89.14±3.74 88.88±3.39 90.60±4.46 90.17±5.46 89.21±5.45 89.60±4.50
GAT S. 91.94±3.33 90.74±4.07 91.99±3.43 91.75±3.74 99.47±1.01 93.18±3.12

Vanilla 89.49±4.88 84.63±9.63 86.76±9.48 88.40±6.58 98.11±1.79 89.48±6.47
FitNet 74.36±10.09 79.03±13.03 73.75±12.56 76.83±12.62 91.44±3.93 79.08±10.44
LSP 88.85±5.83 85.29±5.40 82.57±7.95 87.63±6.08 91.06±3.22 87.08±5.70
MSKD 84.47±9.77 83.06±6.95 85.31±4.78 83.67±4.83 91.79±3.51 85.66±5.97
RepKD 95.11±2.73 92.97±1.82 93.07±2.70 94.03±1.14 96.33±0.96 94.30±1.87

GAT T. 91.72±3.31 93.33±3.36 91.60±5.21 92.42±4.06 73.36±10.81 88.49±5.35
GCN S. 92.60±4.64 94.04±2.20 91.17±3.41 93.29±2.70 97.69±1.96 93.76±2.98

Vanilla 91.18±3.31 91.88±2.19 93.17±3.09 93.08±2.66 96.89±1.75 93.24±2.60
FitNet 76.93±9.81 79.32±8.56 78.24±9.22 79.74±4.68 90.06±4.16 80.86±7.29
LSP 73.31±7.64 80.11±3.66 81.97±7.07 83.82±5.18 92.38±3.09 82.32±5.33
MSKD 71.64±10.14 80.47±5.63 80.33±8.50 82.53±3.79 91.88±2.79 81.37±6.17
RepKD 97.31±0.76 95.31±1.53 96.11±0.80 96.19±1.86 97.18±0.97 96.42±1.18

Table 6.4: Cross-model self-reproducibility score. Bold and Underline indicate the best and
second best performance among the KD methods. Top GCN to GAT and bottom GAT to GCN.
Visualisations in Figures B.3 and B.4.

From Table 6.4 we can see results that are aligned with the previous section. Firstly,
across all architectures and datasets, RepKD achieves greater self-reproducibility
scores than all other KD methods (except for GCN T. to GAT S. for BreastMNIST),
achieving an average self-reproducibility score of 94.30 and 96.42 for GCN T. to GAT
S. and GAT T. to GCN S., respectively. Again, showing the robustness of RepKD. Further-
more, RepKD again demonstrates its effectiveness by enhancing the self-reproducibility
score with respect to both student models (trained without KD) and teacher mod-
els. In particular, we saw a percentage increase in self-reproducibility of 1.21% and
2.84%, for models trained with RepKD with respect to models trained without KD, GCN
T. to GAT S. and GAT T. to GCN S., respectively. Like before, improvement was ob-
served in models trained with RepKD in relation to the teacher models, in particular a
percentage increase in self-reproducibility of 5.25% and 8.97% for GCN T. and GAT T.,
respectively.
Again, we look at the standard deviation of the different models. We can see that the
average standard deviation of RepKD is 1.87 and 1.18 for GCN T. to GAT S. and GAT T.
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to GCN S., respectively. As before, RepKD offers the greatest model stability.

Model C1 C2 C3 C4 BreastMNIST Average

GCN T. 61.01±0.30 66.16±0.09 66.91±0.09 65.44±0.12 72.48±0.31 66.40±0.18
GAT S. 57.52±0.48 61.17±0.07 60.29±0.19 59.96±0.08 55.59±0.08 58.91±0.18

Vanilla 57.77±0.41 62.50±0.08 61.32±0.19 61.28±0.20 56.79±0.10 59.93±0.20
FitNet 63.47±0.20 66.87±0.04 66.64±0.24 66.68±0.02 73.50±0.06 67.43±0.11
LSP 63.43±0.28 66.27±0.19 66.21±0.23 66.68±0.08 73.44±0.11 67.21±0.18
MSKD 63.80±0.22 67.46±0.46 67.41±0.13 66.88±0.10 73.51±0.05 67.81±0.19
RepKD 56.01±0.08 64.32±0.37 56.06±0.13 56.06±0.08 73.98±0.03 61.28±0.14

GAT T. 62.03±0.31 67.77±0.09 65.29±0.23 66.40±0.55 72.92±0.09 66.88±0.26
GCN S. 57.78±0.28 63.75±0.20 63.25±0.11 63.62±0.09 69.21±0.66 63.52±0.27

Vanilla 58.60±0.31 64.19±0.15 63.70±0.24 63.68±0.30 70.36±0.31 64.12±0.26
FitNet 62.97±0.12 64.15±0.27 66.40±0.23 65.15±0.36 73.37±0.10 66.41±0.22
LSP 60.40±0.31 64.02±0.05 64.93±0.27 65.06±0.05 73.65±0.10 65.81±0.16
MSKD 60.79±0.24 65.06±0.07 65.19±0.41 65.08±0.28 73.43±0.16 65.91±0.23
RepKD 60.23±0.17 61.31±0.03 64.34±0.11 62.81±0.34 70.77±0.04 63.89±0.14

Table 6.5: Cross-model average test-set accuracy across 3, 5 and 10-fold cross validation.
Top GCN to GAT and bottom GAT to GCN. Bold and Underline indicate the best and second
best performance among the KD methods.

Table 6.5, which shows the average 3, 5, and 10-fold cross-test accuracy for all models
and datasets. As before, we can see that MSKD achieves the best accuracy on average
across all datasets and architectures. Again, at the expense of reproducibility, as seen
in Table 6.4. RepKD, again, manages to successfully distil performance into the student
model under the cross-model scenario. Models trained with RepKD compared to ones
trained without KD saw an increase in accuracy from 58.91 to 61.28 (4.04% increase)
and 63.52 to 63.89 (0.58% increase) for GCN T. to GAT S. and GAT T. to GCN S.,
respectively. Similar to the intra-model scenario, RepKD outperforms Vanilla KD when
distilling from GCN to GAT but slightly underperforms when distilling from GAT to GCN.
As a result, we can see that, in terms of the self-reproducibility score, RepKD is ro-
bust to the GNN architecture used. Moreover, looking at accuracy, the trend remains
consistent with intra-model performance. RepKD consistently accomplishes the task of
effectively transferring performance to the students across all scenarios, aligning with
the expectations of any knowledge distillation approach.
What becomes evident from intra-model and cross-model performances is that repro-
ducibility and accuracy are inversely correlated. We can see that in many cases,
while accuracy increases, this usually comes at the expense of reproducibility. For ex-
ample, when considering intra-model accuracy, MSKD and LSP are the first and second
best methods, respectively (Table 6.3) but neither have the best reproducibility score,
beaten by Vanilla KD and RepKD (Tables 6.2). However, RepKD manages to find a bal-
ance between reproducibility and accuracy while also increasing the latter. This will be
a recurring theme throughout the next sections.
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6.3 Ablation Study

In this section, we ablate different components of the loss function defined in equation
5.10, such that we can discuss and understand the importance of each loss and how
they contribute to the performance of the proposed method. In particular, we look at
the GCN teacher-to-GCN student scenario for all datasets. For the following metrics:
self-reproducibility score, accuracy, and F1-score.

Metric Dataset RepKD
RepKD
w/o LCE

RepKD
w/o LESP

RepKD
w/o LETS

RepKD
w/o LIS

SR
Sc

or
e

C1 96.00±1.92 95.90±2.89 95.97±1.95 97.89±1.53 95.49±1.31
C2 96.89±0.77 97.40±2.25 96.81±0.65 97.72±0.17 95.29±1.34
C3 96.50±1.11 95.61±1.48 96.50±1.11 92.97±0.58 95.04±2.96
C4 96.90±1.39 95.61±1.97 96.90±1.39 97.14±0.25 92.03±1.90
BreastMNIST 96.75±1.45 92.11±3.15 96.75±1.45 95.25±0.50 92.04±3.34
Average 96.61±1.33 95.33±2.35 96.59±1.31 96.19±0.61 93.98±2.17

A
cc

ur
ac

y

C1 60.13±0.96 55.20±1.82 60.13±0.98 55.25±0.11 62.02±0.56
C2 61.95±0.41 65.09±0.80 61.96±0.40 59.95±0.12 62.78±0.37
C3 64.02±0.24 62.48±1.05 64.05±0.24 60.83±0.27 66.33±0.51
C4 63.19±0.39 56.70±0.97 63.18±0.41 55.46±0.14 64.91±0.16
BreastMNIST 72.68±0.34 69.11±1.39 72.68±0.34 71.98±0.07 73.52±0.34
Average 64.40±0.47 61.72±1.21 64.40±0.47 60.70±0.14 65.91±0.39

F1
-S

co
re

C1 61.59±2.59 35.40±10.98 61.56±2.59 44.31±1.25 61.47±1.09
C2 58.50±1.28 68.26±3.80 58.46±1.28 54.80±0.26 60.56±0.90
C3 60.39±1.01 65.57±5.06 60.43±1.16 59.38±1.07 66.61±2.05
C4 59.97±0.45 51.14±10.33 59.43±0.47 55.04±0.56 60.52±0.63
BreastMNIST 78.01±0.83 73.17±0.28 78.01±0.83 73.64±0.08 78.66±0.82
Average 63.69±1.23 58.71±6.09 63.58±1.26 57.43±0.64 65.57±1.10

Table 6.6: Ablation study results - self-reproducibility score (SR score) and average test
accuracy and F1-Score across 3, 5 and 10-fold cross validation. Bold and Underline indicate
the best and second best performance. “w/o” means without.

From Table 6.6 we can see RepKD achieves the highest average self-reproducibility and
the second-best accuracy and F1-score across all datasets. As we shall see, the largest
accuracy and F1-score come at the expense of reproducibility, and as such, we argue that
the final RepKD loss LFinal strikes a balance between performance and reproducibility.

6.3.1 Teacher-Student Loss Parameter

The ensemble teacher-student loss LETS, defined in equation 5.9, is used to distil knowl-
edge from the teacher to each student in the ensemble individually in order to promote
diversity and ensure performance. From Table 6.6 we can see that on average the self-
reproducibility score decreases from 96.61 to 96.19 when ablating LETS. This shows
that LETS is effective in promoting diversity within the ensemble, which in turn allows
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us to find reproducible models. Furthermore, and more importantly, when looking at
Table 6.6 we can see that when LETS is ablated, we see the largest decrease in aver-
age accuracy and F1-score across all the ablated versions of RepKD; accuracy decreases
from 64.40 to 60.70 and F1-score decreases from 63.69 to 57.43. This loss was in-
corporated to ensure that each student individually has similar performance as that of
the teacher and to ensure good-performing students during the selection process. This
highlights the importance of ensemble teacher-student loss for model performance and
self-reproducibility. As a result, we showed that by abalating LETS we have validated
the use of LETS.

6.3.2 Intra-Student Loss Parameter

The intra-student loss LIS, defined in equation 5.8, promotes diversity within the en-
semble by pushing the weights of the final layer away from each other. In particular, the
cosine similarity is used for all pairs of students such that they are orthogonal to one
another. This is illustrated in Figure 6.1 which shows the cosine similarity between all
the weight vectors in the ensemble. We can see that when LIS is used (left figure), all
vectors are orthogonal to one another, as desired. In contrast, when LIS (right figure)
is not used, we can see that some weight vectors are correlated.
From Table 6.6 we can see that RepKD without LIS sees on average the largest degrada-
tion of the self-reproducibility score, from 96.61 to 93.98. To explain this, we can look
at LIS, which uses the cosine similarity between the weight vectors of the final layer
between all pairs of students. However, this process confines the weight vectors to a
limited region within the weight space. As a result, this increases the reproducibility of
the models due to the restriction imposed by the orthogonality among the students due
to the fact that the weight vectors are confined within a defined region.
However, this restriction in turn limits the student model performance; RepKD without
LIS achieves the largest average accuracy and F1-score, as seen from Table 6.6. Allevi-
ating the orthogonality restriction imposed by LIS allows for more flexibility of the vec-
tors to explore the weight space during the distillation process. In turn, increasing the
distilled model’s performance comes at the expense of reproducibility. This highlights
the difficulty of striking a balance between model self-reproducibility and performance.
We justify using LIS since we prioritise self-reproducibility over performance due to
increased model interpretability and trustworthiness. However, these are choices that
need to be carefully considered and decided for the intended use case of the distilled
model.

6.3.3 Ensemble Losses

The ensemble losses, LCE and LESP , from Subsection 5.2.1, are designed for collabora-
tive learning within the ensemble. From Table 6.6, we can see that self-reproducibility,
accuracy, and F1-score all decrease when RepKD is trained without LCE. This comes
as no surprise since LCE is the only loss through which the ensemble learns from the
ground truth labels. As such, during distillation, the student model cannot learn from
the ground truth, and as such, we see sub-optimal performance. To explain the de-

42



Chapter 6. Results & Discussion 6.3. ABLATION STUDY

0 1 2 3
Student Index

0
1

2
3

S
tu

d
en

t
In

d
ex

1 4.8e-06 5.6e-05 2.2e-05

4.8e-06 1 1.4e-05 2.3e-05

5.6e-05 1.4e-05 1 4.3e-05

2.2e-05 2.3e-05 4.3e-05 1

Weight Similarity Heatmap with λ

0 1 2 3
Student Index

0
1

2
3

S
tu

d
en

t
In

d
ex

1 0.42 0.29 0.053

0.42 1 0.52 0.32

0.29 0.52 1 0.013

0.053 0.32 0.013 1

Weight Similarity Heatmap without λ

Figure 6.1: An example of the cosine similarity score between the weight vectors of the
students in the ensemble for the C1 dataset.

crease, we attribute this again to learning procedures. Since there are no ground truth
labels, the other losses inject noise, which in turn leads to more variance in the learned
weights, decreasing the self-reproducibility score.
Turning out attention to LESP , defined in equation 5.6. Recall that this loss transfers
knowledge through the learned graph structure of the ensemble and teacher. RepKD
without LESP has the second-best average self-reproducibility score and accuracy but
lags behind in terms of the F1-score. This highlights the importance of transferring
graph structure knowledge from the teacher to the ensemble when dealing with graph-
structured data, since without it we see a decrease in F1-score. thus justifying the use
of LESP in the final RepKD loss LFinal.
Furthermore, we provide supplementary experiments to further justify why graph struc-
ture is used as knowledge in LESP . To do so, we considered two other forms of knowl-
edge. Firstly, we considered knowledge distillation through the output logits of the
ensemble and the teacher. Secondly, we considered matching the learned node embed-
dings of the ensemble (average node embedding of each student in the ensemble) and
teacher, the same way knowledge is transferred in FitNet.
Table 6.7 shows that transferring knowledge through the ensemble local graph structure
(our method) results in the highest self-reproducibility score and the second highest
accuracy when compared to other forms of knowledge. Experiments were carried out
with varying numbers of students in ensemble, and the same conclusions were found
in Tables B.1 and B.2. As a result, these findings justify the type of knowledge used in
LESP , since we prioritised self-reproducibility over performance in RepKD.

6.3.4 Selection Process

Finally, we provide supplementary experiments to justify why we pick the student in
the ensemble with the highest weighted self-reproducibility score and accuracy? Although
these experiments are not explicitly intended as ablation studies, their inclusion in this
section is due to the fact that they provide evidence for design choices in RepKD. We
investigate five distinct selection criteria for choosing the student. These criteria en-
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Model C1 C2 C3 C4 BreastMNIST Average

LESP 96.00±1.92 96.89±0.77 96.50±1.11 96.90±1.39 96.75±1.45 96.61±1.33
LESP (L) 97.22±1.72 95.31±2.26 96.11±1.18 95.53±1.17 96.14±1.77 96.06±1.33
LESP (E) 93.43±5.40 93.56±4.88 92.17±6.04 92.94±2.82 92.74±4.07 92.97±4.64
w/o LESP 95.97±1.95 96.81±0.65 96.50±1.11 96.90±1.39 96.75±1.45 96.59±1.31

Model C1 C2 C3 C4 BreastMNIST Average

LESP 60.13±0.96 61.95±0.41 64.02±0.24 63.19±0.39 72.68±0.34 64.40±0.47
LESP (L) 60.33±1.03 62.05±0.36 64.09±0.27 63.42±0.47 72.74±0.32 64.53±0.49
LESP (E) 55.38±1.43 58.58±2.21 57.08±1.93 59.46±3.27 53.32±1.19 56.76±2.01
w/o LESP 60.13±0.98 61.96±0.40 64.05±0.24 63.18±0.41 72.68±0.34 64.40±0.47

Table 6.7: Varying how knowledge is distilled through LESP . Top table is the self-
reproducibility score, bottom table is accuracy. Bold and Underline indicate the best and
second best performance ‘w/o” means without. “L” refers to logits and “E” refers to node
embeddings, the type of knowledge used in LESP .

compass selecting the student based on: self-reproducibility (max rep), max accuracy
(max acc), max F1-score (max f1), average of the student’s self-reproducibility score
and F1-score (weighted f1), and average of the student’s self-reproducibility score and
accuracy (weighted acc).
Figure 6.2 shows the best student for the different selection criteria used. The best stu-
dents can be found in the top-right sector of the plot; both scores are maximised. We
can see from both plots that the “weighted acc” is more often than not located in this
sector, suggesting that this heuristic can find students that balance both metrics. How-
ever, it is worth noting that the“weighted f1” heuristic often finds the same student and,
as such, could also be used. Furthermore, it can be seen that our method is sensitive
to the number of students used and, as such, should be tuned carefully to get the best
performance from the final selected student.

59 60 61 62 63
Accuracy

93.0

93.5

94.0

94.5

95.0

95.5

96.0

96.5

97.0

S
el

f-
R

ep
ro

d
u

ci
b

ili
ty

S
co

re

N=2

N=3

N=4

N=5

N=2 N=3

N=4

N=5

N=2

N=3

N=4

N=5

N=2

N=3

N=4

N=5N=2

N=3

N=4

N=5

Average Self-Reproducibility Score vs Average Accuracy for GSP

max rep

max acc

max f1

weighted f1

weighted acc

70.0 70.5 71.0 71.5 72.0 72.5 73.0 73.5
Accuracy

93.0

93.5

94.0

94.5

95.0

95.5

96.0

96.5

S
el

f-
R

ep
ro

d
u

ci
b

ili
ty

S
co

re

N=2

N=3

N=4

N=5 N=2

N=3

N=4
N=5

N=2

N=3

N=4
N=5

N=2

N=3

N=4

N=5

N=2

N=3

N=4
N=5

Average Self-Reproducibility Score vs Average Accuracy for BreastMNIST

max rep

max acc

max f1

weighted f1

weighted acc

Figure 6.2: Average self-reproducibility score against accuracy for varying number of stu-
dents in ensemble N for GSP (left) and BreastMNIST (right) datasets.
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6.4 Parameter Sensitivity Study

In this section, we explore how varying different parameters affect RepKD. In partic-
ular, we look at the teacher-student loss parameter γ, intra-student loss parameter λ,
soft target temperature parameter τ and the number of students in the ensemble N .
The reason for this is to further highlight the difficulty of finding a balance between
reproducibility and performance. For conciseness, we look at the GCN teacher-to-GCN
student scenario for the GSP dataset. When varying hyperparameters, others remain
fixed, as defined in Tables A.2 and A.3.

6.4.1 Teacher-Student Loss Parameter

Recall, γ controls LETS, defined in equation 5.9, which is used to distil knowledge from
the teacher to each student in the ensemble individually. A higher value means that
the teacher influences the students more during the distillation process. We begin by
varying the values of γ = {0, 1

9
, 2
9
, 3
9
, 5
9
, 7
9
, 1, 1.5}, they are in this range since we need to

take into account τ 2 in equation 5.9 where τ = 3 for all experiments.
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Figure 6.3: Parameter sensitivity study for γ.

From Figure 6.3 we can see that as γ increases, self-reproducibility decreases, and
performance (accuracy and F1-score) increases, intersecting at γ ≈ 5

9
. As γ increases,

the teacher has more influence over the students during the distillation process, which
in turn increases their performance. We suspect that the decrease in self-reproducibility
is due to the fact that the distillation process is being guided by a less reproducible
model. As a result, it incorporates noise during distillation, which, in turn, degrades the
student’s self-reproducibility score.

6.4.2 Intra-Student Loss Parameter

We now look at λ which controls LIS, defined in equation 5.8, and is used to push
the weights in the final layer of each student away from each other. A high value of λ
signifies increased differentiation among the students within the ensemble, whereas a
lower value permits the students to be in closer proximity to each other. We vary λ in
the following range: {0, 0.2, 0.4, 0.6, 0.8, 1, 1.5, 2}.
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Figure 6.4 shows that as λ increases, self-reproducibility increases and performance
(accuracy and F1-score) decreases, intersecting at λ ≈ 0.7. This is similar to what we
saw in Subsection 6.3.2 (λ = 0). As λ increases, LIS has more influence, which results
in the weight vectors being confined to a smaller region within the weight space. In
turn, this increases the reproducibility of the models since the weights are constrained
to a small space, thus not changing during training. However, this constraint reduces
the ability of the weights of the model to update during the distillation process, and as
a result, performance decreases as λ increases.
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Figure 6.4: Parameter sensitivity study for λ.

6.4.3 Soft Target Temperature

We now turn our attention to the soft target temperature parameter τ , in LETS, defined
in equation 5.9, which is used to change the distribution of the output probability dis-
tributions we are matching. If τ > 1, the resulting distribution becomes softer, causing
the probabilities of various classes to be more evenly spread out. When τ < 1 , the pre-
dicted probability distribution becomes sharper, concentrating more probability mass
on the most probable class. We vary τ in the following range: {0.5, 1, 2, 3, 4, 5}.
Figure 6.5, shows that as τ increase, self-reproducibility increases and plateaus at
τ = 3 and performance (accuracy and F1-score) decreases. When τ is small, the
teacher’s soft predictions become more diffuse. This means that the teacher assigns
similar probabilities to all classes, and since the student is exposed to a more diverse
set of class assignments, this in turn allows for better student generalisation and thus
better performance. However, as τ increases, the teacher’s predictions become overly
confident, which reduces the ability of the student to learn; hence, we see a decrease in
performance.
From the point of view of reproducibility, when τ is small, the distillation process be-
comes more uncertain due to the close resemblance of class distributions. In turn, this
results in noisier learned weights during the distillation process, degrading the self-
reproducibility score. Conversely, as τ increases, the teachers soft predictions become
more stable, and as a result, there is less noise during distillation, stabilising the re-
producibility. In fact, this is why we see a plateau at τ = 3, since the teacher’s soft
predictions converge, resulting in a more stable learning procedure. thus stabilising the
self-reproducibility score of the student model.
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Figure 6.5: Parameter sensitivity study for τ .

6.4.4 Ensemble Size

Finally, we look at the number of students used in the ensemble N . We vary N from 2
to 5. RepKD does not use the ensemble during inference but instead selects one student
from the ensemble based on the average self-reproducibility and accuracy score, as
explained in Subsection 5.2.2. We can see from Figure 6.6 that strictly increasing N
does not increase self-reproducibility nor performance. In fact, we can see that self-
reproducibility and accuracy peak when N = 4. However, the F1-Score achieves its
maximal value at N = 3. As a result, deciding on N depends on the intended use case
of the final student, and as such, N should be carefully tuned.
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Figure 6.6: Parameter sensitivity study for number of students in ensemble N .

6.5 Model Efficiency

Ensuring our models competitiveness in terms of training time, memory usage, and pa-
rameter utilisation with respect to other KD methods is an important aspect to consider
for their practical usage. A model that has a large training time or memory consump-
tion in practice might not be the best solution or cannot be run given limited resources.
Additionally, an efficient model facilitates cost reduction both during the training phase
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and the inference stage. As a result, in this section, we look at our models efficiency
during training and the performance of the final model, which is used during inference.

6.5.1 Training Efficiency

We look at the average training time and memory usage per epoch for 3-fold cross
validation over 50 epochs (the standard deviation is omitted from reporting due to its
negligible magnitude). For the GSP dataset, we report the statistics for the cortical
morphological network (CMN) C1, because the sizes of the different CMN datasets are
the same. Furthermore, the model parameters from Section 6.2 were used for a fair
comparison.

Time Per Epoch (sec)
Dataset GNN T. S. Vanilla FitNet LSP MSKD RepKD

GSP
GCN 0.31 0.23 0.41 0.43 1.61 2.30 2.56
GAT 2.21 0.22 2.08 2.10 3.09 4.08 3.63

BreastMNIST
GCN 0.31 0.25 0.46 0.48 1.45 2.26 2.30
GAT 2.21 0.40 2.05 2.10 3.09 3.93 3.77

Memory Per Epoch (GB)
Dataset GNN T. S. Vanilla FitNet LSP MSKD RepKD

GSP
GCN 0.42 0.39 0.28 0.29 0.29 0.28 0.29
GAT 6.72 0.39 0.29 0.29 0.29 0.29 0.29

BreastMNIST
GCN 0.39 0.35 0.24 0.25 0.25 0.25 0.25
GAT 5.18 0.50 0.25 0.25 0.25 0.25 0.25

Table 6.8: Training performance for all KD methods.

From Table 6.8 we can see that RepKD and MSKD have similar training times across
all datasets and GNN architectures. It comes as no surprise since these two methods
take the longest time to train since they make use of ensembles. Recall, MSKD makes
use of multiple teachers while RepKD makes use of multiple students; in turn, this nat-
urally adds additional training time due to multiple models being used during training.
To explain why they have similar training times, we look at how knowledge is distilled.
Both methods distil knowledge through graph structure, which in itself is an expensive
procedure. In fact, LSP, which also uses graph structure as knowledge, has a larger
training time than vanilla KD and FitNet. Non-graph-based KD methods take less time
to train since matching logits or node embeddings does not require additional compu-
tation. As a result, we see that KDG requires more time to train since taking topological
information into account involves additional computation. This means that, RepKD has
comparable training times with state-of-the-art KD methods (MSKD). We provide addi-
tional results in Tables B.3 and B.4 for intra and cross model performance, and the same
patterns emerge. Moreover, the tables show that as the number of students increases,
this naturally increases the training time for RepKD.
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From Table 6.8 (bottom), we can see that RepKD uses the same amount of memory
per epoch compared to all other KD methods across all datasets and GNN archi-
tectures. Despite using ensembles, the student models are extremely light, which in
turn adds a negligible memory overhead during the training produced. In fact, from
Tables B.3 and B.4 we provide more evidence to show that our model in the worst case,
when N = 5, did not see a significant memory increase, it remained constant. It is
worth mentioning that the student models (S.) see more memory usage than the KD
methods since we store additional metrics and results, which we do not store for the KD
methods.
Lastly, we comment on the pre-training memory needed for each KD method. MKSD
uses several pre-trained teachers, which all need to be stored, while our method and
other KD methods make use of a single teacher. As a result, RepKD has the same
pre-training memory storage overhead as other KD methods and less than MSKD.

6.5.2 Inference Efficiency

We now look at the results of the distilled model used during inference. Ideally, the
distilled models should be lighter and quicker during inference. From Table 6.9 we can
see that RepKD reduces the number of trainable parameters for GCN teacher to GCN
student and GAT teacher to GAT by 95.63% and 95.66%, respectively. This is a notable
enhancement in model compression efficiency, which is a fundamental objective of KD.
Furthermore, we can see substantial decreases in inference time. Most notably, an
91.52% and 86.22% decrease in inference time when using a GAT for both datasets.
This is due to the expensive cost of evaluating multiple attention heads and concate-
nating them together. For the teacher model, the first layer has eight attention heads,
while the student model only has one layer with one attention head.
RepKD successfully manages to reduce the number of parameters and decrease the
inference time with respect to the teacher model while increasing reproducibility and
retaining performance, as seen in Subsection 6.2. This is of great importance since
any KD method should have the ability to reduce the size of the model while retaining
performance, which RepKD accomplishes.

# Parameters Inference Time (sec)
Dataset GNN Teacher Student ∆ Teacher Student ∆

GSP
GCN 2470 108 -95.63% 3.34x10-4 2.83x10-4 -15.27%
GAT 2536 110 -95.66% 5.14x10-3 7.36x10-4 -91.52%

BreastMNIST
GCN 2470 108 -95.63% 3.46x10-3 2.76x10-4 -20.23%
GAT 2536 110 -95.66% 5.08x10-3 7.00x10-4 -86.22%

Table 6.9: Inference performance for Teacher and Student Models. ∆ indicates the percent-
age change from the Teacher to Student. For number of parameters and inference time, a
smaller value is better. Average inference time over 100 samples.
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6.6 Clinical Interpretability

In this section, our focus shifts to the interpretability of the distilled models. A funda-
mental aim behind enhancing the self-reproducibility score of the student models is to
enable them to recognise reliable biomarkers or features consistently. This significantly
enhances their credibility and trustworthiness. Specifically, our analysis focuses on the
top biomarkers identified by each student model across all GSP datasets for the dif-
ferent combinations of teacher-to-student architectures, namely GCN-GCN, GCN-GAT,
GAT-GAT, and GAT-GCN, employed during the RepKD distillation process.
For every student model selected by RepKD (derived through different teacher-to-student
architecture pairings, resulting in a total of four), we extract the weights from the final
layer of the model across the four CMNs: C1, C2, C3 and C4. To consolidate this infor-
mation, we compute the average of these weight values, resulting in a single composite
weight vector. As we have done previously to calculate the self-reproducibility score,
we compute the absolute values of this vector to gauge its importance and subsequently
arrange these weights in descending order. Finally, we look at the intersection among
the top 10 biomarkers within these vectors, defined in Table C.2. This results in iden-
tifying the biomarkers (ROIs) that consistently appear across models utilising distinct
teacher-to-student architectures. In Figures B.5, B.6, B.7 and B.8 we provide visual
representations of the average weights for all teacher-to-student architecture pairings.

Index Region of Interest (ROIs)

7 Inferior Parietal Cortex
12 Lingual gyrus
23 Precentral gyrus
27 Superior frontal gyrus

Table 6.10: Table of ROIs in the intersection within the top 10 ROIs of all student models
derived from different teacher-to-student architectures.

From Table 6.10 we can see that there are four ROIs that appear consistently across
the top 10 features for all student models trained with different teacher-to-student ar-
chitectures. We attempt to explain the identified ROIs found by RepKD. In [85], they
explore differences in sex by observing resting-state brain connectivity and found that
the most discriminative regions for sex classification were located in the cingulate cor-
tex, medial and lateral frontal cortex, temporoparietal regions, insula, and precuneus.
When comparing these to the ones in Table 6.10, many are closely related. In particular,
the superior frontal gyrus and medial frontal cortex are both part of the frontal cortex
and have roles related to decision-making [86]. Moreover, the precentral gyrus and the
lateral frontal cortex are also both parts of the frontal cortex concerned with motor con-
trol and voluntary movements [87]. Further supporting evidence can be found in [88]
where they identify the morphological connection between the caudal anterior cingu-
late cortex and the superior frontal gyrus in the left hemisphere of the brain as one of
the most discriminative ROI interactions. In light of these results, we can see that the
ROIs identified by RepKD are closely related to ones found in other works.
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6.7 Summary

In this chapter, we evaluated RepKD against the problem formulation defined in Section
5.1. In particular, we tested our method, RepKD, under different datasets and GNN
architectures while comparing it to the state-of-the-art (SOTA). We saw that RepKD
managed to successfully increase the self-reproducibility score while preserving
the performance of the student models. We also saw that RepKD was robust to
the choice of GNN architecture. We also carried out extensive tests to justify each of
the different components of RepKD through ablation studies and parameter sensitivity
studies.
Furthermore, we showed that during the training process, RepKD exhibited compa-
rable training times and incurred negligible memory overhead in comparison to
other SOTA methods (e.g., MSKD). More importantly, during inference, RepKD man-
aged to decrease the number of parameters by at least 95.63%, a primary objective
of any KD method. And decreased inference time by at least 15.27%. Moreover, we
delved into the interpretability of the distilled models. The biomarkers we discovered,
which closely correlate with existing literature, help distinguish gender by analysing
cortical morphological networks.
Finally, across this chapter, our intention was to effectively communicate the challenge
of achieving a balance between self-reproducibility and performance. This challenge
arises from the inverse relationship between these objectives. Consequently, strik-
ing the right balance between these aims poses a significant challenge and requires
careful attention during the design and tuning of KD methods.
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Conclusion

In this project, we explored the intersection between GNN, knowledge distillation, and
reproducibility and termed this new domain reproducible offline knowledge distillation
for GNN. In Chapter 4 we created a novel score that can be used to quantify the repro-
ducibility of any GNN for graph classification tasks. More importantly, we motivated
research into this novel domain where we saw that for a range of different KD and KDG
methods, the students reproducibility score degraded during the distillation process.
These findings then motivated us to propose a novel Reproducibility aware Knowledge
Distillation method (RepKD) in Chapter 5. In particular, we proposed the first one-
to-many teacher-student method for knowledge distillation on graphs. Furthermore,
we introduced novel loss functions inspired by distance-aware deep ensembles [77]
and anti-distillation techniques [75] which ensured diversity and stability within the
ensemble, which in turn helped with increasing reproducibility. Unlike other KD or KDG
methods, RepKD makes use of a two-step process, where the second involves selecting
the best student model within the ensemble. We showed that this was an imperative
step of our method in order to produce performant, reproducible, lightweight student
models.
In Chapter 6 we extensively tested and compared our method, RepKD, with state-of-the-
art KD and KDG methods. We saw that RepKD achieved the highest reproducibility score
across all datasets for both intra- and cross-model distillation when compared to other
KD methods. This was achieved while not only retaining but increasing the performance
of the student model; in fact, RepKD managed to consistently outperform vanilla KD.
RepKD is the first KDG and KD method that produces both reproducible and performant
student models. Moreover, in this chapter, we justified the design choices by carrying
out extensive ablation studies. Furthermore, we saw that RepKD manages to reduce
models parameters and inference time by considerable amounts a main goal of any
KD method. Finally, throughout this, we conveyed the difficulty of finding a balance
between both self-reproducibility and performance due to the contrasting nature of
these two goals.
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Chapter 7. Conclusion 7.1. FUTURE WORK

7.1 Future Work

As an innovative work in the intersection of three different areas; GNNs, KD and repro-
ducibility, there are several directions of future work one could explore:

• Exploring more complex datasets - In our project, we focused on the GSP and
BreastMNIST datasets, both with less than 1,000 samples consisting of small
graphs. Further evaluation can be done on larger datasets such as PPI [7] or
Pubmed [89].

• Beyond classification - In this project, we concentrate on issues with binary clas-
sification. Future research may therefore focus on multi-class classification or
regression tasks, such as age prediction using CMNs.

• GNN architectures - We only examined two GNN architectures due to the time-
consuming process of training models across 3, 5, and 10 fold cross validation and
across 10 seeds. More research could be done to determine how RepKD performs
when utilising various GNN architectures, like GraphSAGE [7].

• Limitations of the self-reproducibility score - In Section 4.2 we highlight the
limitation of the self-reproducibility score. Future research can be done to address
these constraints, in order to enhance the score.

We saw that the main drawback of our method is that, despite outperforming all the
state-of-the-art KD methods in terms of reproducibility, our method trailed behind in
terms of performance (accuracy and F1-score) due to the difficulties of balancing both
aims. Furthermore, we saw that our method had training times that were longer than
some KD methods due to the use of ensembles, and as such, we propose two avenues
of future work to further improve RepKD:

• Further enhance performance - In Section 6.2 we saw that RepKD consistently
outperformed vanilla KD but lagged behind other KD approaches in terms of ac-
curacy. Perhaps the use of a less constrictive loss function could improve model
accuracy while maintaining reproducibility, as was discussed in Section 6.3. Alter-
natively, different forms of knowledge can be incorporated into RepKD to further
improve performance.

• Decrease training time - In Subsection 6.5.1, we saw that RepKD has one of the
longest training times, similar to MSKD. Incorporating quantization [21, 22] or
pruning [20] in conjunction with RepKD could, in turn, reduce the training time
of the model while retaining performance.

7.2 Final Remarks

Finally, to conclude, our project combined three domains, consolidating them into one,
and demonstrated that the goal of obtaining distilled models that are both reproducible
and performant proved to be a formidable challenge. Therefore, we hope that our
proposed method and research can act as a pivotal starting point for future exploration
into reproducible offline knowledge distillation for GNNs.
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Appendix A

Parameter Configuration

Model GSP BreastMNIST

GCN Teacher {lr = 1x10-4,dropout = 0} {lr = 1x10-4,dropout = 0}
GCN Student {lr = 1x10-4,dropout = 0} {lr = 1x10-5,dropout = 0}

GAT Teacher {lr = 1x10-4,dropout = 0.1} {lr = 1x10-3,dropout = 0.1}
GAT Student {lr = 1x10-4,dropout = 0} {lr = 1x10-6,dropout = 0}

Table A.1: Table of GNN teacher and student specific hyperparameters.

Model GSP BreastMNIST

Vanilla {lr = 1x10-4, α = 1, β = 2
9} {lr = 1x10-4, α = 0.8, β = 9

9}
FitNet {lr = 1x10-3, α = 1, β = 2

9 , γ = 0.5}∗ {lr = 1x10-3, α = 2, β = 7
9 , γ = 0.1}

LSP {lr = 1x10-3, α = 1, β = 2
9} {lr = 1x10-3, α = 1, β = 2

9}
MSKD {lr = 1x10-3, α = 1, β = 4

9 , γ = 4} {lr = 1x10-3, α = 1, β = 4
9 , γ = 4}

RepKD {lr = 1x10-4, α = 1, β = 2, γ = 2
9 , λ = 1} {lr = 1x10-4, α = 1, β = 7, γ = 7

9 , λ = 1}

Table A.2: Table of model specific hyperparameters. * for C2 and C4 datasets γ = 0.2.

Teacher GNN Student GNN C1 C2 C3 C4 BreastMNIST

GCN GCN 4 4 4 4 3
GCN GAT 2 2 2 2 2
GAT GAT 2 2 2 2 2
GAT GCN 3 4 3 3 3

Table A.3: Table of number of students N used in ensemble for RepKD.
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Chapter A. Parameter Configuration

Hyperparameter Search Space

Optimiser Learning Rate lr {1x10-3, 1x10-4, 1x10-5, 1x10-6}
KD α {0.1, 0.2, 0.4, 0.6, 0.8, 1, 2}
KD β {19 ,

2
9 ,

3
9 ,

4
9 ,

5
9 ,

6
9 ,

7
9 ,

8
9 ,

9
9 ,

10
9 ,

11
9 ,

12
9 }

KD γ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1, 2}
RepKD β {1, 2, 3, 5, 7, 9, 13.5}
RepKD γ {19 ,

2
9 ,

3
9 ,

4
9 ,

5
9 ,

6
9 ,

7
9 ,

8
9 ,

9
9 ,

10
9 ,

11
9 ,

12
9 }

RepKD λ {0.2, 0.4, 0.6, 0.8, 1, 1.5, 2}
Number of Students in Ensemble N (if used) {2, 3, 4, 5}

Table A.4: Table of hyperparameter search space for model specific parameters. Notice that
KD β and RepKD γ, which are both used for response-based knowledge, are in the range
from 1

9 to 12
9 . The reason for this is because we need to take into account τ2, as defined in

equation 2.6, since τ = 3 for all experiments.
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Appendix B

Supplementary Results
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Figure B.1: Visualisations of average self-reproducibility score across all datasets for GCN-
GCN teacher-student distillation.
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Figure B.2: Visualisations of average self-reproducibility score across all datasets for GAT-
GAT teacher-student distillation.
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Figure B.3: Visualisations of average self-reproducibility score across all datasets for GCN-
GAT teacher-student distillation.
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Figure B.4: Visualisations of average self-reproducibility score across all datasets for GAT-
GCN teacher-student distillation.
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N=2 N=3

Dataset
RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

C1 93.83±1.86 94.06±2.22 88.58±6.08 96.83±0.73 96.88±0.43 91.47±5.02
C2 94.44±1.94 92.97±1.89 89.88±8.38 93.19±1.41 93.21±2.85 92.83±4.31
C3 95.79±1.76 94.39±2.61 86.96±6.64 96.67±0.86 95.78±1.03 91.38±4.12
C4 93.31±1.83 94.61±1.90 91.68±5.71 92.17±0.91 91.26±1.80 94.13±5.13

Average 94.34±1.85 94.01±2.16 89.27±6.70 94.72±0.98 94.28±1.53 92.45±4.65

N=4 N=5

Dataset
RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

C1 96.00±1.92 97.22±1.72 93.43±5.40 95.81±2.02 96.53±2.43 92.88±4.34
C2 96.89±0.77 95.31±2.26 93.56±4.88 97.83±0.85 94.17±1.57 93.88±3.89
C3 96.50±1.11 96.11±1.18 92.17±6.04 97.72±0.90 97.56±1.45 90.75±5.51
C4 96.90±1.39 95.53±1.17 92.94±2.82 93.38±1.94 93.78±1.93 95.97±3.20

Average 96.57±1.30 96.04±1.58 93.02±4.78 96.18±1.43 95.51±1.85 93.37±4.23

Table B.1: Self-reproducibility score - Varying how knowledge is distilled through LESP

for different number of students in ensemble. Bold and Underline indicate the best and
second best performance ‘w/o” means without. “L” refers to logits and “E” refers to node
embeddings, the type of knowledge used in LESP .
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N=2 N=3

Dataset
RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

C1 56.39±0.42 56.78±0.56 55.60±1.16 61.13±0.60 61.35±0.74 55.50±1.55
C2 60.04±0.31 60.21±0.26 58.57±2.75 60.16±0.73 60.47±0.34 56.70±1.64
C3 65.35±0.57 65.39±0.66 58.41±3.56 64.19±0.29 64.23±0.42 56.82±2.13
C4 63.36±0.38 63.75±0.42 58.86±3.59 63.47±0.54 63.57±0.49 57.86±2.44

Average 61.28±0.43 61.53±0.50 57.86±2.94 62.24±0.56 62.41±0.52 56.72±1.97

N=4 N=5

Dataset
RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

RepKD
(LESP )

RepKD
(LESP w/ L)

RepKD
(LESP w/ E)

C1 60.13±0.96 60.33±1.03 55.38±1.43 58.92±0.73 57.11±0.61 56.26±1.90
C2 61.95±0.41 62.05±0.36 58.58±2.21 61.43±0.24 63.25±0.34 58.75±2.12
C3 64.02±0.24 64.09±0.27 57.08±1.93 63.88±0.29 63.36±0.53 59.31±1.79
C4 63.19±0.39 63.42±0.47 59.46±3.27 61.74±0.58 64.91±0.37 56.77±1.27

Average 62.32±0.57 62.47±0.61 57.62±2.31 61.49±0.50 62.16±0.48 57.77±1.80

Table B.2: Accuracy - Varying how knowledge is distilled through LESP for different num-
ber of students in ensemble. Bold and Underline indicate the best and second best perfor-
mance ‘w/o” means without. “L” refers to logits and “E” refers to node embeddings, the
type of knowledge used in LESP .
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Time Per Epoch (sec)

Dataset
T. GNN

to
S. GNN

T. S. Vanilla FitNet LSP MSKD
RepKD

(2)
RepKD

(3)
RepKD

(4)
RepKD

(5)

GSP
GCN-GCN 0.31 0.23 0.41 0.43 1.61 2.30 1.87 2.17 2.56 2.99
GAT-GAT 2.21 0.22 2.08 2.10 3.09 4.08 3.63 4.11 4.67 5.21

BreastMNIST
GCN-GCN 0.31 0.25 0.46 0.48 1.45 2.26 1.99 2.30 2.75 3.33
GAT-GAT 2.21 0.40 2.05 2.10 3.09 3.93 3.77 4.36 4.94 5.54

Memory Usage Per Epoch (GB)

Dataset
T. GNN

to
S. GNN

T. S. Vanilla FitNet LSP MSKD
RepKD

(2)
RepKD

(3)
RepKD

(4)
RepKD

(5)

GSP
GCN-GCN 0.42 0.39 0.28 0.29 0.29 0.28 0.29 0.29 0.29 0.29
GAT-GAT 6.72 0.39 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29

BreastMNIST
GCN-GCN 0.39 0.35 0.24 0.25 0.25 0.25 0.24 0.25 0.25 0.25
GAT-GAT 5.18 0.50 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25

Table B.3: Training intra-model performance for all KD methods. RepKD (N) indicates the
number of students N in ensemble.

Time Per Epoch (sec)

Dataset
T. GNN

to
S. GNN

T. S. Vanilla FitNet LSP MSKD
RepKD

(2)
RepKD

(3)
RepKD

(4)
RepKD

(5)

GSP
GCN-GAT 0.31 0.22 0.60 0.61 1.63 2.49 2.31 2.65 3.17 3.75
GAT-GCN 2.21 0.23 1.91 1.96 2.95 3.88 3.36 3.69 4.10 4.53

BreastMNIST
GCN-GAT 0.31 0.40 0.61 0.64 1.66 2.41 2.27 2.77 3.29 4.00
GAT-GCN 2.21 0.25 1.91 1.95 2.95 3.81 3.55 3.85 4.30 4.61

Memory Per Epoch (GB)

Dataset Architecture T. S. Vanilla FitNet LSP MSKD
RepKD

(2)
RepKD

(3)
RepKD

(4)
RepKD

(5)

GSP
GCN-GAT 0.42 0.39 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29
GAT-GCN 6.72 0.39 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29

BreastMNIST
GCN-GAT 0.39 0.50 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
GAT-GCN 5.18 0.35 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25

Table B.4: Training cross-model performance for all KD methods. RepKD (N) indicates the
number of students N in ensemble.
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Average weights across all CMNs for GCN-GCN teacher-student distillation using RepKD

Figure B.5: Average weights across all CMNs for GCN-GCN teacher-student distillation
using RepKD.
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Figure B.6: Average weights across all CMNs for GCN-GAT teacher-student distillation using
RepKD.
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Figure B.7: Average weights across all CMNs for GAT-GAT teacher-student distillation using
RepKD.
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Figure B.8: Average weights across all CMNs for GAT-GAT teacher-student distillation using
RepKD.
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Appendix C

Additional Information

In this section we provide with additional information for the code repository used for
this project. In particular we give an overview of the different directories and compo-
nents, for each giving a brief explanation such that they are understood. More impor-
tantly, in the directory src/demo/ we provide a toy example of how to use our code.
The code repository can be found here: https://github.com/LorenzoStigliano/thesis-
imperial.

Directory / File Description

src/ Contains code for the project.

src/models/ Contains GNN model implementations and definitions for GCN and GAT.

src/models config/ Stores configuration files for different model architectures
for knowledge distilation methods used in main *.py files.

src/notebooks/ Contains Jupyter notebooks used for experimentation and visualization
throughout the project.

src/scripts/ Holds scripts that can be run to replicate results for thesis.

src/trainers/ Contains training code for all knowledge distillation methods baselines
(vanilla KD, FitNet, LSP and MSKD) as well as RepKD training method
(trainers/rep kd ensemble/) for ensemble sizes of 2, 3, 4 or 5.

src/utils/ Stores utility functions and helper modules, used to create datasets
and for analysis. More importantly utils/config.py is where the
configurations of the project structure need to be defined.

src/demo/ Holds a demonstration example of how to use the proposed method.

src/main *.py These main *.py files are used as the main functions to train various
models in the project. They correspond to different knowledge
distillation methods. Additionally, the files in model config/

are used in conjunction with these scripts to configure model
architectures and training parameters. If custom model configurations
need to be defined in the one of the files in model config/ directory,
then imported into the appropriate model you want to train.

Table C.1: Overview of code repository directory structure.
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Index Brain Regions of Interest (ROIs)

1 Bank of the Superior Temporal Sulcus
2 Caudal Anterior-cingulate Cortex
3 Caudal Middle Frontal Gyrus
4 Unmeasured Corpus Callosum
5 Cunesus Cortex
6 Entorhinal Cortex
7 Fusiform Gyrus
8 Inferior Parietal Cortex
9 Inferior Temporal Gyrus
10 Isthmus-cingulate Cortex
11 Lateral occipital cortex
12 Lateral orbital frontal cortex
13 Lingual gyrus
14 Medial orbital frontal cortex
15 Middle temporal gyrus
16 Parahippocampal gyrus
17 Paracentral lobule
18 Pars opercularis
19 Pars orbitalis
20 Pars triangularis
21 Pericalcarine cortex
22 Postcentral gyrus
23 Posterior-cingulate cortex
24 Precentral gyrus
25 Precuneus cortex
26 Rostral anterior cingulate cortex
27 Rostral middle frontal gyrus
28 Superior frontal gyrus
29 Superior parietal cortex
30 Superior temporal gyrus
31 Supramarginal gyrus
32 Frontal pole
33 Temporal pole
34 Transverse temporal cortex
35 Insula cortex

Table C.2: List of ROIs for GSP dataset.

72


	1 Introduction
	1.1 Contributions
	1.2 Ethical Considerations

	2 Background
	2.1 Graph Neural Networks
	2.1.1 Graphs
	2.1.2 Graph Neural Networks
	2.1.3 Neighbour Explosion Problem

	2.2 Knowledge Distillation on Graphs
	2.2.1 General Framework
	2.2.2 Knowledge
	2.2.3 Distillation Schemes
	2.2.4 Teacher-Student Frameworks

	2.3 Reproducibility
	2.4 Summary

	3 Related Work
	3.1 Knowledge Distillation
	3.2 Interpretable Artificial Intelligence
	3.3 Biomarker Reproducibility Methods
	3.4 Stable Feature Selection
	3.5 Summary

	4 Motivation
	4.1 Problem
	4.2 Quantifying Reproducibility
	4.3 Knowledge Distillation & Reproducibility
	4.3.1 Experimental Setup
	4.3.2 Analysis

	4.4 Summary

	5 Method
	5.1 Problem Formulation
	5.2 Proposed Method
	5.2.1 Reproducibility aware Knowledge Distillation
	5.2.2 Selection Process

	5.3 Implementation
	5.4 Summary

	6 Results & Discussion
	6.1 Experimental Setup
	6.1.1 Datasets
	6.1.2 Baselines
	6.1.3 Teacher and Student Backbones
	6.1.4 Shared Hyperparameters
	6.1.5 Training

	6.2 Performance
	6.2.1 Intra-Model Performance
	6.2.2 Cross-Model Performance

	6.3 Ablation Study
	6.3.1 Teacher-Student Loss Parameter
	6.3.2 Intra-Student Loss Parameter
	6.3.3 Ensemble Losses
	6.3.4 Selection Process

	6.4 Parameter Sensitivity Study
	6.4.1 Teacher-Student Loss Parameter
	6.4.2 Intra-Student Loss Parameter
	6.4.3 Soft Target Temperature
	6.4.4 Ensemble Size

	6.5 Model Efficiency
	6.5.1 Training Efficiency
	6.5.2 Inference Efficiency

	6.6 Clinical Interpretability
	6.7 Summary

	7 Conclusion
	7.1 Future Work
	7.2 Final Remarks

	A Parameter Configuration
	B Supplementary Results
	C Additional Information

