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A graph is an abstract data structure with abundant applications, such as so-
cial networks, biochemical molecules, and traffic maps. Graph neural networks
(GNNs), deep learning tools which adapt to irregular non-Euclidean space, are
designed for such graph data with heavy reliance on manual labels. Learning
generalizable and reliable representation for unlabeled graph-structured data has
become an attractive and trending task in academia because of the promising
application scenarios. Recently, numerous SSL-GNN algorithms have been pro-
posed with success on this task. However, the proposed methods are often evalu-
ated with different architecture and evaluation processes on different small-scale
datasets, resulting in unreliable model comparisons. To address this problem, this
thesis aims to build a benchmark with a unified framework, a standard evaluation
process, and replaceable blocks.

In this thesis, a benchmark of SSL-GNNs algorithms is created with the imple-
mentation of 9 state-of-art algorithms. These algorithms are compared on this
benchmark with consistent settings: shared structure of the GNN encoder, pre-
training and fine-tuning scheme, and a unified evaluation protocol. Each model
is pre-trained on large-scale datasets: ZINC-15 with two million molecular data
and then fine-tuned on eight biophysical downstream datasets for the graph clas-
sification task. The experiment results support that two of the nine algorithms
outperform others under the benchmark set. Furthermore, the comparison be-
tween algorithms also shows the correlation between the pre-training dataset and
certain fine-tuning datasets, and the correlation is analyzed by the model mech-
anisms.

The implemented benchmark and discoveries in this thesis are expected to pro-
mote transfer learning on graph representation learning.

Keywords: machine learning, benchmark, graph neural networks, self-
supervised learning, pre-training and fine-tuning
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Symbols and Abbreviations

Symbols

G = {V,E,X} Graph data
V Set of vertice (nodes)
E Set of edges (links)
xv Node features of v
euv Edge features of euv, the edge connected nodes u and

v
X = {xv|v ∈ V } Matrix of node features
N (v) Set of neighbors of node v
A Adjacency matrix
L Depth of network
COMBINE(k) Combination function of the k-th layer of MPNN,

works for message propagation between layers
AGG(k), ϕ(k) Aggregation functions of the k-th layer of MPNN,

works for message collection
READOUT Read-out function, maps nodes embeddings to graph

embedding

x
(k)
v Node embeddings of node v after the k-th layer of

network
hv Node embedding of v mapped by GNN
hG Graph embedding of G mapped by GNN
Lnorm Normalized graph Laplacian
In Identity matrix with size of n× n
Θ Matrix of parameters
fθ GNN encoder of SSL-GNN algorithms
gϕ Pretext decoder of SSL-GNN algorithms
hψ Decoder of downstream task
y Data label
D Data distribution
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Lssl Loss function of self-supervised pretext task
Lsl Loss function of supervised downstream task
T Agumentor function, maps graph to augmented graph
MI Mutual information estimator
U(a, b) Continuous uniform disribution on interval (a, b)
Dsim Discriminator function, measures the similarity be-

tween vectors
P Distribution
dist(·, ·) Distance function
GK−hop(v) Set of K-hop neighobrs of node v
Gcontext(v, r1, r2) Context graph of node v between radius r1 and r2
C Hierarchical prototypes tree of GraphLoG algorithm
zkG Hidden state of graph G for k-th prototype
sim(·, ·) Similarity function
Llocal,Lglobal The local and global loss functions of GraphLoG al-

gorithm
A/B The relative complement of set A with respect to set

B
σ(·) Sigmoid function
tG Target component of graph G in generative SSL-

GNNs
t̃G Recostrcuted target component of graph G in gener-

ative SSL-GNNs
l Label extractor
yG Pseudo-label of graph G in predictive SSL-GNNs
ỹG Predicted label of graph G in predictive SSL-GNNs
A SSL-GNN algorithm
Spt Graph dataset of pre-training
Sft Graph dataset of fine-tuning
θA Parameter of GNN-encoder pre-trained by SSL-GNN

algorithm A
θA,Sft Parameter of GNN-encoder pre-trained by SSL-GNN

algorithm A and fine-tuned on dataset Sft
ΘA Model hyper-parameter

Abbreviation

CNN Convolutional Neural Network
GNN Graph Neural Network
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GAE Graph Autoencoder
SSL Self-supervised Learning
OGB Open Graph Benchmark
PyG Pytorch Geometric
WL Weisfeiler–Lehman
MPNN Message Passing Neural Network
GNNConv Graph Convolution
BatchNorm Batch Normalization
GCN Graph Convolutional Network
GIN Graph Isomorphism Network
GAT Graph Attention Network
PT&FT Pre-training and Fine-tuning
URL Unsupervised Representation Learning
JL Joint Learning
MI Mutual Information
ML Machine Learning
IG InfoGraph
DACL Domain-Agnostic Contrastive Learning
NT-Xent Normalized Temperature-scaled Cross Entropy Loss
NCE Noise-Contrastive Estimation
CP Context Prediction
GraphCL Graph Contrastive Learning
JOAO Joint Augmentation Optimization
GraphLoG Local-instance and Global-semantic Learning
AM Attribute Masking
EP Edge Prediction
GROVER Graph Representation from Self-supervised Message

Passing Transformer
G-Motif GROVER Motif Prediction
dyMPNs Dynamic Message Passing Networks
BBBP Blood–brain Barrier Penetration
Tox21 Toxicology in the 21st Century
Sider Side Effect Resource
Muv Maximum Unbiased Validation
ROC Receiver Operating Characteristic Curve
AUC-ROC Area under the ROC Curve
ReLU Rectified Linear Unit
LeakyReLU Leaky Rectified Linear Unit
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Chapter 1

Introduction

In recent years, neural network algorithms have boosted the development
of data science in many areas. This fast development of neural networks
is mainly ascribed to the access to huge datasets, advanced computation
resources, and well-designed algorithms to extract hidden information from
certain data types, such as convolutional neural networks (CNNs) [33] for
image domains.

Graph-structured data has drawn increasing attention from the indus-
try due to its representative ability, such as the molecules in biochemistry
and citation network in academia. To capture meaningful features from
graph data, a number of graph neural networks (GNNs) have been designed
in the last decade, including recurrent GNNs [19, 44], convolutional GNNs
[32, 56], and graph autoencoders (GAEs) [9, 35]. Motivated by traditional
deep learning architectures, different GNNs are created by redefining essential
operations on graph domains. For example, the definition of graph convo-
lution in spectral manner [8, 24, 32] and spatial manner [1, 49, 56] allow
researchers to build convolutional GNNs. From various GNNs, algorithms
following a message passing (or neighborhood aggregation) scheme stand out,
outperforming theoretically designed GNN [15]. Until now, GNN algorithms
have been successfully applied in many practical tasks, including molecular
property research [36], knowledge graph representation [30], and many other
applications.

Most early studies of GNN algorithms focus on supervised training tasks
with vast amounts of manual labels. Strong reliance on labels brings many
problems to GNN models: high labor cost for label collection, poor gener-
alization on domains out of the training set, and sensitivity to adversarial
attacks. Aware of these, researchers have combined GNNs with the self-
supervised learning (SSL) paradigm, in which models are trained by self-
defined objectives without demand on manually annotated labels, to mit-
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CHAPTER 1. INTRODUCTION 10

igate these shortcomings. The main tasks in SSL methods: pretext and
downstream tasks, are introduced in Section 2.3.

However, despite the remarkable performance of SSL in many classical
areas, including image representation [31] and natural language processing
[39], transferring SSL methods directly from Euclidean space to graph do-
main remains difficult. The main challenges include, but are not limited to,
the high dependence between node features, unique and irregular geometry
inside the graph, and the gap between optimization objectives of pretext and
downstream tasks. Thus, the key idea of self-supervised graph neural net-
works (SSL-GNNs), is to design pretext tasks consistent with downstream
tasks carefully, aiming to capture valuable representations intrinsically from
the topological structure and dependent node features of a graph.

1.1 Motivation and Contribution

Motivation Recently, researchers have proposed a number of state-of-art
SSL-GNN algorithms [22, 28, 43, 48, 51, 59, 60], with different promising
application scenarios. However, most of them only compare their algorithms
with classical unsupervised methods, such as graph kernels, to show the
advance of the algorithm. Even in comparing advanced SSL algorithms,
different model hyper-parameters settings and various GNN structures lead
to unconvincing comparison. To better analyze and compare different SSL-
GNN models in a global view, a benchmark platform with unified settings is
needed.

Benchmarking models is challenging because it requires abundant related
knowledge to provide a fair comparison, and the tedious workload of merging
different algorithms and datasets onto the same platform with unified sockets.
However, benchmarking is beneficial to drive the progress of related research
[52]. Indeed, when comparing SSL-GNN models, many factors influence their
performance, including dataset size and domain, built-in GNN architectures,
and model selection method. Motivated by the success of different bench-
marking platforms, such as DomainBed [20] in domain generalization and
ImageNet [12] in computer vision, this thesis aims to benchmark SSL-GNN
algorithms.

Related work There are several related studies: A famous benchmark
dataset platform, Open Graph Benchmark (OGB) [27], collects large-scale
and abundant real-world datasets across different domains, and standardizes
graph-related algorithms evaluation process with multiple downstream tasks.
In 2020, another benchmark framework was built for GNNs on medium-scale
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datasets with meaningful findings from many comparison experiments in
comprehensive views [15]. Many surveys [37, 53, 55] on SSL-GNN algorithms
present various models methodically, and investigate the structural similar-
ities of algorithms with a unified framework. At the same time, different
graph deep learning libraries have been built to support GPU acceleration.
One of the most popular is Pytorch Geometric (PyG) [16]. The benchmark
implementation of this thesis is based on the PyG library.

Main contribution The main contribution of this thesis is to build a
shared benchmark of SSL-GNN algorithms for a fixed downstream task:
graph classification. This benchmark provides sockets for customizing combi-
nations of algorithms, datasets, and built-in GNN architectures. Therefore,
other researchers could contribute their algorithms or datasets to this shared
platform. This thesis aims to provide open source benchmarking tools, help
researchers with fast model evaluation and allow for reproducible research.
It will further bring potential developments in related fields.

In addition, nine latest SSL-GNN algorithms are tested on this bench-
mark with unified settings for fairness. The comparison experiment provides
convincing evidence to show the advantages of specific algorithms. Further-
more, the discussion chapter provides a new view to analyze the correlation of
datasets distribution based on the experiment: Successful transfer learning of
SSL algorithms means the method mechanism captures the distribution cor-
relation between datasets. For example, the fact that an augmentation-based
contrastive algorithm achieves relatively high accuracy on molecular toxicity
prediction under SSL manner, implies that certain chemical properties are
easily captured by certain graph augmentation.

1.2 Thesis Structure

This thesis is organized in the following structure. Chapter 2 defines no-
tations and concepts related to SSL-GNN algorithms. Chapter 3 intro-
duces three types of SSL-GNN models and corresponding algorithm exam-
ples implemented in the benchmark. Chapter 4 presents the selected training
scheme, training workflow, experiment settings, and results. Chapter 5 dis-
cusses the experiments from two views. Finally, Chapter 6 summarizes the
whole thesis and discusses potential future work.



Chapter 2

Background

This chapter introduces the basic notations and concepts related to GNNs,
a general framework of GNN inference: the message passing neural network
(MPNN), and three popular MPNN-based architectures. After that, the
pretext and downstream tasks and categorization of the SSL-GNN algorithms
training scheme are described in the following.

2.1 Attributed Graph

In the data science area, meaningful representations of data are essential for
researchers to learn valuable patterns, which benefits further applications.
A graph, as an abstract data structure, stores the topological relationship
between different inner parts of data. Thus, graph-structured data is so
ubiquitous across different research areas and daily life. For example, bio-
logical molecules could be naturally viewed as graphs: each atom is a node,
and the chemical bond between atoms is represented by the edge between
corresponding nodes.

Before the introduction of GNNs, formal definitions of graph-related con-
cepts are given as follows.

Definition 1 (Graph) A graph is a pair G = (V,E), where:

• V = {v1, . . . , vn} represents the set of nodes (or vertices).

• E = {eij = (vi, vj) | vi, vj ∈ V } represents the set of edges (or links).

A connection between node vi and vj in G is denoted by eij ∈ E. The
neighborhood set of node vi ∈ V is denoted by N (vi) = {vj | eij ∈ E}. In
other words, N (vi) is the set of nodes connected to vi. And |N (v)| denotes
degree of node v, which is the number of its neighbors.

12



CHAPTER 2. BACKGROUND 13

Usually, graph data are featured by node or edge attributes. For example,
the types of atoms and the energy inside the chemical bond are the node
attributes and edge attributes for molecular graphs, respectively. In this
thesis, only node features are considered.

Definition 2 (Attributed Graph) A graph is defined as G = (V,E,X),
where X ∈ Rn×d denotes node feature matrix, n = |V | denotes the number
of nodes, and d denotes the dimension of node features. The topological
structure of a graph can be concluded by an adjacency matrix A ∈ {0, 1}n×n,
where

Aij =

{
1, if vi ∈ N (vj)

0, if vi /∈ N (vj).

Under many conditions, an attributed graph can also be represented as G =
(A,X), since adjacency matrix A contains enough information inside the
graph structure.

Traditional deep learning tools, such as CNNs, are difficult to be applied
to graph data directly, because the number of nodes in each graph data is
not constant, and the number of neighbors for every node is also non-fixed.
For example, in the molecules dataset, it is meaningless to require that every
molecule havs the same number of nodes. To address this problem, special
neural networks designed for graphs are needed.

2.2 Graph Neural Networks

Graph neural networks (GNNs) are neural networks specifically for process-
ing graph-structured data. In theory, GNNs can be viewed as a generalization
of convolutional neural networks on non-Euclidean space [7], and also a weak
form [56] of the Weisfeiler–Lehman (WL) isomorphism test [14]. In appli-
cations, GNNs are popularized for its successful application on molecular
structure research in quantum chemistry [17], and widely applied to many
domains, for instance, recommender systems [6, 40, 58] and natural language
processing [3, 4, 38].

In the development of GNNs, researchers realized the message passing
(or neighborhood aggregation) scheme between layers is essential for ex-
tracting topological structure information. Message passing neural networks
(MPNNs) [17] were proposed, providing a general scheme for GNN layer
design. Thereafter, various GNN models [32, 50, 56] with different innova-
tive message passing schemes gained higher computation efficiency on larger
graphs.
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Definition 3 (Message Passing Neural Network) Message Passing
Neural Network (MPNN) [17] is a general GNN architecture similar to
convolutional neural networks, which generates node representations by
iterative layer-wise message aggregation and update. In each layer, MPNN
aggregates processed features of the neighboring node, then updates node
representation with the previous embedding and aggregated information.

Given a graph G = (V,E,X), the general message passing scheme between
k-th and (k+1)-th layer of MPNN on node v ∈ V is formulated as following:

x(k+1)
v = COMBINE(k)

(
x(k)
v , AGG

(k)
u∈N (v)

(
ϕ(k)

(
x(k)
v ,x(k)

u , euv
)))

, (2.1)

where k ∈ {1, . . . , L− 1}, L denotes the number of network layers, x
(k)
v ∈ Rd

denotes node features of v in the k-th layer , and euv denotes the edge features
between node u and v, COMBINE(k) and ϕ(k) are differentiable functions,
which could be a small neural networks, AGG(k) denotes aggregation function,
which is differentiable and invariant to permutation, e.g. mean function.

The aforementioned MPNN layer with message passing scheme is named
as GNN Convolution (GNNConv) layer here, because this scheme could be
viewed as graph convolution. More relationships between the scheme and
convolution will be introduced in Section 2.2.1. In the message passing for-
mula: Equation (2.1), the component functions ϕ(k), AGG(k) define how the
GNN architecture aggregates messages for each node from its neighbors, and
COMBINE(k) guides how GNNConv layers combine the aggregated mes-
sage and propagate to the next layer. They decide the model’s capability to
capture hidden information from graph topology and initial features. Most
GNNs differ mainly in their component functions from others.

An example process of an L-layer GNN is listed in Algorithm 1. The
node attributes are the initial embeddings for the first layer. In each layer
of this GNN, there are a GNNConv layer and a BacthNorm layer. After
the convolution of L layers, an extra Readout layer generates the graph
representation as the final output.

Readout layer For node-level tasks, each node inside the graph is viewed
as a data point, and the node representation x

(L)
v of the final layer can be

utilized as the embeddings in the hidden space directly. However, for graph-
level tasks, the embeddings of the graph are required. Then the permutation
invariant function READOUT serves as the readout layer, which is necessary
to obtain the representation hG of the entire graph:

hG = READOUT
({

x(L)
v |v ∈ V

})
.
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Algorithm 1: Graph neural network (example algorithm)

Input : Training graph G = {V,E,X = {xv|v ∈ V }}, network
depth L, message aggregation function AGG(ϕ(·)),
propagation function COMBINE(·), read out function
READOUT (·)

Output: Graph emebddings hG

/* Node embedding initialization */

1 for v ∈ V do

2 x
(0)
v ← xv;

3 for k ← 1 to L do
/* Layerwise message passing */

4 for v ∈ V do

5 x
(k)
N (v) ← AGG

(k)
u∈N (v)

(
ϕ(k)(x

(k−1)
v ,x

(k−1)
u , euv)

)
;

6 x
(k)
v ← COMBINE(k)

(
x
(k−1)
v ,x

(k)
⊑

)
;

/* Batch normalization */

7 x
(k)
v ← x

(k)
v /∥x(k)

v ∥;

8 hv = x
(L)
v ;

/* Graph emebedding generated by READOUT function */

9 hG = READOUT ({hv|v ∈ V });

The simplest way to define READOUT function is just to sum or average
all node embeddings. This thesis concerns the graph-level task. Therefore it
focuses on GNN with a readout layer. If there is no specific note, the readout
layer is contained at the bottom of GNNs.

2.2.1 Graph Convolutional Network

The graph convolutional network (GCN) [32] is one of the best MPNN-based
architectures, which migrates CNN structure to graph domain by Fourier
Transform. It utilizes the first-order approximation of spectral graph convo-
lution [23] to design its unique message passing scheme.

Spectral graph convolution For graph G = (A,X), the normalized

graph Laplacian is defined as: Lnorm = In − D− 1
2AD− 1

2 , where D is di-
agonal matrix of graph degrees: Dii =

∑n
j Aij. The graph Fourier transform
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and inverse Fourier transform of node feature xv on graph G are defined as

F (xv) = U⊤xv, and F−1(x̃v) = Ux̃v,

where U is the eigenvector matrix of Lnorm with standard eigenvalue decom-
position Lnorm = UΛUT . Thus, the graph convolution between parameter-
ized filter αθ and xv is defined through the spectral domain:

αθ ∗ xv = F−1 (F (αθ)⊙F (xv)) = UαθU
−1xv. (2.2)

After the convolution operation on the graph was defined in the spectral
style, various spectral-based approaches were designed. To address high com-
putational cost on large graphs and non-continuous filter in this operation,
researchers proposed different improved approaches, such as approximation
of graph Laplacian [11] and smooth constraint on frequency domain [24].

For practical reasons, GCN simplifies Equation (2.2) by the first-order
polynomial approximation and parameter constraints, to reduce the compu-
tational cost and address the overfitting problem. The simplified spectral
graph convolution between filter αθ and xv becomes

αθ ∗ xv = Θ(D̃− 1
2 ÃD̃− 1

2 )xv,

where Ã = A + In is a self-loop inserted adjacency matrix, D̃ is defined
similary as before: D̃ii =

∑n
j Ãij, Θ denotes parameter matrix of filter.

GCN message passing scheme Given node representations X(k) in the
k-th layer, GCN updates the message of the (k+1)-th layer by the following
scheme:

X(k+1) = D̃− 1
2 ÃD̃− 1

2X(k)Θ.

where Θ ∈ Rd×F denotes filter parameters, F denotes spectral dimension.

2.2.2 Graph Attention Network

The graph attention network (GAT) [50] designs an efficient spatial con-
volution, by combining the structure of MPNNs and the idea of attention
mechanism [2] from sequence modeling to improve generalization on induc-
tive graph task.

GAT utilizes a shared attention mechanism fa,Θ : Rd ×Rd → R to calcu-
late the importance evu of node u to node v in layer k:

e(k)vu = fa,Θ(x
(k)
v ,x(k)

u ) = LeakyReLU
(
a⊤

[
Θx(k)

v ||Θx(k)
u

])
,
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where attention fa,Θ is a simple neural network with parameters a ∈ R2d,Θ ∈
Rd′×d and LeakyReLU nonlinearity, d′ is the dimension of output represen-
tation, and || is the concatenation operation.

Masked attention is used in GAT for structural information: when as-
signing weight coefficient to graph convolution, only neighborhood nodes
are considered. The normalized convolution weight is defined using softmax
function

α(k)
vu =

exp(e
(k)
vu )∑

w∈N (v) exp(e
(k)
vw)

. (2.3)

GAT message passing scheme Given the representation xv
(k) of node

∈ V in the k-th layer, GAT updates the message of the (k + 1)-th layer by
the following scheme:

x(k+1)
v = α(k)

vv Θx(k)
v +

∑
u∈N (v)

α(k)
vuΘx(k)

u ,

where Θ is the model parameter matrix with weights defined in Equation (2.3).

2.2.3 Graph Isomorphism Network

The graph isomorphism network (GIN) is a simple spatial-convolution-based
MPNN algorithm, which follows certain conditions. Under these conditions,
GNN is proven to achieve similar strength as the WL test by theoretical
analysis [56].

GIN message passing scheme Given node representations X(k) in the
k-th layer, GIN updates the message of (k + 1)-th layer by the following
scheme:

X(k+1) = hΘ
(
(A+ (1 + ε)I) ·Xk

)
Where ε could be fixed or trainable parameters, hΘ denotes a parameterized
neural network, e.g. simple multilayer perceptron.

2.3 Pretext and Downstream Tasks

There are two stages in tasks of SSL-GNN: pretext tasks and downstream
tasks [29]. Pretext tasks teach models to learn generalized representations in
a self-supervised manner, which is beneficial to downstream tasks with pro-
cessed information. Downstream tasks often refer to supervised graph tasks,
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such as node classification or link prediction, which are used for performance
evaluation of the whole model.

The main objective of the SSL-GNN algorithm is to design an ingenious
pretext task, which could teach the model-related patterns contained in the
downstream task as much as possible. To better evaluate different algorithms
here, the downstream task is fixed to be graph classification, which is the
most significant task in many realistic applications.

2.4 Self-supervised Training Schemes

To train models with unlabeled data, self-supervised learning is necessary.
Most systematic research classifies SSL graph learning training schemes into
three main types, based on the detailed training logic of parameters, which
depends on the relationship between pretext and downstream tasks [37, 53,
55] in the Section 2.3. The three main schemes are pre-training and fine-
tuning (PT&FT), unsupervised representation learning (URL), and joint
learning (JL).

In this thesis, the SSL-GNN algorithm is standardized by the encoder-
decoder framework [37]. The encoder fθ maps graph data G = (V,E,X) to a
compact representation hG, the decoder gϕ utilizes the graph representation
hG to solve the pretext task. Usually, the fθ could be MLPs or GNNs, such
as the aforementioned GCNs or GINs, and the gϕ is the key factor of model
performance on downstream tasks.

Pre-training and fine-tuning (PT&FT) In the PT&FT training
scheme, the encoder fθ is first pre-trained with pretext decoder gϕ in an
SSL manner. Then trained fθ is fine-tuned together with the downstream
decoder hψ, in a supervised manner on other datasets. The mathematical
formulation of this scheme is presented here:

θ∗, ϕ∗ = argmin
θ,ϕ

Lssl(fθ, gϕ,D), (2.4)

θ∗∗, ψ∗ = argmin
θ,ψ

Lsl(fθ, hψ,D, y), θinitial = θ∗, (2.5)

where Lssl,Lsl denote loss function of self-supervised pretext task and super-
vised downstream task, respectively, D denotes distribution of graph data
and y denotes corresponding labels.
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Unsupervised representation learning (URL) In the URL training
scheme, after the encoder is trained to be fθ∗ by the SSL pretext task, the
parameters of encoder fθ∗ are frozen, then the downstream decoder gϕ is
trained with labels on the same dataset:

θ∗, ϕ∗ = argmin
θ,ϕ

Lssl(fθ, gϕ,D),

ψ∗ = argmin
ψ

Lsl(fθ∗ , hψ,D, y).

Joint learning (JL) In the JL training scheme, the encoder and decoders
of both tasks fθ, gϕ, hψ are trained mutually at the same time:

θ∗, ϕ∗, ψ∗ = argmin
θ,ϕ

αLssl(fθ, gϕ,D) + Lsl(fθ∗ , hψ,D, y),

where the parameter α balances the weights between two tasks.



Chapter 3

SSL-GNN Algorithms

The SSL-GNN algorithms aim to train a GNN-encoder with unlabeled data
for downstream tasks. Depending on the types of pretext task, they are
usually divided into three types: generative, predictive and contrastive [53],
with visualization in Figures 3.1, 3.2, and 3.3 respectively. This chapter in-
troduces these three types of models, and examples of state-of-art algorithms
implemented in the benchmark.

In some sense, the latter two types could be viewed as contrastive models,
if the reconstructed graph in the generative model and self-generated pseudo-
labels are viewed as special augmentations of the graph. Thus, contrastive
SSL-GNNs are more valued in our benchmark. Especially, a mixup [62]
based contrastive SSL-GNN: DACL [51], will be highlighted in this chapter,
because it could achieve the same performance even without domain-related
expertise.

3.1 Contrastive Models

For the contrast-based method, the central idea is to create meaningful em-
bedding of graphs for the specific downstream task, which could discriminate
correlated data pairs from random pairs, by maximizing agreement between
multiple augmented graphs. This agreement is often measured by maximiz-
ing the mutual information (MI) of augmentation pairs. The main process
of contrastive SSL-GNN is visualized in Figure 3.1.

Model description The contrastive SSL-GNN comprises three main mod-
ules: data augmentation, contrastive objective, and contrast scale. Given
graph data G = (V,E,X), data augmentation transformations {Ti}Ki=1 gener-
ate multiple views of the graph {Ti(G)}Ki=1, then the pretext encoders {fθi}Ki=1

20
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Input graph
G = {V,E,X}

Augmentor T1 Augmentor T2

T1(G) T2(G)

GNN-encoderfθ

Embeddings hG1 Embeddings hG2

Comparison pairs

Loss function Lssl:
maximize the MI of positive pairs
minimize the MI of negative pairs

Figure 3.1: Visualization of contrastive SSL-GNNs. Given input graph G,
graph augmentors T1, T2 create two views of it. All views T1(G), T2(G) are
mapped to embeddings for comparison pairs by shared GNN-encoder fθ.
Finally, the encoder parameter θ is optimized by an MI-related objective
Lssl based on these comparison pairs.

map these views to representations {h1, . . . ,hK}:

hi = fθi (Ti(G)) , i = 1, . . . , K,

where the encoders {fθi}Ki=1 often share the parameters, and usually two
augmentations are used: K = 2. The pretext task Equation (2.4) can then
be reformulated as:

θ∗, ϕ∗ = argmin
θ,ϕ

Lssl(gϕ (fθ1 (T1(G)) , . . . , fθK (TK(G)))).

Here the Lssl is the estimator which helps the model maximize the MI between
positive pairs and minimize it between negative pairs. Augmentations pair
of the same instance are considered to be positive, while the other pairs are
negative.

Module: Data augmentation Different augmentation transformations
in a model generate multiple views of the graph as an initial stage. The
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augmentation processes the features or topological structure of the graph,
such as node feature masking or shuffle, edge modification, graph diffusion,
random-walk sampling, and some hybrid methods. Each augmented graph
is a new graph that shares partial information with the original instance:

G̃i = (Ãi, X̃i) = Ti(A,X) = Ti(G).

Module: Comparison scale With various pretext decoders gϕ, con-
trastive methods compare augmented views in the same scale (node-level,
graph-level, context-level) or across scales. Comparisons on different scales
help the model capture different semantic information from the data.

Module: Training objective The contrastive objective is to optimize
agreement between different views of data. Given a pair of graph represen-
tations hi,hj, the agreement between them is measured by viewing these
representations as random variables and calculating the mutual information:

MI(hi,hj) = Ep(hi)p(hj)

[
log

(
p(hi,hj)

p(hi)p(hj)

)]
. (3.1)

For practical computation, various estimators based on Equation (3.1) are
utilized in application-oriented algorithms. There are many popular estima-
tors for contrastive SSL-GNN training: some of them provide lower-bound
estimation of MI, including Jensen–Shannon estimator [41], InfoNCE [21],
triplet marginal loss [45]. Some non-bound MI estimations are also used,
such as Barlow twins loss [61].

Algorithm: InfoGraph (IG) [48] As a contrastive graph learning algo-
rithm, IG sets the objective, which compares embeddings across the graph-
node level. This local-global comparison idea is motivated by a similar idea
from the image domain: Deep InfoMax[26]. As early SSL-GNN work, IG
utilizes the identity map as augmentation. In other words, there is no spe-
cial augmentation of data. Thus the effect of IG mainly relies on cross-scale
comparison.

For k-th graph Gk = {Vk, Ek,Xk}, IG creates embeddings for graph
fθ(Gk) and nodes {f ∗

θ (vk,i)}
Nk
i=1 with the same GNN-encoder fθ, where

Vk = {vk,i}Nk
i=1 is the node set of graph Gk, Nk = |Vk| is the size of node-set,

and f ∗
θ denotes the encoder without the readout layer. Then IG compares

data pairs in hidden space:

{fθ(Gk1), f
∗
θ (vk2,i)}, for i = 1, . . . , Nk2 .
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The pairs are considered to be positive when it compares the local-global
information from the same graph, which means k1 = k2. Otherwise, IG
minimizes their similarity in the objective. The MI objective Lssl is measured
by the Jensen-Shannon MI estimator[41]:

Lssl = E(h,h̃)∈P×P̃

[
log(1−Dsim(h, h̃))

]
− Eh,h′∈P [log(Dsim(h,h′))] ,

where P̃ is the negative distribution. Dsim denotes the discriminator, usually
defined as a normalized inner product. In IG, Dsim is the combination of a
sigmoid function and another discriminator.

Algorithm: Domain-Agnostic Contrastive Learning (DACL) [51]
The DACL is a mixup [62] based contrastive learning algorithm, without
reliance on augmentation designed by domain knowledge. Thus it could be
applied to many domains, such as images, tables, and graphs. The main
trick in DACL is using embeddings of training data to create adaptive noise
with linear combination, which is computationally effective.

In the graph augmentation stage, DACL maps data into hidden space by
graph encoder and then creates semantically similar examples with mixup
noise for comparison. For the k-th graph Gk of the training batch S =
{Gk}Nk=1, two views of it are generated by linear mixup:

Ti(Gk) = λifθ(Gk) + (1− λi)fθ(Ganchor,i), k = 1, . . . , N, i = 1, 2 (3.2)

where Ganchor,1, Ganchor,1 are randomly sampled from S/Gk, λ1, λ2 are sam-
pled from uniform distribution U(α, 1), and fθ(·) is the GNN-encoder. Hyper-
parameter α controls similarity between two augmented views of the same
graph and is set to be high for generating correlated pairs.

After augmentation, an extra projection head gϕ processes augmented
views {T1(Gk), T2(Gk)}Nk=1 as pretext decoder, which is proved to be beneficial
to contrastive loss definition [10]. Then comparison pairs are created for
objective optimization:

{gϕ(T1(Gi)), gϕ(T2(Gj))}, i, j = 1, 2, . . . , N.

Here the pair is positive when the two views come from the same graph,
which means i = j, otherwise negative.

In the comparison stage, DACL compares pairs at graph-graph level with
NT-Xent loss [46] objective, by maximizing the mutual information of posi-
tive pairs created in the augmentation stage, then updates the encoder pa-
rameters. Here NT-Xent loss is a special version of InfoNCE [21], which
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Algorithm 2: Domain-agnostic Contrastive Learning

Input : GNN-encoder fθ, projection-head gϕ, training graph batch
{G1, . . . , GN}, hyperparameters α, τ

Output: Trained parameters θ∗, ϕ∗

1 for k ← 1 to N do
/* Sample coefficients, data indexes for mixup */

2 λ1 ∼ U(α, 1.0), λ2 ∼ U(α, 1.0);
3 t1 ∼ {1, . . . , N}/k, t2 ∼ {1, . . . , N}/k ;

/* Apply encoder */

4 hk ← fθ(Gk), ht1 ← fθ(Gt1), ht2 ← fθ(Gt2);
/* Create positive pairs by lienar mixup */

5 h̃k,1 ← λ1hk + (1− λ1)ht1 ;
6 h̃k,2 ← λ1hk + (1− λ2)ht2 ;

/* Apply projection-head */

7 z2k−1 ← gϕ(h̃k,1), z2k ← gϕ(h̃k,2);

8 for i← 1 to 2N do
/* Calculate pairwise discrimination */

9 for j ← 1 to 2N do
10 Dsim(i, j)← zTi zj/(τ∥zi∥∥zj∥);
11 Di ←

∑2N
j=1 exp(Dsim(i, j));

12 Define MINCE(zi, zj)← − log exp(Dsim(i,j))
Di−exp(Dsim(i,i))

;

13 Loss← 1
2N

∑N
k=1 (MINCE(z2k−1, z2k) + (MINCE(z2k, z2k−1));

/* Parameters update by gradient descent */

14 θ∗, ϕ∗ ← argminθ,ϕ Loss ;

estimates the lower bound of MI:

MINCE(x,y) = − log
exp(Dsim(x,y))∑N

k=1,k ̸=i exp(Dsim(x,y))
.

where Dsim denotes discriminator, which measures the similarity between
vectors

Dsim(x,y) =
x⊤y

τ∥x∥∥y∥
,

and τ controls the discriminator temperature. For a clearer presentation of
the contrastive algorithm process and structure, the detailed training pseudo-
code of DACL on batch data is displayed in Algorithm 2 as an example.



CHAPTER 3. SSL-GNN ALGORITHMS 25

Algorithm: Context Prediction (CP) [28] The CP proposes a creative
way to design a context scale for comparison, and trains the model to predict
the structural context by local graph information. At first, K-hop neighbor-
hood GK−hop(v) of node v in graph G = (V,E,X) is defined to be all nodes
which are accessible for v in K hops:

GK−hop(v) = {u ∈ V |distG(u, v) ≤ K}, (3.3)

where distG(u, v) is the shortest path in graph G. Then the context graph
with radius r1, r2 is defined as

Gcontext(v, r1, r2) = Gr2−hop(v)/Gr1−hop(v), r1 < r2, (3.4)

which is a ring between two hyper-spheres in the graph topological space.
For node v, the main GNN encoder maps it to vector embeddings. At the

same time, all nodes in context graph Gcontext(v, r1, r2) are mapped to the
same space by another context-GNN, and the mean of their embeddings is
calculated as context embeddings. Then CP considers node-context embed-
ding pairs from the same node to be positive, otherwise to be negative. This
comparison scheme in the model assumes high similarity between graph nodes
and the corresponding context in hidden space mapped by GNN-encoder, and
learns discriminative graph representation.

Algorithm: Graph Contrastive Learning (GraphCL) [59] GraphCL
is the classical contrastive framework that systematically studies the effect
of augmentations in self-supervised graph representation learning. GraphCL
proposes four augmentors {Ti}4i=1 on graph data: discarding a certain rate
of nodes, randomly adding or abandoning some edges, masking attributes
partially, and building subgraph. With GNN-based encoder fθ and InfoNCE
objective Lssl, GraphCL could analyze the performance of different augmen-
tation pairs on different datasets, and then find the best dataset-specific
augmentation combination. This empirical rule helps further study the cor-
relation highlighted by augmentation in the data domain.

Algorithm: Joint Augmentation Optimization (JOAO) [60] JOAO
automatically selects the best augmentation pair for contrastive learning on
graph data, by an adversarial structure. It could be viewed as the improved
version of GraphCL, addressing the problem that manual selection of aug-
mentation requires a tedious validation process on huge amounts of data or
empirical rules for the specific domain.

JOAO builds its adversarial structure with two reverse sides. Firstly,
it assumes the best data augmentation pair T1, T2 could maximize the loss
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function Lssl(T1, T2, fθ, {Gi}Ni=1) corresponding to current encoder fθ. At the
same time, the loss function is expected to be minimized when the augmen-
tations are fixed. With these assumptions, the contrastive learning problem
is reformulated to be a minimax optimization problem:

min
θ

max
P(T1,T2)

(
Lssl(T1, T2, fθ, {Gi}Ni=1)−

γ

2
dist(P(T1, T2),Pprior)

)
,

where {Gi}Ni=1 is the training batch, P(T1, T2) denotes joint distribution of
augmentation pair T1, T2, and Pprior denotes the prior joint distribution of
them, dist(·, ·) : P × P → R+ measures the distribution distance, γ adjusts
weight on confidence of prior augmentation distribution, here Lssl is the
InfoNCE objective.

Algorithm: Local-instance and Global-semantic Learning
(GraphLoG) [57] GraphLoG is a complicated SSL algorithm, which
merges the contrast learning, hierarchical clustering, and expectation
maximization (EM) into representation learning on the graph. There are
two parts of the objective function in GraphLoG: local and global loss.

The local instance information is learned contrastively. The algorithm
augments graph data by attributes masking, maps different views of the
graph to embeddings by GNN encoder fθ, the local objective Llocal is to
maximize the MI of positive pairs on graph-graph and context-context scale
in the representation space. Here the context in GraphLoG is the K-hop
neighborhood subgraph, which is defined in Equation (3.3).

The global semantic is structured by hierarchical prototypes C, a L-layer
tree. For node sets C(l) in l-th layer of tree C, the children set of node c ∈ C(l)

is denoted by child(c) ⊂ C(l+1). Assume each graph G from the training set
Strain owns a series of hidden state {z1G, . . . , zLG} sampled from each layer,

z1G ∈ C(1), zlG ∈ C(l) ∩ child(zl−1
G ), ∀l = 2, . . . , L.

Then the global loss Lglobal is to maximize the similarity among graph em-
beddings and the hidden states

L∑
l=1

sim(fθ(G), z
l
G) +

L−1∑
l=1

sim(zlG, z
l+1
G ),

where the sim(·, ·) is the similarity function.
With viewing {θ, C} as parameters, Z = {z1G, . . . , zLG}G∈Strain

as hidden
variables, the algorithm tries to maximize the joint likelihood p(Strain,Z|θ,C)
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with objective Lssl = (Llocal + Lglobal) by Expectation–maximization algo-
rithm.

GraphLoG combines so many powerful machine learning tools with GNN
for self-supervised learning, so it costs more computation resources than most
other SSL-GNN algorithms. Therefore, when it achieves the same perfor-
mance as other algorithms, others are much preferred with shorter training
time.

3.2 Generative Models

Generative models focus more on strengthening the connection between hid-
den space mapped by the encoder and the space of the target component.
The main process of generative SSL-GNNs is visualized in Figure 3.2, with
similar structure of autoencoder [25].

Model description The main modules inside this structure are com-
ponent extractor, decoder gϕ, and objective loss Lssl. Given input data
G = (V,E,X), certain parts of G is extracted directly as the target com-
ponent tG for generation, the decoder gϕ reconstructs the component from
graph embeddings mapped by the GNN-encoder fθ:

t̃G = gϕ (fθ(G)) .

The objective Lssl aims to minimize the distance between the target com-
ponents and the corresponding reconstructed version:

θ∗, ϕ∗ = argmin
θ,ϕ

Lssl(gϕ (fθ(G)) , tG).

Module: component extractor The main difference between generative
SSL graph learning is the selected target component. The common compo-
nents extracted for reconstruction are the small subset of graph nodes/edges
attributes or the adjacency matrix, which require encoder learning local con-
nections and global structure, respectively. After specifying the reconstructed
target, encoder fθ should accept the input graph without target information
for meaningful learning. For attributes-reconstruction conditions, features
are partially modified by masked or noising. When reconstructing the adja-
cency matrix, a certain ratio of the edges is randomly perturbed for noised
topology.
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Input graph
G = {V,E,X}

GNN-encoder fθ

Embeddings hG

Decoder gϕ
Reconstructed target

component t̃G

Target component tG

Loss function Lssl :
minimize reconstruction distance

target component
modified

Component
extractor

Figure 3.2: Visualization of generative SSL-GNNs. Given input data G, a
certain part tG of G is selected for reconstruction by a component extractor.
The slightly modified version of tG is mapped to embeddings hG by the GNN-
encoder, then the decoder gϕ reconstruct the target component t̃G from hG.
Objective Lssl aims to minimize the distance between tG and t̃G.

Modules: decoder gϕ and objective Lssl Usually, the decoder gϕ is
simply designed to avoid absorbing too much information from data, which
diminishes the learning of encoder fθ. The loss function Lssl is often the
Euclidean distance between reconstructed vectors with original ones.

Algorithm: Attribute Masking (AM) [28] The AM algorithm trained
GNN-encoder by reconstructing node/edge attributes. Graphs with masked
attributes are mapped to vectors by encoder fθ. Then the target attributes
are predicted by a linear classifier gϕ based on corresponding embeddings.

Algorithm: Edge Prediction (EP) [22] The EP algorithm aims to
reconstruct adjacency matrix from node embeddings. It assumes that neigh-
bour nodes of the same graph G = (V,E,X) are closer in hidden space, which
means high σ(h⊤

uhv) in condition that u ∈ N (v), where σ(·) is the sigmoid
function. The objective function is designed as

Lssl = −
∑

(u,v)∈E

log(σ(h⊤
uhv))− αE(u,v)∼Pn log(σ(−h⊤

uhv)),
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where the Pn denotes the distribution of the negative edges, it is the uniform
distribution on (V × V )/E, the set of all possible edges not belonging to E.
α scales the loss from negative pair samples.

3.3 Predictive Models

Predictive models generate informative labels instead of human annotation
based on certain properties of unlabeled data, then handle the supervised
task on data with these pseudo-labels as shown in Figure 3.3. Unlike the
contrastive model, predictive models focus on graph representations contain-
ing intra-data information, not discriminating between different data.

Model description There are three main modules in predictive SSL-GNN:
label extractor l, label classifier gϕ, and the obejctive function Lssl. Given
input graph G = (V,E,X), the label extractor l generates pseudo-label yG
for G. At the same time, the embeddings hG = fθ(G) mapped by GNN
encoder fθ is classified to be label ỹG:{

yG = l(G),

ỹG = gϕ(fθ(G)).

The objective Lssl maximizes the prediction accuracy:

θ∗, ϕ∗ = argmin
θ,ϕ

Lssl(gϕ (fθ(G)) , l(G)).

Module: label extractor l The pseudo-label is generated based on the
graph information. For better performance under SSL manner, the label ex-
traction should be reliable with low collection costs. There are two types of
label extractor l. The first type is to capture geometrical data from graph
structure, such as node degree, the shortest path between two nodes, and
node clustering by other unsupervised algorithms. The other class is to uti-
lize domain-related knowledge, such as statistical information on functional
groups.

Module: classifier gϕ and objective Lssl The gϕ is a simple neural
network to adjust the dimension of data embeddings to label size. To measure
the accuracy, the Lssl is often defined as cross-entropy.

Lssl =
1

Nl

Nl∑
i=1

(−yi log ỹi − (1− yi) log(1− ỹi)) ,
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Input graph
G = {V,E,X}

GNN-encoder fθ

Embeddings hG

Classifier gϕ Predicted label ỹG

Label yG

Loss function Lssl :
maximize prediction accuracy

label
extractor l

Figure 3.3: Visualization of predictive SSL-GNNs. Given input graph G,
label extractor creates label yG for it. The GNN-encoder fθ maps G into
embeddings hG, and the classifier gϕ predicts the corresponding label ỹG
from hG. Finally, the objective function Lssl aims to maximize the prediction
accuracy.

where Nl is the label numbers, y = (y1, . . . , yNl
) ∈ {0, 1}Nl is the binary

multi-label, ỹ is the predicted label.

Algorithm: GROVER Motif Prediction (G-Motif) [43] The G-
Motif algorithm combines the MPNN structure and transformer to design
a predictive SSL-GNN framework: GROVER. In this framework, three dy-
namic message passing networks (dyMPNs) are built to generate three dif-
ferent embeddings of the input graph, which are used as queries, keys, and
values for the following multi-head attention layer. Here the dyMPNs are
GNNs with a dynamic number of layers, which is drawn from specific distri-
bution during training. This dynamic scheme improves the adaptation of the
GNN-based transformer on different datasets. For long-term memory, the in-
put data is concatenated with the embeddings after the attention layer by a
long-range residual. Finally, a feed-forward network maps the concatenated
vectors to the node embeddings.

In G-Motif, the pseudo-label yG is selected to be molecular motifs, the
recurrent sub-graph structures. These molecular descriptors are obtained
by the professional cheminformatics software, RDKit [34]. With the abun-
dant domain knowledge, the unlabeled data could be trained in a supervised
manner.

However, for a meaningful comparison among different SSL-GNN algo-
rithms, the advanced GROVER GNN framework with attention and small
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dyMPNs is not utilized. All SSL-GNN algorithms share the same structure
of GNN, and details are introduced in Section 4.2

3.4 Summary of Methodologies

In this chapter, three branches of SSL-GNNs were introduced with corre-
sponding algorithm examples, which are implemented in the thesis bench-
mark experiment. The taxonomy of SSL-GNN discussed here is just instruc-
tive and popular among many researchers [53], but it does not always work.
For example, some hybrid algorithms are difficult to be classified because
of their multi-pretext tasks [42]. Sometimes, the predictive models are also
called auxiliary property-based SSL-GNNs [37].

The GNN-encoder pre-trained by different types of SSL-GNNs embeds
graph data into different hidden spaces. The contrastive models highlight the
discrimination between data points, generative models focus reconstruction
of certain parts of the original graph, and the predictive models rely on the
pseudo labels extractor, which captures the topological or domain-expertise
information. When selecting the algorithms, the essential part is to consider
whether the algorithm could bridge the connections between pretext and
downstream tasks for success.



Chapter 4

Experiments

This chapter presents the detailed workflow of pre-training and fine-tuning
scheme, and the settings and results of experiments on the benchmark built
in this thesis.

4.1 Training Scheme and Workflow

Training scheme: pre-training & fine-tuning In the experiment, all
algorithms are trained in the pre-training and fine-tuning scheme for the
following three reasons.

Firstly, motivated by successful transfer learning on natural language pro-
cessing [13], many researchers extend the pre-training and fine-tuning scheme
to graph domain with increasing interest, and gain models outperforming the
original models without pre-training.

Secondly, this scheme fits the application requirements more than other
aforementioned schemes in Section 2.4. Usually, in real-world scenarios, the
pre-training graph datasets could be biological proteins, chemical molecules,
or social networks, which are huge. It leads to high computation costs under
the JL scheme. And URL requires huge amounts of labels on datasets, and
it brings new challenges to manual annotation.

Thirdly, the pre-training task requires careful design mitigates the degree
of negative transfer on new domains [28], which is caused by the harmful
knowledge learned in the previous domain. Therefore, high performance un-
der the PT&FT scheme provides a convincing comparison between different
SSL-GNNs.

Training workflow Each SSL-GNN algorithm A contains a GNN encoder
fA
θ and a pretext decoder gAϕ , for discriminatory comparison objective Lssl.

32
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All the algorithms share the structure of the GNN encoder, so here the
algorithm-related superscript of encoder fθ is omitted.

In the pre-training stage, given the pre-train data Spt = {Gi}Ni=1, the
randomly initialized GNN-encoder fθ is trained by the algorithm A in a
self-supervised way:

θA, ϕ∗ = argmin
θ,ϕ

Lssl({Gi}Ni=1, fθ, g
A
ϕ ), θinit = θrandom.

In the fine-tuning stage, the trained encoder fθA is re-tuned with an extra
linear layer hψ for downstream tasks. In the experiments, the downstream
tasks are all binary graph classification, the simplest task. Given the labeled
fine-tuning data Sft = {G̃i, ỹi}Mi=1, the model is optimized in the supervised
way:

θA,Sft , ψA,Sft = argmin
θ,ψ

Lsl
({

hψ

(
fθ(G̃i)

)
, ỹi

}M
i=1

)
, θinit = θA.

Where M is the size of Sft , Lsl denotes objective function which measures
the prediction accuracy.

Finally, the performance of a SSL-GNN algorithm A depends on the
downstream task dataset Sft, and it is evaluated by the final tuned f

θ
A,Sft

and assisted layer h
ψ
A,Sft :

score(A, Sft) = AUC-ROC

({
h
ψ
A,Sft

(
f
θ
A,Sft (G̃i)

)
, ỹi

}M
i=1

)
(4.1)

4.2 Experiment Settings

In this section, the settings of the benchmark experiment are listed in detail.

Datasets Spt for pre-training and Sft for fine-tuning For the pre-
training stage, a 2,000,000 unlabeled molecules dataset is chosen from a pub-
licly accessible chemistry dataset (ZINC-15 [47]). For the fine-tuning stage,
eight binary labels datasets, in physiological and biophysical domains, are
chosen from MoleculeNet [54] for model evaluation on downstream graph-
classification tasks: BBBP, Tox21, ToxCast, SIDER, ClinTox, MUV, HIV,
BACE. They are popular in recent SSL graph learning [28, 59, 60]. The
downstream datasets are all related to molecular properties, such as molec-
ular toxicity, penetration ability over the blood-brain barrier, and inhibition
strength on virus replication. The statistical information of them is included
in Appendix A.2.
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Input graph
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...
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ReLU( )
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Figure 4.1: Structure of GNN encoder fθ. The input graph G is processed by
five GNNlayers to be the node embeddings {hv | v ∈ V }, then the Readout
layer maps these embeddings to graph representation G. Each GNNlayer
contains four small blocks. All GNNlayers and the Readout layer make up
the GNN-encoder fθ

Algorithms A In the benchmark, 9 SSL-GNN algorithms are implemented
for pre-training and comparison: AM [28], CP [28], DACL [51], EP [22],
GraphCL [59], GraphLoG [57], IG [48], JOAO [60], G-Motif [43]. Details of
these algorithms have been given in Chapter 3.

Model hyper-parameters ΘA For each algorithm A, five model hyper-
parameter ΘA configurations are selected for parameter search. The selection
is based on the algorithm mechanism. And the result of the model with the
best hyper-parameter represents the performance of an algorithm. Details of
hyper-parameter setting are listed in Appendix A.1.

GNN encoder fθ The structure of the GNN-encoder fθ are shared by all
algorithms. The shared structure is visualized as Figure 4.1. The GNN is a
5-layer MPNN with the same message passing scheme for each layer. It maps
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graph data into a 300-dimensional latent space. The message passing scheme
tested in the experiment is the GIN mentioned in Section 2.2.3, whose ex-
pressive ability is theoretically guaranteed [56]. The drop-out layers are only
activated in the fine-tuning stage. The read-out function of GNN averages
all node embeddings as the graph embedding.

Single task The experiment with a certain SSL-GNN algorithm A, specific
model hyper-parameter ΘA, and specific fine-tuning dataset Sft, is labelled
as a single task (A,ΘA, Sft) here.

In the pretext task, a graph encoder fθ is initialized with random param-
eters by Xavier initialization [18], and trained by an SSL-GNN algorithm A
for 100 epochs to be fθA . In the downstream task, each specific downstream
dataset is split into train-set, validation-set, and test-set, according to Bemis-
Murcko scaffold representation [5], which contains the abstract topological
structure and atomic features of molecules. The encoder fθA connected with
an extra single-layer linear neural network hψ in the bottom is trained for
100 epochs on train-set. The same protocol of early stop condition is applied
to all downstream classification tasks: the accuracy on test-set of specific
epoch, at which the highest accuracy validation-set located, is reported to
be the evaluation score of this single task: score(A,ΘA, Sft). The calcu-
lation process is introduced in Equation (4.1). For both pre-training and
fine-tuning stages, model parameters are updated by the Adam optimizer
with a learning rate of 0.001.

4.3 Experiment Results

The experiment result is visualized in Table 4.1. Each single task (com-
bination of pre-training algorithm, algorithm configuration, and fine-tuning
dataset) is repeated 10 times with different random seeds.

Benchmark experiment In this experiment, GIN-based GNN encoders
are pre-trained by 9 SSL-GNN algorithms A on the ZINC-15 dataset, then
fine-tuned on 8 datasets Sft. For each combination of algorithm and dataset
(A, Sft), the best result searched from 5 model hyper-parameters ΘA is re-
ported. For each configuration (A,ΘA, Sft), the result is the average on 10
random seeds. In other words, there are a total of 9×8×5×10 = 3600 single
tasks in this benchmark experiment. Table 4.1 shows the experiment result.
The details of datasets and algorithms are explained in Section 4.2. The
row index indicates the algorithms applied to pre-train the GNN-encoder on
the ZINC-15 dataset. Especially, the ‘random‘ provides a baseline algorithm



CHAPTER 4. EXPERIMENTS 36

Table 4.1: Benchmark experiment result with pre-training and fine-tuning
scheme. The value records the fine-tuning accuracy, measured by the mean
(and 100 times scaled standard derivation) of AUC-ROC over 10 random
seeds. Bold number represents the best result on each dataset.

Algorithm A Fine-tuning datasets Sft Avg
BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE

random 66.7(2.4) 75.0(0.5) 61.5(0.8) 58.9(1.1) 61.6(3.9) 72.8(1.7) 75.4(1.0) 69.5(3.1) 67.7
CP 69.4(1.0) 75.5(0.4) 63.8(0.3) 63.2(0.4) 65.1(2.7) 76.9(1.6) 78.3(1.1) 81.5(0.8) 71.7
AM 69.2(2.8) 76.3(0.3) 63.5(0.3) 60.5(0.5) 72.4(4.6) 77.1(0.9) 77.5(1.0) 79.0(5.4) 71.9

DACL 65.6(2.2) 71.6(0.9) 61.1(0.5) 58.7(0.9) 64.2(2.4) 68.3(2.6) 72.7(1.4) 75.5(2.2) 67.2
EP 68.1(1.9) 75.3(0.5) 62.7(1.1) 61.6(0.5) 62.0(2.6) 74.5(2.7) 75.8(0.6) 84.7(0.7) 70.6

GraphCL 68.4(1.8) 75.9(0.4) 63.5(0.3) 61.5(0.5) 71.1(3.0) 76.0(2.5) 76.7(0.6) 77.7(2.8) 71.3
GraphLoG 68.1(1.1) 74.0(0.6) 63.3(0.3) 59.9(0.9) 69.6(1.6) 76.4(1.4) 75.6(1.0) 85.0(0.6) 71.5

IG 69.4(1.6) 75.5(0.4) 63.8(0.3) 59.7(1.0) 70.4(3.6) 77.4(2.2) 75.8(1.0) 77.5(1.2) 71.2
JOAO 68.3(1.2) 75.1(0.3) 63.2(0.4) 61.9(0.6) 72.9(2.6) 78.2(1.3) 76.8(1.0) 76.7(1.3) 71.6
G-Motif 70.7(0.5) 75.1(0.3) 63.5(0.2) 61.7(0.6) 68.8(2.8) 75.9(2.4) 77.2(0.7) 79.5(1.4) 71.6

without the pre-training stage. The column index indicates datasets that
serve for downstream classification tasks.

Algorithms hyper-parameter comparison In Table 4.1, only the result
of an algorithm with the best hyper-parameter is reported. To analyze the
effect of model hyper-parameters, the comparison of 8 algorithms are plotted
in Figures 4.2 and 4.3. Only the most discriminative downstream datasets Sft
are selected for the comparison. Here the discriminative dataset refers to the
datasets, on which the best algorithm (its accuracy is boldly noted in Table
4.1) can achieve 3% better performance than the random baseline. Different
sub-figures displays the parameter comparison of different algorithms A, the
x-axis denotes the value of model hyper-parameters, and the y-axis denotes
the accuracy difference between the A and random baseline for a clearer
comparison. In each subfigure, the accuracy of the random baseline is plotted
to be a red dotted line.
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Figure 4.2: Algorithms hyper-parameters comparison of AM, CP, EP, JOAO,
G-Motif, and GraphLoG on datasets BBBP, SIDER, ClinTox, MUV, and
BACE. The performance of AM and JOAO on ClinTox are always better
than other downstream datasets. And the performance of CP, G-Motif, and
GraphLoG on BACE are always better than other downstream datasets.
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Figure 4.3: Algorithms hyper-parameters comparison of DACL, IG, and
GraphCL on datasets BBBP, SIDER, ClinTox, MUV, and BACE. The per-
formance of IG and GraphCL on BACE and ClinTox are always better than
other downstream datasets. The performance of DACL improves obviously
when α increases to 0.96.
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Discussion

In the Experiment chapter, nine different algorithms are tested on eight
datasets for comparison in the benchmark with unified set, as shown in Table
4.1 and Figures 4.2 and 4.3. Here the results are discussed in the joint view
and algorithm-specific views separately.

Overall evaluation In general, SSL-GNN algorithms successfully achieve
transfer learning tasks under FT & PT scheme: According to Table 4.1, most
of the SSL-GNN algorithms tested in the benchmark experiment outperform
3% better accuracy than random baseline on average, with model hyper-
parameter set of size five for exhaustive searching.

Prospective future of SSL-GNNs At the same time, the PT& FT train-
ing scheme adopted in the benchmark experiment is popular with meaningful
application scenarios in many domains, such as natural language processing.
For example, the language translation model pre-trained by a well-designed
dictionary works better on many downstream translation tasks [13]. Under
this scheme, corresponding models could be pre-trained on a huge dataset
in advance by high-performance computing clusters. When the downstream
tasks appear, the pre-trained model is fine-tuned and finally achieves higher
accuracy with lower time consumption compared with the random baseline
without the pre-training stage.

Contrast is powerful. The contrastive models attract more attention
than the other two types of SSL-GNNs [37, 53, 55], with more methods
proposed and more flexible replaceable modules. It is also proved in the ex-
periment result: In Table 4.1, HIV and MUV are the only two big datasets
with over 30,000 molecules. The best algorithms on these datasets are CP
and JOAO, which are all contrastive models.

39
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The relationship among datasets Spt, Sft and algorithm A The per-
formance of the model should depend on two factors: how much correlation
there is between the distribution of pre-training and fine-tuning datasets
Spt, Sft, and how much correlation can be learned by the SSL-GNN algo-
rithm A. In the aforementioned example of translation task, assume the
downstream task is to analyze the emotion of Chinese poems. If the dictio-
nary is in Finnish, then there is little correlation between Spt, Sft. Even if
the dictionary shares the same language with the downstream task, but the
algorithm A cares little about the words expressed emotion, then A could
bring limited improvement, even cause the negative transfer. Therefore, each
specific downstream problem needs a comprehensive dictionary that contains
the necessary information, and a well-designed SSL algorithm to obtain im-
provement in the pre-training stage.

Certain downstream datasets fit the pre-training dataset more than
others on many algorithms Different algorithms obtain different advan-
tages on different datasets, based on the Figure 4.2 and 4.3. For example,
Figures 4.2(b), 4.2(e) and 4.2(f) show that algorithms G-Motif, GraphLoG,
and CP always gain much more accuracy on the BACE dataset compared to
other downstream datasets. It means the molecule related to inhibitors of hu-
man β-secretase 1 are sensitive to graph context, motif labels, and graph em-
beddings clustering. Figures 4.2(a) and 4.2(d) show that algorithms JOAO,
and AM always perform better on the ClinTox dataset compared with other
downstream datasets. It implies that molecular toxicity could be reflected
by the difference in masked attributes and the corresponding augmentation
pairs selected finally by JOAO. Figures 4.3(b) and 4.3(c) show that algo-
rithms GraphCL and IG can achieve more improvement both on BACE and
ClinTox than other datasets. Combined with the two factors discussed before,
the pre-training dataset Spt ZINC-15 is considered as sharing more correlated
information with BACE and ClinTox datasets.

This conclusion also implies some future directions of benchmark except
performance comparison among different SSL-GNN algorithms:

• Recommend relative better pre-training dataset Spt for different down-
stream tasks based on specific dataset Sft by benchmark methods.

• For algorithms that always obtain the best result on a specific down-
stream task, it is meaningful to analyze the distribution correlation
between two datasets Spt and Sft by the mechanisms utilized specifi-
cally in these algorithms.
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Algorithm Specific Views

No algorithm is reliable on all datasets. Mostly, each algorithm only works on
specific datasets. However, it is beneficial to understand the algorithm design
details by model hyper-parameters to analyze the performance: Patterns of
model performance as a function of model-specific hyper-parameters could
better reveal the model mechanism.

In this benchmark experiment, algorithms are evaluated on how many
downstream datasets on which it gains the best accuracy among all algo-
rithms in Table 4.1.

Analysis of CP CP is the best algorithm with the best performance on
three downstream datasets. The hyper-parameter ‘csize‘ represents the size
of the context. Mathematically, for context graph Gcontext(v, r1, r2) in Equa-
tion (3.4), csize = r2 − r1, and the r1 = 4 < 5, which guarantees there is
intersection between context graph Gcontext(v, r1, r2) and G5−hop(v). From
Figure 4.2(b), the size change of the graph ring brings stable improvement to
the ClinTox dataset, from around −2% to 4%. It implies small ring radius
is possibly harmful to catching toxicity properties. However, when the ring
radius is large enough, an increase of it brings little change to the algorithm
performance.

Analysis of JOAO and GraphCL JOAO is the second best algorithm
with the best performance on two downstream datasets. While JOAO is
the improved version of GraphCL by selecting the best augmentations pair
from adversary learning, they should capture similar information shared with
datasets Spt and Sft. Figure 4.2(d) shows that JOAO’s pattern of accuracy
change over augmentation strength is indeed very similar to it of GraphCL.
Here the augmentation strength is the public hyper-parameter of these two
algorithms. It measures the ratio of modification when the graph is aug-
mented. It is expected that when augmentation strength is small, an increase
of it brings better results, and when it is big enough, the increase of it be-
comes harmful. There is a minimum point on 15% augmentation strength for
JOAO on the ClinTox dataset, which is counter-intuitive. More experiments
with broader parameter intervals and sampling density could maybe bring
the answer to this.

Analysis of DACL DACL only augments data in hidden space, while
most SSL-GNN algorithms need graph-related or domain-related knowledge
to design the pretext task. In other words, DACL requests less domain
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information. Thus it is more difficult for DACL to achieve the same or
better results than other algorithms. However, even though there is poor
performance under the current experiment conditions, there is an obvious
trend that the performance of DACL on all datasets improves when the mix-
up α gets larger. More experiments with large mix-up alpha of DACL are
needed for further analysis.



Chapter 6

Conclusion

In this thesis, an SSL-GNN algorithm benchmark platform was built with
replaceable building blocks. And selected advanced algorithms were tested
on this benchmark, with the same encoder structure and evaluation protocol.
Then the experiment results were discussed in different views.

At first, the concepts of SSL and GNN, and three different SSL training
schemes were introduced. Secondly, contrastive, generative, and predictive
SSL-GNN models were discussed in the following details: model description,
model modules, and corresponding algorithm examples. Then nine SSL-
GNN algorithms were compared in the benchmark experiment, with one
pre-training dataset, eight fine-tuning datasets, and five hyper-parameters
under a pre-training and fine-tuning scheme. In this experiment, the CP and
JOAO algorithms outperformed others under experiment settings in Section
4.2. The discussion chapter concludes that most algorithms tested achieve
improvement on GNN-encoder training and analyzes the patterns with hyper-
parameters change on certain algorithms and datasets.

Future Directions

With current work, many possible topics related to it deserve further research.

Benchmark experiments with more algorithms, datasets, and hy-
per-parameters. In fact, the tedious brute-force method by grid search
could be annoying. However, the relatively small experiment could bring
clear direction for further benchmark experiments as discussed in Section 5.

Develop better SSL-GNN algorithms with machine learning (ML)
theory and domain knowledge.
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• Borrow ML tools from other domains. Many graph algorithms are
developed with the combination of MPNN framework and traditional
ML tools, such as transformer [43], mix-up [51], adversarial learning
[60], hierarchical clustering [57]. It encourages the researchers to try
more possibilities on graph representation learning with SSL-GNNs by
borrowing subtle designs from other domains. For example, combines
the graph wavelet transform [23] with augmentations in the contrastive
model.

• Merge more domain knowledge into algorithm structure with careful
design. Take the molecules as an example: randomly modifying edges
means to add or drop some chemical bonds, which possibly leads to
non-existed augmented molecules and brings a negative influence on
training. And for graph data with huge sizes, such as macromolecule,
GNN with few layers cannot transfer information globally, and the
message passing scheme becomes inefficient. Actually, most SSL-GNNs
focus on the abstract graph topology, such as randomly drop nodes
[59] or mask attributes [28]. Even some algorithms utilize the domain
knowledge, such as G-Motif [43]. However, it just uses molecular motifs
as labels rudely.

Discover correlated datasets and analyze the correlation pattern.
Outstanding SSL-GNN should capture the correlation between pre-training
and fine-tuning datasets, but it only works on the condition that these
datasets share enough information. Benchmark experiment provides another
perspective to analyze the correlation patterns between datasets: When spe-
cific datasets pair Spt, Sft show obvious fitness on several algorithms A, they
are assumed to be correlated, and the specific mechanisms of these algo-
rithms provide analysis perspectives. (The fitness means that the result of
combination (A, Spt, Sft) is superior to random baseline.)
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A.1 Model hyper-parameters list

CP ‘csize‘ ∈ [2, 3, 4, 5, 6].

• The ‘csize‘ controls the radius length of ring shape context graph
Gcontext(v, r1, r2) in Equation (3.4), and ‘cisze‘ = r2 − r1.

AM ‘mask rate‘ ∈ [0.05, 0.1, 0.15, 0.2, 0.25]

• The ‘mask rate‘ controls the rate of atoms to be masked. Here only
node attributes are masked.

DACL ‘mixup alpha‘ ∈ [0.75, 0.8, 0.85, 0.9, 0.95]

• The ‘mixup alpha‘ is hyper-parameter α which controls the mixup
strength. When creating augmented views of input graph by the lin-
ear mixup, the parameter λ in Equation (3.2) is sampled from uniform
distribution U(α, 1).

EP ‘random seed‘ ∈ [0, 1, 2, 3, 4]

• There is no algorithm-specific hyper-parameter, thus more randomness
provided by the hyper random seeds here.

GraphCL ‘aug strength‘ ∈ [0.05, 0.1, 0.15, 0.2, 0.25]

• The ‘aug strength‘ adjusts the augmentation strength, which is the
degree that structure will be augmented.
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GraphLoG
(‘hierarchy‘, ‘num proto‘) ∈ [(2, 50), (3, 50), (2, 100), (3, 100), (4, 100)]

• The ‘hierarchy‘ is the number of hierarchy in prototypes C.

• The ‘num proto‘ is the number of initial prototypes C.

IG ‘random seed‘ ∈ [0, 1, 2, 3, 4]

• There is no algorithm-specific hyper-parameter, thus more randomness
provided by the hyper random seeds here.

JOAO ‘aug strength‘ ∈ [0.05, 0.1, 0.15, 0.2, 0.25]

• The ‘aug strength‘ adjusts the augmentation strength, which is the
degree that structure will be augmented.

G-Motif ‘random seed‘ ∈ [0, 1, 2, 3, 4]

• There is no algorithm-specific hyper-parameter, thus more randomness
provided by the hyper random seeds here.

A.2 Datasets information

Dataset ZINC15 BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE
Num graphs 2000000 2039 7831 8576 1427 1477 93087 41127 1513
Avg nodes 26.63 24.06 18.57 18.78 33.64 26.16 24.23 25.51 34.09
Avg edges 57.74 51.91 38.59 38.52 70.72 55.77 52.56 54.94 73.72

Table A.1: Information of pre-training and fine-tuning datasets. This table
contains three statistical indexes of datasets Spt and Sft mentioned in Section
4.2: the number of graphs, the average of nodes number per graph, and the
average of edges number per graph
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