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Abstract—Graph self-supervised learning is a task replete
with potential. Previously, mainstream approaches in graph self-
supervised learning were based on contrastive or generative
tasks to extract graph embeddings, achieving commendable
performance in downstream tasks such as node classification.
However, these two methods have their respective strengths and
limitations: (i) contrastive graph learning excels at capturing
discriminative features of the graph but is more prone to
overlooking structural representations of the graph itself; (ii)
generative methods prioritize learning reconstructive features
but struggle with large graphs and are susceptible to overfit-
ting. Consequently, several simplistic fusion methods have been
proposed, integrating encoded features from both approaches
through concatenation, addition, or attention mechanisms for
downstream tasks. However, these methods tend to be overly
coarse, neglecting some unique information present in both
categories of methods.

To enhance the synergy of these two methods, we propose
an edge perturbation data augmentation method to prevent the
generation of spurious positive samples and a feature impu-
tation decoder to complement contrastive features. We assess
the model’s performance on two downstream tasks in graph
representation learning, and experimental results demonstrate
that our proposed method outperforms baseline methods on ten
publicly available datasets.

Index Terms—Graph Neural Networks, Self-Supervised Learn-
ing, Graph Representation Learning

I. INTRODUCTION

Self-Supervised Learning (SSL) stands as a crucial subfield
within the realm of machine learning, aiming to address the
challenge of acquiring labels in supervised learning by learn-
ing from unlabeled data and autonomously generating labels or
tasks [1]. While state-of-the-art methods leveraging large-scale
data have found success in the Natural Language Processing
(NLP) domain [2], graph data [3] [4], in comparison, grapples

with substantial data scarcity due to the inherent difficulties
in acquisition. Despite the absence of ample data, a plethora
of self-supervised learning methods for graph has emerged [5]
[6].

Existing self-supervised learning methods for graphs are
largely divided into two categories: contrastive and generative.
However, as mentioned in [7], generative methods exhibit bet-
ter performance in understanding graph structures and features.
Nonetheless, they struggle with handling large-scale graphs
and are prone to overfitting. On the other hand, contrastive
methods demonstrate stronger generalization capabilities but
may overly focus on discriminative information, neglecting a
more comprehensive learning of graph structures and feature
representations [8]. In the domains of image and 3D point
clouds [9], there have been works effectively combining
these two approaches. However, in the field of graph-related
research, such endeavors are still limited. Existing methods
that integrate contrastive and generative approaches in graph
self-supervised learning often involve simple concatenation,
addition, or attention operations on the encoded features of
both methods [8]. These techniques are predominantly ap-
plied to enhance model performance in competitions, lacking
substantial improvements in network architecture for a more
integrated fusion.

To address the aforementioned challenges more effectively,
we introduced a Siamese architecture [10] to integrate BGRL
with GraphMAE. One component is the graph mask autoen-
coder, which acquires the representation of the graph by
reconstructing the mask information. To better incorporate
the locally extracted relational features from the generative
module into contrastive learning, we introduced a feature
imputation decoder in the generative module to complement
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the mask features and align them with the latent features
of the contrastive learning module. The other component
is the contrastive learning module, where we incorporated
the BGRL model framework. We innovatively designed the
data augmentation part to better integrate with the generative
method.

Through the innovative module design described above,
our GMCL model effectively leverages the strengths of both
generative and contrastive methods, yielding promising results
in graph representation learning tasks across several real-world
datasets.

The contributions of this paper are summarized as follows:
1) We introduce a novel GMCL approach aimed at explor-

ing the integration of generative and contrastive learning
to enhance graph representation learning. The acquired
representations not only capture local reconstruction in-
formation but also encompass discriminative information
among diverse graph datasets.

2) To leverage the representations encoded by the gen-
erative module for contrastive learning, we propose a
feature imputation decoder to complement the masked
representations. Additionally, we introduce a graph data
augmentation method with weak edge perturbation to
prevent the generation of false positive samples, effec-
tively elevating the encoding proficiency.

3) Our method effectively enhances the learning capabil-
ities of graph self-supervised learning, outperforming
current popular baseline methods across ten publicly
available datasets.

II. RELATED WORK

In this section, we briefly review two types of research
relevant to our work, namely contrastive graph self-supervised
learning and generative graph self-supervised learning.

A. Contrastive Graph Self-Supervised Learning

Contrastive graph self-supervised learning is a prevalent
approach used for self-supervised learning on graph data.
Contrastive graph learning algorithms train an encoder on
a substantial amount of unlabeled graph data, enabling the
extraction of informative graph representations that effectively
capture the features inherent in the graph data. These represen-
tations are subsequently evaluated across various downstream
tasks and applied in diverse real-world scenarios, such as
molecular structures and social networks.

The developmental directions of contrastive learning meth-
ods in the field of graph can be broadly categorized into
three main classes: data augmentation, contrastive hierarchies,
and training procedures. In the computer vision (CV) domain,
image data is typically augmented through operations such
as cropping and rotation. In the context of graph data, there
are generally two approaches. The first involves inducing
some erosion and disruption operations on the graph struc-
ture, specifically by randomly removing nodes or randomly
adding/deleting edges, as seen in GraphCL [11]. The second
approach entails modifying graph features, including random

masking of features or introducing noise to features, exempli-
fied by methods like GRACE [12].

Contrastive graph self-supervised learning primarily empha-
sizes acquiring highly discriminative feature representations,
extracting discriminative information from graphs while often
overlooking the overall structure and detailed features within
the graphs. In our study, the contrastive representations we
utilize are derived from the feature imputation decoder of a
generative model. This approach effectively incorporates the
missing detailed intra-graph features into the training process,
addressing a common deficiency in conventional graph con-
trastive learning.

B. Generative Graph Self-Supervised Learning

Generative graph self-supervised learning has evolved into
another prominent paradigm in the domain of graph self-
supervised learning. It entails the acquisition of graph rep-
resentations through the reconstruction of missing input graph
data. Within the field of NLP, the extraction of features
by reconstructing or predicting words within sentences has
consistently been a significant research focus. As Transformer
models continue to advance in the CV domain, a multitude of
generative image self-supervised learning models has emerged.
An illustrative example is the MAE model, designed to recover
and reconstruct RGB pixel values in images [13].

In the field of graphs, there are generally two major cate-
gories: autoregressive and autoencoding approaches [14]. The
first category is commonly employed for graph generation,
using an autoregressive method to construct graphs, thereby
obtaining the joint probability of all information within the
graph. Examples include GraphRNN [15] and GCPN [16].
There have been recent attempts in graph representation
learning, such as GPT-GNN, which models the graph dis-
tribution through a generative approach, gradually predicting
the features and connections of new nodes within the graph
[17]. However, many graphs do not necessarily adhere to
a fixed sequential representation, making autoregression less
effective for such graph data.Another category involves the
reconstruction of graph inputs, utilizing GNN as both encoders
and decoders to extract graph features for downstream tasks,
exemplified by models such as Graph Autoencoder (GAE) and
Variational Graph Autoencoder (VGAE) [18].

Despite the commendable performance of generative graph
self-supervised learning, it predominantly focuses on learning
the reconstruction information within graphs, overlooking dis-
criminative information across different graphs. Consequently,
this paper conducts a specific investigation to address this
issue.

III. APPROACH

We introduce the Graph Masked Contrastive Learning
model, GMCL for brevity, delineated in Fig. 2. GMCL
comprises two primary components: a generation module
reconstructing the original graph from a masked graph and
a contrastive module extracting discriminative insights within
the graph. In the generation module, we begin by randomly
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masking nodes in the graph and employ a GNN encoder to
learn the representation of the masked graph. Subsequently, we
subject the obtained representation to another round of random
masking. This re-masked representation is then inputted into
both the feature imputation decoder and the reconstruction
decoder, yielding features for contrastive learning and recon-
structed graph representations. Finally, we minimize the scaled
cosine error between the reconstructed and perturbed graph
representations, effectively capturing the graph’s internal rela-
tional information [19]. Concerning the contrastive module, an
encoder with a structure akin to the generation module is used
to learn the local node information of the original graph. We
then extract information via a prediction head and contrast it
with the features output by the feature imputation decoder in
the generation module, employing the scaled cosine error as
the loss function. Following the execution of the contrastive
module steps, discriminative information seamlessly integrates
into the graph representation.

A. Generation Module

Our approach for the generative graph representation learn-
ing module consists of three key steps: 1) Encoding the
masked node feature matrix X′ ; 2) Employing feature im-
putation decoders and reconstruction decoders with a re-
masking mechanism to obtain reconstructed node features for
the masked portions and overall node features; 3) Minimizing
the scaled cosine error between the reconstructed node features
for the masked portions and the original graph node features.

1) Node Masking and Encoder Architecture: Initiating the
edge perturbation data augmentation operation takes prece-
dence, a process that will undergo meticulous analysis in
the contrastive module. And then the masking operation is
performed on the nodes in the graph. For the design of the
encoder, we employed three distinct GNN methods: GAT,
GCN, and GIN. In our experiments, we applied different types
of encoders to various datasets, which will be elaborated upon
in subsequent sections. Given the complexity of our model
structure and with efficiency in mind, we devised an encoder
denoted as Eθ based on a dual-layer GNN architecture. This
encoder is defined as follows:

H1 = Eθ(A,X′) (1)

where H1 is the encoded features, and A is the adjacency
matrix of the graph. X′ is the masked node feature matrix, θ
is the encoder parameter

Before the decoding phase, it is necessary to perform a
secondary masking on the features of the encoded masked
nodes. This procedure is implemented to compel the masked
nodes to better exploit the encoding information from their
unmasked neighboring nodes for self-reconstruction. A few
dimensions of the masked node features are randomly chosen
for masking in this step, with the selected feature positions
being set to zero.

2) The Design of the Decoder: Subsequently, an introduc-
tion to the decoder module is provided, consisting of two

decoders: the feature imputation decoder and the reconstruc-
tion decoder. The purpose of this module is to map the
encoded visible and masked features to the features of the
encoder in the contrastive module and the original graph.
Due to differences in the mapping space, the decoders are
separated into two types. The reconstruction decoder Grc is
designed to learn the reconstruction of masked node features.
We utilize the entire node feature matrix H′ after secondary
masking to reconstruct the features of the masked nodes. This
decoder facilitates the model in learning the comprehensive
representation of each node. The reconstruction decoder is
implemented as a single-layer graph neural network (GNN).

z′m = Choose(Grc(H′)) (2)

where Choose is a selection function used to filter out only
the reconstructed features of the masked node, and z′m is a
feature prediction for the masked node.

In order to align with the outputs of the encoder in the
contrastive module, it is necessary to restore the features of
the masked nodes. Hence, we employ the feature imputation
decoder Gf , which shares the same structure as the reconstruc-
tion decoder. However, the parameters of the two decoders
are not shared because they map to different target spaces.
The final feature decoder yields the restored features of the
masked nodes, denoted as Zs.

Zs = Gf (H′) (3)

3) Loss Function Formulation: We use the scaled cosine
error (SCE) as the loss function and compute the loss only for
the masked features on the original and reconstructed maps,
as defined below:

Lr =
1

Nmask

∑
vi∈V ′

(1− z⊤i z
′
i

∥ zi ∥ · ∥ z′i ∥
)

β

(4)

where Nmask is the number of masked nodes, β is the scaling
factor, zi is the original map node features, z′i is the predicted
reconstructed node features, and Lr is the value of the loss
function of the generation module.

B. Contrastive Module

We proceed to delineate specific operations and procedures
of the contrastive self-supervised graph representation learning
module now. For the contrastive graph representation learning
module, we divide the process into three steps: 1) data
augmentation of the graph to generate positive samples; 2)
encoding of the generated positive sample graphs; 3) extraction
of features through a projection head, followed by training
through the comparison of features with those decoded by the
feature completion decoder of the generation module.

1) E-perturbation Technique: Initially, we engage in edge
perturbation data augmentation for graphs. Conventional graph
contrast models typically employ two distinct random op-
erations, such as node shuffling, node and edge dropout or
addition, and so forth [20]. However, in our experiments,
we observed detrimental effects of such data augmentation
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Fig. 1. Overview of the GMCL model.

operations on the model. We attribute this to the encoder input
of the generation module and contrast module, which differs
from the typical contrastive method input. Extensive masking
is applied to the input of the generation module. If additional
random data augmentation operations are performed, it may
lead to a significant disparity in the positive sample features of
contrastive learning, rendering them nearly unrelated and re-
sulting in spurious positive samples. Consequently, conducting
contrastive training on such spurious positive pairs impedes the
model from learning genuine discriminative information.

To mitigate the generation of false positive sample pairs, we
introduce a novel edge perturbation data augmentation method
tailored for the GMCL model, as illustrated in Fig. 3. The core
idea involves initially subjecting the original graph to random
edge perturbation at a certain ratio to obtain an augmented
graph. Subsequently, a smaller ratio is employed to randomly
replace operations from the preceding edge perturbation, re-
sulting in another augmented graph. Specifically, the process
begins by randomly selecting node pairs with the condition
of unidirectional edges, no self-loops, and no repetition. A
smaller subset of node pairs is then randomly replaced from
the previously chosen pairs, adhering to the aforementioned
conditions, to yield two sets of node pairs. For pairs with
existing edges, the edges are removed, and for pairs without
edges, edges are added. This completes the data augmentation
operation, termed E-perturbation, within our model.

(X̃, Ã) = E-perturbation(X,A) (5)

where (X,A) is the original map and (X̃, Ã) is the data
enhanced map.
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Delete Edge

Fig. 2. Schematic diagram of E-perturbation.B1, B2 represent the selected
set of perturbed edges, where underlining indicates the operation of selecting
the replaced edge in the set of edges, and red marking indicates the operation
of replacing it with another edge.

2) The Design of the Encoder: In the design of the encoder,
we have retained the same encoder structure as the gener-
ative module. However, in the contrastive module, encoder
parameter updates do not rely on backpropagation but are
rather executed through exponential moving average (EMA)
[21] operations conducted by the generative encoder.

φ← δφ+ (1− δ)θ (6)

where θ, φ are the encoder parameters in the generation and
comparison modules, respectively, and δ is the decay rate that
controls the distance maintained by φ and θ.

This encoder is defined as

H2 = Eφ(Ã, X̃) (7)

where H2 are the coded features, Ã and X̃ are the data-
enhanced neighbourhood and node feature matrices, respec-
tively, and φ are the encoder parameters.
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3) Loss Function Formulation: Finally, we obtain features
H̃ through a projection head, filtering out some low-level
details to enhance the model’s generalization ability [22].
Subsequently, we utilize the scaled cosine loss as the loss
function for the contrastive module, effectively minimizing
the distance between positive samples through the following
equation.

Lc =
1

N

N−1∑
i=0

(1−
Z(s,i)H

⊤
(2,i)

∥ Z(s,i) ∥ · ∥ H⊤
(2,i) ∥

)

γ

(8)

where N is the number of nodes, γ is the scaling factor, Z(s,i)

is the embedding representation obtained by the i node through
the feature decoder, H⊤

(2,i) is the feature obtained by the i node
through the encoder in the comparison module, and Lc is the
value of the loss function in the comparison module.

C. Integrated Loss Function for Joint Optimization

The final overall learning loss is a weighted sum of the
reconstruction loss Lr of the generative module and the
comparison loss Lc, defined as

L = αLc + (1− α)Lr (9)

where α is the weight hyperparameter for both losses and L
is the total loss.

IV. EXPERIMENTS

In this section, we conduct a performance comparison be-
tween GMCL and several leading-edge methods in the current
domain of self-supervised graph learning. The evaluation en-
compasses two foundational tasks: node clustering and graph
clustering. The experimental substantiating the effectiveness
of our previously introduced theoretical approach.

A. Research questions

To better evaluate the performance of GMCL, we addressed
four research questions:

(RQ1) Can the proposed GMCL model outperform compet-
itive baselines in node clustering tasks?

(RQ2) Can the proposed GMCL model outperform compet-
itive baselines in graph clustering tasks?

(RQ3) Do the two innovative modules in the GMCL model
contribute significantly to its performance?

(RQ4) How does the performance of the GMCL model vary
under different hyperparameter values α and mask ratios?

B. Experimental Setting

1) Datasets: We conducted performance assessments of
GMCL on node clustering and graph clustering tasks across
five benchmark datasets. Node clustering tasks involved three
citation network datasets—Cora, CiteSeer, and Pubmed [23]
along with a biological graph dataset, PPI, and a social
network dataset, Reddit. For graph clustering tasks, we utilized
three biological graph datasets—MUTAG, PROTEINS, NCI1
and two movie datasets—IMDB-B and IMDB-M [24].

2) Experimental setup: Across the ten publicly available
datasets, we employed a dual-layered GNN encoder for feature
extraction and a single-layered GNN as the decode. Specific
GNN methods used for different datasets will be detailed in
the subsequent ablation experiments section. For the five node-
level task datasets, each hidden layer of the encoder integrated
layer normalization [25] and PRELU [26] activation. For the
graph-level tasks, the applied operations were batch normal-
ization [27] and PRELU. Experimental standardization led to
a fixed hidden layer size of 1024 for Pubmed and PPI, while
the other eight datasets were set to a size of 512. For the
parameter β, a grid search was conducted within the space: 0,
0.05, ..., 1. Across all datasets, Adam optimizer was utilized,
with a learning rate of 1e−4 for PPI and graph-level tasks, and
1e−3 for the rest. Training epochs varied among datasets, not
individually listed here, with an early stopping epoch set at
30. Reddit and PPI datasets underwent testing in the inductive
setting, while the remaining datasets were evaluated under the
transductive setting.

3) Evaluation: We address node classification and graph
classification tasks independently in this study. For node clas-
sification tasks, we utilize the standard split ratios of publicly
available datasets. In the unsupervised scenario, we train the
encoder using the GMCL method proposed in this paper.
Upon completion of training, we fix the parameters of the
encoder, generate node features, and subsequently fit a linear
classifier on these features for evaluation. In the context of
graph classification tasks, post the generation of graph features
using the GMCL model, we predict graph labels by fitting a
LIBSVM classifier [28].

C. Results for Node Classification

We conducted a comparative analysis of GMCL against
three categories of baseline tasks: (i) generative self-supervised
learning methods, encompassing GAE [18], GPT-GNN [17],
GATE [29], and GraphMAE; (ii) contrastive self-supervised
learning methods, including DGI [7], MVGRL [30], GRACE
[12], BGRL [31], InfoGCL [32], and CCA-SSG [33]; (iii)
supervised methods, such as GCN and GAT. In instances
where experimental parameters were provided, we meticu-
lously replicated the experimental results using identical pa-
rameters. For models lacking publicly disclosed parameters,
we determined the parameters and derived results through
hyperparameter search.

Table I illustrates the results, demonstrating that the GMCL
model consistently outperformed all baseline tests. For in-
stance, in the CiteSeer dataset, GMCL outperforms the Graph-
MAE and the InfoGCL, respectively. This indicates that
GMCL does not merely benefit from the merits of one
paradigm but rather the compounded effect of both. In the PPI
network, where biological graphs present unique challenges
due to their intricate local and global structures. The balance
between local feature capture and global structural under-
standing is critical in this domain, and GMCL’s dual-strategy
learning adeptly navigates this complexity. For large-scale
graphs such as Reddit, GMCL’s performance is particularly
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TABLE I
EXPERIMENT RESULTS IN UNSUPERVISED REPRESENTATION LEARNING FOR NODE CLASSIFICATION. WE REPORT THE MICRO-F1 SCORE FOR PPI

AND ACCURACY FOR THE OTHER DATASETS.

Dataset Cora CiteSeer PubMed PPI Reddit

GCN 81.5 70.3 79.0 75.7±0.1 95.3±0.1
GAT 83.0±0.7 72.5±0.7 79.0±0.3 97.30±0.20 96.0±0.1

GAE 71.5±0.4 65.8±0.4 72.1±0.5 - -
GPT-GNN 80.1±1.0 68.4±1.6 76.3+0.8 - -

GATE 83.2±0.6 71.8±0.8 80.9±0.3 - -
GraphMAE 84.2±0.4 73.4±0.4 81.1±0.4 74.50±0.29 96.01±0.08

DGI 82.3±0.6 71.8±0.7 76.8±0.6 63.80±0.20 94.0±0.10
MVGRL 83.5±0.4 73.3±0.5 80.1±0.7 - -
GRACE 81.9±0.4 71.2±0.5 80.6±0.4 69.71±0.17 94.72±0.04
BGRL 82.7±0.6 71.1±0.8 79.6±0.5 73.63±0.16 94.22±0.03

InfoGCL 83.5±0.3 73.5±0.4 79.1±0.2 - -
CCA-SSG 84.0±0.4 73.1±0.3 81.0±0.4 73.34±0.17 95.07±0.02

GMCL 84.6±0.3 73.9±0.5 82.2±0.4 74.61±0.37 96.46±0.26

Models that do not give results because no code is given or there is not enough memory.

TABLE II
EXPERIMENT RESULTS IN UNSUPERVISED REPRESENTATION LEARNING FOR GRAPH CLASSIFICATION. WE REPORT ACCURACY (%) FOR ALL

DATASETS.

Dataset IMDB-B IMDB-M PROTEINS MUTAG NCI

WL 72.30±3.44 46.95±0.46 72.92±0.56 80.72±3.00 80.31±0.46
DGK 66.96±0.56 44.55±0.52 73.30±0.82 87.44±2.72 80.31±0.46

GIN 75.1±5.1 52.3±2.8 76.2±2.8 89.4±5.6 82.7±1.7
DiffPool 72.6±3.9 - 75.1±3.5 85.0±10.3 -

GCC 72.0 49.4 - - -
graph2vec 71.10±0.54 50.44±0.87 73.30±2.05 83.15±9.25 73.22±1.81
Infograph 73.03±0.87 49.69±0.53 74.44±0.31 89.01±1.13 76.20±1.06
GraphCL 71.14±0.44 48.58±0.67 74.39±0.45 86.80±1.34 77.87±0.41

JOAO 70.21±3.08 49.20±0.77 74.55±0.41 87.35±1.02 78.07±0.47
InfoGCL 75.10±0.90 51.40±0.80 - 91.20±1.30 80.20±0.60
MVGRL 74.20±0.70 51.20±0.50 - 89.70±1.10 -

GraphMAE 75.52±0.66 51.63±0.52 75.30±0.39 88.19±1.26 80.40±0.30

GMCL 76.60±0.71 52.01±0.83 75.94±0.54 89.96±0.68 81.17±0.24

The reported results of baselines are from previous papers if available.

telling. The model’s effectiveness in harnessing both local and
global information translates into an impressive ability to scale
and manage the complexity inherent in large community struc-
tures. The accuracy achieved by GMCL on Reddit suggests
that the model effectively learns representations that are both
informative and discriminative, even when the graph’s size and
intricacy intensify.

D. Results for Graph Classification

For graph classification tasks, we conduct a compara-
tive analysis of GMCL against three categories of baseline
tasks: (i) classical graph kernel methods, which encompass
Weisfeiler-Lehman sub-tree kernel (WL) [34] and deep graph
kernel (DGK) [35]; (ii) unsupervised and contrastive methods,
including GCC [36], graph2vec [37], Infograph [38], GraphCL
[11], JOAO [39], MVGRL [30], and InfoGCL [32]; (iii) su-
pervised methods, exemplified by GIN [40] and DiffPool [41].
The results of these baseline models are directly referenced
from publicly available outcomes in various publications, and

the utilized public datasets align with those employed in graph
classification experiments within the literature of these models.

In the context of graph classification tasks, we have con-
ducted a comparative assessment of GMCL against three cat-
egories of baseline tasks, as delineated in Table II. The results
demonstrate that GMCL outperforms all baseline models on
four of the five datasets, exhibiting commendable performance
on the remaining dataset. The node features for these datasets
are represented as one-hot vectors, signifying either node
labels or node degrees. Notably, these datasets incorporate
significantly less node information compared to datasets tai-
lored for node-level tasks. The findings imply that GMCL,
even when confronted with limited node feature information,
can still effectively capture meaningful graph features, yielding
excellent performance in graph classification tasks.

E. Ablation Studies

In order to better validate the role of each modular com-
ponent in GMCL, we conducted ablation experiments on it.
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TABLE III
ABLATION STUDIES OF THE E-PERTURBATION AND FEATURE IMPUTATION

DECODER.

Dataset
Node level Graph level

Cora Citeseer PubMed IMDB-B MUTAG

GMCL 84.6 73.9 82.2 76.60 89.96

w/o E-perturbation 84.0 72.9 81.5 76.03 88.38

w/o F-I Decoder 82.6 72.1 80.5 74.43 87.16

We selected three node classification datasets and two graph
classification datasets for this part of the experiment.

1) Effects of E-perturbation: In contrast to the extensive
data augmentation commonly employed in graph contrastive
learning for sample construction, we observe that moderate
data augmentation yields superior results in the GMCL model.
A comparison between the novel edge perturbation method
introduced in this paper and conventional data augmentation
methods in the model reveals, as shown in the Table III, that
our proposed edge perturbation method outperforms typical
data augmentation methods in the GMCL model. The edge
perturbation method outlined in the paper generates more
reliable positive samples, leading to improved model perfor-
mance. As highlighted in the introduction to the contrastive
module, this operation enhances the synergy between con-
trastive and generative self-supervised learning methods.

2) Effects of Feature Imputation Decoder: In order to
assess the effectiveness of our feature completion decoder, we
removed the decoder and utilized the output of the encoder in
the generation module directly for contrastive training. The
Table III highlights that the lack of a feature completion
decoder yields markedly poorer results, potentially even trail-
ing the performance of the two distinct algorithms. This is
due to the incomplete semantics embedded in each masked
embedding, posing significant challenges when using these
features directly for contrastive learning. The incorporation of
the feature completion decoder addresses this issue, thereby
promoting the effectiveness of the contrastive module in
learning discriminative features.

F. Parameter Analysis

1) Effects of Contrastive Module and Reconstruction Mod-
ule: We examined the influence of the generation module
and the contrastive module. The influence of the α weighting
factor is illustrated in Fig. 4. It is evident that setting the
weight to 0 transforms GMCL into a generative self-supervised
model. As α increases, the optimal performance is observed
at α = 0.4 on the Citeseer and Pubmed datasets, while on
the MUTAG dataset, the optimal performance is achieved at
α = 0.6. This phenomenon may be attributed to the richer
node feature information in the Citeseer and Pubmed datasets,
enabling the reconstruction of local information to capture
more node and global information. In contrast, on the MUTAG
dataset, the emphasis lies more on discriminative information
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Fig. 3. The impact of parameter tuning on GMCL accuracy.

among different graph samples. This further affirms that the
GMCL model effectively integrates the strengths of generative
and contrastive self-supervised learning models.

2) Effects of Mask Ratio: Fig. 4 illustrates the impact of
mask ratios on the performance of the model. It is evident that,
in most scenarios, low mask ratios do not yield satisfactory
results. It attributed to the challenge faced by the generation
module in learning meaningful reconstruction features from
such ratios. The optimal mask ratio varies across different
datasets. For instance, on the Citeseer dataset, a mask ratio
of 0.5 already achieves optimal results. However, on PubMed
and MUTAG datasets, GMCL requires mask ratios of 0.7 or
even 0.9 for optimal performance. This variation may be linked
to the presence of repetitive information in the graphs. High
node degrees or graph homogeneity can result in an excess
of redundant information, allowing reconstruction features to
rely on minimal neighboring node information for recovery,
resulting in inadequate comprehension of global information.
Conversely, when the graph contains less redundant infor-
mation due to lower node degrees, more nodes are needed
to provide information for reconstruction. In such cases, an
excessively high mask ratio may impede the recovery of node
features.

V. CONCLUSION AND FUTURE WORK

In this paper, we introduce a novel graph self-supervised
learning method called Graph Masked Contrastive Learn-
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ing (GMCL). The approach aims to enhance the quality
of graph representation learning by integrating generative
and contrastive self-supervised learning methods. In GMCL,
we meticulously design the structure and input generation
aspects to better fuse these two classes of models. Exten-
sive experiments on node and graph classification datasets
demonstrate that GMCL effectively improves the quality of
representations learned through graph self-supervised learning.
In our forthcoming endeavors, we plan to extend the work on
GMCL along two promising directions: We aim to enhance
the computational efficiency of GMCL. This may involve
optimizing the existing algorithms for better hardware utiliza-
tion, employing techniques like quantization and knowledge
distillation, or leveraging more advanced parallel processing
techniques. Extending GMCL to handle dynamic graphs is
another avenue, where the model must adapt to graphs that
evolve over time. This requires developing mechanisms that
can update the graph representation incrementally as new
nodes and edges are added or removed.
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