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A B S T R A C T

Contrastive learning has actively been used for unsupervised graph representation learning owing to its success
in computer vision. Most graph contrastive learning methods use instance discrimination. It treats each instance
as a distinct class against a query instance as the pretext task. However, such methods inevitably cause a class
collision problem because some instances may belong to the same class as the query. Thus, the similarity
shared through instances from the same class cannot be reflected in the pre-training stage. To address this
problem, we propose graph contrastive learning with consistency regularization (GCCR), which introduces a
consistency regularization term to graph contrastive learning. Unlike existing methods, GCCR can obtain a
graph representation that reflects intra-class similarity by introducing a consistency regularization term. To
verify the effectiveness of the proposed method, we performed extensive experiments and demonstrated that
GCCR improved the quality of graph representations for most datasets. Notably, experimental results in various
settings show that the proposed method can learn effective graph representations with better robustness against
transformations than other state-of-the-art methods.
1. Introduction

Graphs have widely been used in various fields, such as social net-
works [1], mechanical properties of individual molecules [2], protein–
protein interaction networks [3], and knowledge graphs [4]. Recently,
several studies demonstrated that graph neural networks (GNNs) are
proficient in handling graph-structured data [5,6]. However, similar to
other neural networks, GNNs require a large amount of labeled training
data to achieve a decent performance, which might be unrealistic in
real-world applications. Thus, GNN-based self-supervised learning has
been studied to utilize unlabeled graph-structured data to redeem an
insufficient number of labeled instances. Nevertheless, existing graph
self-supervised learning methods [7,8] have limitations in that they
might overemphasize the proximity information [9] and damage the
structural information of a graph [10]. To address these limitations,
several studies applied contrastive learning, which has attracted con-
siderable attention in unsupervised learning of the computer vision
domain [11], to the graph domain [12–14].

Given a query graph instance in a dataset, positive samples are
generated by augmenting the query graph with different augmentation
methods, while negative samples are defined as augmented samples of
other graphs in the dataset. With the positive and negative samples, the
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objective of graph contrastive learning is to encourage the positive sam-
ples to pull each other while pushing apart the negative samples from
the positive ones in the embedding space. However, since contrastive
learning considers negative samples randomly from mini-batch, there
exist fake negative samples that belong to the same class as the positive
sample. The fake negative samples encourage the model to ignore
semantic features, which are intra-class similarities. This phenomenon
referred to as a class collision [15] or sampling bias [16], can lead to
a significant performance drop. Fig. 1(a) illustrates the class collision
problem with false negative samples. While several studies have at-
tempted to mitigate the class collision problem in the computer vision
domain [16–18], existing graph contrastive learning methods focus on
improving model architectures [12] or developing data augmentation
methods specialized for each dataset [19]. As a result, there have been
limited works that consider the effects of fake negative samples in the
graph domain.

In this paper, we propose graph contrastive learning with con-
sistency regularization (GCCR) to address the class collision problem
in the previous graph contrastive learning by introducing consistency
regularization. As illustrated in Fig. 1(b), by using a novel loss function
for consistency regularization, we can encourage fake negative samples
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Fig. 1. Illustrations of (a) embedding space with class collision problem and (b)
embedding space using consistency regularization.

to be placed nearby positive samples in the embedding space. Our
contributions can be summarized as follows:

• We propose a novel graph contrastive learning method, GCCR,
which can solve the class collision problem with a simple and
efficient approach.

• The proposed method achieves state-of-the-art performance
through extensive experiments on several datasets under various
settings.

• By measuring the cohesion of the instances with the same class,
we demonstrate that GCCR effectively derives the representations
for the instances according to each class.

2. Related work

In the computer vision domain, contrastive learning has actively
been studied in various ways to learn effective representations in a
self-supervised manner. For example, Wu et al. [20] and He et al.
[21] used previously obtained representations to calculate the con-
trastive loss for improving the representation quality. Chen et al. [22]
introduced a normalized temperature-scare cross-entropy (NT-Xent)
loss for memory-efficient training, and Zbontar et al. [23] presented
a variant of contrastive loss that can reduce the redundancy of repre-
sentations. Grill et al. [24] and Chen and He [25] introduced novel
architectures allowing efficient and stable training with contrastive
loss. Moreover, Caron et al. [26] used cluster assignments as the basis
for contrastive learning to generate robust representations.

With the promising performance of contrastive learning in the com-
puter vision domain, many studies have expanded contrastive learning
to the graph domain. In general, graph contrastive learning learns one
of two types of representations: node-level and graph-level.

On the one hand, graph contrastive learning for learning the node-
level representations of graphs aims to capture the local structure
and properties of each node suitable for several tasks, such as node
classification and link prediction [14,27–30]. For example, Chu et al.
[31] and Jin et al. [32] introduced curriculum contrastive learning
and multi-scale contrastive siamese networks, respectively. Velickovic
et al. [9] maximized mutual information between global graph repre-
sentations and local patch representations to generate effective node-
level representations. In addition, Xia et al. [33] presented a con-
trastive learning approach that leverages the progressiveness of graph
data to address the high complexity and potential bias of the graph
data. Thakoor et al. [34] combined multiple graph representations
learned from different subgraphs of the original graph.

On the other hand, the graph-level representations, the goal of this
paper, are useful for graph classification, where the objective is to
assign a pre-defined label or category to an entire graph by capturing
its global structure and properties [35]. Tong et al. [13] introduced
a directed graph contrastive learning method to obtain useful graph-
level representations, and Li et al. [36] combined contrastive learning
and community detection to handle community structure in graphs. Re-
cently, You et al. [12] proposed GraphCL, a graph contrastive learning
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method that achieved state-of-the-art performance in generating graph-
level representations. GraphCL pre-trains a GNN encoder using NT-Xent
loss [22] with graph augmentation methods and fine-tuned the encoder
for a downstream task. However, most of the existing contrastive learn-
ing methods, including GraphCL, suffer from class collision problems
because they usually utilize randomly selected negative samples and
consider them as the same negative samples regardless of whether they
are real or fake.

In the computer vision domain, to solve this problem, Chuang et al.
[16] presented a debiased version of contrastive loss by indirectly ap-
proximating the distribution of negative samples, and Huynh et al. [18]
proposed a strategy for finding a candidate of fake negative samples
and eliminated them during the pre-training stage. Moreover, Tejankar
et al. [17] updated the teacher–student network by minimizing the
Kullback–Leibler (KL) divergence between two similarity distributions,
which are similarities between two augmented query images and the
anchor images rather than using the conventional contrastive loss
function.

However, in the graph domain, there has been little effort in at-
tempting to identify fake negatives. To the best of our knowledge, there
have been two papers that deal with the class collision problem in
graph contrastive learning. Zhao et al. [37] proposed a graph-debiased
contrastive learning method where the clusters are constructed by
predicting their class information with an auxiliary target distribution
and alleviated the class collision problem by randomly selecting nega-
tive samples from those clusters. In addition, Lin et al. [38] mitigate
class collision problems by constructing a set of negative examples
for each class based on a clustering algorithm. However, these two
approaches require the clustering process that causes an additional
computational burden, and a performance drop can be induced when
the clusters contain fake negative samples. In contrast, the proposed
method introduces a consistency regularization to address the class
collision problem; hence, the additional computation and performance
drop are minimized.

3. Preliminaries

We briefly review the graph neural network and the graph con-
trastive learning that background of our proposed method.

3.1. Graph neural network

Let 𝐺 = ( , ) denotes an undirected graph with node feature
vector 𝑿𝑣 for 𝑣 ∈  , where  and  are the sets of nodes and edges,
respectively. The GNN can be represented as a mapping function 𝒇 ∶
𝐺 → R𝐷 that transforms a graph 𝐺 into a 𝐷-dimensional vector. GNNs
broadly follow a recursive neighborhood aggregation scheme, where
each node aggregates the feature vectors of its neighbors to compute a
new feature vector [39]. Formally, the node representation 𝒉𝑙𝑣 obtained
through the propagation of the 𝑙th layer is

𝒉𝑙𝑣 = 𝐶𝑜𝑚𝑏𝑖𝑛𝑒(𝒉𝑙−1𝑣 ,𝒇 (𝒉𝑙−1𝑢 , 𝑢 ∈ 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑣))), (1)

where 𝐶𝑜𝑚𝑏𝑖𝑛𝑒(⋅) denotes a concatenation function such as a linear
mapping in GraphSAGE [8] and an element-wise mean pooling in graph
convolutional network [5], and 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑣) is the set of nodes con-
nected to the node 𝑣 in the graph. Next, a readout function aggregates
the node features at the final 𝑘th layer to obtain the representation of
the entire graph 𝒉𝐺:

𝒉𝐺 = 𝑅𝑒𝑎𝑑𝑜𝑢𝑡(𝒉𝑘𝑣 , 𝑣 ∈ 𝐺), (2)

where 𝑅𝑒𝑎𝑑𝑜𝑢𝑡(⋅) can be any permutation invariant function, such as
average or summation.
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Fig. 2. Illustration of positive and negative pairs derived from positive and negative
samples. Given a query graph colored black, the graphs colored blue and green indicate
positive samples, while the graphs colored orange and yellow denote negative samples.
A positive pair consists of blue and green graphs (positive samples). On the contrary, a
negative pair consists of blue and yellow graphs or green and orange graphs (positive
and negative samples).

3.2. Graph contrastive learning

Graph contrastive learning [12] is a GNN pre-training method that
aims to learn perturbation-invariant representations for diverse graph-
structured data.

In graph contrastive learning, a graph encoder is trained to max-
imize the agreement between the samples of a positive pair while
minimizing it between the samples in negative pairs. In the pre-training
stage, it samples a mini-batch with 𝑁 graphs and generates 2𝑁 aug-
mented graphs with two different graph augmentation methods. As
shown in Fig. 2, 𝐺′

𝑛,𝑎 and 𝐺′
𝑛,𝑏 denote the augmented graphs with

two different augmentation methods, 𝑎 and 𝑏, for the 𝑛th graph 𝐺𝑛,
respectively. When 𝐺′

𝑛,𝑎 passes through the graph encoder 𝒇 (⋅), which
has a GNN architecture, the graph representation 𝒉𝐺′

𝑛,𝑎
is obtained from

Eq. (2). Then, a non-linear projection head 𝒈(⋅) maps the representation
𝒉𝐺′

𝑛,𝑎
to the embedding space where the contrastive loss is applied. Let

𝒛𝑛,𝑎 = 𝒈(𝒉𝐺′
𝑛,𝑎
) be the representation of an augmented graph 𝐺′

𝑛,𝑎 in the
embedding space. The representations of positive samples, which are
augmented from the query graph 𝐺𝑛, are expressed as 𝒛𝑛,𝑎 and 𝒛𝑛,𝑏,
and those of negative samples as 𝒛𝑛′ ,𝑎 and 𝒛𝑛′ ,𝑏 for all 𝑛′ ≠ 𝑛. Therefore,
for all 𝑛′ ≠ 𝑛, we can represent the positive and negative pairs of the
graph representations for an augmented graph 𝐺′

𝑛,𝑎 as (𝒛𝑛,𝑎, 𝒛𝑛,𝑏) and
(𝒛𝑛,𝑎, 𝒛𝑛′ ,𝑏), respectively. Finally, the contrastive loss function is applied
to an augmented graph 𝐺′

𝑛,𝑎. For example, You et al. [12] employed NT-
Xent loss, one of the most popular loss functions in contrastive learning,
for an augmented graph 𝐺′

𝑛,𝑎 as follows:

𝐶𝐿 = − 1
𝑁

𝑁
∑

𝑛=1
𝑙𝑜𝑔

𝑒𝑥𝑝(𝑠𝑖𝑚(𝒛𝑛,𝑎, 𝒛𝑛,𝑏)∕𝜏)
∑𝑁

𝑛′=1,𝑛′≠𝑛 𝑒𝑥𝑝(𝑠𝑖𝑚(𝒛𝑛,𝑎, 𝒛𝑛′ ,𝑏)∕𝜏)
, (3)

where 𝜏 denotes the temperature hyperparameter and 𝑠𝑖𝑚(⋅) is a similar-
ity function, such as cosine similarity. The contrastive loss is computed
across all positive pairs in the mini-batch.

4. Proposed method

Although the NT-Xent loss has shown promising results in represen-
tation learning, the one-hot similarity label used in the NT-Xent loss
may not provide sufficient information, so it may not derive appro-
priate representations. As shown in Fig. 2, given a query instance 𝐺𝑛,
positive samples, 𝐺′

𝑛,𝑎 and 𝐺′
𝑛,𝑏, are defined as the samples augmented

from 𝐺𝑛, while negative samples, 𝐺′
𝑛′≠𝑛,𝑎 and 𝐺′

𝑛′≠𝑛,𝑏, are the samples
augmented from other instances except 𝐺𝑛. For each graph instance,
one positive pair consisting of two positive samples and several nega-
tive pairs containing positive and negative samples are derived. Among
the negative samples, there exist fake negative samples, which have
the same class as the query; however, NT-Xent loss treats them equally
45
Fig. 3. Overview of GCCR. Graphs colored dark blue and dark orange refer to positive
and negative samples generated from 𝑧2. The distribution connected by a blue line
represents the similarities between 𝑧′2,𝑎 and its negative samples, and that by an orange
line describes the similarities between 𝑧′2,𝑏 and its negative samples. The consistency
regularization forces two distributions to be similar.

as real negative samples because of considering the similarity between
any negative pairs as zero. Therefore, it is difficult to reflect the intra-
class similarity between the samples in a negative pair with the same
class labels. In other words, NT-Xent loss may occur the class collision
problem.

To solve this problem, we propose a novel graph contrastive learn-
ing method, GCCR, which can reflect intra-class similarities between
the samples in negative pairs, which have been ignored in the existing
graph contrastive learning methods based on NT-Xent loss. Fig. 3
illustrates an overview of GCCR. Let 𝐺′

𝑛,𝑎 be an augmented positive
sample and 𝐺′

𝑛′ ,𝑏 for 𝑛′ ∈ {1, 2, 3,… , 𝑁} and 𝑛′ ≠ 𝑛 be the negative
samples, where 𝐺′

𝑛,𝑎 and 𝐺′
𝑛′ ,𝑏 are obtained by using an augmentation

method 𝑎 and another augmentation method 𝑏, respectively. We
define a similarity distribution between 𝐺′

𝑛,𝑎 and 𝐺′
𝑛′ ,𝑏 as follows:

𝑃 (𝑛′|𝑛) =
𝑒𝑥𝑝(𝑠𝑖𝑚(𝒛𝑛,𝑎, 𝒛𝑛′ ,𝑏)∕𝜏)

∑𝑁
𝑘=1 𝑒𝑥𝑝(𝑠𝑖𝑚(𝒛𝑛,𝑎, 𝒛𝑘,𝑏)∕𝜏)

, (4)

where 𝑧𝑖,𝑗 denotes the representation of the augmented graph 𝐺′
𝑖,𝑗 . Also,

the similarity distribution between 𝐺′
𝑛,𝑏 and its negative samples 𝐺′

𝑛′ ,𝑎
is defined as

𝑄(𝑛′|𝑛) =
𝑒𝑥𝑝(𝑠𝑖𝑚(𝒛𝑛,𝑏, 𝒛𝑛′ ,𝑎)∕𝜏)

∑𝑁
𝑘=1 𝑒𝑥𝑝(𝑠𝑖𝑚(𝒛𝑛,𝑏, 𝒛𝑘,𝑎)∕𝜏)

. (5)

Then, we define the consistency regularization term for graph con-
trastive learning as the symmetric KL-divergence of two similarity
distributions 𝑃 and 𝑄 as

𝐶𝑅,𝑛 =
1
2
𝐷𝐾𝐿(𝑃 ∥ 𝑄) + 1

2
𝐷𝐾𝐿(𝑄 ∥ 𝑃 ), (6)

following the concept of consistency regularization in [40], which has
shown significant performance improvements in many previous studies
for semi-supervised learning [41]. Finally, our loss function derived
from (3) and (6) is as follows:

 = 𝐶𝐿 + 𝛼𝐶𝑅, (7)

where 𝛼 denotes a coefficient that balances the two loss functions, and
𝐶𝑅 = 1

𝑁
∑𝑁

𝑛=1 𝐶𝑅,𝑛.
Consistency regularization generates pseudo labels for unlabeled

data with the assumption that a good model should derive similar re-
sults on augmented views of the same data. Thus, for graph contrastive
learning, we assume that similarities between each of the positive
samples generated by two different augmentation methods from the
same query graph and its negative samples should be similar. In GCCR,
we add the symmetric KL-divergence as a consistency regularization
term to the original graph contrastive learning loss function; thereby,
those two similarities can serve as pseudo labels of each other. In other
words, 𝑄(𝑛′|𝑛) serves as pseudo-labels of the similarities between 𝐺′
𝑛,𝑎
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Algorithm 1 Graph contrastive learning with consistency regulariza-
tion (GCCR)
Input: Mini-batch of graph instances  = {𝐺1,⋯ , 𝐺𝑁}, two augmenta-

tion methods 𝑎 and 𝑏, initial graph encoder 𝒇 (⋅) and non-linear
projection head 𝒈(⋅)

Output: Updated 𝒇 (⋅) and 𝒈(⋅)
1: for 𝑛 = 1, 2,⋯ , 𝑁 do
2: Get 𝐺′

𝑛,𝑎 and 𝐺′
𝑛,𝑏 by applying 𝑎 and 𝑏 to 𝐺𝑛

3: 𝒛𝑛,𝑎 ← 𝒈(𝒇 (𝐺′
𝑛,𝑎)), 𝒛𝑛,𝑏 ← 𝒈(𝒇 (𝐺′

𝑛,𝑏))
4: Compute 𝑃 and 𝑄 by Eq. (4) and Eq. (5)
5: Compute 𝐶𝑅,𝑛 by Eq. (6)
6: end for
7: Compute 𝐶𝐿 by Eq. (3)
8: 𝐶𝑅 = 1

𝑁
∑𝑁

𝑛=1 𝐶𝑅,𝑛
9:  = 𝐶𝐿 + 𝛼𝐶𝑅

10: Update 𝒇 (⋅) and 𝒈(⋅) with 

and its negative samples; likewise, 𝑃 (𝑛′|𝑛) serves as pseudo-labels of
the similarities between 𝐺′

𝑛,𝑏 and its negatives.
In general, for pseudo labeling in semi-supervised learning, an

unlabeled instance is assigned a label of the class with the highest
probability among the predictions for it using the model trained with
the labeled data. By contrast, pseudo labels of the proposed method
are the similarities between unlabeled instances and their augmented
views. Although this approach assigns a label to an unlabeled instance
in a different way from the pseudo labeling in semi-supervised learning,
they serve the same role in allowing unlabeled data to train the model
in a supervised manner; in addition, we can improve the model’s gen-
eralization ability by pseudo-labeling with augmentation. Therefore,
pseudo-labeling with the similarity distributions used in GCCR can
address the class collision problem and derive superior representations
by utilizing the intra-class similarity overlooked in the previous con-
trastive learning methods. In addition, our method achieves promising
results with a simple and inexpensive approach, which only requires
one additional regularization term in the process of calculating loss.

The algorithm of GCCR is summarized in Algorithm 1.

5. Experiments

To verify the effectiveness of GCCR, we performed extensive exper-
iments under various settings with several datasets from TU dataset
[42]. First, we evaluated the effectiveness of the generated repre-
sentations for classification under semi-supervised and unsupervised
settings. Then, we compared our method to GraphCL to measure the
robustness against transformations that are augmentations not used in
the pre-training. Finally, we quantitatively checked whether the repre-
sentations obtained from GCCR well-reflect the intra-class similarity.

We performed Wilcoxon signed rank test [43] between GCCR and
the second-best method in terms of average performance to validate the
experiment results statistically. By the statistical significance test with
a significance level of 0.1, we confirmed that the performance improve-
ment of our method was statistically significant in all experiments.

5.1. Graph augmentation methods

Graph augmentation should create a novel graph instance that is
different from the original graph without damaging its semantic prop-
erties. Unlike images, graph data is extremely sensitive to the selection
of the augmentation method owing to its rich structured information
and various contexts. In this paper, we adopted the four graph aug-
mentation methods introduced from [12] for a fair comparison. We
also assume that all the augmentation methods should not harm the
semantic properties of the graph as in [12].
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Table 1
Basic statistics of datasets.

Datasets Category # of graphs Avg. nodes Avg. edges

NCI1 Molecules 4110 29.87 32.30
PROTEINS Molecules 1113 39.60 72.87
MUTAG Molecules 188 17.93 19.79
DD Bioinformatics 1178 84.32 715.56
IMDB-B Social networks 1000 19.77 96.53
COLLAB Social networks 5000 74.49 2457.78
RDT-B Social networks 2000 508.52 497.75
RDT-M-5K Social networks 4999 508.52 594.87
GITHUB Social networks 12 725 113.79 234.64
MNIST Superpixel graphs 70 000 70.57 8
CIFAR10 Superpixel graphs 60 000 117.63 234.64

• Node dropping is a graph structure transformation method that
discards a certain percentage of nodes from a graph. When a
node is determined to be dropped, its neighboring edges are also
discarded.

• Edge perturbation is a graph structure transformation method that
removes or adds a certain percentage of edges by inverting ele-
ments in the adjacency matrix, which represents the connectivity
in the graph.

• Subgraph augmentation is a sampling transformation method
that samples a subgraph of the graph. Among several subgraph-
generating algorithms, the random walk method is used in this
paper.

• Attribute masking is a graph feature transformation method that
masks a certain percentage of node attributes.

5.2. Datasets and settings

We employ eight datasets, including NCI 1, PROTEINS, MUTAG,
DD, IMDB-B, COLLAB, RDT-B, RDT-M-5K, GITHUB, MNIST, and CI-
FAR10, from the TU dataset [42] to evaluate the performances of GCCR
under the various settings. Detailed information about the dataset is
provided in Table 1.

For all experiments in the pre-training stage, we set the batch size
to 128, and the hyperparameters, including learning rate, maximum
epoch, augmentation strength, and 𝛼, were determined by grid search.

5.3. Semi-supervised learning

We first evaluated our method using a graph classification task
in the semi-supervised learning setting. After pre-training without la-
bel information, supervised learning was performed by assigning la-
bels to 10% of the dataset. We evaluated the model using 10-fold
cross-validation; we repeated the experiments five times to reduce the
randomness; the averages of the results are reported.

Baseline and Aug denote the performance of training from scratch
and that with only augmentation without contrastive learning, respec-
tively. In addition, we applied two conventional graph representation
learning methods, GAE and Infograph, for comparison. GAE [7] re-
constructed the adjacency information based on a variational auto-
encoder. Infograph [35] maximized the mutual information between
the substructure and entire graph representations. We adopted graph
convolutional network (GCN) as the encoder, 𝒇 (⋅), with the default
etting in [12,44]. Then, we applied a two layers perceptron as a
rojection head, 𝒈(⋅), to obtain the representation.

As shown in Table 2, the proposed GCCR showed the best per-
ormance in five of the nine datasets; also, our method achieved the
econd-best performance for the remaining four datasets even without
dditional computational load. Specifically, compared with GraphCL,
CCR showed better performance in eight out of nine datasets. In

he case of CIFAR10, our method achieved about 3%p performance
mprovement over GraphCL. Furthermore, to verify the strength of the
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Table 2
Semi-supervised learning results of the proposed method and comparison methods. GraphCL, GCCR (NN), and GCCR are evaluated in the same
experiment setting, and the other results are referred to [12]. GCCR (NN) is GCCR using non-augmented negative samples when calculating
the similarity distribution. The best and second-best performances are boldfaced and underlined, respectively.
Datasets NCI1 PROTEINS DD COLLAB RDT-B RDT-M-5K GITHUB MNIST CIFAR10

Baseline 73.72 70.40 73.56 73.71 86.63 51.33 60.87 70.71 35.78
Aug 73.59 70.29 74.30 74.19 87.74 52.01 60.91 83.99 34.24
GAE 74.36 70.51 74.54 75.09 87.69 53.58 63.89 86.67 36.35
Infograph 74.86 72.27 75.78 73.76 88.66 53.61 65.21 83.34 41.07
GraphCL 74.23 74.22 76.51 74.53 88.12 52.95 65.27 91.91 41.20
GCCR (NN) 73.60 72.50 77.05 74.82 88.10 53.03 65.21 92.15 42.70
GCCR 74.51 73.32 77.21 75.14 88.43 53.41 65.42 92.95 44.78
w
c
𝐺
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𝑑
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Table 3
Unsupervised learning results of the proposed method and the comparison methods.
GraphCL, GCCR (NN), and GCCR are evaluated in the same experiment setting, and
the other results are referred to [12]; thus, results that were not reported in [12] were
blanked. GCCR (NN) is GCCR using non-augmented negative samples when calculating
the similarity distribution. The best and second-best performances are boldfaced and
underlined, respectively.

Datasets NCI1 DD MUTAG COLLAB RDT-B RDT-M-5K IMDB-B

GL – – 81.66 – 77.34 41.01 65.87
WL 80.01 72.92 80.72 – 62.82 46.06 72.30
DGK 80.31 73.30 87.44 – 78.04 41.27 66.96
node2vec 54.89 – 72.63 – – – –
sub2vec 52.84 – 61.05 – 71.48 36.68 55.26
graph2vec 73.22 – 83.15 – 75.78 47.86 71.10
InfoGraph 76.20 72.85 89.01 70.65 82.50 53.46 73.03
PGCL 77.96 75.32 88.58 74.53 91.15 55.91 72.31
GraphCL 79.55 78.48 89.24 71.33 90.70 55.79 71.38
GCCR (NN) 79.50 78.52 88.90 71.29 90.66 55.34 71.10
GCCR 79.72 78.68 89.67 72.23 90.93 56.05 71.14

Table 4
Robustness of semi-supervised learning on transformed data for GCCR and GraphCL.
The best results are boldfaced. Transformation is an augmentation method that has not
been used in the pre-training stage. The transformations were applied to the test data.
maskN and permE denote attribute masking and edge perturbation, respectively.

Datasets COLLAB NCI1 DD PROTEINS

Transformation maskN permE maskN permE maskN permE subgraph permE

GraphCL 54.70 54.32 66.67 66.69 78.36 78.35 71.04 71.24
GCCR 56.01 55.04 67.07 67.02 78.82 79.01 72.01 72.66

regularization term of the proposed method, we derived the results
of GCCR (NN), which is all the same as GCCR except that it uses
non-augmented negative samples to calculate the similarity distribu-
tion as in [17]. Since GCCR outperforms GCCR (NN) for all datasets,
we demonstrated that calculating the similarities with the representa-
tions of augmented negative samples effectively reflects the intra-class
similarities and leads to performance improvement.

5.4. Unsupervised learning

We evaluated our method on graph classification in an unsuper-
vised learning setting, where the graph representations generated by
unsupervised methods were fed to a downstream support vector ma-
chine classifier without any additional refinement. In addition, we
additionally compared our method with Graphlet kernel (GL) [45],
Weisfeiler–Lehman sub-tree kernel (WL) [46], and deep graph kernel
(DGK), which are the kernel methods that perform well in graph
unsupervised learning; node2vec [47], sub2vec [48], and graph2vec [49],
which are the graph-level unsupervised learning methods to train neu-
ral networks for vectorizing nodes, subgraphs, and graphs, respectively;
PGCL [38], which is recently outperformed GraphCL by mitigating class
collision problem in graph contrastive learning, were also selected. In
this experiment, a GIN [6] architecture was adopted as a GNN encoder
47

with the default setting in [35] to generate a graph representation. f
Table 3 shows that GCCR was superior to GraphCL in all datasets
except IMDB-B, and achieved the best performance in five out of
seven datasets. Specifically, for a large dataset, such as COLLAB, GCCR
improved the performance by 1% over GraphCL. Moreover, GCCR out-
performs GCCR (NN) for all datasets, as the same in the semi-supervised
results.

5.5. Relative in-class cohesion

GCCR solves the class collision problem by reflecting the intra-
class similarities between the negative samples during the training
phase. Therefore, GCCR should well-aggregate the representations of
the instances belonging to the same class while detaching those from
the different classes.

To verify this argument, we compute the average distance of the
instances belonging to the same class 𝑐, 𝑑𝑖𝑛𝑡𝑟𝑎(𝑐), as follows:

𝑑𝑖𝑛𝑡𝑟𝑎(𝑐) =
1
𝑁2

𝑐

𝑁𝑐
∑

𝑛,𝑚=1
𝑑(𝒛(𝑐)𝑛 , 𝒛(𝑐)𝑚 ), (8)

here 𝑑(⋅) is a distance function, 𝑁𝑐 denotes the number of instances in
lass 𝑐, 𝒛(𝑐)𝑛 and 𝒛(𝑐)𝑚 denote the representations of two different graphs,
𝑛 and 𝐺𝑚, belonging to the class 𝑐, obtained from the graph encoder.
hen, we define the inter-class distance for the class 𝑐, 𝑑𝑖𝑛𝑡𝑒𝑟(𝑐), as the
verage of the distances between every pair of an instance in class 𝑐
nd that in other classes.

𝑖𝑛𝑡𝑒𝑟(𝑐) =
1

𝑁𝑐 (𝑁 −𝑁𝑐 )
∑

𝑘≠𝑐

𝑁𝑘
∑

𝑚=1

𝑁𝑐
∑

𝑛=1
𝑑(𝒛(𝑐)𝑛 , 𝒛(𝑘)𝑚 ), (9)

here 𝑁 denotes the number of instances in a dataset, 𝑁𝑐 and 𝑁𝑘 are
he numbers of instances in the classes 𝑐 and 𝑘, and 𝒛(𝑐)𝑛 and 𝒛(𝑐)𝑚 denote
he representations of two graphs, 𝐺𝑛 and 𝐺𝑚, belonging to the classes
and 𝑘, respectively. Finally, we introduce a novel metric, relative in-

lass cohesion (RIC), quantifying how closely the graph representations
elonging to the same class are located, as follows:

𝐼𝐶(𝑐) =
𝑑𝑖𝑛𝑡𝑟𝑎(𝑐)
𝑑𝑖𝑛𝑡𝑒𝑟(𝑐)

. (10)

he smaller the RIC value, the higher the cohesion of representations
n the same class.

As shown in Fig. 4, GCCR showed lower RIC values compared
o Infograph in all classes, as well as compared to GraphCL in all
lasses except C3 in the COLLAB dataset. Thus, we demonstrate that the
epresentations of each class generated by GCCR are better aggregated
n embedding space than those of GraphCL and Infograph.

.6. Robustness to transformations

Finally, we considered the robustness to transformations, which are
ugmentation methods not used in the pre-training stage, of GCCR. In
eal-world problems, an abundance of transformed data causes deep
earning networks to misclassify the data. Therefore, it is important to

ind robust representations against perturbated data [50].
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Fig. 4. Relative in-class cohesion (RIC) of GCCR, GraphCL, and Infograph. The blue, yellow, and red bars show RIC values for each class of the pre-trained model using GraphCL,
Infograph, and GCCR, respectively.
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Since the data augmentation method transforms data in a way that
does not impair semantic properties, we considered the graph augmen-
tation methods not used in the pre-training stage as transformations to
examine the robustness of the proposed GCCR and GraphCL. Specifi-
cally, for the pre-trained and fine-tuned models with the augmentation
methods 𝑎 and 𝑏, we derived the classification accuracy after apply-
ng different augmentation methods not used in the training phase to
est data. For example, if the model is trained with node dropping and
ttribute masking, we applied subgraph and edge perturbation to the test
ata. As shown in Table 4, GCCR was more robust to transformations
han GraphCL.

. Conclusion

We propose a novel graph contrastive learning method, GCCR, to
ddress the class collision problem with a simple and efficient ap-
roach. We introduce the consistency regularization to the loss function
f the existing graph contrastive learning to obtain a representation by
eflecting the intra-class similarities among negative samples. Through
xtensive experiments on several graph datasets, GCCR achieved signif-
cant performance improvement compared to comparative methods in
arious tasks. By measuring the intra-class similarities for the represen-
ations obtained from each method, GCCR alleviated the class collision
roblem.

Nevertheless, GCCR has a limitation in that it cannot work sat-
sfactorily for node-level tasks. For node-level tasks, such as node
lassification, applying the proposed method may not be suitable be-
ause GCCR obtains graph-level representations by contrasting rep-
esentations of graphs, not considering edge information capturing
elationships between nodes of a graph, which is important to learn
ode representations effectively. Thus, it is necessary to improve the
oss function by considering the edge information of a graph reflecting
elationships of nodes helpful even in node-level tasks.
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