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A B S T R A C T

Plenty of models have been presented to handle the hypergraph node classification. However, very few of these
methods consider contrastive learning, which is popular due to its great power to represent instances. This
paper makes an attempt to leverage contrastive learning to hypergraph representation learning. Specifically,
we propose a novel method called Collaborative Contrastive Learning (CCL), which incorporates a generated
standard graph with the hypergraph. The main technical contribution here is that we develop a collaborative
contrastive schema, which performs contrast between the node views obtained from the standard graph and
hypergraph in each network layer, thus making the contrast collaborative. To be precise, in the first layer,
the view from the standard graph is used to augment that from the hypergraph. Then, in the next layer,
the augmented features are adopted to train a new representation to augment the view from the standard
graph conversely. With this setting, the learning procedure is alternated between the standard graph and
hypergraph. As a result, the learning on the standard graph and hypergraph is collaborative and leads to
the final informative node representation. Experimental results on several widely used datasets validate the
effectiveness of the proposed model.
1. Introduction

Graph neural networks (GNNs) [1] have obtained increasing at-
tention in recent years in applications where data are generated from
non-Euclidean domains and have complex relationships between sam-
ples. GNN techniques have been successfully applied to many areas, like
graph classification [2,3], recommendation systems [4,5], and image
classification [6]. Recent studies, such as [7,8], showed that a standard
graph only presents the pair-wise relations between samples such that it
may lose valuable information. To address this issue, some researchers
tend to exploit hypergraphs [9–11]. Mathematically, a hypergraph is
a generalization of a graph where an edge can join any number of
nodes. Learning on hypergraphs, i.e., hypergraph learning [8,10], has
shown to be an effective tool for studying complex data structures.
Compared with a standard graph, a hypergraph is more capable and
flexible in modeling high-order relations since one hyperedge in a
hypergraph connects more than two nodes [8]. As a result, hypergraph
learning is gaining increasing attention and has been applied to many
research fields, such as computer vision [12,13] and recommendation
systems [14,15].

Recently, contrastive learning [16] has achieved state-of-the-art
performance in the area of self-supervised representation learning [17].
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Contrastive learning is becoming popular due to its superior ability
to bring together two views of the same instance while pushing apart
two views of different instances. With the advance in contrastive learn-
ing methods, the power of representing instances has significantly
improved. Consequently, various applications [16,18] take advantage
of contrastive learning and receive great success. Especially, applying
contrastive learning to graphs, i.e., graph contrastive learning [19,20],
has become a prominent strategy for graph representation learning.
However, most related models, such as [19,21], focus on the standard
graphs, and contrastive learning on hypergraphs is still an open and
under-researched topic.

To fill the vacancy and enrich the study of hypergraph contrastive
learning, we propose to investigate the usage of contrastive learn-
ing in hypergraph representation learning for the node classification
task. On the one hand, although a few works, such as [22,23], have
proven that contrastive learning is effective in hypergraph learning,
these models are proposed for recommendation systems. Little work
is proposed to face the hypergraph node classification problem, which
may be attributed to the difficulty of discovering another representation
of nodes. Particularly, Hypergraph Structure Learning (HSL) [24] is
vailable online 26 September 2023
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the first work to perform contrastive learning on hypergraphs for
the node classification task. HSL aims to maintain the consistency
between the learned structure and the original structure using intra-
hyperedge contrast, thus making predictions for hypergraph nodes.
However, HSL does not seek to conduct contrast in each network layer
and make the contrast collaborative to aggregate information. On the
other hand, current hypergraph learning models attempt to learn latent
representations based on either nodes [9] or the combination of nodes
and hyperedges [8,25,26]. It is usually ignored that a standard graph
could be easily generated based on a hypergraph. For example, given
a hypergraph represented by an incidence matrix that indicates the
relations between nodes and hyperedges, we are able to present the
relations between nodes by multiplying the incidence matrix by its
transpose.

Motivated by the above, in this paper, we propose a novel model
called Collaborative Contrastive Learning (CCL) to handle the hyper-
graph node classification problem. Specifically, CCL incorporates a
generated standard graph with a hypergraph and employs contrastive
learning to make the standard graph and hypergraph collaborative. To
achieve this goal, we propose a collaborative contrastive schema to
make use of the convolution networks on the standard graph and hyper-
graph, i.e., graph convolutional network (GCN) [27] and hypergraph
convolutional network (HGCN) [9]. Different from previous contrastive
learning works, we aim to discover the contrast in each network layer
so as to aggregate useful information collaboratively. Particularly, in
each layer, we have two kinds of node views by applying GCN to the
standard graph and HGCN to the hypergraph. In the first layer, the
view from the standard graph is adopted to augment the view from
the hypergraph using contrastive learning. Specifically, the views of
the same node are treated as positive pairs, while the ones of any
different nodes are regarded as negative pairs. In the second layer,
the augmented view of the first layer is used to train a new hyper-
graph representation for augmenting the view from the standard graph
conversely. Consequently, as the learning progress proceeds, the con-
sistency between different views of the same node and the divergence
across different nodes are both ensured. Besides, the standard graph
and hypergraph are collaboratively contrastive, and the learning on
them is alternated to obtain the final node representation. We highlight
the main contributions of this paper as follows:

• We propose a hypergraph node classification model named Col-
laborative Contrastive Learning (CCL), which fully takes contrast
in each layer from GCN and HGCN into consideration. We show
that the contrast can be done not only on the final network output
as most previous works did but also in each layer, which makes
our paper a decent contribution to the hypergraph learning field.

• We develop a collaborative contrastive schema that utilizes the
convolutional networks on the standard graph and hypergraph,
making the node representation alternately contrastive and aug-
mented.

• We perform comprehensive experiments on several famous
datasets to demonstrate that the performance of the proposed
model is better than that of baseline methods.

The remainder of the paper is organized as follows. We review
mportant studies about hypergraph learning and contrastive learning
n Section 2. Subsequently, we introduce the proposed method in
ection 3. We conduct comprehensive experiments and discuss the
xperimental results in Section 4. Section 5 concludes the whole paper
nd discusses potential future work.

. Related works

In this section, we study some relevant works about hypergraph
earning and contrastive learning. We also emphasize the difference
2

etween the proposed model and the models related to it.
2.1. Hypergraph learning

Standard graphs have limitations for indicating high-order complex
relationships, which can be represented by hyperedges connecting
an arbitrary number of nodes in a hypergraph. Hypergraph learn-
ing has received widespread attention due to its excellent ability to
represent high-order correlations. In [7], Zhou et al. employed hy-
pergraphs to model high-order relationships for semi-supervised node
classification and clustering tasks. In recent years, researchers have
sought to introduce hypergraphs into neural networks and achieved
successful performance improvement in various areas, such as citation
networks [26], social network analysis [28], and recommendation
systems [14,29]. For instance, Yang et al. represented location-based
social network data via hypergraphs and proposed a hypergraph-based
scheme to sample user check-ins and social relationships for learning
node representations [28]. Besides, Wang et al. proposed an end-to-end
hypergraph framework to capture correlations between items for next-
item recommendation [29]. Generally, existing research has shown that
hypergraph-based models usually perform better than standard graph-
based ones on many learning tasks, like classification [9] and link
prediction [30]. Below, we discuss primary works related to node clas-
sification. HyperGraph Neural Network (HGNN) [12] is proposed as the
first neural network method on hypergraph structure, which introduces
hypergraph Laplacian and truncated Chebyshev polynomials to the
convolution operation. In [25], Hypergraph Networks with Hyperedge
Neurons (HNHN) proposes a flexible normalization scheme and applies
nonlinear activation functions to update the representations of nodes
and hyperedges alternately. To further exploit the hyperedge infor-
mation, Hypergraph Convolution on Nodes-Hyperedges (HCNH) [26]
performs convolution operations on both nodes and hyperedges. It
then seeks to recover the hypergraph to enhance the learning of the
node representation. In addition, Hypergraph Collaborative Network
(HCoN) [8] considers information from previous nodes and hyperedges
and treats the hypergraph reconstruction error as a regularizer to assist
the training of the classifier.

2.2. Contrastive learning

Contrastive learning is a representative method of self-supervised
learning, which has gained extensive discussions in the fields of com-
puter vision [31] and natural language processing [32]. The main
intuition of contrastive learning is constructing positive and negative
sample pairs, closing the distance between positive sample pairs while
pushing the negative samples apart. In recent years, this idea has
attracted researchers to explore the effectiveness of contrastive learning
in graph representation learning [20,23,33,34]. For example, Hassani
et al. introduced a self-supervised method for learning graph and node
representations by comparing two structural views from the graph,
including first-order neighbors and graph diffusion [33]. Besides, You
et al. proposed Graph Contrastive Learning (GraphCL), which designs
different types of graph augmentations, i.e., node dropping and edge
perturbation, and investigates the impacts of different combinations
of graph augmentations [20]. In [34], Yu et al. proposed a simple
contrastive learning method that discards graph augmentation and adds
uniform noise in the feature space to create contrastive views.

Contrastive learning on hypergraphs is the main topic of this paper.
There are a few related tailored approaches [23,35] to real-world appli-
cations. Nevertheless, these works have demonstrated little regarding
node classification. There are two relevant works to our method, i.e.,
HSL [24] and Tri-directional Contrastive Learning (TriCL) [36]. In
HSL [24], Cai et al. proposed treating the redundant hyperedges and
nodes in the original hypergraph as the augmented graph. To maintain
the consistency between the optimized hypergraph structure and the
original hypergraph, HSL develops intra-hyperedge contrastive learning

to maximize the mutual information between the node representations
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Fig. 1. An illustration of the proposed CCL model. 𝐖A and 𝐖H are the network parameters for GCN and HGCN, respectively, and the blue and red branches indicate GCN and
HGCN, respectively. In the first layer, the view from GCN, i.e., 𝐗(1)

A , is used to augment that from HGCN, i.e., 𝐗(1)
H , and achieve an augmented representation, i.e., 𝐗̂(1), which is

then put into HGCN to learn a new representation, i.e., 𝐗(2)
H . In the second layer, the view from HGCN, i.e., 𝐗(2)

H , is adopted conversely to augment that from GCN, i.e., 𝐗(2)
A , and

obtain another augmented representation, i.e., 𝐗̂(2). The final layer works similarly to the first layer to learn the final representation, i.e., 𝐗̂. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)
from different hypergraph structures. In TriCL [36], Lee et al. devel-
oped tri-directional contrast to maximize in two augmented views the
agreement between the same node, between the same group of nodes,
as well as between each group and its members. Although HSL and
TriCL adopt contrastive learning on hypergraphs and handle the hyper-
graph node classification problem as ours does, they conduct contrast
on the final network output. Unlike HSL and TriCL, the proposed model
employs the views in every network layer for contrast to aggregate
valuable information collaboratively.

3. Methodology

In this section, we first define the notations and their descriptions
and make a statement about our learning problem. Subsequently, we
provide detailed information on the proposed CCL method.

3.1. Notations and problem statement

Let  = ( ,  ,Ω) be a hypergraph that comprises a set of nodes 
with 𝑁 = ||, a set of hyperedges  with 𝑀 = ||, and a diagonal
matrix of hyperedge weights Ω ∈ R𝑀×𝑀 . If no further information
about the importance of hyperedges is provided, each hyperedge 𝑒 ∈ 
is simply assigned with value 1, which indicates that the diagonal
values in Ω are set to be 1. Denote the node features by 𝐗 ∈ R𝑁×𝐷,
where 𝐷 represents the feature dimension of nodes. Let 𝐘 ∈ R𝑁×𝐶 be
the corresponding label matrix of the nodes, where 𝐶 is the number
of classes of nodes. Specifically, the hypergraph structure can be repre-
sented by an incidence matrix 𝐇 ∈ {0, 1}𝑁×𝑀 , where each entry 𝐇(𝑣, 𝑒)
means whether the node 𝑣 is contained in the hyperedge 𝑒, i.e., 1 means
contained and 0 indicates not contained. In this case, the degrees of
nodes and hyperedges can be represented by matrices 𝐃𝑣 ∈ R𝑁×𝑁 and
𝐃𝑒 ∈ R𝑀×𝑀 , respectively, where 𝐃𝑣 and 𝐃𝑒 are diagonal matrices with
values being ∑

𝑒∈ Ω(𝑒, 𝑒)𝐇(𝑣, 𝑒) and ∑

𝑣∈ 𝐇(𝑣, 𝑒), respectively.
Next, we describe the problem statement. Given a hypergraph 

with its node features 𝐗 and several training nodes that have labels,
the goal of this paper is to find a classifier 𝑓 ∶ 𝐗 → R𝐶 that assigns
a label vector 𝑓 (𝑣) ∈ R𝐶 to a node 𝑣 ∈  . Particularly, the label of a
unlabeled node is predicted as the index of the largest confidence score
in its label vector.

3.2. Collaborative contrastive learning

3.2.1. Overview
In this paper, we study the problem of hypergraph node clas-

sification. Specifically, considering that existing models usually do
not employ the standard graph representing relations between nodes
derived from the hypergraph, we propose taking advantage of this
standard graph to help improve the classification performance. As a
3

result, each sample has two views by applying GCN and HGCN to the
standard graph and hypergraph, respectively. Fig. 1 illustrates the main
idea of the proposed CCL model. Particularly, in each layer of CCL, we
utilize contrastive learning with the InfoNCE [37] to make the standard
graph and hypergraph collaborative. As shown in Fig. 1, in the first
layer, the view from GCN is used to augment that from HGCN and
achieve an augmented representation, which is then put into HGCN
to learn a new representation. Subsequently, in the second layer, the
view from HGCN is adopted conversely to augment that from GCN
and obtain another augmented representation, which is then employed
to help the augmentation of HGCN in the final layer. In consequence,
the learning progress is collaborative and alternated to learn the final
informative representation.

3.2.2. Learning on hypergraph
Given a hypergraph  and its incidence matrix 𝐇, we formulate the

hypergraph convolutional network (HGCN) on the nodes as follows:

𝐗(𝑙+1)
H = 𝜎(𝐇Ω𝐇⊤𝐗(𝑙)

H 𝐖(𝑙)
H ), (1)

where the superscript (𝑙) means the (𝑙)th layer, 𝐖(𝑙)
H is the trainable

weight parameter between the (𝑙)th and (𝑙 + 1)th layers, 𝐗(𝑙)
H and 𝐗(𝑙+1)

H
are node representations in the (𝑙)th and (𝑙 + 1)th layers, respectively,
and 𝐗(0)

H = 𝐗. 𝜎(⋅) is a nonlinear activation function, such as ReLU.
Following [8,9], we further adopt the symmetric normalization to avoid
the possibility of vanishing gradients and numerical instabilities as
follows:

𝐗(𝑙+1)
H = 𝜎(𝐃

− 1
2

𝑣 𝐇Ω𝐃−1
𝑒 𝐇⊤𝐃

− 1
2

𝑣 𝐗(𝑙)
H 𝐖(𝑙)

H ). (2)

3.2.3. Learning on standard graph
Given a hypergraph indicating the relations between nodes and hy-

peredges, it is easy to obtain a standard graph representing the relations
between nodes by multiplying the incidence matrix by its transpose.
Therefore, by defining 𝐀 as the adjacency matrix of the standard graph,
we have 𝐀 = 𝐇𝐇⊤. By making use of graph convolutional network
(GCN) [27], we have the convolution operation on the nodes as follows:

𝐗(𝑙+1)
A = 𝜎(𝐀𝐗(𝑙)

A 𝐖(𝑙)
A ), (3)

where 𝐖(𝑙)
A is the trainable weight parameter between the (𝑙)th and

(𝑙+1)th layers, 𝐗(𝑙)
A and 𝐗(𝑙+1)

A are node representations in the (𝑙)th and
(𝑙 + 1)th layers, respectively, and 𝐗(0)

A = 𝐗. Similar to [27], we impose
a normalization to obtain the formulation as follows:

𝐗(𝑙+1)
A = 𝜎(𝐃− 1

2 𝐀𝐃− 1
2 𝐗(𝑙)

A 𝐖(𝑙)
A ), (4)

where 𝐃 =
∑

𝐀 is the degree matrix of 𝐀.
𝑖𝑖 𝑗 𝑖𝑗
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3.2.4. Collaborative contrastive schema
Until now, we have discussed the learning on the hypergraph and

standard graph. Next, we present the proposed collaborative contrastive
schema. Specifically, we design a three-layer network architecture,
which alternately takes the views from every layer of GCN and HGCN
to augment the representations of nodes. We treat the views of the
same node as the positive pairs and those of any different nodes as the
negative pairs. As a consequence, the learning on positive pairs ensures
the consistency between different representations of the same node,
while the learning on negative pairs guarantees the divergence among
different nodes. Specifically, we use the InfoNCE [37] for contrastive
learning.

Let 𝐱(𝑙)H,𝑖 and 𝐱(𝑙)A,𝑖 be the views of 𝑖th node from 𝐗(𝑙)
H and 𝐗(𝑙)

A , respec-
tively, in the (𝑙)th layer. In the first layer of the proposed CCL model,
we obtain the (1)-st layer views, i.e., 𝐗(1)

A and 𝐗(1)
H , based on Eqs. (2)

and (4), respectively, where 𝑙 = 1. Then, we use the view from GCN to
augment that from HGCN and formulate the InfoNCE as follows:

(1)
cl =

∑

𝑖∈
− log

exp(𝑠(𝐱(1)H,𝑖, 𝐱
(1)
A,𝑖)∕𝜏)

∑

𝑗∈ exp(𝑠(𝐱(1)H,𝑖, 𝐱(1)A,𝑗 )∕𝜏)
, (5)

here 𝑖 ≠ 𝑗, 𝑖 and 𝑗 indicate the 𝑖th and 𝑗th nodes, respectively, 𝜏
s the temperature parameter, and 𝑠(⋅, ⋅) is the function calculating the
osine similarity between two vectors. In this layer, {(𝐱(1)H,𝑖, 𝐱

(1)
A,𝑖)|𝑖 ∈ }

s the positive pairs and {(𝐱(1)H,𝑖, 𝐱
(1)
A,𝑗 )|𝑖, 𝑗 ∈  , 𝑖 ≠ 𝑗} is the negative pairs.

y contrasting 𝐗(1)
H with 𝐗(1)

A , we obtain the augmented representation,
enoted by 𝐗̂(1).

In the second layer, the view of the first layer in GCN, i.e., 𝐗(1)
A ,

ill be put into Eq. (4), while the augmented representation based on
CN and HGCN, i.e., 𝐗̂(1), will be the input of Eq. (2), as shown in
ig. 1. In this way, we achieve the (2)-nd layer views, i.e., 𝐗(2)

A and 𝐗(2)
H .

hen, we attempt to make the learning between the standard graph
nd hypergraph collaborative to achieve informative representations
y applying the view from HGCN to augment that from GCN. Thus,
e formulate the InfoNCE in the second layer as follows:

(2)
cl =

∑

𝑖∈
− log

exp(𝑠(𝐱(2)A,𝑖, 𝐱(2)H,𝑖)∕𝜏)
∑

𝑗∈ exp(𝑠(𝐱(2)A,𝑖, 𝐱
(2)
H,𝑗 )∕𝜏)

, (6)

where {(𝐱(2)A,𝑖, 𝐱
(2)
H,𝑖)|𝑖 ∈ } and {(𝐱(2)A,𝑖, 𝐱

(2)
H,𝑗 )|𝑖, 𝑗 ∈  , 𝑖 ≠ 𝑗} are the

positive and negative sample pairs, respectively. Eq. (6) leads to the
new augmented representation, denoted by 𝐗̂(2).

In the last layer, the view of the second layer in HGCN, i.e., 𝐗(2)
H , will

e stacked into Eq. (2), while the augmented representation learned
rom GCN and HGCN, i.e., 𝐗̂(2), will be the input of Eq. (4). Therefore,
e obtain the (3)-rd layer views, i.e., 𝐗(3)

A and 𝐗(3)
H . In this layer, the

view from GCN is adopted to augment that from HGCN. Similar to the
first layer, we have the InfoNCE as follows:

(3)
cl =

∑

𝑖∈
− log

exp(𝑠(𝐱(3)H,𝑖, 𝐱
(3)
A,𝑖)∕𝜏)

∑

𝑗∈ exp(𝑠(𝐱(3)H,𝑖, 𝐱(3)A,𝑗 )∕𝜏)
, (7)

here {(𝐱(3)H,𝑖, 𝐱
(3)
A,𝑖)|𝑖 ∈ } and {(𝐱(3)H,𝑖, 𝐱

(3)
A,𝑗 )|𝑖, 𝑗 ∈  , 𝑖 ≠ 𝑗} are the positive

nd negative sample pairs, respectively.
In summary, CCL alternately takes the view of each layer from GCN

nd HGCN for contrast. Particularly, the use of contrastive learning in
he proposed CCL method makes the standard graph and hypergraph
ollaborative to learn the final informative representation.

.2.5. Model objective function
Based on Eqs. (5), (6), and (7), we obtain the final node represen-

ation, denoted by 𝐗̂. Then, we apply a softmax function to it to make
redictions. Specifically, we evaluate the cross-entropy error over the
abeled nodes as follows:

ce = −
∑

𝐶
∑

𝐘𝑖𝑐 ln 𝐗̂𝑖𝑐 , (8)
4

𝑖∈𝐿 𝑐=1
here 𝐿 is the set of node indices that have labels. By incorporating
qs. (5), (6), (7), and (8), we have the overall model objective function
s follows:

= ce + 𝜆
𝑛
∑

𝑙=1
(𝑙)

cl , (9)

here 𝜆 is the trade-off parameter and 𝑛 is the number of layers, we
ave 𝑛 = 3 here.

. Experiment

We perform extensive experiments to estimate the performance
f the proposed model in this section. Specifically, we first give the
escriptions of the datasets used in our experiments and list several
aseline methods. Subsequently, we present the experimental results
nd discussions.

.1. Datasets

We adopt several widely used benchmark datasets, i.e., Citeseer
38], Pubmed [39], Cora [40], and DBLP [41], to evaluate the effective-
ess of the proposed method. Particularly, we focus on the hypergraph
ode classification task and employ the setting proposed in [8,25]
o make fair comparisons with the baseline methods. Therefore, we
ollow [8,25] and use two kinds of datasets, i.e., co-citation and co-
uthorship, where the labels are subject topics of papers. Table 1 also
resents the statistical information of the used datasets.

• Co-citation data
The Citeseer, Cora, and Pubmed datasets are constructed as co-
citation data, which consist of a set of documents and their
citation links. To obtain a co-citation hypergraph, we treat doc-
uments as nodes and the citation links as hyperedges. According
to [8,25,36], the initial node features of the Citeseer and Cora
datasets are bag-of-words vector representations and those of
the Pubmed dataset are the term frequency-inverse document
frequency (TF-IDF).

• Co-authorship data
The Cora and DBLP datasets are built as co-authorship data,
which contain a set of documents with their authors. The hy-
pergraph is created with each node representing a document
and each hyperedge connecting all documents co-authored by
one author. For the Cora co-authorship data collected from the
website,1 we remove the hyperedges that contain only one node
and the nodes that are not connected to any hyperedges. To
obtain the original features of the nodes, we select the most
frequent one- and two-grams from all abstracts to construct a
vocabulary with the size of 1000 and use a stopword removal
mechanism, i.e., discard any term that appears in more than 20%
of the documents. Subsequently, TF-IDF is executed to obtain the
initial feature of the node. DBLP co-authorship data are collected
and processed in [42]. Similar to the Cora co-authorship dataset,
we delete the nodes connecting to no hyperedges.

.2. Compared models

We compare the proposed CCL method with several models,
ncluding 1-Nearest Neighbor (NN), Support Vector Machine (SVM),
CN [27], HGNN [12], HyperGCN [42], FastHyperGCN [42],
NHN [25], UniGCN [43], UniGAT [43], HCNH [26], HCoN [8], and
riCL [36]. Among the baseline models, NN and SVM are methods
ithout considering the graph structure information. Specifically, we

1 https://people.cs.umass.edu/~mccallum/data.html

https://people.cs.umass.edu/~mccallum/data.html
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Table 1
Statistical information of the used datasets.
Dataset #nodes #edges #classes #features Label rate

Citeseer co-citation 1498 1107 6 3703 0.150
Cora co-citation 1434 1579 7 1433 0.100
Pubmed co-citation 3840 7963 3 500 0.020
Cora co-authorship 16313 7389 10 1000 0.052
DBLP co-authorship 41302 22363 6 1425 0.042
Table 2
Accuracy (%, mean ± standard deviation) of different methods on the co-citation and co-authorship datasets.
Method Co-citation Co-authorship

Citeseer Cora Pubmed Cora DBLP

NN 27.0 ± 9.0 24.5 ± 5.7 41.2 ± 2.7 28.9 ± 8.1 20.6 ± 6.2
SVM 21.0 ± 1.3 32.6 ± 5.2 41.3 ± 4.1 52.1 ± 1.1 27.2 ± 0.1
GCN [27] 63.0 ± 1.9 72.1 ± 1.9 69.6 ± 6.3 40.0 ± 3.3 83.2 ± 2.6
FastHyperGCN [42] 56.1 ± 11.2 50.4 ± 11.7 54.4 ± 10.0 45.2 ± 12.9 70.5 ± 14.3
HyperGCN [42] 54.7 ± 9.8 52.2 ± 11.4 60.0 ± 10.7 55.0 ± 0.9 71.3 ± 1.2
HGNN [12] 61.1 ± 2.2 76.9 ± 1.8 63.3 ± 2.2 58.2 ± 0.3 77.6 ± 0.4
HNHN [25] 64.8 ± 1.6 71.3 ± 1.9 75.9 ± 1.5 63.9 ± 0.8 85.1 ± 0.2
UniGCN [43] 70.9 ± 1.0 78.3 ± 1.7 78.8 ± 1.7 61.4 ± 0.9 88.3 ± 0.2
UniGAT [43] 70.7 ± 1.0 78.5 ± 1.8 78.7 ± 1.7 60.6 ± 0.9 87.8 ± 0.3
HCNH [26] 71.4 ± 1.2 78.5 ± 1.7 77.1 ± 3.6 65.9 ± 0.5 –
HCoN [8] 71.2 ± 2.7 79.0 ± 1.5 80.4 ± 1.1 66.5 ± 0.5 88.0 ± 0.1
TriCL [36] 71.1 ± 0.8 81.0 ± 1.0 80.3 ± 1.6 64.2 ± 0.5 88.5 ± 0.1

CCL (ours) 71.9 ± 0.8 79.7 ± 1.1 81.9 ± 0.9 64.6 ± 0.5 88.6 ± 0.1
use the tools provided by sklearn2 to run NN and SVM. GCN and HGNN
HGCN and HGNN have similar convolution operations, we refer HGNN
o HGCN) are basic compared approaches to the proposed model, and
he remaining models can be treated as state-of-the-art methods.3 In

particular, for the baseline models, we use the default settings provided
by the original papers or codes.

4.3. Implementation details

We implement the proposed model in the Pytorch4 platform. Specif-
ically, we develop a three-layer graph network architecture with the
output dimension being 512 → 256 → 𝐶. Additionally, we train the
model for 200 epochs using the Adam optimizer with a learning rate
of 0.05 and early stopping with a window size of 100. Moreover, we
adopt ReLU as the activation function and tune the L2 regularization
factor in a range space {0.001, 0.003, 0.005}. Following [8], we use
one trial to tune the value of the L2 regularization factor and apply the
selected value to the remaining trials. The proposed CCL model has a
trade-off parameter, i.e., 𝜆, which is empirically set to be 0.1 for all the
learning tasks. Besides, for the temperature parameter 𝜏 contained in
the InfoNCE for contrastive learning, we set it to be 0.2.

4.4. Results

Table 2 lists the results in terms of the accuracy of the test models
on the co-citation and co-authorship datasets. For the datasets except
Cora co-citation, we directly quote the results from [8] except UniGCN,
UniGAT, and TriCL to make the comparisons with the baseline meth-
ods fair. Specifically, we follow [8] and run 100 trials to obtain the
mean and standard deviation results. We observe that the proposed
CCL model obtains better or competitive results compared with the
baseline methods, which verifies the effectiveness of the proposed
model. We have several interesting observations as follows.

2 https://scikit-learn.org/
3 Note that we do not compare with HSL [24] for two reasons: first, the

ode is not publicly available, and it is not easy for us to reproduce. Second,
he detailed data settings are different from ours, so we cannot directly use
heir results.

4

5

https://pytorch.org/
• NN and SVM obtain poorer performance than graph-based models
in general, which means that the graph structure information
cannot be omitted, and specific models for graph-structured data
are needed.

• GCN and HGNN are two basic compared models to CCL as CCL in-
volves the convolutional operations from GCN and HGNN. Com-
pared with GCN and HGNN, CCL performs better, demonstrating
that exploiting contrastive learning to make the convolutions of
the standard graph and hypergraph collaborative is helpful in
enhancing the ability to represent instances.

• HNHN, HCNH, and HCoN are state-of-the-art methods incorpo-
rating the hyperedge information, CCL does not involve such
information and generally outperforms them. Besides, TriCL and
CCL are hypergraph learning models based on contrastive learn-
ing, and CCL outperforms TriCL on most tasks. These phenomena
verify that conducting contrast in every network layer to aggre-
gate valuable information leads to more informative representa-
tions.

• Note that the proposed model is not a panacea for all the datasets.
CCL does not achieve the best results on the Cora co-citation and
Cora co-authorship datasets, indicating the No Free Lunch [44]
theorem still applies. Specifically, CCL performs worse than HCNH
and HCoN on the Cora co-authorship dataset, the reason may be
that GCN works poorly (even worse than SVM), and CCL is a
GCN-based model.

4.5. Model variants

CCL is composed of two basic networks, i.e., GCN and HGNN,
for the standard graph and hypergraph, respectively. To investigate
the effectiveness of the proposed collaborative contrastive schema, we
develop several variants of the proposed CCL model. Specifically, we
replace the basic networks with other approaches and generate three
variants, i.e., GCN+UniGCN, GAT+HGNN, and GAT+UniGCN, where
GCN and GAT [45] are for standard graphs and HGNN and UniGCN
are for hypergraphs. The results on the Cora co-citation dataset are
exhibited in Fig. 2, in which the average accuracies of GCN+UniGCN,
GAT+HGNN, and GAT+UniGCN are 64.2 ± 16.0, 77.2 ± 2.0, and
73.7 ± 7.0, respectively. Fig. 2 also presents the maximum mean
discrepancy (MMD) [6,46] values between the views generated by two

basic networks in different layers of different variants. Here, MMD is

https://scikit-learn.org/
https://pytorch.org/
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Fig. 2. Diversity estimation on the variants of CCL on the Cora co-citation dataset.
Fig. 3. Learning curves of the proposed CCL method on the DBLP co-authorship dataset.
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used to estimate the diversity of two different views, i.e., higher MMD
means higher diversity. We observe that high diversity leads to better
classification performance, i.e., the ranks of both diversity and accuracy
are CCL > GAT+HGNN > GAT+UniGCN > GCN+UniGCN. This phe-
omenon is reasonable because the collaborative contrastive schema
erforms contrast between two views, whose diversity is expected to be
igh to indicate different perspectives of the same node, thus learning
ffective representations.

.6. Model learning curves

We study the model learning curves w.r.t. objective value and
ccuracy by taking the DBLP co-authorship dataset as an example.
he experimental results are exhibited in Fig. 3, where Figs. 3(a) and
(b) plot the learning curves for the loss and accuracy, respectively.
pecifically, we rescale the objective values to the range [0, 1] by
ividing them by their maximum value. It can be observed from Fig. 3
hat as the number of epochs increases, the scaled objective values de-
rease and flatten out and the training and test accuracies improve and
each stable values, meaning the learning algorithm is converged. This
henomenon further demonstrates the effectiveness of the proposed
ethod.

.7. Effect of parameters

The proposed CCL model involves a trade-off parameter 𝜆 to control
he strengths of contrastive loss, which is critical to classification
erformance. To discover the effect of 𝜆, we adopt the Citeseer and
ubmed co-citation datasets as examples and tune 𝜆 in a range space
0.001, 0.01, 0.1, 1, 10}. The experimental results are plotted in
ig. 4(a), from which we observe that a reasonable value of 𝜆 helps
mprove the performance. As the value of 𝜆 increases, the model
erformance first increases and then decreases, and the best value of
6

is 0.1. Specifically, setting 𝜆 to be a large value could break the H
alance between the classification loss and contrastive loss, leading to
erformance degradation.

The proposed contrastive loss contains a temperature parameter 𝜏.
imilarly, we run experiments on the Citeseer and Pubmed co-citation
atasets to investigate the impacts of 𝜏. Specifically, we vary 𝜏 in a
ange space {0.1, 0.2, 0.5, 1, 2, 5} and report the results in Fig. 4(b),
here we see that the performance on the Citeseer co-citation dataset

s more sensitive to 𝜏 than that on the Pubmed co-citation dataset.
enerally, the performance improves and then drops as the value of
increases.

.8. Effect of contrasting each layer

In this paper, we set the number of layers 𝑛 in Eq. (9) to be 3.
ere, we evaluate the influence of model depth (number of layers),
hich also reveals the importance of contrasting each layer in the
roposed model. Specifically, we set 𝑛 to be 1, 2, 3, 4, and 5 and
xhibit the results of 100 trials in Figs. 5(a) and 5(b), which indicate
he average training and test accuracy on the Citeseer and Pubmed co-
itation datasets, respectively. For the learning tasks considered here,
he best performance is achieved with a three-layer model, which is sig-
ificantly better than the one-layer model, indicating the effectiveness
f performing contrast in each layer. The performance drops for models
eeper than three layers, which we conjecture that with model depth,
he training becomes difficult, and the increasing number of parameters
ay lead to overfitting. This phenomenon also occurs in other graph
eural networks, such as GCN [27].

.9. Efficiency evaluation

We evaluate the efficiency of the proposed method on the Pubmed
o-citation dataset and run the experiment on an Ubuntu server with
VIDIA GeForce RTX 3080 Ti GPU. The test methods, including GCN,

GNN, HNHN, UniGCN, UniGAT, HCNH, HCoN, TriCL, and CCL, are
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Fig. 4. Parameter sensitivity study of the proposed model. The shaded areas denote standard error.
Fig. 5. Influence of model depth of the proposed model. The shaded areas denote standard error.
Table 3
Wall-clock time (s) of different methods on the Pubmed co-citation
dataset.
Method Time Time per epoch

GCN [27] 0.8663 0.0043 ± 0.0416
HGNN [12] 1.2611 0.0063 ± 0.0429
HNHN [25] 2.0174 0.0101 ± 0.0447
UniGCN [43] 1.1939 0.0060 ± 0.0496
UniGAT [43] 1.5041 0.0075 ± 0.0448
HCNH [26] 4.2108 0.0211 ± 0.0654
HCoN [8] 7.8374 0.0392 ± 0.0425
TriCL [36] 114.9478 0.5747 ± 0.0451

CCL (ours) 4.3299 0.0216 ± 0.0424

run for 200 epochs without considering early stopping. We estimate
the results in seconds wall-clock time and report them in Table 3.
Following [8], the results w.r.t. the training time of all epochs and the
average training time per epoch, including forward pass, objective loss
calculation, and backward pass, are listed. The proposed CCL model
spends more time than GCN and HGNN since CCL performs contrast
between views from GCN and HGCN (HGNN). Besides, CCL costs less
time than HCoN because HCoN needs to incorporate the information of
nodes and hyperedges in each layer. TriCL requires the most time to fin-
ish the task as it jointly considers node-, group-, and membership-level
contrast. Taking the learning performance into account, the proposed
model consumes reasonable training time and obtains competitive
classification accuracy.

4.10. Visualization

We estimate the effectiveness of the proposed CCL method quali-
tatively by inputting the node representations to the Uniform Mani-
fold Approximation and Projection (UMAP) [47] tool for visualization.
Specifically, we compare the features learned by CCL with the original
7

one and those learned by GCN and HCoN. We take the Pubmed co-
citation and DBLP co-authorship datasets as examples and depict the
results in Fig. 6, where different colors represent different labels. We
observe that the original node features are chaotically distributed and
the node features learned by graph learning methods are easier to
classify. Compared with GCN, both HCoN and CCL cluster better the
samples of the same category and separate those of different classes.
However, CCL still shows an advantage over HCoN, especially on the
DBLP dataset as presented in Figs. 6(g) and 6(h), where the blue labels
are mixed up with cyan ones in HCoN, while the blue and cyan labels
are separated in CCL, explaining why the proposed approach is capable
of achieving better performance.

5. Conclusion

In this paper, we study the problem of hypergraph node classifica-
tion. To this end, we introduce contrastive learning into hypergraph
learning. Specifically, we first build a standard graph that represents
the relationship between nodes based on the given hypergraph. Then,
we propose a collaborative contrastive schema, which considers the
node views learned by applying convolutional operations on the stan-
dard graph and hypergraph in each layer. Consequently, the views of
the standard graph and hypergraph are collaboratively contrastive and
are alternately augmented to achieve the final informative representa-
tion. We perform extensive experiments on several widely used datasets
and compare the proposed model with well-known baseline methods.
Experimental results demonstrate the effectiveness of the proposed
method. In general, we show in this paper that one can perform contrast
not only on the final network output but also in each layer, and this
strategy improves the performance of hypergraph learning.

Note that the proposed model works in a transductive manner and
is not able to make predictions for hypergraph nodes that are unseen
during training. Therefore, in the future, we are going to extend the
proposed model to the inductive learning schema using some neural
message-passing techniques like [48]. Besides, as shown in Figs. 5(a)
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Fig. 6. Visualization of node samples represented by original features and different graph learning features on the Pubmed co-citation ((a)–(d)) and DBLP co-authorship ((e)–(h))
datasets. The three colors in (a)–(d) mean the three labels on the Pubmed co-citation dataset, and the six colors in (e)–(h) are the six labels on the DBLP co-authorship dataset.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
and 5(b), the overfitting issue occurs as the depth of the proposed
model increases, which we plan to address in our future work so as
to perform deep graph convolutional operations based on [49]. In
addition, since CCL performs contrast in each layer, the efficiency may
be low when working on large-scale datasets. To address this issue, we
will consider conducting contrast based on prototypes, i.e., the central
of samples with the same category. Furthermore, theoretical analyses
like the generalization gap of the proposed model are not presented
currently. As a result, we will work on the theoretical part to guarantee
the performance of the proposed model.
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