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Abstract

Hypergraph contrastive learning has emerged as a powerful
unsupervised paradigm for hypergraph representation learn-
ing. Traditional hypergraph contrastive learning methods typ-
ically leverage neighbor aggregation strategy to obtain en-
tity (node and hyperedge) representations within each con-
nected component, and then utilize contrastive losses (e.g.,
node- or hyperedge-level) to update the encoders. However,
since entities are usually focused equally on their respective
losses, large connected components with numerous entities
tend to provide a dominant contribution to the whole learn-
ing process, which inevitably hinders the effective learning
of entity representations within small connected compo-
nents. To address this issue, we propose a novel Connected-
Component-Aware Hypergraph Contrastive Learning method
(CCAHCL). Different from previous methods that only con-
struct node or hyperedge representations, our method addi-
tionally constructs the connected component representations,
and accordingly designs a hierarchical contrastive loss to
balance the model’s focus on different scales of connected
components. Specifically, we first use the traditional neigh-
bor aggregation strategy to aggregate and update entity (node
and hyperedge) representations. Then, these entity represen-
tations are further aggregated to generate the connected com-
ponent representations, where entity features are incorpo-
rated into connected components and their structural infor-
mation is propagated back to enrich their corresponding enti-
ties. Afterwards, we employ node-level and hyperedge-level
losses to learn the enriched entity representations, and fur-
ther propose a novel connected-component-level contrastive
loss to balance the model’s focus on all different connected
components, naturally alleviating the learning bias on large
connected components. Extensive experiments on various
datasets demonstrate that our proposed model achieves su-
perior performance against other state-of-the-art methods.

Code — https://github.com/zhuoliyun/CCAHCL

Introduction

Graphs have broad applications in various domains (Fu et al.
2025; Huang et al. 2025). However, in many complex sys-
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Figure 1: Neighbor aggregation strategy naturally incorpo-
rates the structural information of the connected components
into corresponding entity representations. Since entities are
usually focused equally on their respective losses, large con-
nected components with numerous entities tend to provide a
dominant contribution to the whole learning process.

tems and real-world applications, interactions between en-
tities often extend beyond pairwise relationships, forming
more complex higher-order relationships that graphs strug-
gle to capture effectively. As an extension of graphs, hyper-
graphs naturally overcome the limitation by modeling com-
plex higher-order relationships and emerge as a powerful
tool. Recently, hypergraphs have gained more attention in
various domains, including recommendation systems (Xia,
Huang, and Zhang 2022; Zhang et al. 2024), cross-modal
retrieval (Li et al. 2024), sociological analysis (Sun et al.
2023), and traffic flow prediction (Zhao et al. 2023).

Early studies on hypergraphs (Cai et al. 2022; Kim et al.
2024) mainly focused on exploring effective hypergraph en-
coders, such as HGNN (Feng et al. 2019), AllSet (Chien
et al. 2022), and UniGNN (Huang and Yang 2021). Most
of them adopted a two-stage neighbor aggregation strategy,
aggregating information from nodes to hyperedges and then
from hyperedges back to nodes. However, as most of these
methods are trained in a (semi-) supervised way, their re-
liance on labeled data easily overfits and is hard to gen-
eralize, naturally limiting the applications. Therefore, self-
supervised learning (Liu et al. 2023; Li, Jing, and Tong



2022) has gained widespread attention, and Hypergraph
Contrastive Learning (HCL) has emerged as a particularly
prominent area in this field. Most HCL methods first gen-
erate two augmented views and utilize the above aggrega-
tion strategy to encode these views. Then, the contrastive
losses such as node-level and hyperedge-level losses are em-
ployed to update the encoder by maximizing consistency be-
tween the two augmented views, thereby generating expres-
sive entity (node and hyperedge) representations. During the
learning process, these HCL methods typically leverage the
neighbor aggregation strategy to aggregate and update the
entity representations, naturally incorporating the structural
information of the connected components into their corre-
sponding entities, which is shown in Figure 1. However,
since these entities are usually focused equally on their re-
spective losses (e.g., node-level and hyperedge-level con-
trastive losses), large connected components with numer-
ous entities naturally provide a dominant contribution to
the whole learning process, which inevitably hinders the ef-
fective learning of entity representations within small con-
nected components, thereby generating less expressive en-
tity representations.

To address the issue, we propose a novel Connected-
Component-Aware Hypergraph Contrastive Learning frame-
work (CCAHCL). Different from previous HCL methods
that only construct the node or hyperedge representations,
our method additionally constructs the representations of
connected components, and accordingly designs a hierarchi-
cal contrastive loss to balance the model’s focus on different-
scale connected components. Specifically, on one hand, we
first use the traditional neighbor aggregation strategy to ag-
gregate and update entity representations. Then, these rep-
resentations are further aggregated to generate the represen-
tations of connected components, where entity features are
incorporated into the connected components and their struc-
tural information is propagated back to enrich their corre-
sponding hyperedge representations. Finally, these enriched
hyperedge representations are propagated back to nodes,
thereby obtaining more expressive representations at the
node, hyperedge, and connected component levels. On the
other hand, we employ the node-level and hyperedge-level
contrastive losses to effectively learn enriched entity rep-
resentations. Additionally, we introduce a novel connected
component-level contrastive loss to balance the model’s fo-
cus on all different connected components, naturally allevi-
ating the learning bias on the large connected components.
Extensive experiments on six widely used datasets demon-
strate the effectiveness of CCAHCL, which achieves excel-
lent performance compared with state-of-the-art methods.

* We propose a novel Connected-Component-Aware Hy-
pergraph Contrastive Learning framework (CCAHCL),
which balances the model’s focus on different scales of
connected components and further reduces the learning
bias on large connected components.

Different from previous methods that only construct node
or hyperedge representations, we additionally construct
connected component representations, and accordingly
design a hierarchical contrastive loss to effectively learn
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the entity representations as well as the structural infor-
mation within all connected components, thereby obtain-
ing more expressive entity representations.

Extensive experiments on multiple widely used hyper-
graph datasets demonstrate that our proposed model
achieves excellent performance for downstream tasks,
and outperforms the existing state-of-the-art methods.

Related Work
Hypergraph Neural Networks

Hypergraphs have gained significant attention recently due
to their ability to model higher-order relationships within
complex data. HGNN (Feng et al. 2019) first introduced the
concept of the hypergraph neural network, which employs
truncated Chebyshev polynomials to efficiently approximate
the hypergraph Laplacian, thereby extending convolutional
operations from graph to hypergraph. HyperGCN (Yadati
et al. 2019) utilized a mediated hypergraph Laplacian to
transform the hypergraph into an approximate graph struc-
ture for convolution, avoiding the complexity of clique ex-
pansion. HyperConv (Bai, Zhang, and Torr 2021) integrated
attention mechanisms with hypergraph convolution. Most of
the early works typically redefine hypergraph message ag-
gregation strategies based on the clique expansion, which
may cause structural distortion of hypergraphs. On the other
hand, some works explored directly leveraging the hyper-
graph structure for convolution, explicitly dividing mes-
sage passing into two stages: hyperedge aggregates features
from nodes, then propagates the information back to nodes.
UniGCN (Huang and Yang 2021) utilized this message pass-
ing mechanism and further proposed a unified framework
for both graphs and hypergraphs. AllSet (Chien et al. 2022)
further generated hypergraph neural network layers as com-
positions of two multiset functions. These works lay a solid
foundation for hypergraph contrastive learning.

Hypergraph Contrastive Learning

Early hypergraph representation learning methods are pri-
marily trained in a (semi-)supervised way. However, their re-
liance on labels often tends to limit their generalization abil-
ity in some cases. Therefore, hypergraph contrastive learn-
ing has gained widespread attention recently. H-GCL (Zhu
et al. 2023) augmented the views from both the graph and the
hypergraph, followed the HyperGCN’s encoding method,
and then introduced diffusion models to exchange informa-
tion between views. TriCL (Lee and Shin 2023) encoded the
hypergraph using the two-stage message passing, then up-
dated the model by node-level, hyperedge-level, and node-
hyperedge-level losses. CHGNN (Song et al. 2024) consid-
ered hyperedge homogeneity to fuse information effectively,
while MMACL (Lee and Chae 2024) mixed the pairwise re-
lationships from the graph and the higher-order relationships
from the hypergraph. CCL (Wu et al. 2024) proposed collab-
orative contrastive learning to incorporate the information
from graph into hypergraph, thereby obtaining expressive
representations. Most of these methods leverage a neigh-
bor aggregation strategy to obtain entity representations and
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Figure 2: Overview of our method. First, our model generates two semantically similar augmented views by randomly aug-
menting the multiple incidence matrices and node features from the hypergraph H. Then, we propose a Connected-Component-
Aware encoder to generate the node, hyperedge, and connected component representations P(), Q). and R™ in [-th layer.
After passing their representations into the projection heads, we integrate hyperedge information into node representations, and
further leverage node-level, hyperedge-level, and connected-component-level contrastive losses to update the model.

then utilize losses to update the encoders. However, since en-
tities are usually focused equally on their respective losses,
large connected components with numerous entities natu-
rally provide a dominant contribution to the whole learning
process, which inevitably hinders the effective learning of
entity representations within small connected components.

The Proposed Method

In this section, we comprehensively elaborate on our pro-
posed CCAHCL. As illustrated in Figure 2, we first aug-
ment the hypergraph to generate two augmented views. Sub-
sequently, these augmented views are encoded by our pro-
posed Connected-Component-Aware encoder, further ob-
taining the representations of nodes, hyperedges, and con-
nected components, respectively. Finally, we leverage a hier-
archical contrastive loss to update the model. The CCAHCL
is detailed in the following subsections.

Notation and Preliminaries

A general hypergraph is represented as H = (V, F,X),
where V' = {v1,v2,...,v)y} denotes the set of nodes, and
E = {e1,e2,...,¢ep|} denotes the set of hyperedges. Each
node v; € V is associated with a d-dimensional feature
vector x;, forming the node feature matrix X e RIVI*4,
Accordingly, we construct the connected components as
C = {ec1,c¢2,...,¢c|}. To adequately capture the intricate
relationships among the nodes, hyperedges, and connected
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components, we introduce three fundamental incidence ma-
trices along with their related degree matrices:

(1) Hyp € {0,1}VIXIEl s represented as the node-
hyperedge incidence matrix, where Hy g(i,j) = 1 if the
node v; belongs to the hyperedge e;. Then, we define two
diagonal matrices: the node degree matrix Dy € RIVI*IVI,
which represents the number of hyperedges incident to the
nodes and the hyperedge degree matrix Dz € RIFIXIEl jp-
dicates the number of nodes contained in the hyperedges.

(2) The hyperedge-connected-component incidence ma-
trix is Hgo € {0, 1}/FIXIC1 where Hpc(j, k) = 1if the
hyperedge e; belongs to the connected component c. Then,
we define the diagonal matrix D g € RICIXIC1 indicating
the number of hyperedges contained in each connected com-
ponent and the diagonal matrix Do € RIZIXIEI which
represents the number of connected components incident to
the hyperedges.

(3) The node-connected-component incidence matrix is
Hyc € {0,1}VIXICl where Hy (i, k) = 1 if the node v;
belongs to the connected component c;. We define a corre-
sponding diagonal matrix Dy € RICIXICl indicating the
number of nodes contained in each connected component.

Hypergraph Augmentation

We utilize H = (Hy g, Hy o, Hge, X) to represent the hy-
pergraph, and then leverage random masking for both the
node features and the incidence matrices to generate two



augmented hypergraphs. For node feature masking, we do
not generate masks for each node’s feature independently.
Instead, motivated by the previous research (Lee and Shin
2023), our model generates a shared feature mask using
the Bernoulli distribution and applies it to all nodes, which
has been shown to achieve excellent results. For the inci-
dence matrices Hy g, Hy ¢, and Hgc, we similarly em-
ploy the Bernoulli distribution to randomly mask their inter-
nal membership connections. Different from the node fea-
ture masking, where a shared mask is applied, we lever-
age the masking operation for each membership connec-
tion independently. Finally, the generated two augmented
hypergraphs H; = (Hy g1, Hye1, Hre1, X1) and He =
(Hy g, Hy oo, Hpeo, Xs2) are formed for the subsequent
hypergraph encoder.

Connected-Component-Aware Encoder

Traditional hypergraph encoders (Huang and Yang 2021)
typically follow the two-stage neighbor aggregation strat-
egy, aggregating information from the nodes to hyperedges
and then from the hyperedges back to nodes. However, al-
though the aggregation process naturally incorporates the
structural information of connected components into their
entities (node and hyperedge), these hypergraph encoders
tend to focus more on the structural information within the
large ones, which contain numerous entities, leading to in-
adequate perception and poorly learned structural informa-
tion in the small ones. To overcome the issue, we extend
the two-stage neighbor aggregation strategy by proposing
a connected-component-aware encoder, which additionally
constructs the connected component representations to cap-
ture the structural information within different scales of the
connected components, and further propagates the infor-
mation back to enrich their corresponding entities, thereby
obtaining more expressive entity representations within all
connected components. Specifically, the encoder receives
the augmented hypergraph H, (a=1, 2) as input, and the en-
coding process can be summarized as follows: (1) We obtain
the hyperedge representations Q' by aggregating informa-
tion from the node representations. (2) We further aggregate
the node and hyperedge representations to generate their cor-
responding representations of connected components R.. (3)
The structural information of connected components is prop-
agated back to the corresponding hyperedges, and then com-
bined with Q’ to obtain the final hyperedge representations
Q. (4) The information of the hyperedge representations is
propagated back to update the node representations P.

The first stage follows existing methods, aggregating the
node representations to generate Q’. For the [-th encoding
layer, the update process for the first stage is defined as:

Q" = (D' HYPCVOY +bY), ()

where @%) is a trainable weight and bg) is a trainable bias.
For the first layer (I=1), the input P(?) is the feature ma-
trix X, and o denotes the PReLU activation function. To

comprehensively capture the structural information within
connected components, we construct the representations of
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connected components by incorporating weighted informa-
tion from their constituent nodes and hyperedges. Therefore,
the second aggregation stage is defined as follows:

N !
R" = o((1 - a)DptHEQ O
197 pl-1)g® @ @
+ a.DycHy P Oy +be )7

where @g)c and @3)0 are the training weights, bg) is the
training bias and «. is the adaptive weight.

After obtaining the connected component representations,
we propagate their structural information back to associated
hyperedges, aiming to enrich these hyperedge representa-
tions and further enhance their expressiveness. Therefore,
the third stage of the encoding process is formulated as:

QY = wi Q" + wyo (Do pHERVOL, + b)) .
G)

where w; and w- are the weights. The @(cl*)E is the trainable

weight and b(clg is the trainable bias. Finally, the enriched
hyperedge representations infused with the structural infor-
mation of connected components are propagated back to the
nodes, and the last stage is defined as follows:
PO — o (Dy'Hy,QVOY +b), @)
where @3) is the trainable weight and bg) is the trainable
bias. Finally, our proposed connected-component-aware en-
coder generates the node, hyperedge, and connected com-
ponent representations P, Q) and R, respectively.
These representations are then passed to their correspond-

ing projection heads and subsequently used for our proposed
hierarchical contrastive loss.

Projection Head

It has been demonstrated that including a non-linear trans-
formation called projection heads which map representa-
tions into a latent space where contrastive loss is applied,
helps to improve the quality of representations (Chen et al.
2020; Lee and Shin 2023; Song et al. 2024). Therefore, in
this paper, we utilize the projection heads to map the P(!),
Q®, and R®, obtaining the node, hyperedge, and con-
nected component representations Zg, Z%, and Z2, respec-
tively, where a = 1, 2 for the two augmented views. All the
projection heads are implemented with a two-layer MLP and
ELU activation function.

Hierarchical Contrastive Loss

Existing hypergraph contrastive learning methods (Lee and
Shin 2023; Lee and Chae 2024) typically use node-level or
hyperedge-level loss to update the model, aiming to fully
capture the entity (node and hyperedge) information. How-
ever, since the entities are usually focused equally on their
respective losses, the large connected components with nu-
merous entities naturally provide a dominant contribution
to the whole learning process, inevitably hindering the ef-
fective learning of entity representations within the small



connected components. To address the challenge of learn-
ing bias within different scales of the connected compo-
nents, we design a hierarchical contrastive loss that contains
the node-level, hyperedge-level, and connected-component-
level losses, aiming to effectively learn the information of
these entities as well as the structural information within
each connected component, thereby obtaining more expres-
sive entity representations. These contrastive losses intro-
duced by our model are described below.

Node-level loss Many studies (Lee and Shin 2023; Song
et al. 2024) demonstrate that the node and hyperedge rep-
resentations Z, and Z. capture different but complemen-
tary feature information within the hypergraph. Therefore,
we design a node-level loss to simultaneously maximize
both intra-node consistency and node-hyperedge consis-
tency across the two augmented views, allowing the model
to learn the associations between nodes, and between nodes
and hyperedges. First, we leverage the corresponding hyper-
edge representations z., to enhance the node representations
Z,,, and the enhancement process is designed as follows:

ZZi = Bz, + (1 - Z Ze;,

ejviee;

)
l
where [ is a hyperparameter and di,( ;) is the degree of
v;. Then, we employ InfoNCE loss (Oord, Li, and Vinyals
2018) to construct our losses. For any node v;, its corre-
sponding enhanced representation z*1 from the first aug-
mented view is set as the anchor. Then we treat the repre-
sentation z*2 from the second augmented view as a positive
sample, Whlle the other enhanced representations from the
second view zy~ , where m # i as the negative samples.
Therefore, the 10$s for each positive node pair is defined as:
o520 250) /T
*1 )
|W‘L/\:1 es(z 12352 )/ To
where 7, is a temperature parameter and s(-) denotes the
cosine similarity function. In practice, we symmetrize this
loss by setting the node representation of the second view as
the anchor. Therefore, our node-level loss is defined as:

[V
L, 2|V| Z 7)) -
Hyperedge- level loss We further introduce a hyperedge-
level loss to maximize the consistency for hyperedges across
two augmented views, thereby promoting the model to cap-
ture more sufficient entity information. Similar to node-level
loss, for the two hyperedge representations zéj and zgm in
different views, we treat them as positive samples if m = j;
Otherwise, they are treated as negative samples. The loss for
each positive hyperedge pair is defined as:

s(zg ;22

*1 %2
v; Doy

ly(z ,Ty) = —log (6)

*1 *2

Zy, s 2y, s

7o) + bo(z2 2 7

)/Te

s(z1 z2

1 2
6J7Z6J7

—log

le(z ®)

Te) = B

Zrn 1€

where 7. is a temperature parameter, and our hyperedge-
level contrastive loss is defined as:
|E|

Le 2|E\Z( %

)/ e’

em

1
e

OEACREE ) PO

e > Te
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Connected-Component-level loss This loss is designed
to overcome the learning bias of structural information
on different-scale connected components and further ob-
tain more expressive entity representations. Specifically, we
leverage the connected-component-level loss to maximize
the consistency for connected components across two aug-
mented views, enabling the encoder to effectively capture
the structural information within each connected compo-

nent. For the two connected component representations Zik

and z% in different augmented views, we consider them as
positive samples if m = k; Otherwise, they are treated as
negative samples. In this process, the different scales of the
connected components are assigned equal weight, naturally
promoting the model to balance the focus on different-scale
connected components. Then, the loss for each positive con-
nected component pair is defined as follows:

1
sz}, 22,) /e

m)/Te’

e

cr
m=1

1 2

ckvzckv

le(z

(10)

TC) = —
)
s zC)C ,z2

>

where 7, is a temperature parameter and the final connected-
component-level loss is defined as:

ke 2\CIZ

The connected-component-level loss enables the model to
directly perceive and learn the structural information within
different scales of connected components during learning
the entity representations, naturally reducing the learning
bias of structural information within the large connected
components. Furthermore, after the structural information is
updated within each connected component, it is further prop-
agated back to the corresponding entity representations in
the subsequent encoding process, naturally obtaining more
expressive entity representations. Finally, we define the hi-
erarchical loss as the weighted sum of the above losses:

L=L,+ weLle+ weLe,

Ck7 Ck:’ )+€(ck7 ck? )) (11)

12)

where w, and w, are the weights of L. and L., respectively.

Experiments
Experimental Setup

Datasets We conduct the experiments on six widely used
datasets from three categories, including: (1) Co-citation
datasets [Cora-C, Citeseer, and Pubmed] (Sen et al. 2008).
(2) Co-authorship datasets [Cora-A] (Lee and Shin 2023)
and [DBLP] (Rossi and Ahmed 2015). (3) Computer vision
and graphics dataset [ModelNet40] (Wu et al. 2015).

Baselines We evaluate our proposed method CCAHCL
on two classical tasks (Node Classification and Cluster-
ing), and we compare its performance against the following
baselines: GCN (Kipf and Welling 2017), DGI (Velickovié
et al. 2019), HGNN (Feng et al. 2019), GRACE (Zhu
et al. 2020), UniGCN (Huang and Yang 2021), Hyper-
Conv (Bai, Zhang, and Torr 2021), AllSet (Chien et al.
2022), TriCL (Lee and Shin 2023), MMACL (Lee and Chae



Dataset Cora-C Citeseer Cora-A Pubmed DBLP ModelNet40 A.R.
GCN 771118 6607+24 73.66+13 82.63+0.6 87.58+0.2 91.67+0.2 9.5
DGI 7817 +14 6881 +18 7694+1.1 80.83+0.6 88.00+£0.2 92.18+0.2 73
HGNN 7750 £1.8 66.16 223 7438+1.2 83.52+0.7 8832403 9223+0.2 7.5
UniGCN 7791 +£19 6640+19 7730+14 84.08+0.7 90.31+0.2 94.62+0.2 5.5
GRACE 791117 6865+17 7659+1.0 80.08+0.7 89.03+04 90.68+0.3 7.6
HyperConv  76.19 £2.1 64.12+£26 7352+1.0 83424+0.6 88.83+0.2 91.84+0.1 9.0
AllSet 7621 +£17 6783+18 7694+13 82.85+0.9 90.07+03 96.85+0.2 6.3
TriCL 81.57+1.1 7202+12 821509 84264+06 91.124+0.1 97.08 £ 0.1 2.5
MMACL 81.02+ 1.1 7251+13 81.74+1.0 83.20+£0.5 OOM 9641 £0.2 4.2
CHGNN 8042 +12 7298 +14 8257+08 84.11+0.6 OOM 96.26 +£ 0.1 3.2
CCAHCL 835109 7384+1.1 84.06+1.0 84.86+0.6 91.40+0.1 97.63+L0.1 1.0

Table 1: Comparison results of node classification accuracy. For each dataset, the best and second-best performances are high-
lighted in bold and underlined, respectively. The A.R. column ranks the methods based on their average performance across all
six employed datasets. And the OOM denotes out of memory on a 24GB GPU.

Cora-C Citeseer

Cora-A

Pubmed DBLP ModelNet40

Method AR.
NMI F1 NMI FI NMI FlI NMI Fl NMI F1 NMI Fl
DGI 548 60.1 40.1 517 452 525 304 53.0 580 577 796 617 4.1
GRACE 444 456 333 457 379 433 167 419 53.6 498 794 599 6.1
HyperConv 43.3 450 41.1 50.6 364 387 287 525 548 540 910 902 53
TriCL 545 60.6 44.1 574 49.8 56.7 300 517 63.1 63.0 956 947 26
MMACL 549 586 454 56.5 494 501 264 502 OOM OOM 954 951 3.5
CHGNN 556 533 467 520 476 446 349 563 OOM OOM 875 796 35
CCAHCL 588 621 471 567 50.5 564 31.6 568 639 63.6 957 948 13

Table 2: The evaluation of the node representations learned by our proposed methods using K-means clustering. Larger NMI
and F1 indicate better performance, and A.R. denotes the average ranking.

2024), and CHGNN (Song et al. 2024). For graph represen-
tation learning methods, we convert hypergraph into graph
structure using clique expansion and then apply these meth-
ods for comparisons. The experiments are conducted on a
NVIDIA GeForce RTX 3090 GPU with 24GB of memory.

Performance on Node Classification

In this section, we utilize the node classification task to
evaluate the node representations learned by our proposed
model. For this task, we follow a standard linear evaluation
protocol (Velickovic et al. 2019): the encoder is first trained
in an unsupervised manner to obtain the node representa-
tions. Then, the trained model is frozen, and a linear classi-
fier is trained on these node representations. For all datasets,
we follow the 10%, 10%, and 80% splits for the training,
validation, and testing sets, respectively, and then report the
average results in 10 independent experiments. All the ex-
perimental results are shown in Table 1.

Table 1 reports that our proposed CCAHCL achieves ex-
cellent performance across the six widely used datasets.
Firstly, our proposed method significantly outperforms tradi-
tional graph representation learning methods (e.g., GCN and
DGI). These graph methods require the conversion of hy-
pergraphs into graph structures (e.g., via clique expansion),
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which may cause structural distortion of the hypergraphs,
thereby limiting the performance of these methods.

Furthermore, CCAHCL notably outperforms the existing
hypergraph representation learning methods from both the
unsupervised and the semi-supervised paradigms. For ex-
ample, compared with TriCL (Lee and Shin 2023), the best-
performing unsupervised method, we achieve significant im-
provements consistently (e.g., 1.94% on Cora-C, 1.82% on
Citeseer). Moreover, we also surpass the semi-supervised
approaches like CHGNN (Song et al. 2024) across most
datasets. These excellent performances show that our pro-
posed Connected-Component-Aware encoder and hierarchi-
cal loss enable the model to effectively learn the structural
information from different-scale connected components and
further generate more expressive representations.

Performance on Clustering

To better demonstrate the performance of our model, we as-
sess the quality of representations using the k-means cluster-
ing by operating it on the frozen node representation. Specif-
ically, we employ the local Lloyd algorithm and adopt the
evaluation metrics: Normalized Mutual Information (NMI)
and Pairwise F1 Score to quantify the consistency between
the clustering results and the true labels.



L, L. L. Cora-C Citeseer Cora-A Pubmed DBLP ModelNet40
N - - 8210+10 73254+1.1 837009 8420+09 91.274+0.1 9743+0.1
- v - 7932+19 70414+17 7746+£19 8293+0.7 8683+02 97.12+0.1
- - v 6440+30 6757+22 7556+2.1 8078+1.0 82.87+02 96.96+0.1
v v - 83.08+10 73.60+10 8391+08 84.73+0.8 91.35+0.1 97.57+0.1
v - v 8236+08 7372+1.1 83744+0.8 8435409 91.294+0.1 97.534+0.1
- v v 79974+20 7080+13 78.03+20 8295+07 87.71+0.1 97.13+0.1
v Vv v 8351+09 7384+11 84.06+1.0 84.86+0.6 91.40-+0.1 97.63+0.1

Table 3: The node classification accuracy across various datasets, evaluating different combinations of our proposed contrastive
losses: L, (node-level), L. (hyperedge-level), and L. (connected component-level).

(b) CCAHCLs visualization results.

Figure 3: Visualization of node classification on connected
components, and black nodes indicate the correctly classi-
fied nodes while red nodes indicate the misclassified nodes.
(a) presents that TriCL leads to considerable misclassified
nodes in small connected components. (b) shows that CC-
AHCL achieves excellent performance in small ones.

Table 2 presents the clustering performance of our model.
To ensure the robustness of the results, we conduct five in-
dependent experiments and report their average as the out-
comes. The results show that our model achieves superior
clustering performance in most datasets (e.g., 58.8 NMI and
62.1 F1 in Cora-C), surpassing existing baseline methods in
two metrics. Although CCAHCL does not achieve absolute
top pairwise F1 performance in some datasets, its scores re-
main highly competitive and close to the best.

Visualization Results on Connected Components

To visually demonstrate the effectiveness of CCAHCL in
addressing the issue of effectively learning entities in small
connected components, Figure 3 provides a comparative vi-
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sualization of the node classification performance on the
Cora-C dataset between our proposed method CCAHCL
and the classical hypergraph contrastive learning method
TriCL (Lee and Shin 2023). As illustrated in (a), TriCL ex-
hibits insufficient learning for the nodes within the small
connected components. This is evidenced by a number of
misclassified nodes in these connected components, show-
ing the limitations of traditional approaches when handling
the entity within small connected components. In contrast,
(b) reveals fewer misclassified nodes within the small con-
nected components, indicating that our method successfully
overcomes the learning bias and obtains more expressive
node representations within the small ones.

Ablation Study

To conduct a comprehensive study of CCAHCL, we per-
form ablation studies on our proposed three loss functions.
Table 3 presents that the £, alone establishes a strong per-
formance across datasets (e.g., 82.10% on Cora-C), both L.
and L. exhibit comparatively lower individual performance.
Moreover, we observe that integrating other losses within
L, consistently enhances the accuracy, and the joint appli-
cation of all three losses achieves the highest node classifi-
cation accuracy across all datasets (e.g., 83.51% on Cora-C,
73.84% on Citeseer). The node classification demonstrates
that our proposed hierarchical contrastive loss effectively
learn the entity (node and hyperedge) representations as well
as the structural information within all connected compo-
nents, thereby obtaining more expressive entity representa-
tions. indicates that the simultaneous application of these
three loss functions achieves the best performance.

Conclusion

In this paper, we propose a Connected-Component-Aware
Hypergraph Contrastive Learning method CCAHCL. Dif-
ferent from previous methods that only construct node or
hyperedge representations, our method additionally con-
structs the representations of connected components, and
accordingly designs a hierarchical contrastive loss to effec-
tively learn the entity representations as well as balance
the model’s focus on different scales of connected com-
ponents, naturally avoiding the learning bias on the large
connected components. Extensive experiments on various
datasets demonstrate that our proposed model achieves su-
perior performance against other state-of-the-art methods.
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