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Abstract

Contrastive learning (CL) has become a domi-
nant paradigm for self-supervised hypergraph
learning, enabling effective training without
costly labels. However, node entities in real-
world hypergraphs are often associated with
rich textual information, which has been largely
ignored in prior works. Directly applying exist-
ing CL-based methods to such text-attributed
hypergraphs (TAHGs) leads to three key limi-
tations: (1) The common use of graph-agnostic
text encoders fails to capture the correlations
between textual semantics and hypergraph
topology, resulting in less expressive represen-
tations. (2) Their reliance on random data aug-
mentations introduces noise and weakens the
contrastive signals. (3) The primary focus on
node- and hyperedge-level contrastive signals
limits the ability to capture long-range depen-
dencies, which is essential for effective rep-
resentation learning. To address these chal-
lenges, we introduce HiTeC, a two-stage hi-
erarchical contrastive learning framework for
effective self-supervised learning on TAHGs.
In the first stage, we pre-train the text encoder
with a structure-aware contrastive objective to
overcome the graph-agnostic nature of conven-
tional methods. In the second stage, we begin
by introducing semantic-aware augmentations,
including structure-contextualized text augmen-
tation and semantic-aware hyperedge dropping,
to facilitate informative view generation. Sub-
sequently, we propose a multi-scale contrastive
loss with an s-walk-based subgraph-level objec-
tive to capture long-range dependencies. Exten-
sive experiments on six real-world datasets val-
idate the effectiveness of our proposed method.

1 Introduction

Hypergraphs extend traditional graphs by allowing
each hyperedge to connect multiple nodes, offer-
ing a natural way to model multi-way relationships.

*Corresponding author.

Such higher-order structures are prevalent in com-
plex real-world systems, e.g., cortical co-activation
in brains (Yu et al., 2011), user-item interactions in
e-commerce platforms (Xia et al., 2022), and multi-
author collaborations in academic networks (Kim
et al., 2023). In these scenarios, nodes are often as-
sociated with rich textual attributes (e.g., product re-
views in user–item networks and paper abstracts in
co-authorship networks), which provide essential
semantic information for downstream applications.
While Hypergraph Neural Networks (HNNs) have
emerged as a powerful paradigm for hypergraph
learning (Chien et al., 2022b; Kim et al., 2024b),
effectively capturing high-order structural depen-
dencies, they primarily rely on numerical features
and task-specific labels. This reliance limits their
effectiveness in real-world applications, where la-
beled data is scarce, and node attributes are predom-
inantly textual. This motivates the development of
self-supervised learning (SSL) methods tailored to
text-attributed hypergraphs (TAHGs) (Bazaga et al.,
2024; Nakajima and Uno, 2025).

Recent advances in hypergraph self-supervised
learning (HSSL) primarily focus on the contrastive
paradigm, which maximizes agreement between
two augmented views derived from the original
hypergraph. HyperGCL (Wei et al., 2022) pio-
neers this direction with a learnable augmentation
strategy. TriCL (Lee and Shin, 2023) introduces
tri-directional contrastive objectives over node-,
hyperedge-, and membership-level relations in hy-
pergraphs. SE-HSSL (Li et al., 2024) further re-
designs a hierarchical membership-level objective,
achieving state-of-the-art (SOTA) performance. Be-
yond contrastive methods, generative approaches
have also gained initial attention. HypeBoy (Kim
et al., 2024a) proposes a hyperedge-filling pretext
task to learn expressive hypergraph representations.

Despite recent progress, current HSSL ap-
proaches still face significant limitations on hyper-
graphs with textual attributes: (1) They typically
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use shallow encoders (e.g., Bag-of-Words (Zhang
et al., 2010) and Skip-Gram (Mikolov et al., 2013))
or pre-trained language models (e.g., BERT (De-
vlin et al., 2019)) to convert raw text into numerical
features while ignoring hypergraph structure. This
graph-agnostic design overlooks the correlation be-
tween text and higher-order topology, leading to
suboptimal representations (Chien et al., 2022a).
(2) Current hypergraph contrastive learning (HCL)
methods often apply random augmentations to fea-
tures and structure, e.g., random masking of text
or hyperlinks. These perturbations may distort tex-
tual meaning and disrupt the alignment between
structure and semantic content, introducing noise
into the contrastive objective (Fang et al., 2024).
(3) Existing HCL methods mainly emphasize node-
and hyperedge-level signals, but struggle to cap-
ture long-range dependencies and richer topolog-
ical contexts that are crucial for expressive repre-
sentation learning (Zhang et al., 2024).

HyperBERT (Bazaga et al., 2024) takes an early
attempt at SSL on TAHGs by jointly training text
and hypergraph encoders through contrastive learn-
ing. However, its contrastive objective mainly re-
lies on 1-hop hyperedge relations, limiting its abil-
ity to capture multi-scale dependencies that have
proven beneficial for HSSL (Lee and Shin, 2023;
Li et al., 2024). Meanwhile, recent text-attributed
graph studies (Chien et al., 2022a; Fang et al., 2024;
Zhang et al., 2024) explore joint text–structure
modeling, but their extension to TAHGs remains
challenging due to insufficient modeling of higher-
order relations inherent to hypergraphs.

To address these issues, we propose HiTeC, a
hierarchical contrastive learning framework for ef-
fective SSL on TAHGs. HiTeC adopts a two-stage
framework that first injects higher-order topol-
ogy into text representations and then performs
semantic-aware hypergraph contrastive learning.
In the first stage, we pre-train a text encoder with a
structure-aware contrastive objective to align tex-
tual semantics with higher-order topology, produc-
ing topology-enhanced text representations. In the
second stage, we pre-train a hypergraph encoder
with semantic-aware augmentations and hierarchi-
cal contrastive objectives. Specifically, we intro-
duce structure-contextualized text augmentation
and semantic-aware hyperedge dropping to allevi-
ate perturbation noise. Based on the augmented
views, we further formulate node-, hyperedge-, and
subgraph-level contrastive objectives, where an s-
walk-based subgraph signal captures long-range

dependencies and richer structural contexts. Our
main contributions are as follows:

• We propose HiTeC, an effective two-stage con-
trastive learning framework for TAHGs that
addresses key limitations of existing HSSL
methods in modeling rich textual attributes
and complex hypergraph structure.

• We introduce a structure-aware contrastive ob-
jective for text encoder pretraining to integrate
textual content with hypergraph structure.

• We enhance the hypergraph encoder with
two semantic-aware augmentation strategies
and hierarchical contrastive objectives, where
structure-contextualized text augmentation
and semantic-aware hyperedge dropping are
used to reduce perturbation noise, and an s-
walk-based subgraph-level contrastive signal
captures long-range structural dependencies.

• Extensive experiments on six real-world
datasets demonstrate the effectiveness and
superiority of HiTeC over strong baselines
across multiple downstream tasks.

2 Preliminary

Notations. We define a text-attributed hypergraph
(TAHG) as H = {V, E , T }, where V = {vi}|V|i=1

denotes the set of nodes, and E = {ej}|E|j=1 de-
notes the set of hyperedges, where each hyper-
edge e ∈ E is a non-empty subset of nodes, and
|e| is the size of e. Each node vi is associated
with a textual sequence ti ∈ T , where T de-
notes the set of all text attributes. Each hyper-
edge ej is associated with a positive scalar weight
wj , and all weights formulate a diagonal matrix
W ∈ R|E|×|E|. The hypergraph structure can be
modeled as an incidence matrix H ∈ {0, 1}|V|×|E|,
where hij = 1 if node vi belongs to hyperedge
ej , and hij = 0 otherwise. We define the node
degree matrix Dv ∈ R|V|×|V|, where each entry is
d(vi) =

∑︁
ej∈E wj · hij . Similarly, the hyperedge

degree matrix is defined as De ∈ R|E|×|E|, where
each element δ(ej) =

∑︁
vi∈ej hij represents the

number of nodes connected by the hyperedge ej .
Hypergraph neural networks. HNNs have
emerged as effective tools for representation learn-
ing on hypergraphs (Feng et al., 2019; Bai et al.,
2021; Chien et al., 2022b). Most HNNs adopt a
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two-stage message passing mechanism that alter-
nates between node-to-hyperedge and hyperedge-
to-node aggregation. At each layer l, the embed-
ding of a hyperedge is updated based on its incident
nodes, while a node embedding is updated via its
associated hyperedges:

z(l)ej = f
(l)
V→E

(︂
z(l−1)
ej , {z(l−1)

vk
| vk ∈ ej}

)︂
,

z(l)vi = f
(l)
E→V

(︂
z(l−1)
vi , {z(l)ek

| vi ∈ ek}
)︂
,

(1)

where z
(l)
ej and z

(l)
vi denote the embeddings of hy-

peredge ej and node vi at layer l, respectively.
The functions f

(l)
V→E and f

(l)
E→V are permutation-

invariant aggregation functions that propagate mes-
sages between nodes and hyperedges. This itera-
tive process allows the model to capture complex
higher-order relations in the hypergraph structure.
Problem statement. Given a TAHG H =
{V, E , T }, the objective is to learn an optimal func-
tion Ψ : H → (ZV ,ZE) in an unsupervised man-
ner, mapping the hypergraph to low-dimensional
node and hyperedge embeddings. These representa-
tions may then be applied to downstream tasks such
as node classification and hyperedge prediction.

3 Methodology

In this section, we present HiTeC, a novel and ef-
fective SSL framework tailored for TAHGs. As
illustrated in Figure 1, HiTeC adopts a two-stage
paradigm. In the first stage, a text encoder fθ is pre-
trained with a structure-aware contrastive objective
to capture topology-enhanced text representations.
In the second stage, with fθ frozen, we pre-train
a hypergraph encoder gϕ to fully exploit the rich
semantic context of nodes through semantic-aware
augmentations and hierarchical contrastive objec-
tives at the node, hyperedge, and subgraph levels.

3.1 Structure-aware Text Encoder Pretraining

Text encoder. Our text encoder fθ is built upon
a pre-trained language model, followed by a two-
layer MLP projection head that maps the [CLS] rep-
resentation to a d-dimensional embedding. Given
a node vi with textual attribute ti, the resulting text
embedding xi ∈ Rd is computed as:

xi = fθ(ti). (2)

Structure-aware contrastive objective. In real-
world hypergraphs, nodes are often semantically
closer to their local neighbors than to distant ones.

To encode this structural prior, we treat the 1-hop
neighbors N (1)

vi of vi, i.e., nodes sharing at least one
hyperedge with vi, as positives, while the remain-
ing nodes V \N (1)

vi are treated as negatives. Posi-
tive and negative representations are constructed by
mean pooling the corresponding text embeddings:

x+i =
1

|N (1)
vi |

∑︂

vj∈N(1)
vi

xj ,

x−i =
1

|V \N (1)
vi |

∑︂

vj∈V\N(1)
vi

xj .

(3)

A triplet margin loss (Schroff et al., 2015) is
adopted to guide fθ in distinguishing positive sam-
ple x+i from negative sample x−i . For each anchor
xi, the loss is defined as:

ℓt(xi, x
+
i , x

−
i ) = max

(︁
cos(xi, x

−
i )

− cos(xi, x
+
i ) +m, 0

)︁
,

(4)

where cos(·) denotes cosine similarity, and m is
the margin hyperparameter. The final objective is:

Lt =
1

|V|
∑︂

vi∈V
ℓt(xi, x

+
i , x

−
i ). (5)

3.2 Semantic-aware Hypergraph Encoder
Pretraining

Existing HCL methods typically overlook node
textual semantics and rely on random augmen-
tation strategies, resulting in suboptimal perfor-
mance (Fang et al., 2024; Wu et al., 2024). More-
over, they struggle to model long-range depen-
dencies, limiting broader contextual understand-
ing (Zhang et al., 2024; Wu et al., 2024). To tackle
these issues, we propose a semantic-aware con-
trastive learning strategy to pre-train gϕ. As shown
in Figure 1, this stage comprises three components:
semantic-aware augmentation, hypergraph encod-
ing, and hierarchical contrastive objectives.
Semantic-aware augmentation. To eliminate the
impact of noise arising from random perturbation,
we introduce two semantic-aware augmentation
strategies: structure-contextualized text augmenta-
tion and semantic-aware hyperedge dropping.
Structure-contextualized text augmentation. As
perturbations applied directly to text embeddings
can easily distort semantic meaning, we instead
augment raw text with structure-aware contex-
tual information. Specifically, for each node
text attribute ti, we first construct a structure-
contextualized text view by concatenating three
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Stage 1: Structure-Aware Text Encoder Pretraining Downstream Tasks
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Figure 1: The overall framework of HiTeC.

contextual components with the original text:
t̃1,i = [[DK] || [GT] || [NC] || ti], where: (i) [DK]
denotes domain knowledge (e.g., academic or
e-commerce) shared across all nodes; (ii) [GT]
encodes global topological information for node
vi (e.g., node degree and local sparsity); and (iii)
[NC] represents neighbor context, constructed by
concatenating the raw texts of sampled neighbors
of vi. The second text view is the original text,
i.e., t̃2,i = ti. This simple yet effective strategy
generates semantically consistent but contextually
diverse text variants, which are encoded by the
shared encoder fθ into a unified embedding space,
denoted as X̃1 and X̃2, respectively. The full tem-
plate for constructing the structure-contextualized
text view is provided in Appendix A.

Semantic-aware hyperedge dropping. Effective
structure augmentation should consider both
textual semantics and topology. To achieve this,
we define a semantic cohesiveness score that
reflects both the structural grouping of nodes and
their semantic similarity, which is further used to
guide the drop probability of each node–hyperedge
incidence. Connections within more cohesive
hyperedges are more likely to be preserved, encour-
aging the retention of structurally and semantically
aligned patterns, while selectively pruning noisy or
weakly node–hyperedge connections.

Definition 1 (semantic cohesiveness score). Given
a TAHG H(V, E ,X), the semantic cohesiveness
score of a hyperedge e ∈ E is defined as the aver-
age pairwise similarity among its member nodes.
Let Xe ∈ R|e|×d denote the normalized feature
matrix for nodes in e. The semantic cohesiveness

score s(e) is then computed as:

s(e) =
1(︁|e|
2

)︁
|e|∑︂

i=1

|e|∑︂

j=i+1

Se(i, j), Se = XeX
⊤
e ,

where Se(i, j) denotes the similarity between the
i-th and j-th nodes in hyperedge e.

The drop probability of each incidence (vi, ej),
where vi ∈ ej , is then determined by s(ej):

pdrop(vi, ej) = 1− σ

(︃
s(ej)− 0.5

τdrop

)︃
, (6)

where σ(·) is the sigmoid function and τdrop is a
temperature hyperparameter. Higher cohesiveness
scores correspond to lower drop probabilities. In
implementation, we construct a binary masking
matrix M ∈ {0, 1}|V|×|E|, where entries mij ∼
B(1− pdrop(vi, ej)) are sampled from a Bernoulli
distribution. The perturbed matrix H̃ is:

H̃ = M⊙H, (7)

where ⊙ denotes element-wise multiplication. We
apply this semantic-aware hyperedge drop mech-
anism to both views, yielding two augmented hy-
pergraphs: H̃1 = (X̃1, H̃1) and H̃2 = (X̃2, H̃2).
This procedure complements text-level augmenta-
tion by introducing structural diversity while retain-
ing semantic consistency, enabling the hypergraph
encoder to learn more robust node representations.
Hypergraph encoder. We take the HGNN (Feng
et al., 2019) with the element-wise mean pooling
layer as our hypergraph encoder. At the l-th layer,
the hyperedge representation Z

(l)
E ∈ R|E|×d and the
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node representation Z
(l)
V ∈ R|V|×d are updated as:

Z
(l)
E = ρ

(︂
D−1

e H⊤Z(l−1)
V Θ

(l)
E + b(l)e

)︂
,

Z
(l)
V = ρ

(︂
D−1

v HWZ
(l)
E Θ

(l)
V + b(l)v

)︂
,

(8)

where ρ(·) is the PReLU activation function, Θ(l)
E

and Θ
(l)
V are trainable weight matrices, and b

(l)
e and

b
(l)
v are bias terms. W is initialized as an identity

matrix, assigning equal weights to all hyperedges.
Hierarchical contrastive objectives. Prior
works (Lee and Shin, 2023; Li et al., 2024) have
shown that multi-scale contrastive objectives are
beneficial for HSSL. To better capture structural
semantics at different granularities, we adopt a hi-
erarchical contrastive learning framework across
node, hyperedge, and subgraph levels. In particu-
lar, we introduce a novel subgraph-level objective
based on s-walk sampling to capture long-range de-
pendencies beyond local structures. All objectives
are optimized using the widely adopted contrastive
loss, InfoNCE (Oord et al., 2018).
Node-level objective. We first model the correla-
tion of nodes across two augmented views. Given a
node vi ∈ V , let z1,vi and z2,vi denote its node em-
beddings derived from two augmented hypergraphs.
By fixing z1,vi as anchor, we treat(z1,vi , z2,vi) as
a positive pair, and all z2,vk for k ̸= i as negative
samples. The loss of anchor z1,vi is:

ℓn(z1,vi , z2,vi) = − log
ecos(z1,vi ,z2,vi )/τn

∑︁|V|
k=1 e

cos(z1,vi ,z2,vk )/τn
,

(9)
where τn is the temperature coefficient. In prac-
tice, we further symmetrize the contrastive loss by
using the second view’s embedding as the anchor,
yielding the final node-level contrastive objective:

Ln =
1

2|V|

|V|∑︂

i=1

[ℓn(z1,vi , z2,vi) + ℓn(z2,vi , z1,vi)] .

(10)
Hyperedge-level objective. To consider group-
level knowledge, we integrate hyperedge-level con-
trastive signal during optimization. Given a hyper-
edge ej ∈ E , let z1,ej and z2,ej be its hyperedge
representations from the two augmented views.
Similar to the node-level objective, the contrastive
loss with z1,ej as anchor is formulated as:

ℓe(z1,ej , z2,ej ) = − log
ecos(z1,ej ,z2,ej )/τe

∑︁|E|
k=1 e

cos(z1,ej ,z2,ek )/τe
,

(11)

transition nodes

sampling

 visited hyperedges

Figure 2: An example of the s-walk-based subgraph
sampling process. Given the center node vc, we per-
form an s-walk with s = 2 and l = 3 on H. The
resulting hyperedge traversal sequence is [e1, e3, e4],
and the sampled subgraph is denoted as Hsc .

where τe is the temperature coefficient. By sym-
metrizing the contrastive loss, the final hyperedge-
level objective can be written as:

Le =
1

2|E|

|E|∑︂

j=1

[︁
ℓe(z1,ej , z2,ej ) + ℓe(z2,ej , z1,ej )

]︁
.

(12)
Subgraph-level objective. While node- and
hyperedge-level objectives effectively capture
local structural signals, they remain insufficient for
modeling long-range dependencies in hypergraphs.
We therefore introduce a subgraph-level objective
based on an s-walk sampling strategy. Unlike
random walks, an s-walk defines a high-order
traversal sequence in hypergraphs, where s
controls the overlap strength between consecutive
hyperedges, enabling the extraction of cohesive
and semantically meaningful substructures unique
to hypergraphs (Aksoy et al., 2020; Preti et al.,
2024). We next formally define s-walk and
describe our subgraph sampling method in detail.

Definition 2 (s-walk). Given s ∈ N+, an s-walk
of length l is defined as an ordered sequence of
hyperedges [e1, . . . , el], where every consecutive
pair of hyperedges shares at least s common nodes,
i.e., |ej ∩ ej+1| ≥ s for all j ∈ [1, l − 1].

As illustrated in Figure 2, an s-walk-based sub-
graph Hsc = (Vsc , Esc) is constructed from a cen-
ter node vc via iterative s-walk sampling. We first
randomly select a hyperedge e1 containing vc. At
each step, we identify hyperedges sharing at least
s nodes with the current hyperedge ej , randomly
sample one as ej+1, and then randomly choose a
node from ej+1 as the transition node. The pro-
cess stops when the traversal length reaches l. The
sampled subgraph consists of the visited hyper-
edges Esc = {ej}lj=1 and their associated nodes
Vsc =

⋃︁l
j=1 ej . Each sampled subgraph Hsc is en-

27161



Dataset |V| |E| Avg.|e| # Avg.tokens # Class

Citeseer 1,778 2,118 2.4 198 6
Cora 2,708 1,579 3 189 7

History 41,551 169,454 9 300 12
Photo 48,362 212,247 11 189 12

Computers 87,229 277,539 9 115 10
Fitness 173,055 1,468,229 11 28 13

Table 1: Statistics of datasets.

coded by the shared hypergraph encoder gϕ(·), and
its representation is obtained through mean pooling
Pmean over the corresponding node embeddings:

zsc = Pmean(gϕ(Hsc)) . (13)

However, constructing and encoding subgraphs
for all nodes incurs a high computational cost. To
mitigate this, we follow prior findings suggesting
that high-degree nodes tend to carry richer contex-
tual information (Fang et al., 2025). Specifically,
we select a representative node subset Vr ⊆ V by
ranking node degrees and retaining the top r%. As
validated in our experiments, this strategy main-
tains competitive performance even with a signif-
icantly reduced number of subgraphs. For each
anchor node vm ∈ Vr, we obtain subgraph rep-
resentations z1,sm and z2,sm from two augmented
views. Similar to the former contrastive signals, the
subgraph-level loss with anchor z1,sm is defined as:

ℓs(z1,sm , z2,sm) = − log
ecos(z1,sm ,z2,sm )/τs

∑︁|Vr|
k=1 e

cos(z1,sm ,z2,sk )/τs
,

(14)
where τs is a temperature coefficient. The final
symmetric loss across all anchors is:

Ls =
1

2|Vr|

|Vr|∑︂

m=1

[ℓs(z1,sm , z2,sm) + ℓs(z2,sm , z1,sm)] .

(15)
Overall objective. Combining Eq. (10), (12), and
(15), the overall contrastive loss is defined as:

L = Ln + λeLe + λsLs, (16)

where λe and λs are balancing weights. A detailed
complexity analysis is provided in Appendix B.

4 Experiments

4.1 Experimental Setup

As no public TAHG datasets are available, we col-
lect and construct six text-attributed hypergraph
datasets spanning two domains: academic co-
citation networks and E-commerce platforms.

Co-citation hypergraphs. We construct two aca-
demic hypergraphs, Citeseer (Giles et al., 1998)
and Cora (Sen et al., 2008), from standard citation
networks, where each node represents a scientific
publication. Node textual attributes, including titles
and abstracts, are adopted from prior works (He
et al., 2024; Wang et al., 2024). To capture high-
order relations, we define each hyperedge as the set
of papers co-citing the same reference.

E-commerce hypergraphs. We further construct
four e-commerce hypergraphs from the Amazon
product network (Ni et al., 2019): Book-History,
Ele-Photo, Ele-Computers, and Sports-Fitness.
Each node represents a product, while edges re-
flect frequent co-purchase or co-browsing behavior.
Node textual attributes are adopted from (Yan et al.,
2023). Specifically, Book-History uses book titles
and descriptions; Ele-Computers and Ele-Photo use
high-rated reviews and product summaries; Sports-
Fitness only uses product titles. To induce high-
order structures, we adopt a max-clique-based re-
construction strategy (Bron and Kerbosch, 1973;
Wang and Kleinberg, 2024), where hyperedges are
formed from maximal cliques in the original graph.

Baselines. We compare HiTeC with eight represen-
tative SSL baselines: (1) three graph-based meth-
ods (GraphCL (You et al., 2020), BGRL (Thakoor
et al., 2022), and GraphMAE (Hou et al., 2022));
(2) four hypergraph-based methods (TriCL (Lee
and Shin, 2023), SE-HSSL (Li et al., 2024), Hy-
peBoy (Kim et al., 2024a), and VilLain (Lee et al.,
2024)); and (3) one TAHG-based method, Hyper-
BERT (Bazaga et al., 2024). Since graph- and
hypergraph-based methods cannot process raw text
directly, we extract node features using differ-
ent text encoders. Specifically, both graph- and
hypergraph-based methods use shallow encoders
(SE), i.e., Skip-Gram (Mikolov et al., 2013). Graph-
based methods additionally use GIANT (Chien
et al., 2022a), a self-supervised encoder for text-
attributed graphs (TAGs), while hypergraph-based
methods use pretrained language models, includ-
ing BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019). Detailed descriptions of the baselines
are provided in Appendix C.1.

Evaluation protocol. We evaluate our approach
on two hypergraph benchmark tasks: node classifi-
cation and hyperedge prediction. After pretraining
with HiTeC, we adopt the linear evaluation proto-
col (Lee and Shin, 2023; Li et al., 2024; Kim et al.,
2024a), where the learned node embeddings are
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Method Citeseer Cora History Photo Computers Fitness
G

ra
ph

SS
L GraphCL + SE 59.63 ± 1.58 56.69 ± 1.99 62.86 ± 0.22 42.61 ± 0.21 34.45 ± 0.38 52.11 ± 0.43

GraphCL + GIANT 57.58 ± 1.90 55.64 ± 1.50 62.08 ± 0.24 42.74 ± 0.22 34.65 ± 0.23 52.04 ± 0.34
BGRL + SE 60.81 ± 1.45 59.72 ± 1.32 65.74 ± 0.30 44.60 ± 0.30 39.40 ± 0.46 55.66 ± 0.33
BGRL + GIANT 58.68 ± 1.92 57.44 ± 1.39 63.99 ± 0.35 43.65 ± 0.25 37.00 ± 0.37 55.05 ± 0.25
GraphMAE + SE 46.42 ± 2.75 50.33 ± 0.47 52.90 ± 9.01 41.52 ± 0.08 25.61 ± 0.11 40.65 ± 0.37
GraphMAE + GIANT 50.11 ± 1.74 53.59 ± 1.07 56.20 ± 0.12 41.54 ± 0.06 25.57 ± 0.12 42.04 ± 0.04

H
SS

L

TriCL + SE 60.78 ± 1.00 58.79 ± 1.30 69.28 ± 0.32 47.11 ± 0.44 43.43 ± 0.66 45.46 ± 0.21
TriCL + BERT 64.50 ± 1.08 62.67 ± 1.13 75.01 ± 0.22 51.25 ± 0.62 46.60 ± 0.90 48.97 ± 0.63
TriCL + RoBERTa 64.48 ± 0.95 60.74 ± 1.01 70.62 ± 0.81 48.42 ± 0.67 43.82 ± 1.11 47.49 ± 0.60
SE-HSSL + SE 57.04 ± 3.31 59.87 ± 1.83 68.59 ± 0.74 43.75 ± 2.01 36.53 ± 2.32 54.67 ± 2.00
SE-HSSL + BERT 65.83 ± 1.21 64.30 ± 0.89 74.88 ± 0.42 51.80 ± 0.63 41.63 ± 2.21 56.92 ± 1.44
SE-HSSL + RoBERTa 65.04 ± 1.04 62.76 ± 1.15 72.13 ± 1.07 49.41 ± 2.62 40.86 ± 3.99 54.79 ± 0.64
HypeBoy + SE 59.98 ± 2.45 29.87 ± 0.62 OOM OOM OOM OOM
HypeBoy + BERT 61.98 ± 1.70 32.73 ± 1.71 OOM OOM OOM OOM
HypeBoy + RoBERTa 50.41 ± 2.88 30.84 ± 0.95 OOM OOM OOM OOM
VilLain (w/o feat.) 42.22 ± 1.72 53.72 ± 1.00 40.99 ± 3.06 33.94 ± 1.39 20.99 ± 0.91 42.04 ± 0.04
HyperBERT 58.25 ± 3.04 47.03 ± 0.77 62.12 ± 0.19 41.46 ± 0.14 26.79 ± 0.20 OOM

HiTeC 68.69 ± 0.97 74.07 ± 0.88 79.81 ± 0.16 59.64 ± 0.16 55.81 ± 0.12 67.18 ± 0.19

Table 2: Evaluation results on node classification task(% mean ± std). The best and second-best results are
highlighted in bold and underline, respectively. “w/o feat.” denotes methods without node features. OOM indicates
that the method runs out of memory on a single 80 GB GPU.

frozen and used as input features for downstream
classifiers. For node classification, we train a lo-
gistic regression classifier with a 10%/10%/80%
train/validation/test split. For hyperedge predic-
tion, following (Kim et al., 2024a), we sample an
equal number of negative hyperedges to match the
ground-truth positives and split the data using a
60%/20%/20% ratio, after which a two-layer MLP
classifier is trained for prediction. For each dataset,
we report the average test accuracy and standard
deviation over 20 random data splits, each evalu-
ated with 5 different random initializations. Full
evaluation details are provided in Appendix C.2.

Implementation details. For HiTeC, we adopt
BERT-Base (Devlin et al., 2019) as the default
text encoder and apply LoRA (Hu et al., 2022)
for parameter-efficient fine-tuning. We further eval-
uate other text encoder backbones in Appendix D.2.
We tune the s-walk length l and overlap size
s in {1, 2, 3, 4, 5, 10}, the sampling ratio r in
{10, 20, 30, 40, 50}, and λe and λs in {1, 2, 3, 4}.
Additional implementation details are shown in
Appendix C.3, and the code is available at https:
//github.com/Matilda0224/HiTeC.

4.2 Main Results

In this section, we evaluate our approach on two
representative hypergraph tasks: node classification
and hyperedge prediction (see Appendix D.1).

Node classification evaluation. Table 2 presents
the node classification results, revealing two key
observations: (1) Graph-based SSL methods con-

sistently underperform HSSL methods due to the
loss of high-order relations caused by clique expan-
sion. Even the TAG encoder GIANT, which jointly
encodes text and pairwise structure, remains insuf-
ficient for modeling higher-order structures, high-
lighting the need for dedicated SSL methods for
TAHGs. (2) HiTeC achieves the best overall perfor-
mance across all datasets. Methods that neglect rich
node features (e.g., VilLain) achieve limited per-
formance, highlighting the importance of textual
semantics in TAHG learning. HCL methods (e.g.,
TriCL and SE-HSSL) rely on structure-driven con-
trastive signals without semantic-aware augmenta-
tion, resulting in suboptimal performance. While
HyperBERT jointly models textual and hypergraph
information, it lacks multi-scale structural and se-
mantic contrastive signals. In contrast, HiTeC con-
sistently outperforms all baselines, surpassing the
second-best method by 9.77% and 10.26% on Cora
and Fitness, respectively. These improvements are
mainly attributed to semantic-aware augmentations,
which reduce perturbation noise, and the s-walk-
based subgraph signals, which capture more infor-
mative high-order dependencies.

4.3 Ablation Study

In this section, we conduct ablation studies on:
(1) key components of HiTeC, (2) structure-
contextualized text view components, and (3) the
complementary contributions of the two stages.

Impact of key components. We evaluate the con-
tribution of key components in HiTeC. As shown
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Figure 3: Ablation study. (a) Key component abla-
tion: “w/o pre” removes structure-aware text encoder
pre-training; “w/o shd” replaces semantic-aware hyper-
edge dropping with random drop; “w/o sct” removes the
structure-contextualized text view; and “w/o s” removes
the subgraph-level objective. (b) Text view ablation:
“w/o DK”, “w/o GT”, and “w/o NC” remove domain
knowledge, global topology, and neighbor context from
the structure-contextualized text view, respectively.

Table 3: Node classification performance with shared
topology-enhanced representations.

Method Cora Photo Computers Fitness

TriCL 66.17 ± 1.25 57.55 ± 1.06 48.20 ± 1.87 58.86 ± 0.48
SE-HSSL 66.30 ± 0.23 57.80 ± 1.13 47.63 ± 1.12 59.12 ± 0.34

HiTeC 74.07 ± 0.88 59.64 ± 0.16 55.81 ± 0.12 67.18 ± 0.19

in Figure 3(a), removing any module noticeably de-
grades performance. The most significant drop is
observed when removing text encoder pre-training
(“w/o pre”), resulting in a decrease of 13.41% on
Fitness, highlighting the effectiveness of injecting
topological information into the text encoder. The
subgraph-level objective also plays a critical role:
removing it (“w/o s”) causes a decrease of 7.14%
on Photo, demonstrating the benefit of modeling
long-range dependencies inherent in TAHGs.

Impact of structure-contextualized text view
components. We further evaluate the effective-
ness of different components in the structure-
contextualized text view in Figure 3(b). Overall,
the complete view consistently outperforms all al-
ternative variants. Specifically, removing neigh-
bor context (“w/o NC”) and global topology (“w/o
GT”) leads to pronounced performance degrada-
tion, underscoring the importance of incorporating
meaningful structural signals into the original text.

Controlled comparison with shared representa-
tions. To further disentangle the contributions of
the two stages, we additionally equip the strongest
HSSL baselines, TriCL and SE-HSSL, with the
same topology-enhanced representations produced
by Stage 1. As shown in Table 3, HiTeC con-
sistently achieves the best performance across all
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Figure 4: Sensitivity analysis of overlap size s. Avg|E|
indicates the average number of sampled hyperedges.
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Figure 5: Training time and accuracy under different
sampling ratios r. ∆t indicates the relative speedup.

datasets, demonstrating that the improvements can-
not be attributed solely to the proposed Stage-1 rep-
resentation learning. Instead, they result from the
complementary design of the two-stage framework,
where semantic-aware hypergraph augmentation
and hierarchical contrastive learning further exploit
semantic and higher-order structural information.

4.4 Parameter Sensitivity Analysis

We investigate the impact of three key hyperparam-
eters: the overlap size s, the subgraph sampling
ratio r, and the walk length l.
Overlap size s. Figure 4 illustrates how model per-
formance varies with different s while fixing l = 4.
Model accuracy first improves and then degrades as
s increases, reflecting a trade-off between structural
coherence and exploration range. Moderate over-
lap constraints (e.g., s = 3) encourage cohesive
subgraphs while preserving contextual diversity,
leading to the best performance in most cases. In
contrast, s = 1 reduces to a vanilla random walk
with weak structural correlation, while overly large
overlap constraints (e.g., s = 10) greatly restrict
candidate hyperedges, reducing contextual diver-
sity and impairing performance.
Subgraph sampling ratio r. We analyze the effect
of r ∈ {10, 20, 30, 40, 50} on Cora and Computers
with s = 3 and l = 4. As shown in Figure 5, model
performance quickly improves and then plateaus
as r increases, while training time grows substan-
tially. On both datasets, r = 30 achieves accuracy
comparable to r = 50 with 2.2× and 1.6× training
speedups, respectively. These results suggest that
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Figure 7: Comparison of training time among HiTeC,
SE-HSSL, and TriCL.

sampling a small set of structurally central nodes is
sufficient for subgraph-level learning. We therefore
adopt r = 30 in the main experiments. Results on
additional datasets are provided in Appendix D.3.
Walk length l. To investigate the effect of walk
length on HiTeC, we report the results under dif-
ferent l ∈ {1, 2, 3, 4, 5, 10} while fixing s = 3.
As shown in Figure 6, model performance gener-
ally first improves and then degrades as l increases.
This suggests that moderate walk lengths help cap-
ture richer high-order structural dependencies by
exploring broader hypergraph contexts. In contrast,
short walks (e.g., l = 1) provide limited structural
context, while excessively long walks (e.g., l = 10)
may introduce noisy or weakly related hyperedges,
both leading to suboptimal performance. Overall,
l = 4 achieves a favorable balance between struc-
tural exploration and semantic consistency.

4.5 Efficiency Evaluation

We evaluate training time to assess the efficiency of
HiTeC, and compare it with TriCL and SE-HSSL,
two representative hypergraph-based baselines. For
better visualization, we take the logarithm of train-
ing time when plotting. As shown in Table 7,
HiTeC achieves training time comparable to SE-
HSSL, while being at least 3× faster than TriCL
on large-scale datasets (e.g., Fitness). This effi-
ciency gain mainly stems from two factors: (1)
the subgraph-level contrastive objective operates
on only a small subset of sampled subgraphs (see
Appendix D.3), and (2) the preprocessing steps are
executed once and reused across multiple training
runs. Overall, HiTeC strikes a favorable trade-off
between training efficiency and accuracy.

5 Related Work

Our work is closely related to self-supervised learn-
ing on hypergraphs and representation learning on
text-attributed graphs (see Appendix E.1).

5.1 Self-supervised Learning on Hypergraphs
Hypergraphs have been widely used to model com-
plex higher-order interactions across various real-
world applications (Yang et al., 2023; Luo et al.,
2024; Zhang et al., 2025; Xie et al., 2026; Li et al.,
2026c; Zai et al., 2026b,a). Accordingly, learn-
ing effective hypergraph representations has at-
tracted increasing attention, with SSL emerging as
a promising paradigm without requiring expensive
labels. Most existing HSSL methods are based on
contrastive learning. HyperGCL (Wei et al., 2022)
introduces a learnable augmentation strategy, while
TriCL (Lee and Shin, 2023) and SE-HSSL (Li et al.,
2024) design hierarchical contrastive objectives
across multiple granularities. Beyond contrastive
methods, generative SSL has also been explored,
with HypeBoy (Kim et al., 2024a) proposing a
hyperedge-filling task. Other efforts explore al-
ternative settings, such as feature-absent scenarios
in VilLain (Lee et al., 2024). While effective for
modeling hypergraphs, these methods largely over-
look the rich textual semantics in TAHGs, resulting
in suboptimal performance. HyperBERT (Bazaga
et al., 2024) pioneers SSL on TAHGs by jointly op-
timizing text and hypergraph encoders through con-
trastive learning. However, its contrastive signals
are limited to 1-hop hyperedge relations, restricting
the modeling of long-range dependencies.

6 Conclusion

We propose HiTeC, an effective contrastive learn-
ing framework tailored for TAHGs. HiTeC adopts
a two-stage decoupled paradigm. In the first stage,
a text encoder is pre-trained with a structure-aware
contrastive objective to alleviate the graph-agnostic
nature of conventional text encoders. In the second
stage, two semantic-aware augmentation strategies
on both text and topology levels are introduced
to generate more informative hypergraph views.
Furthermore, we design a hierarchical contrastive
objective, where a novel s-walk-based subgraph-
level contrast captures long-range structural depen-
dencies beyond node- and hyperedge-level scopes.
Extensive experiments on six real-world datasets
and multiple downstream tasks demonstrate the
superior effectiveness and robustness of HiTeC.
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Limitations

This work has two main limitations: (1) The con-
struction of the structure-contextualized text view
relies on a handcrafted template. Although the
proposed template demonstrates strong empirical
effectiveness across multiple datasets, its optimal
form may vary across different domains and tasks.
Future work may explore more adaptive text-level
augmentation, potentially leveraging the semantic
understanding and generation capabilities of LLMs
to construct structure-aware textual views (Fang
et al., 2024). (2) The structure-aware pre-training
stage introduces additional training overhead com-
pared with conventional HCL methods. Never-
theless, HiTeC remains more efficient than prior
TAHG methods such as HyperBERT due to its de-
coupled training paradigm (see Section 4.5).
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Appendix

A Additional Template Details

As shown in Table 4, the structure-contextualized
view follows a fixed template that concatenates
contextual components into a single sequence:
t̃1,i = [[DK] || [GT] || [NC] || ti]. All components
are deterministically constructed from the hyper-
graph structure and node attributes, without exter-
nal knowledge. The number of neighboring nodes

in [NC] is limited to 10 to control sequence length
and ensure stable training. This design enriches
structural and semantic context while preserving
semantic consistency.

B Complexity Analysis

We analyze the computational complexity of the
forward phase of HiTeC during training.
Text encoder pretraining. Let lp de-
note the number of layers in the PLM, L̄
the average token length, and d the hid-
den dimension. The PLM encoding costs
O
(︁
lp|V|(L̄d2 + L̄2d)

)︁
. The triplet margin ob-

jective costs O(|V| d). Therefore, the overall
complexity is O

(︁
lp|V|(L̄d2 + L̄2d) + |V|d

)︁
.

Hypergraph encoder pretraining. Let lh be the
number of HNN layers and δe the average hy-
peredge size. The hypergraph propagation costs
O
(︁
lh(|E|δed+ |V|d2)

)︁
. For contrastive learning

with m sampled negatives (a constant), the node-
, hyperedge-, and subgraph-level objectives incur
costs of O(m|V|d), O(m|E|d), and O(mKd), re-
spectively, where K denotes the number of sam-
pled subgraphs. Thus, the total complexity is
O(lh(|E|δed+ |V|d2) +m(|V|+ |E|+K)d).

C Additional Experimental Setup

C.1 Baselines

We compare our method against eight representa-
tive self-supervised learning (SSL) baselines, cov-
ering graph-based, hypergraph-based, and text-
attributed hypergraph (TAHG)-based paradigms.
Graph-based SSL. In this work, we adopt three
widely used graph-based SSL frameworks: two
contrastive learning methods, GraphCL (You et al.,
2020) and BGRL (Thakoor et al., 2022), and one
generative method, GraphMAE (Hou et al., 2022).
To adapt these methods to hypergraphs, we apply
clique expansion following the protocol in (Lee
and Shin, 2023). For textual feature extraction,
we employ shallow encoders (SE) implemented
via Skip-Gram (Mikolov et al., 2013), as well as
GIANT (Chien et al., 2022a), a graph-agnostic text
encoder designed for raw textual attributes.
Hypergraph-based SSL. We consider four state-
of-the-art self-supervised learning methods specif-
ically designed for hypergraphs. These include
two contrastive approaches, TriCL (Lee and Shin,
2023) and SE-HSSL (Li et al., 2024); one gener-
ative framework, HypeBoy (Kim et al., 2024a);
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Component Description Template

[DK] Domain Knowl-
edge

You are in an Academic / E-commerce / . . . hypergraph. Each node represents a
Paper / Product / . . . , and hyperedges capture Co-citation / Co-purchasing / . . .

relationships among groups of nodes.

[GT] Global Topology
Your node degree is value , indicating a Sparse / Dense connectivity pattern.

You participate in the following hyperedges: Hyperedge IDs .

t Raw Text Your title is Title . Your abstract or description is Abstract / Description .

[NC] Neighbor Context
Below are brief descriptions of your neighboring nodes. For neighbor 1, the title is:
Neighbor 1 Title and the abstract or description is

: Neighbor 1 Abstract / Description . For neighbor 2 . . .

Table 4: Structure-contextualized text view template.

and VilLain (Lee et al., 2024), which is tailored
for feature-absent hypergraph settings. For a fair
comparison, all methods adopt the same shallow
encoder (SE). In addition, we further evaluate these
baselines by replacing the SE with two pre-trained
language models, BERT-Base (Devlin et al., 2019)
and RoBERTa-Base (Liu et al., 2019).
TAHG-based SSL. We further include Hyper-
BERT (Bazaga et al., 2024), to the best of our
knowledge, the only existing SSL method specifi-
cally designed for text-attributed hypergraphs. Hy-
perBERT jointly models textual semantics and hy-
pergraph structure using a Transformer-based archi-
tecture, in which hypergraph-aware layers are intro-
duced to integrate structural signals with text repre-
sentations. However, this joint modeling paradigm
incurs substantial computational and memory over-
head, limiting its scalability to large hypergraphs,
as validated in our experiments.

C.2 Evaluation Protocol

We evaluate our method on two standard hyper-
graph learning tasks: node classification and hyper-
edge prediction. After pretraining with HiTeC, we
adopt a linear evaluation protocol (Lee and Shin,
2023; Li et al., 2024; Kim et al., 2024a), where the
pretrained node embeddings are frozen and used as
input features for downstream classifiers.
Node classification. Following (Lee and Shin,
2023; Li et al., 2024), we randomly split each
dataset into 10%/10%/80% for training, valida-
tion, and testing. Then, a simple linear classifier is
trained on top of the fixed node embeddings using
ℓ2-regularized logistic regression. We report the av-
erage test accuracy and standard deviation over 20
random splits, each with 5 different initializations.
Hyperedge prediction. Following (Kim et al.,

2024a), we need to generate negative hyperedge
samples to evaluate a model on the hyperedge pre-
diction task. In our experiments, we adopt Clique
Negative Sampling (CNS) (Yu et al., 2025a), a
widely used strategy for constructing negative hy-
peredge samples. Specifically, for a given hyper-
edge e, we replace a node u ∈ e with a node v /∈ e
such that v is connected to all other nodes in e,
i.e., (e \ {u}) ∪ {v}. Then, a two-layer MLP is
trained on the fixed node embeddings using the
60%/20%/20% data split. Same as the node clas-
sification task, we report the average test accuracy
and standard deviation over 20 random splits, each
with 5 initializations.

C.3 Implementation Details

All experiments are conducted on a single NVIDIA
A800 PCIe GPU with 80GB of memory. For all
baselines, we adopt their official implementations
with default settings. For HiTeC, we adopt BERT-
Base (Devlin et al., 2019) as the default text en-
coder and apply LoRA (Hu et al., 2022) to the
query and value matrices of the self-attention lay-
ers for parameter-efficient fine-tuning, while keep-
ing the PLM backbone frozen. Unless otherwise
specified, the LoRA configuration is set to r = 16,
α = 32, and dropout = 0.05. We additionally eval-
uate other text encoder backbones, including Dis-
tilBERT (Sanh et al., 2019), RoBERTa-Base (Liu
et al., 2019), and DeBERTa-Base (He et al., 2020).
The text encoder is trained for 5 epochs on small
datasets (Citeseer, Cora), 4 epochs on medium
datasets (History, Photo), and 3 epochs on large
datasets (Computers, Fitness), using a learning
rate of 2e-5. The hypergraph encoder is imple-
mented as a single-layer module. We tune the con-
trastive loss weights λe and λs over {1, 2, 3, 4}.
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The overlap threshold s and walk length l are
tuned from {1, 2, 3, 4, 5, 10}, the subgraph sam-
pling ratio r in {10, 20, 30, 40, 50}. To ensure a
fair comparison, we tune the learning rate from
{0.01, 0.001, 1e-4, 5e-4} and weight decay from
{0, 1e-5} for all methods.

D Additional Experiment Results

D.1 Hyperedge Prediction Evaluation

We further evaluate all models on the hyperedge
prediction task, with results presented in Table 5.
The key observations are as follows: (1) Graph-
based SSL methods remain less effective. Their
performance is still hindered by the loss of high-
order structure due to clique expansion. Although
GIANT achieves slight improvements, probably
due to its pseudo-labeling strategy for edge-level su-
pervision, it still underperforms compared to HSSL
methods enhanced with pre-trained language mod-
els. (2) HiTeC achieves the best performance on
5 out of 6 datasets, demonstrating strong general-
izability between tasks. TriCL and SE-HSSL un-
derperform due to their limited capacity to capture
long-range dependencies. HypeBoy exhibits com-
petitive results on small-scale hypergraphs, benefit-
ing from its hyperedge-filling strategy, but fails to
scale to larger datasets, indicating poor scalability.
Overall, HiTeC exceeds the second-best method by
1.65% and 1.15% on History and Fitness, respec-
tively, demonstrating its robustness and scalability
across diverse hypergraph scenarios.

D.2 Impact of Text Encoder Backbones

We evaluate different text encoder backbones, in-
cluding DistilBERT (Sanh et al., 2019), BERT-
Base (Devlin et al., 2019), RoBERTa-Base (Liu
et al., 2019), and DeBERTa-Base (He et al., 2020),
as shown in Table 6. Among them, BERT-Base
achieves the best overall performance, followed
by DistilBERT. The results indicate that backbone
selection can noticeably affect performance across
datasets. Nevertheless, our framework remains
compatible with diverse text encoders. Based on
the overall results, we adopt BERT as the default
backbone in the main experiments.

D.3 Parameter Sensitivity Analysis of
Subgraph Sampling Ratio r

We further perform a sensitivity analysis by
varying the subgraph sampling ratio r ∈
{10, 20, 30, 40, 50} with s fixed as 3 and l fixed as

4. As shown in Figure 8, model performance gen-
erally increases rapidly at first and then plateaus,
while training time grows sharply with larger r.
Notably, on most datasets, setting r = 30 achieves
comparable accuracy to r = 50, while signifi-
cantly reducing training time. For example, on
Cora and Computers, r = 30 leads to 2.2× and
1.6× speedups, respectively, with only marginal
drops in accuracy. These results indicate that se-
lecting a small number of structurally central nodes
based on degree ranking enables efficient subgraph-
level representation learning without sacrificing
performance. In our main experiments, we report
the results with r = 30, which achieves a trade-off
between efficiency and performance.
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Figure 8: Training time and accuracy under different
sampling ratios r. Bar plots report training time (in sec-
onds), while line plots show the corresponding accuracy.
We highlight the relative speedup ∆t of r = 30 over
r = 50. s and l are fixed to 3 and 4, respectively. All
main results are selected with r = 30.

E Additional Related Work

E.1 Representation Learning on TAGs

Deep learning (Xu et al., 2026) has demonstrated
strong capabilities in modeling complex real-world
data across diverse applications, ranging from re-
tail forecasting (Li et al., 2025) to graph-structured
modeling (Zhu et al., 2025; Tan et al., 2025; Qiao
et al., 2025; Pan et al., 2026). To reduce reliance on
expensive annotations, self-supervised learning has
been increasingly explored for graph representa-
tion learning, with augmentation-based contrastive
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Method Citeseer Cora History Photo Computers Fitness
G

ra
ph

SS
L GraphCL + SE 69.48 ± 2.07 59.05 ± 2.16 65.65 ± 1.06 67.48 ± 1.18 68.66 ± 1.33 61.22 ± 1.34

GraphCL + GIANT 72.70 ± 2.06 55.48 ± 1.96 63.02 ± 1.61 68.78 ± 1.16 70.87 ± 0.87 63.02 ± 0.01
BGRL+SE 70.08 ± 2.38 62.45 ± 2.48 64.47 ± 1.18 64.76 ± 1.23 64.66 ± 1.40 60.05 ± 1.05
BGRL + GIANT 72.61 ± 1.99 66.22 ± 2.38 65.13 ± 2.09 65.65 ± 1.10 67.67 ± 0.99 60.92 ± 0.34
GraphMAE + SE 71.71 ± 1.78 64.85 ± 1.66 59.81 ± 0.27 66.33 ± 1.58 64.83 ± 1.72 55.79 ± 0.18
GraphMAE + GIANT 72.25 ± 1.62 66.30 ± 2.19 64.19 ± 0.23 64.83 ± 0.20 66.10 ± 1.20 59.21 ± 0.88

H
SS

L

TriCL + SE 68.06 ± 1.75 62.43 ± 2.41 67.18 ± 0.24 69.21 ± 0.19 70.63 ± 0.14 63.87 ± 0.30
TriCL + BERT 71.36 ± 1.78 64.02 ± 2.33 70.18 ± 0.31 71.71 ± 0.21 73.20 ± 0.17 65.49 ± 0.40
TriCL + RoBERTa 72.38 ± 1.37 66.49 ± 1.93 68.34 ± 0.58 70.35 ± 0.28 72.20 ± 0.27 63.49 ± 0.17
SE-HSSL + SE 64.80 ± 2.21 65.57 ± 1.88 63.49 ± 1.98 65.42 ± 0.74 66.44 ± 1.09 62.52 ± 0.18
SE-HSSL + BERT 72.29 ± 1.74 65.66 ± 2.25 67.93 ± 0.44 71.27 ± 0.18 70.68 ± 0.91 66.00 ± 0.69
SE-HSSL + RoBERTa 73.09 ± 1.56 65.86 ± 1.94 66.95 ± 0.53 69.65 ± 0.20 71.19 ± 0.16 65.72 ± 0.70
HypeBoy + SE 71.93 ± 2.04 65.17 ± 1.66 OOM OOM OOM OOM
HypeBoy + BERT 74.56 ± 2.10 67.38 ± 1.89 OOM OOM OOM OOM
HypeBoy + RoBERTa 73.47 ± 2.10 66.51 ± 1.87 OOM OOM OOM OOM
VilLain (w/o feat.) 74.25 ± 1.90 63.25 ± 2.57 63.18 ± 0.35 65.02 ± 0.23 65.85 ± 0.28 62.92 ± 0.26
HyperBERT 71.84 ± 2.03 64.48 ± 2.10 69.52 ± 0.20 69.34 ± 0.18 70.40 ± 0.15 OOM

HiTeC 75.22 ± 1.87 65.91 ± 2.32 71.83 ± 0.21 72.56 ± 0.17 73.91 ± 0.14 67.32 ± 0.09

Table 5: Evaluation results on hyperedge prediction task(% mean ± std). The best and second-best results are
highlighted in bold and underline, respectively. “w/o feat.” denotes methods without node features. OOM indicates
that the method runs out of memory on a single 80GB GPU.

Dataset DistilBERT BERT RoBERTa DeBERTa

Citeseer 67.54 ± 1.49 66.38 ± 1.73 65.09 ± 1.26 64.83 ± 4.65
Cora 74.55 ± 0.02 74.07 ± 0.88 72.32 ± 0.91 70.41 ± 2.24

History 78.05 ± 0.18 79.81 ± 0.16 74.77 ± 0.24 76.20 ± 0.12
Photo 56.90 ± 0.31 59.64 ± 0.16 54.15 ± 0.40 52.54 ± 0.08

Computers 50.64 ± 0.25 55.81 ± 0.12 52.36 ± 0.21 51.48 ± 0.56
Fitness 62.97 ± 0.08 67.18 ± 0.19 64.98 ± 0.78 65.29 ± 0.14

Table 6: Different text encoder backbones.

learning emerging as a prominent paradigm (Liu
et al., 2025; Sun et al., 2025). When nodes are
further associated with rich textual information,
text-attributed graphs (TAGs) enable the joint mod-
eling of structural and semantic information. Exist-
ing TAG methods typically leverage pre-trained
language models (PLMs) to encode textual at-
tributes, either in a cascade (He et al., 2024; Wang
et al., 2024) or nested (Yang et al., 2021; Zhao
et al., 2023) manner. While most TAG methods
are supervised, recent studies have explored self-
supervised representation learning. GIANT (Chien
et al., 2022a) aligns textual and structural informa-
tion via an extreme multi-label classification objec-
tive, while HASH-CODE (Zhang et al., 2024) de-
velops a multi-objective contrastive learning strat-
egy tailored to TAGs. More recently, LLMs have
demonstrated powerful semantic understanding and
reasoning capabilities across diverse domains (Fu
et al., 2025; Yu et al., 2025b; Li et al., 2026a; Shen
et al., 2026b; Yu et al., 2026; Liu et al., 2026; Shen
et al., 2026a; Li et al., 2026b; Du et al., 2026b,a),
inspiring their integration with structured data (Tan
et al., 2026a,b). For example, GAugLLM (Fang

et al., 2024) leverages LLMs to augment both node
attributes and graph structures. Since hypergraphs
can be transformed into graphs via clique expan-
sion, these advances in TAG representation learn-
ing are closely related to our setting. Neverthe-
less, hypergraphs fundamentally differ from or-
dinary graphs by explicitly modeling high-order
interactions among multiple nodes. Converting
hypergraphs into ordinary graphs via clique expan-
sion (Bron and Kerbosch, 1973) inevitably incurs
structural information loss (Lee and Shin, 2023;
Li et al., 2024), limiting the ability of TAG meth-
ods to preserve and exploit high-order semantics in
TAHGs. This distinction motivates dedicated self-
supervised approaches that jointly model textual
semantics and high-order hypergraph structures.
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