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Abstract

Recent studies have shown that Hypergraph Neural Networks
(HGNNs) are vulnerable to adversarial attacks. Existing ap-
proaches focus on hypergraph modification attacks guided by
gradients, overlooking node spanning in the hypergraph and
the group identity of hyperedges, thereby resulting in limited
attack performance and detectable attacks. In this manuscript,
we present a novel framework, i.e., Hypergraph Attacks via
Injecting Homogeneous Nodes into Elite Hyperedges (IE-
Attack), to tackle these challenges. Initially, utilizing the node
spanning in the hypergraph, we propose the elite hyperedges
sampler to identify hyperedges to be injected. Subsequently,
a node generator utilizing Kernel Density Estimation (KDE)
is proposed to generate the homogeneous node with the group
identity of hyperedges. Finally, by injecting the homogeneous
node into elite hyperedges, IE-Attack improves the attack per-
formance and enhances the imperceptibility of attacks. Exten-
sive experiments are conducted on five authentic datasets to
validate the effectiveness of IE-Attack and the corresponding
superiority to state-of-the-art methods.

Introduction
Graph Neural Networks (GNNs) (Kipf and Welling 2017;
Veličković et al. 2017; Cheng et al. 2024a; Liu et al.
2023; Dong et al. 2023; Wang et al. 2023; Cheng et al.
2024b) capture intricate relationships and patterns within
graph data, facilitating tasks like node classification, rec-
ommendation systems and source detection, etc. Neverthe-
less, with the increasing complexity and diversity of real-
world networks, attention has shifted towards higher-order
networks like hypergraphs and simplicial complexes (Ben-
son, Gleich, and Leskovec 2016; Battiston et al. 2021;
Wang et al. 2024). Subsequently, Hypergraph Neural Net-
works (HGNNs) (Feng et al. 2019; Bai, Zhang, and Torr
2021) are proposed to extract higher-order features from hy-
pergraphs, significantly improving the efficiency of down-
stream graph-related tasks. Despite its success, GNNs and
HGNNs have been shown to be vulnerable to adversarial
attacks (Zügner, Akbarnejad, and Günnemann 2018; Bo-
jchevski and Günnemann 2019), which has attracted increas-
ing research interest.

*P. Zhu, K. Tang, Y. Guo are joint corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: An illustration of the attack scenarios of hyper-
graph. (a) The same user spans multiple chat groups and chat
groups exhibit group identity in social network. (b) Current
hypergraph attack methods only involve hypergraph modifi-
cation attacks and are easily detectable.

Adversarial attacks on GNNs are divided into modifica-
tion attack and injection attack according to attack tech-
niques (Wei et al. 2020; Sun et al. 2022). In modification
attack (Chang et al. 2020; Jin et al. 2023), attackers aim to
affect the performance of GNNs by modifying the attributes
or connections of nodes and edges. Conversely, due to the
high authority required by modification attack, the injection
attack has received more attention. For instance, in social
networks, injection attacks involve create new fake accounts
without the need to compromise existing accounts, thus re-
quiring relatively low permissions. Injection attacks (Sun
et al. 2019; Zou et al. 2021; Zhu et al. 2024c) inject new
nodes or edges into the graph, introducing malicious infor-
mation to degrade the performance of GNNs. Nevertheless,
researches on adversarial attacks against HGNNs are lim-
ited to the hypergraph modification attack, including Hyper-
Attack (Hu et al. 2023) and MGHGA (Chen et al. 2023).
These methods do not further consider the phenomenon of
node spanning in the hypergraph and the group identity of
hyperedges, resulting in poor attack performance and easily
detectable attacks, as illustrated in Figure 1.

By modeling higher-order relationships in the network,
hypergraphs exhibit richer graph structural features, leading
to more limitations on hypergraph attacks. First, modifying
hypergraphs requires high authority, limiting the applica-
bility of hypergraph modification attacks. Second, the exis-
tence of node spanning in hypergraphs (Battiston et al. 2021)
implies that when the same node appears in multiple hy-
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peredges, hyperedges with substantial influence can be dis-
cerned by the frequency of node occurrences across various
hyperedges. For instance, in social networks, when a user
presents in multiple chat groups, it suggests that the user can
extensively disseminate information through these groups
within the network. However, current methods select modi-
fied hyperedges by calculating gradients, which cannot max-
imize the destruction of the feature aggregation of HGNNs,
resulting in poor attack performance. Moreover, hyperedges
are viewed as groups and exhibit group identity according
to social psychology research (Spears 2021). Current hyper-
graph modification attacks do not consider the group iden-
tity of hyperedges when adding or removing known nodes
in hyperedges, making the attacks easily detectable.

To address these challenges, we propose the Hypergraph
Attacks via Injecting Homogeneous Nodes into Elite Hy-
peredges (IE-Attack). Firstly, due to the high authority re-
quired by hypergraph modification, we present the node in-
jection attacks on hypergraphs. Secondly, inspired by the
elite group in social psychology (Shayegh et al. 2022;
Howard 2000), we propose an elite hyperedges sampler to
identify elite hyperedges with significant influence by uti-
lizing the node spanning phenomenon in the hypergraph.
Additionally, we develop a node generator based on Ker-
nel Density Estimation (KDE) to generate the homogeneous
node, so that the elite hyperedges injected into the homo-
geneous node still exhibit group identity. By injecting the
homogeneous node into elite hyperedges, IE-Attack max-
imizes malicious information propagation to obtain excel-
lent attack results and enhances the imperceptibility of at-
tacks. We validate the effectiveness of our approach on five
publicly available datasets. Extensive experimental results
demonstrate that IE-Attack exhibits excellent attack perfor-
mance on HGNNs, outperforming state-of-the-art node in-
jection attack methods.

Overall, our contributions are summarized as:
• We are the first to analyze the problem of node injection

attack in hypergraphs and to propose a methodology to
address this challenge.

• We propose a novel attack method against HGNNs
for the Hypergraph Attacks via Injecting Homogeneous
Nodes into Elite Hyperedges.

• We demonstrate the effectiveness of our proposed
method over baseline approaches through extensive ex-
perimental validation.

Related Works
Graph Injection Attack Deep neural networks (Tang
et al. 2022a) are known to be vulnerable to adversarial at-
tacks, and this susceptibility has been extensively studied
across various domains, including images (Zhu et al. 2024a;
Li et al. 2023), point clouds (Tang et al. 2022b), and graphs
(Wei et al. 2020). In this paper, we focus on graph injec-
tion attacks. NIPA (Sun et al. 2019) introduced a novel
node injection approach to poison the graph structure, which
was based on reinforcement learning. Likewise, AFGSM
(Wang et al. 2020) addressed a more practical attack sce-
nario, allowing adversaries to inject malicious nodes into

the graph without manipulating the existing graph structure.
Conversely, both NIPA and AFGSM were developed in a
poisoning environment, requiring retraining of the defense
models after each attack. TDGIA (Zou et al. 2021) followed
the evasion attack setting of KDDCUP 2020, where different
attacks were evaluated based on the same set of models and
weights. In contrast to previous attacks in a white-box set-
ting, G2A2C (Ju et al. 2023) and (Zhu et al. 2024b) proposed
node injection attacks in a black-box setting. Subsequently,
considering that previous studies involved injecting multiple
nodes for attacks, G-NIA (Tao et al. 2021) introduced the ex-
treme scenario of single node injection. G-NIA CANA (Tao
et al. 2023) incorporated a generator-discriminator structure
to enhance the imperceptibility of attacks based on G-NIA.

Different from node injection attack in ordinary graphs,
hyperedges involve higher-order relationships among multi-
ple nodes in hypergraphs, rendering graph injection attack
methods unsuitable for hypergraph structures.

Hypergraph Neural Networks To encapsulate more in-
tricate higher-order interaction details within graph datasets,
advanced structures like hypergraphs, represented as G =
(V , E), have been identified and developed (Jin et al. 2019;
Antelmi et al. 2023). Subsequently, HGNNs (Feng et al.
2019) were introduced, where the feature aggregation pro-
cess involved node-hyperedge-node interactions. This en-
abled HGNNs to extract more comprehensive feature in-
formation compared to GNNs. Approaches such as hyper-
graph convolution and hypergraph attention (Bai, Zhang,
and Torr 2021; Yadati et al. 2019; Zhang, Zou, and Ma
2019) delved into refining the feature aggregation mecha-
nism within hypergraphs, demonstrating notable effective-
ness across graph-related tasks like node classification and
link prediction. Additionally, a range of related HGNNs pro-
vided varied perspectives and find applications in fields such
as recommendation systems and biological information net-
works (Zeng et al. 2023; Wang et al. 2018; Yu et al. 2023).

While the security of HGNNs warrants significant atten-
tion, current attacks on HGNNs are solely focused on hy-
pergraph modifications attacks (Hu et al. 2023; Chen et al.
2023), overlooking the node spanning phenomenon in the
hypergraph and the group identity within hyperedge.

Preliminary and Problem Statement
Graph Neural Networks The graph G = (V,E), where
V represents the set of nodes and E represents pairwise
edges. The node features are denoted by X ∈ R|V |×|F |,
where F signifies the feature dimension of X . The adja-
cency matrix is represented as A ∈ R|V |×|V |, with Aij being
1 if there exists a connection between node vi and vj , and 0
otherwise. The GNNs involve a graph convolution process,
where the feature aggregation is expressed as:

X l+1 = σ(D− 1
2 (A+ I)D− 1

2X lW l), (1)

where D denotes the degree matrix, I stands for the identity
matrix, and W l represents the weight matrix of the l-th layer
in GNNs. The symbol σ signifies the activation function.
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Figure 2: Framework of IE-Attack. (a) Elite Hyperedges Sampler obtains elite hyperedges. (b) Homogeneous Node Generator
generates the homogeneous node. (c) IE-Attack attacks HGNNs by injecting the homogeneous node into elite hyperedges.

Hypergraph Neural Networks In contrast to graph G =
(V,E), hypergraph defined as G = (V , E), where V repre-
sents the set of nodes and E denotes hyperedges sets. The
feature matrix X ∈ R|V|×|F| is the node features, with F
denoting the feature dimension of X . Hyperedges consist of
sets of nodes comprising two or more nodes, such as the hy-
peredge e1 = {v1, v5, v6} in Figure 2. The incidence matrix
H , which delineates the relationships between nodes and hy-
peredges, is represented as follows:

H =

{
Hij = 1, if vi ∈ ej ,

Hij = 0, if vi /∈ ej .
(2)

Then, the feature aggregation of HGNNs is defined as:

X lh+1 = σ(D
− 1

2

V HWD−1
E HTD

− 1
2

V X lhΘlh), (3)
where DV signifies the degree matrix of nodes, DE rep-
resents the degree matrix of hyperedges, and W denotes
the weight associated with hyperedges. The parameters for
training Θlh correspond to the lh-th layer in HGNNs.

Main Challenges of Node Injection Attack in HGNNs
In the ordinary graph G = (V,E), the connections between
nodes are pairwise. When discussing node injection attacks
on GNNs, the focus lies in introducing new nodes into the
node set within the graph. The key steps are as follows:
(1) the attacker selects target nodes for the injection of new
nodes; (2) the attacker generates new nodes and inserts them
into the chosen target nodes, thereby establishing new edges.

Conversely, due to the node spanning phenomenon in the
hypergraph, the information propagation capacity of nodes
across different hyperedges varies. Additionally, hyperedges
exhibit group identity, leading to vigilance towards injected
nodes and making attacks detectable. Consequently, the at-
tack against HGNNs have two main challenges: (1) propos-
ing a method that leverages the node spanning phenomenon

to identify elite hyperedges for node injection attacks, maxi-
mizing the spread of malicious information; (2) Considering
the group identity of hyperedges, a node generator should be
proposed to enhance the imperceptibility of attacks.

Methodology
Elite Hyperedges Sampler The phenomenon of node
spanning in the hypergraph indicates varying abilities of
nodes to propagate information within hyperedges, provid-
ing us with insights into selecting hyperedges for node in-
jection. Initially, we analyze the feature aggregation process
of HGNNs, X lh+1 = σ(D

− 1
2

V HWD−1
E HTD

− 1
2

V X lhΘlh).
The purpose of DV and DE is to normalize the matrix H ,
further simplified to X lh+1 = HWHTX lhΘlh . Consider-
ing the W as the identity matrix, X lh+1 = HHTX lhΘlh is
obtained. Subsequently, the feature aggregation process can
be simplified and represented as follows:

X lh+1 = H ·HT · X lh . (4)

During node feature updates, we first aggregate hyperedge
features using HT ·X lh , followed by updating node features
using H · HT · X lh . The H · HT signifies the weight ad-
justments post feature updates, reflecting the frequency of
shared hyperedges between pairs of nodes. Consequently, a
higher correlation coefficient arises from the increased fre-
quency of shared hyperedges between two nodes, resulting
in more enriched features during the aggregation process.
Given that nodes exist across multiple hyperedges, does this
suggest that these nodes offer substantial feature information
during the aggregation process?

Examining the cyclic structure of the network tackles this
challenge and introduces the notion of “cycle ratio” quan-
tifying a node’s involvement in the shortest cycles of other
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nodes (Fan et al. 2021). Inspired by this, if we consider hy-
peredge as cycles, then Hcycle = H · HT symbolizes the
“cyclenumber matrix” within the hypergraph. The sum of
the participation rates of node vi in the hyperedge involving
itself and other nodes is the “cycle ratio”, which is:

pvi
=

∑µE

j=1

Hcycle
ij

Hcycle
jj

, (5)

where Hcycle
ij denotes the count of hyperedges in which both

nodes vi and vj are participants, while Hcycle
jj represents the

number of hyperedges involving node vj . µE denotes the
number of hyperedges. pvi

reflects the importance of node
vi within the hypergraph. This novel idea suggests that the
more involved an individual is within a community (sharing
hyperedges with neighbors) and the wider range of social
roles they assume (including hyperedges they are associated
with), the more significant their role becomes. Subsequently,
we calculate the “cycle ratio” of all nodes in the hypergraph
through Eq. (5) and sorting them, the most important elite
node velite is obtained. The hyperedge that includes elite
node velite is recognized as elite hyperedges Eelite.

Homogeneous Node Generator To generate homoge-
neous nodes with features resembling the elite node, we em-
ploy Kernel Density Estimation function f̂Kde

(x) (Wkeglar-
czyk 2018), defined as:

f̂Kde
(x) =

1

F
∑F

i=1
Kde(x− xi). (6)

Here, F denotes the sample size, which is equivalent to
the dimensionality of the features. xi represents i-th data
point of features vector x. Kde refers to the kernel function,
utilized to assess the density contribution in the vicinity of
data points. By placing kernel functions around data points
and blending them with weights, a smoothed density estima-
tion is achieved over the entire spatial domain.

Initially, we utilize the KDE function f̂Kde
(x) to fit fea-

tures of the elite node velite. The fitting process is as follows:

Φelite = f̂Kde
(zelite), (7)

where zelite denotes the feature of velite. Φelite is the proba-
bility density function obtained by fitting the features zelite.

Introducing an excessive number of homogeneous nodes
elevate the dimensionality of the H and escalate the compu-
tational complexity of the HGNNs. Consequently, Φelite are
sampled to obtain preliminary features ẑm of single homo-
geneous node vmal with a similar distribution of features as
the elite node velite. The dimension F of ẑm is the same as
features of velite. This process can be formalized as:

ẑm = Φelite.sample(1×F). (8)

While the vmal exhibits group identity of the elite hyper-
edge similarity to velite, features of nodes other than velite
within the hyperedge are also essential. Given that velite ex-
ists in multiple elite hyperedges, selecting all elite hyper-
edges will increase complexity. Therefore, we randomly se-
lect an elite hyperedge eelite = {v1, . . . , vt} and further op-
timize the generation of ẑm using the feature information

from other nodes in hyperedge eelite, represented as follows:

ẑms = σ(((ẑm ⊗Θ1)⊗Θ2) · · · ⊗Θlh), (9)
ẑmsd = relite ⊕ rmean ⊕ ẑms, (10)
ẑmal = NN(ẑmsd). (11)

Herein, rmean = r1+···+rt
t−1 , {r1, . . . , rt} denote the node

embedding acquired for nodes {v1, . . . , vt} via the sur-
rogate model HGNNs. relite is node embedding of velite
in eelite. t signifies the size of the elite hyperedge eelite.
{Θ1,Θ2, . . . ,Θlh} represent the inter-layer weight param-
eters trained within the surrogate model HGNNs. The ⊗
denotes the element-wise multiplication operation between
vectors, while ⊕ signifies the concatenation operation be-
tween vectors. ẑms denotes the homogeneous feature vector
further computed using the trained weights in HGNNs. Sub-
sequently, the homogeneous feature vector ẑmsd undergoes
training through a linear neural network layer NN , where
NN is expressed as Y = WNN ẑmsd+ boffset. Here, WNN

denotes the weight parameters of NN , and boffset repre-
sents the bias term. Consequently, we obtain the homoge-
neous node vmal with homogeneous feature ẑmal.

Injection Attack for HGNNs To achieve excellent attack
performance with a lower attack cost, we inject single ho-
mogeneous node vmal into Eelite. The generated homoge-
neous node vmal serves as an attacker injected into elite hy-
peredges Eelite, thereby propagating malicious information
during feature aggregation of HGNNs and increasing the im-
perceptibility of attacks.

Given the hyperedge incidence matrix of the original hy-
pergraph G as HµV×µE , where µV is the number of nodes
and µE is the number of hyperedges. The single homoge-
neous node vmal is injected into elite hyperedges Eelite, re-
sulting in the attacked hypergraph Ĝ. The hyperedge inci-
dence matrix of Ĝ is updated to Ĥ(µV+1)×µE .

For instance, if Eelite = {eelite1, . . . , eelitej} and
eelitej = {v1, v5, vi}, injecting the homogeneous node vmal

into eelitej , results in the attacked hyperedge êelitej =
{v1, v5, vi, vmal}. Consequently, the value at the corre-
sponding position {(µV + 1), j} in the Ĥ(µV+1)×µE matrix
is set to 1. (µV +1) is the position of vmal in the node set V .
j denotes the j-th hyperedge of the elite hyperedge eelitej in
the hyperedges set E .

The attacked Ĥ resulting from injecting the homogeneous
node vmal into elite hyperedges Eelite is described as:

Ĥ =


Ĥij = 1, if vi ∈ ej ,

Ĥij = 0, if vi /∈ ej ,

Ĥ(µV+1)j = 1, if vmal ∈ eelitej .

(12)

It is evident that the node dimension of Ĥ has increased
by one, while the hyperedge dimension remains unchanged.
Additionally, the feature matrix X has been augmented with
the injected homogeneous node feature ẑmal. Therefore, we
obtain the input data for adversarial attacks on HGNNs,
comprising the attacked incidence matrix Ĥ and the per-
turbed feature attributes X̂ = {X , ẑmal}.
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HGNNs aggregate the malicious feature information
in the attacked hypergraph, leading to a degradation in
HGNNs. Ẑ is the output of HGNNs after being attacked:

Ẑ = σ(D̂
− 1

2

V ĤŴD̂−1
E ĤTD̂

− 1
2

V X̂ lhΘlh). (13)

Optimization Finally, we aim to enhance the attack ef-
fectiveness by training the IE-Attack, thereby improving the
Misclassification rate of HGNNs. Consequently, the objec-
tive of model training is to minimize the discrepancy be-
tween predicted scores of correct labels and the predicted
scores of the targeted incorrect labels, being depicted as:

min
Ĝ

Latk =
∑

q∈Vtrain

max
z ̸=yq

(0, Ẑq,yq
− Ẑq,z)+

∥ ẑmal − zelite ∥, (14)

where q denotes the index of training samples in the train-
ing set Vtrain, yq indicates the label of sample q, Ẑ rep-
resents the classification prediction results of HGNNs on
the attacked hypergraph Ĝ, and z is the label of sample q
obtained by the surrogate model HGNNs. The ReLU func-
tion max(0, ·) is employed to ensure the non-negativity of
the loss function. The term ∥ẑmal − zelite∥ represents the
distance between the embeddings of the elite node velite
and the generated homogeneous node vmal. The purpose
is to make the generated homogeneous node vmal closer to
the elite node velite with the group identity of the elite hy-
peredges, thereby improving the imperceptibility of attacks.
The training process of the IE-Attack is guided by the attack
loss Latk, optimizing iteratively with the gradient descent
method until convergence.

Experiments
Experimental Setting
Datasets To validate the superiority of our method, five
datasets (Cora, Citeseer, Pubmed, Chameleon, Lastfm)
(Maurya, Liu, and Murata 2021) are adopted. Following the
hypergraph generation methods in the HGNNs, we apply the
Hyper-KNN and Hyper-L1 methods for hypergraph genera-
tion (Gao et al. 2022). Furthermore, we introduce a novel ap-
proach for constructing hypergraphs by considering higher-
order neighbors of nodes (Hyper-HOR). Three distinct hy-
pergraph generation strategies are employed to verify the ef-
ficacy and robustness of the proposed IE-Attack. According
to the datasets partitioning strategy for node classification in
Graph Convolutional Networks (GCNs) (Kipf and Welling
2017), datasets are divided into training/validation/test sets.
Parameter Setting In this study, we set the elite hyperedge
perturbation budget η, which involves selecting η×ω hyper-
edges within elite hyperedge Eelite. The value of η ranges
from 0.1 to 1 and ω is the number of Eelite. Regarding
the value of K in the Hyper-KNN hypergraph construction
method, we set it to 10. The order in Hyper-HOR is set to
1-order and γ in Hyper-L1 is set to 0.1.
Evaluating Metrics This paper utilizes the Misclassifica-
tion rate as an evaluation metric for the performance of IE-
Attack. The Misclassification rate indicates the success rate

of misclassifications by HGNNs, where a higher Misclassi-
fication rate signifies a more effective attack.
Baselines IE-Attack is the node injection attack against
HGNNs. Hence, we modify node injection methods from
GNNs to align with the strategy proposed for hypergraphs
in this study. We set up six baseline methods, including ran-
dom methods (GIA-Random (GIA-R), DICE (Waniek et al.
2018)), gradient methods (FGA (Chen et al. 2018), IGA
(Wu et al. 2019)), and adversarial generation (G-NIA (Tao
et al. 2021), G-NIA CANA (G-NIA∗) (Tao et al. 2023)).
These baseline methods adapt graph attacks to hypergraphs,
making them comparable to proposed IE-Attack. Moreover,
IE-Attack and baselines attack HGNNs in evasion attack
scenarios. All experiments are conducted on a workstation
equipped with four NVIDIA RTX 3090 GPUs, which are
conducted under the same parameter settings. Except for Ta-
ble 1, the random seed for other experiments is set 2024.

Model Performance and Parameter Analysis
Performance Comparison with State-of-the-art Methods
Table 1 displays the Misclassification rate of IE-Attack and
baseline methods across three hypergraph generation mod-
els on five datasets. The “Clean” shows Misclassification
rate of the hypergraph without attacks in HGNNs. Except
for G-NIA and G-NIA∗, the other four baseline methods
show only slight improvements in attack performance on
hypergraphs compared to the “Clean” results. This suggests
that randomly selecting hyperedges and using gradient guid-
ance for node injections are not effective for hypergraph at-
tacks. In contrast, G-NIA introduces injected nodes into hy-
peredges generated by a generator after multiple training it-
erations, leading to improved attack performance. G-NIA∗

incorporates a discriminator to enhance the imperceptibility
of attacks. Nonetheless, IE-Attack achieves the highest Mis-
classification rate across all datasets and hypergraph gener-
ation models. These findings show attack effectiveness on
HGNNs by injecting the homogeneous node into elite hy-
peredges. Moreover, the Cora hypergraph generated by the
Hyper-HOR shows higher susceptibility to attacks, indicat-
ing weaker robustness. Conversely, the Citeseer hypergraph
generated by Hyper-KNN and Hyper-L1 is more vulnerable
to such attacks. These differences arise from how models
capture graph structural information and node features.

GIA-R FGAClean

G-NIA G-NIA* IE-Attack

Figure 3: Visualization of node classification obtained by
HGNNs after attack on Cora under Hyper-KNN.
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Datasets Hyper-model Clean GIA-R DICE FGA IGA G-NIA G-NIA∗ IE-Attack

Cora
Hyper-KNN 25.24±2.69 25.60±2.71 25.65±2.71 25.86±2.71 25.21±2.69 52.09±3.09 34.50±2.94 55.92±3.02
Hyper-HOR 25.35±2.70 25.48±2.70 25.68±2.71 25.68±2.71 25.53±2.70 37.51±2.99 29.57±2.83 46.37±3.09
Hyper-L1 35.30±2.96 35.77±2.97 36.48±2.98 36.16±2.98 35.75±2.97 42.15±3.05 39.60±2.30 55.60±3.08

Citeseer
Hyper-KNN 42.23±3.07 42.26±3.06 42.32±3.06 42.55±3.06 42.96±3.07 52.93±5.62 56.93±3.06 72.00±2.78
Hyper-HOR 45.51±3.09 45.31±3.09 45.57±3.09 45.33±3.09 45.35±3.09 45.30±5.64 49.27±3.10 53.20±3.09
Hyper-L1 43.20±3.07 43.71±3.08 43.14±3.07 44.59±3.08 43.60±3.07 59.53±4.55 49.67±5.66 70.61±2.82

Pubmed
Hyper-KNN 18.05±1.06 18.15±1.07 18.17±1.07 18.34±1.07 18.16±1.07 20.64±1.03 20.15±1.06 22.42±1.15
Hyper-HOR 16.91±1.04 16.66±1.03 16.79±1.04 16.77±1.04 16.74±1.04 23.18±1.45 23.94±1.37 26.13±1.22
Hyper-L1 22.80±1.24 22.81±1.16 22.71±1.16 22.77±1.16 22.92±1.16 24.06±1.06 24.85±1.07 27.02±1.18

Chameleon
Hyper-KNN 40.98±4.32 41.24±4.32 40.50±4.31 41.10±4.31 41.04±4.32 46.64±4.36 43.60±4.16 47.98±4.38
Hyper-HOR 55.56±4.35 57.16±4.34 56.62±4.35 56.42±4.34 56.54±4.35 58.86±4.32 59.40±4.31 70.26±3.96
Hyper-L1 74.20±3.84 74.92±3.08 75.24±3.78 75.04±3.79 75.50±3.77 75.80±2.67 75.20±3.79 79.00±3.57

Lastfm
Hyper-KNN 63.85±1.71 66.52±1.69 66.58±1.69 66.47±1.69 66.26±1.69 65.26±4.18 65.96±1.67 67.81±1.67
Hyper-HOR 56.71±1.76 56.90±1.78 56.38±1.77 56.95±1.77 56.80±1.77 59.58±4.30 62.53±1.57 64.57±1.71
Hyper-L1 70.00±1.61 70.44±1.26 70.42±1.62 70.27±1.62 70.43±1.67 70.40±3.01 69.77±1.44 72.87±1.16

Table 1: Comparison of Misclassification rate (%) of IE-Attack and baselines. The results are averaged over 10 runs and the
half width of the 95% confidence interval. The best results are highlighted in bold.

Dataset Hyper-model PCA HBOS
GIA-R DICE FGA IGA G-NIA G-NIA∗ IE-Attack GIA-R DICE FGA IGA G-NIA G-NIA∗ IE-Attack

Cora Hyper-KNN 25.40 26.10 26.00 25.90 45.40 25.30 49.50 26.70 26.70 26.90 27.10 45.40 26,40 57.80
Citeseer Hyper-KNN 40.70 40.00 40.90 40.20 42.60 41.10 79.20 43.00 43.70 42.70 42.80 43.10 44.30 78.40
Pubmed Hyper-KNN 17.92 17.80 17.96 17.80 19.05 19.23 20.02 18.04 18.06 18.50 18.64 20.14 20.21 22.62
Chameleon Hyper-KNN 39.60 39.60 39.60 39.60 44.60 44.20 45.60 42.00 42.20 41.40 41.80 46.20 39.40 46.57
Lastfm Hyper-KNN 64.76 65.00 64.83 64.86 65.00 66.10 70.16 65.23 65.23 65.26 65.26 66.00 67.23 70.80

Table 2: Comparison of Misclassification rate (%) of IE-Attack and baselines under two detection methods.

To demonstrate the impact of IE-Attack on HGNNs’ clas-
sification performance, we visualize the node classification
results of Cora under baselines in Figure 3. Under the IE-
Attack, HGNNs experience a significant decrease in classi-
fication performance with substantial data point dispersion.

Performance Comparison under Detection Methods To
validate the imperceptibility of IE-Attack, we further at-
tack HGNNs under two detection models (i.e., PCA, HBOS)
to obtain attack results, as shown in Table 2. The results
demonstrate that even under the detection models, IE-Attack
maintains excellent attack performance compared to other
baselines. This indicates that proposed node generator with
group identity generates homogeneous nodes, while pos-
sessing the capability to propagate malicious information.
Furthermore, injecting the single homogeneous node into
elite hyperedges is also an outstanding strategy to enhance
the imperceptibility of attacks.

Performance of Other Methods for Elite Hyperedges
To verify that elite nodes identified by the “cycle ratio”
effectively enhance attack performance, we compare IE-
Attack with other node importance metrics on five datasets
(Cora, Citeseer, Pubmed, Chameleon, Lastfm). In Figure
4(a), the bar graph illustrates the attack performance us-
ing different metrics for the hypergraph generation meth-
ods. The height of the bar represents the attack performance
of the model caused by the elite hyperedges obtained un-
der this importance metric. The Misclassification rate of IE-
Attack outperforms the other metrics, suggesting that obtain

elite hyperedges by utilizing the node spanning amplify the
spread of malicious information.

Analysis of Perturbation Budget (η) of Elite Hyper-
edges Figure 5 compares the performance of IE-Attack
and five baseline methods on four datasets (i.e., Cora, Cite-
seer, Pubmed, Chameleon) under different hypergraph mod-
els as elite hyperedge budget η varies from 0.1 to 1. For
the hypergraphs constructed by Hyper-KNN and Hyper-L1,
the attack performance of IE-Attack shows an increasing
trend across the four datasets as the elite hyperedge budget η
rises. Surprisingly, GIA-R, FGA, and IGA exhibit minimal
changes in Misclassification rate as η increases, indicating
that injecting the node into hyperedges randomly selecting
hyperedges and using gradient guidance has little impact on
attack performance. Additionally, G-NIA and G-NIA∗, be-
ing node injection attack for graphs applied to hypergraphs,
demonstrate lower performance than IE-Attack.

Figure 4: Misclassification rate (%) of IE-Attack compared
to other methods for obtaining elite hyperedges.
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Figure 5: Attack performance of IE-Attack compared to baselines under elite hyperedge perturbation budget η.

Analysis of Kernel Function Kde Table 3 illustrates Mis-
classification rate when adopting different kernel functions,
i.e., Gaussian(M1), Tophat(M2), and Epanechnikov(M3).
Generally, most datasets show optimal attack performance
when generating node features using the Gaussian ker-
nel function. Specifically, for the Chameleon, Tophat per-
forms best in Hyper-KNN, while for Lastfm, Epanechnikov
demonstrates superior performance in Hyper-HOR. Conse-
quently, the Gaussian kernel function is chosen for generat-
ing node features in three citation datasets, while appropriate
kernel functions are selected for the remaining two datasets.

Kde Hyper-model Cora Citeseer Pubmed Chameleon Lastfm

M1

Hyper-KNN 59.60 78.70 23.32 45.20 69.10
Hyper-HOR 45.60 53.20 26.04 71.60 64.70
Hyper-L1 51.70 74.70 23.66 78.20 72.87

M2

Hyper-KNN 41.60 63.30 22.70 46.20 68.70
Hyper-HOR 41.60 52.60 24.50 67.40 64.73
Hyper-L1 50.50 55.50 23.34 76.40 73.33

M3

Hyper-KNN 38.60 63.90 22.76 45.20 68.87
Hyper-HOR 41.60 52.20 24.58 67.20 64.77
Hyper-L1 49.70 54.70 23.01 77.80 73.37

Table 3: Attack performance of different Kde in IE-Attack.

Ablation Study and Analysis
To evaluate the effectiveness of the proposed algorithm, we
conduct ablation experiments by systematically removing
the “Elite Hyperedges (R1)”, “KDE (R2)” and “Node Gen-
erator (R3)”. Table 4 shows that excluding three strategies
lead to a decrease in the model’s attack performance, result-
ing in lower Misclassification rate. Particularly, the absence
of the “Elite Hyperedges” and “Node Generator” have a
more significant impact on the model’s performance. Lever-

aging the elite hyperedge to maximize the malicious influ-
ence of the homogeneous node and utilizing the “Node Gen-
erator” to generate the homogeneous node, IE-Attack en-
hances its attack performance and improves the impercep-
tibility of attacks. Ablation experiments confirm the remark-
able effectiveness of the proposed IE-Attack on HGNNs.

Methods Hyper-model Cora Citeseer Pubmed Chameleon Lastfm

w/o R1

Hyper-KNN 30.80 40.70 18.28 43.80 64.83
Hyper-HOR 27.10 45.10 16.84 59.00 56.50
Hyper-L1 37.30 51.60 23.98 75.40 69.13

w/o R2

Hyper-KNN 39.40 65.10 22.72 45.80 68.70
Hyper-HOR 42.00 52.20 24.68 71.40 64.23
Hyper-L1 50.80 54.90 25.92 78.20 73.33

w/o R3

Hyper-KNN 29.50 54.40 19.40 44.40 64.60
Hyper-HOR 25.80 48.10 16.88 53.00 55.17
Hyper-L1 35.80 48.40 23.10 73.20 70.70

IE-Attack
Hyper-KNN 59.60 78.70 23.32 49.40 69.10
Hyper-HOR 45.60 53.20 26.04 71.60 64.70
Hyper-L1 51.70 74.70 27.02 78.20 72.87

Table 4: Attack performance of different IE-Attack variants.

Conclusion
This paper explores the phenomenon of node spanning in
the hypergraph and the group identity of hyperedges, in-
troducing the node injection attack framework IE-Attack
for HGNNs. The key idea lies in injecting the homoge-
neous node into elite hyperedges, IE-Attack maximizes the
spread of malicious information in feature aggregation of
HGNNs and enhances the imperceptibility of attacks. Ex-
tensive experiments demonstrate IE-Attack’s superior per-
formance over other attack models. Future research will ex-
plore attack techniques for different HGNNs variants and
varying levels of knowledge, including black-box attacks.
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