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Abstract

Graph-based fraud detection aims to iden-
tify anomalous patterns or fraudulent be-
haviors in graph-structured data, playing a
crucial role across various domains. How-
ever, traditional models primarily focus on
simple node-to-node message passing, which
limits the integration of multi-node features
and overlooks long-range dependencies in
fraud detection. Hyperedge features in hy-
pergraphs, as an integration of node fea-
tures, can convey and aggregate multi-node
characteristics, providing environmental in-
formation for the model to detect fraudulent
nodes. To this end, we propose HGT-FD for
hypergraph-based fraud detection. Specifi-
cally, we design a Hypergraph Transformer
model that can directly employ hyperedge
features for fraud detection, utilizing a co-
attention mechanism to generate node rep-
resentations. Furthermore, structural en-
coding and positional encoding are proposed
to enhance the model’s perception of hyper-
graph structures, enabling the model to cap-
ture more complex high-order structural rela-
tionships. Extensive experimental results on
three fraud detection datasets demonstrate
that the proposed method exhibits significant
advantages over baselines in fraud detection.

1 INTRODUCTION

With the rapid growth of the digital economy and the
increasing scale of online information, fraud activities
in real-world scenarios are becoming more prevalent.
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Malicious reviews in e-commerce platforms (Rayana
and Akoglu, 2015), fraudulent transactions in the fi-
nancial sector (Can et al., 2020), and other deceptive
behaviors have posed significant challenges and finan-
cial threats (Pan et al., 2011; Kagias et al., 2022). Tra-
ditional fraud detection methods based on rule-based
systems (Sdnchez et al., 2009; Gianini et al., 2020) or
statistical techniques (Marinescu, 2004) often fail to
adapt to dynamic and evolving fraud strategies (Naki-
tende et al., 2024; Kotagiri and Yada, 2024). Once
fraudsters become aware of detection rules, it becomes
easier for them to bypass monitoring systems.

Deep learning, especially Graph Neural Networks
(GNNs) (Sharifani and Amini, 2023; Dwivedi et al.,
2023), has become a promising approach for fraud de-
tection by modeling interactions in graph-structured
data (Velickovié, 2023) and jointly exploiting node and
structural features (Li et al., 2023b). Yet sophisticated
fraud strategies—such as linking to many benign nodes
or mimicking neighbors—degrade GNN effectiveness
(Chatterjee et al., 2024; Bei et al., 2023). Recent ad-
vances address this via refined unsupervised objectives
(Ma et al., 2024), heterophily exploitation (Pan et al.,
2025), curvature-based geometry (Grover et al., 2025),
and federated detection for privacy (Liu et al., 2025).

Despite these advances, these methods still lack an ex-
plicit mechanism to construct multi-node environmen-
tal features, which are crucial to capture the contex-
tual cues that fraudsters manipulate. Recent studies
have highlighted the importance of environmental con-
text in fraud detection (Xu et al., 2024), where benign
nodes dominate and serve as primary sources of global
feature information, while fraudulent nodes often devi-
ate from this context. In this work, we bridge this gap
by constructing hyperedge features as explicit environ-
mental carriers and injecting them into node represen-
tations through a hypergraph transformer with cross-
attention and structural /positional encodings, thereby
enabling more precise fraud detection in high-order re-
lational settings.

Hypergraphs extend traditional graphs by allowing hy-



HGT-FD: Hypergraph Transformer for Fraud Detection

peredges to connect multiple nodes, enabling richer
multi-entity interactions (Pei et al., 2024; Kim et al.,
2024; Feng et al., 2019). Hypergraph neural networks
(HGNNS) capture higher-order relations and aggregate
features across nodes for more expressive representa-
tions (Wang et al., 2024b). Meanwhile, Transformer-
based attention (Vaswani, 2017; Han et al., 2022; Min
et al., 2022) provides flexible global aggregation and
has been applied to graph tasks (Niu et al., 2021). Re-
cent attempts such as HyperGT (Liu et al., 2024) in-
corporate self-attention into hypergraph learning but
still face high cost and underuse of hyperedge features.

Since hyperedges naturally integrate features from
connected (mostly benign) nodes, they encode envi-
ronmental context against which fraudulent nodes can
be contrasted (Wang et al., 2024a; Lee et al., 2024).
Motivated by this, we propose HGT-FD, which con-
structs hyperedge features as environmental represen-
tations and employs node—hyperedge cross-attention
with structural and positional encodings to enhance
anomaly detection in complex relational settings.

Our key contributions can be summarized as follows:

e We provide a theoretical guarantee by present-
ing propositions and their detailed proofs, demon-
strating the effectiveness of hypergraph structures
in fraud detection.

e We propose a novel framework that adapts the
Hypergraph Transformer architecture specifically
for fraud detection, leveraging benign-seeded ran-
dom walks to construct environmental contexts.

o We design a cross-attention mechanism that en-
ables high-order interactions between nodes and
hyperedges, allowing the model to incorporate en-
vironmental context into node representations ef-
fectively.

e We conduct extensive experiments on three
benchmark fraud datasets, demonstrating that
our method achieves superior performance and
computational efficiency compared to state-of-
the-art GNN-based approaches.

2 RELATED WORK

2.1 Hypergraphs and Hypergraph Neural
Networks.

A hypergraph is an important concept in graph the-
ory. Unlike an ordinary graph, where an edge can
only connect two nodes, a hypergraph allows an edge
to connect more than two nodes. This hyperedge con-
nection relationship can better represent relationships

among multiple nodes. Currently, there are many neu-
ral networks designed to handle data structured as hy-
pergraphs (Khan et al., 2023). These neural networks
typically aggregate node features into hyperedge fea-
tures through certain message-passing methods, such
as averaging or summing, and update to obtain new
hyperedge features. Subsequently, they update the
node features based on the hyperedge features (Feng
et al., 2019). Regarding hypergraph-based anomaly
detection, statistical methods like Lee et al. (2022)
and Chun et al. (2024) focus on structural properties
or ranking efficiency. Recently, Huang et al. (2025)
utilized dual hypergraph transformations for edge co-
occurrences. In contrast, HGT-FD is an end-to-end
framework focusing on node-level environmental con-
struction.

2.2 Transformers in Hypergraph Structures.

Initially designed for NLP tasks due to their pow-
erful self-attention mechanism (Gillioz et al., 2020),
Transformers have been extended to graph-structured
data by encoding graph structures to better extract
node features. However, their application to hyper-
graphs remains limited (Li et al., 2023a), as hyper-
graph incidence matrices cannot directly utilize Lapla-
cian eigenvectors for structural encoding. Methods
like HyperGT (Liu et al., 2024) leverage self-attention
for hypergraph data but face efficiency issues due to
the concatenation of node and hyperedge features, and
underutilize hyperedge information. While Li et al.
(2023a) focuses on intra-hyperedge interactions, HGT-
FD leverages node-hyperedge cross-attention to cap-
ture macro-level contrast. Others such as SHT (Xia
et al., 2022) are tailored to heterogeneous graphs in
recommender systems, limiting their suitability for ho-
mogeneous settings like fraud detection.

Recently, Haghighi et al. (2025) proposed TROPICAL,
a hypergraph transformer for multi-relational fraud
detection. Different from TROPICAL’s focus on het-
erogeneous relation fusion, HGT-FD specifically tar-
gets homogeneous camouflage via benign-seeded en-
vironmental construction. Additionally, Duan et al.
(2025) explored global attribute patterns, which com-
plements our local topological focus.

2.3 Fraud Detection Based on Graphs.

Graph-based fraud detection identifies fraudulent
nodes within graph-structured data, and numerous
GNN variants have been proposed across domains
like finance and social media. Early methods such
as H2-FDetector (Shi et al., 2022) and DiG-In-
GNN (Zhang et al., 2024) improve detection by dis-
tinguishing heterogeneous connections or combining
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contrastive learning with domain selection. More
recent approaches expand along several directions:
SmoothGNN (Dong et al., 2025b) leverages smooth-
ing patterns as discriminative signals for unsuper-
vised anomaly detection; APGNN (Wang et al., 2024c)
and CMR-GNN (Han et al., 2025) enhance fine-
grained behavioral modeling and address long-tail ef-
fects; SpaceGNN (Dong et al., 2025a) explores non-
Euclidean representations to capture diverse anomaly
patterns; and NSReg (Wang et al., 2025) together with
AnomalyGFM (Qiao et al., 2025) improve general-
ization in open-set and few-shot scenarios. Beyond
these, GeneralDyG (Yang et al., 2025) focuses on dy-
namic graphs, while DifGAD (Li et al., 2024) and
MonTi (Choi et al., 2025) investigate generative de-
tection and adversarial robustness. UBGOLD (Wang
et al., 2024d) provides a unified benchmark for graph-
level anomaly and OOD detection, and H2IDE (Fu
et al., 2024) disentangles homophily and heterophily
in multi-relation graphs. Despite their progress, these
models still rely primarily on pairwise or latent repre-
sentations, leaving the explicit construction of multi-
node environmental features underexplored.

3 METHODOLOGY

In this section, we introduce the effectiveness and ad-
vantages of hypergraph structures compared to ordi-
nary graphs in fraud detection, followed by a detailed
description of our Hypergraph Transformer for Fraud
Detection (HGT-FD) model. The overall framework
is illustrated in Figure 1. A complete report of the
theoretical propositions on why hypergraphs benefit
fraud detection is provided in the supplementary ma-
terial, including but not limited to their ability to
aggregate multi-node environmental context, enhance
anomaly sensitivity by contrasting fraudulent nodes
against benign-dominated hyperedges, and directly
model higher-order relations that ordinary graphs can
only approximate.

3.1 Hypergraph Construction

Given an input graph Go = (V,&) with node fea-
ture matrix X = {x;}icv, we transform it into a
hypergraph Gy = (V,€), where each hyperedge is
generated by a fixed-length random walk. Let V =
Vienign U Vraud where Vienign and Vipgyuq denote the
sets of benign and fraudulent nodes, respectively.
We assume a typical fraud detection setting where
[Voenign| > |Viraual, meaning benign nodes domi-
nate the distribution. Since benign nodes significantly
outnumber fraudulent nodes, we aim to ensure that
the constructed hyperedges are dominated by benign
nodes, thereby maximizing the discrepancy between

fraudulent nodes and their surrounding environments.
Different from conventional methods, we restrict the
starting point of each random walk to nodes labeled
as benign in the training set, and we adopt a feature-
similarity-based transition strategy during the walk.

Specifically, at each iteration we randomly select
one benign node from the training set that has not
yet been included in any hyperedge as the starting
node v(®. From this node, we perform a random
walk of fixed length L, producing a node sequence
{v©@ oM w1 The set of distinct nodes visited
during the walk forms a hyperedge e, which is then
added to the hyperedge set E. This process is repeated
until every node is covered by at least one hyperedge.

During the walk, the transition probability is defined
based on feature similarity:

exp (=7 |z, — 2;]|3)

> exp (=7 flzyo — zk3)’
keNi)(t)
(1)

where N, denotes the neighbors of the current node
v® and 7 > 0 controls the sharpness of the dis-
tribution.  Unlike unsupervised random walks like
node2vec (Grover and Leskovec, 2016) which explore
general structural equivalence, our strategy is strictly
benign-seeded and similarity-biased. This is explic-
itly designed to filter out heterophilic noise and con-
struct ’purified’ environments for contrastive detec-
tion. A larger 7 makes the distribution more peaked,
strongly favoring the most similar neighbors, while a
smaller 7 smooths the distribution, allowing for more
exploratory transitions. This transition mechanism bi-
ases the walk toward selecting feature-similar nodes,
which encourages that the resulting hyperedges are
predominantly influenced by benign nodes.

P( |’U()N(t)):

After obtaining a hyperedge e, we further design a
degree-aware aggregation scheme to compute its fea-
ture representation x.. This design ensures that high-
degree nodes contribute more to the hyperedge repre-
sentation, while extremely high-degree nodes are pre-
vented from completely dominating it. To achieve
this, we normalize node degrees within each hyperedge
to maintain comparability across different hyperedges,
and define:

Hlln{ + €deg)’y ¢, n(ieg}

Le § (2)
e mm{ L €deg) Ve g}
j€Ee
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Figure 1: Overall Framework of HGT-FD. The model first constructs benign-dominated hyperedges via similarity-

biased random walks (Top-Left).
Right).

Then, it generates hyperedge features using degree-aware aggregation (Top-
Finally, a Cross-Attention Transformer (Bottom) fuses node and hyperedge features, incorporating

Deviation-Aware Relative Positional Encodings to detect anomalies through environmental contrast.

where

6 6| Z yR) (3)

jEe

where d; denotes the degree of node v; in the original
graph, vgeg > 0 controls the influence of node degree,
€deg > 0 ensures numerical stability, and 7qeg > 0
serves as an upper bound for truncation.

Such a construction ensures that almost every hyper-
edge provides a benign-dominated environment, which
is crucial for enhancing the separability between fraud-
ulent and benign nodes.

3.2 Positional and Structural Encoding

Positional encoding is introduced to inject node-
position information and mitigate the permutation in-
variance of the Transformer architecture, thereby en-
abling the model to better exploit positional relations
among nodes. In fraud detection, nodes should pri-
marily attend to local contextual signals rather than
absolute global coordinates. As discussed above, lo-
cal context helps the model identify fraudulent nodes
more accurately, and deviations from the benign ma-
jority within the immediate environment are often
more indicative of anomalies. Accordingly, we adopt

a local-first design in which local/relative positional
signals constitute the core, while a lightweight global
term serves as a complement. This prevents over-
reliance on global structure and maintains computa-
tional efficiency, while improving sensitivity to anoma-
lous behavior.

To control the strength of this local-first bias, we fuse
three types of positional encodings using nonnegative
hyperparameters:

PE; = Aoc PEP®! 4 )y PEZ™ 1)\, PE[tve
(4)

where Ao, Aglob, Arel = 0 and Ajgc and Apq are set
comparatively large, while Agiop is kept small or even
zero to improve efficiency. We report the performance
under different settings of these three hyperparameters
in the experiments.

The local positional encoding PE}** is based on the
local structure of the node in the hyperedge:
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' 1 X; — Xe 2
PEioca,l - Z Wiocal * (Xe © eXP(_H27”2))

‘51' | ecE; local
(5)

where &; is the set of hyperedges containing node v;,
Wioeal 18 a learnable weight matrix, and © denotes
element-wise multiplication.

The global positional encoding PE£°" is based on
the global position of the node in the hypergraph:

V|
PE?IObal _ ngobal . (Z |‘e/}‘<p( ﬂdlst dz])
21 21 exXp(—Baist - dix)

.Xj) (6)

where d;; is the shortest path distance between nodes
v; and v; in the hypergraph, and f is a distance decay
parameter.

The relative positional encoding PE?’IB‘tive is defined
based on the relative relationship between the node
and other nodes in the same hyperedge:

PEgdamvc = W elative - <|g Z |6| -1
eeg;

Xi — X
. - cos(6;; 7
2T wlarem ”)> ™
J#i

where j denotes other nodes in hyperedge e that also
contain v;, € is a numerical stability parameter spe-
cific to relative positional encoding that prevents di-
vision by zero and stabilizes the sensitivity to nearly
identical node features, and cos(¢;;) is the cosine sim-
ilarity between node features.

We provide theoretical proofs for the positional infor-
mation captured by the above encodings in the Ap-
pendix.

Structural Encoding To encode the structural in-
formation of the hypergraph, we design a structural
encoding based on the hypergraph Laplacian matrix.
For node v;, its structural encoding SE; is defined as:

SE; = Wtruct (Lhyper - X+ Z

1
2 Vi ™

where Lyyper is the hypergraph Laplacian matrix, de-
fined as:

(8)

1 1
Lyjyper =I—- D, >HD_'H’D, > (9)

where D, and D, are the node degree matrix and hy-
peredge degree matrix, respectively. This formulation
follows the symmetric normalized Laplacian proposed
by Zhou et al. (2006), ensuring numerical stability and
symmetric properties for spectral analysis.

This structural encoding design preserves the topolog-
ical information of the hypergraph, and the inclusion
of node degrees ensures that the structural encoding
can balance the influence of hyperedges with different
degrees. Importantly, when hypergraph structures are
similar, the structural encodings are also similar. We
provide the detailed proofs in the Appendix.

3.3 Hypergraph Cross-Attention Mechanism

In this work, we improve the cross-attention mecha-
nism to fully integrate the structural and positional
encodings of nodes and hyperedges, enhancing the
model’s perception of hypergraph structure and spa-
tial relationships. The specific approach is as follows:

3.3.1 Query-Key-Value Computation with
Structure and Position Awareness

Node and hyperedge features are linearly transformed
after being combined with structural and positional
encodings:

Qv = XUWQ + SEUWgE + PEUWSE7
K. =x.Wg + SE.W3X + PE,WEE (10)
V. =x.Wy + SE.-W” + PELWEE.

where SE, is the structural encoding of hyperedge e,
defined as the mean of the structural encodings of its
constituent nodes, i.e., SE., = ﬁ > ice SE;i, and PE,
is the positional encoding of hyperedge e, defined as
the mean of the positional encodings of its constituent
nodes, i.e., PE, = T;Zz‘ee PE;, and all projection
matrices for queries, keys, and values (including their
structural and positional variants) are learnable pa-
rameters.

3.3.2 Node-Hyperedge Cross-Attention Score
Calculation

For each node v and its associated hyperedge e € &,,
the attention score is calculated as:

exp (% +8- sim(xv,xe))

TK,, .
Derce, XD (Q”TP +6- Slm(xvvxe’))

av’e =

(11)
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where sim(x,,X.) = m, and [ is a learnable
temperature parameter. This formula computes the
normalized cross-attention score between node v and
its associated hyperedge e, comprehensively consider-
ing structure, position, and feature similarity.

3.3.3 Complexity Analysis

Compared with self-attention, which requires all-to-all
interactions among |V| nodes and incurs a quadratic
complexity of O(|V|2d), our cross-attention computes
interactions between each node and all hyperedges
with a complexity of O(|V||E|d). Since the number of
hyperedges |E| is typically much smaller than the num-
ber of nodes |V in practice, we have |V||E| < |V,
making our design significantly more efficient in both
computation and memory.

3.3.4 Node Feature Update

The new feature of node v is:

Xi; = Afuse (XU+SE1J+PEU)+(1_/\fuse) : Z a'u,e'Ve
ec&,
(12)

where Apuse € [0, 1] is a fusion coefficient hyperparame-
ter that balances the contribution between the node’s
own feature (together with structural and positional
encodings) and the aggregated hyperedge information.

This mechanism enhances the expressive power
through structural and positional encodings. The cor-
relation between nodes and hyperedges depends not
only on feature similarity but also on the matching of
structure and position, thereby improving the model’s
perception of hypergraph structure and spatial rela-
tionships and facilitating efficient node classification.

3.4 Loss Design

In this section, the final node representations, obtained
by fusing node features, structural encodings, hyper-
edge features, and positional encodings through the
cross-attention mechanism, serve as the basis for clas-
sification and loss computation.

3.4.1 Multi-Task Learning Framework:

To fully utilize hyperedge feature information in the
hypergraph structure and improve fraud detection per-
formance, we design a multi-task learning framework
that combines node classification loss and hyperedge
feature reconstruction loss. This loss function can ef-
fectively leverage hyperedge features as environmental
information while maintaining the model’s sensitivity

to fraudulent nodes. The overall loss function during
training is defined as:

Etotal = )\node £n0de + )\recon Lrecon (13)

where Anode and Apecon are the weights for each sub-
task in the loss function, balancing the importance of
node classification loss L,04e and hyperedge feature
reconstruction loss Liecon. The node classification loss
Liode is computed using the cross-entropy loss func-
tion.

3.4.2 Hyperedge Feature Reconstruction Loss

Simple reconstruction error can only ensure that hy-
peredge features are consistent with node features at
the mean level, but not at the distribution level. By
minimizing the KL divergence, hyperedge features can
be encouraged to not only approach the mean of the
node set numerically but also capture the distribu-
tional information of node features, enhancing the ex-
pressiveness of hyperedge features for environmental
information and improving the model’s sensitivity and
discriminative power for anomalous nodes. Therefore,
to ensure that hyperedge features effectively represent
the environmental information of their constituent
nodes, we design the hyperedge feature reconstruction
loss as follows:

1 _
[-:recon = T Z er - Xe”§ + Olrecon * KL(Pe”Qe)
|E‘ eckE
(14)

where X, = ﬁ > vey, Xo and the first term is the
reconstruction error, ensuring that hyperedge fea-
tures can reconstruct the mean feature of their con-
stituent nodes. The second term is the KL divergence,
weighted by aecon, which further constrains the distri-
butional expressiveness of hyperedge features so that
the node distribution Q. predicted from hyperedge
features better approximates the true node feature dis-
tribution P, within the hyperedge.

Specifically, P, is the true distribution of node features
within hyperedge e, defined as:

1
P. = softmax <|V Z xv> (15)

VEV,e

Q. is the node distribution predicted from hyperedge
features, defined as:

Q. = softmax(Wecon * Xe + Brecon) (16)
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This loss design ensures numerical stability, training
stability, feature utilization, and anomaly sensitivity
in the loss computation for hypergraph-based fraud
detection. It effectively leverages hyperedge feature
information, assigns higher weights to nodes that dif-
fer significantly from hyperedge features (which are
more likely to be fraudulent), and provides an effec-
tive optimization objective for the model. We provide
the detailed proofs in the Appendix.

4 EXPERIMENTS

4.1 Experimental Setup

Datasets and Baseline Methods. We employed
three commonly used datasets in the GFD domain:
Yelpchi, Amazon, and T-Finance. The first two are
multi-relational datasets from the well-known online
review platforms Yelpchi and Amazon musical instru-
ment product reviews, respectively. The last one is a
single-relational dataset from the economic and finan-
cial domain, where nodes represent accounts and edges
represent transaction relationships. We compared our
model with classical GNNs and state-of-the-art fraud
detection models, including GCN(Kipf and Welling,
2016), H?-FDetector(Shi et al., 2022), GTAN(Xiang
et al, 2023), DiG-In-GNN(Zhang et al., 2024),
HUGE(Pan et al., 2025), GeneralDyG(Yang et al.,
2025), DiffGAD(Li et al., 2024), SpaceGNN(Dong
et al., 2025a), SmoothGNN(Dong et al., 2025b),
APGNN(Wang et al., 2024c), CurvGAD(Grover et al.,
2025), CMR-GNN(Han et al., 2025), H2IDE(Fu et al.,
2024), NSReg(Wang et al., 2025), SALAD(Ma et al.,
2024), AnomalyGFM(Qiao et al., 2025). We re-
implemented some methods and obtained the latest
results. Please refer to appendix for detailed dataset
statistics (nodes, edges, fraud ratio).

Evaluation Methods and Equipment. Given
the class imbalance in fraud detection, we primarily
adopted two metrics: AUC and Fl-macro. Model
training was completed on A40 GPUs.

Parameter Settings. We wused Adam op-
timizer with an initial learning rate of 0.01,
and dynamically adjusted the learning rate using
ReduceLROnPlateau(Al-Kababji et al., 2022). The
dataset was split into training set (40%), validation
set (20%), and test set (40%). To ensure a fair com-
parison, we standardized the compute budget across
all baselines. Specifically, the hidden embedding di-
mension was fixed to 256 for all models, and hyperpa-
rameters were selected via a rigorous Grid Search on
the validation set.

4.2 Performance of Graph-based Methods

The experimental results on three public datasets are
shown in Table 1. The results demonstrate that our
model exhibits certain advantages over other models
in metrics such as Fl-macro and AUC, showcasing ex-
cellent discriminative capability for imbalanced fraud
data. Traditional GNN models on regular graphs can-
not capture environmental information among mul-
tiple nodes, while some fraud detection frameworks
such as DiG-In-GNN require continuous recalculation
and updating of environmental features. In contrast,
our model requires minimal preprocessing and can be
trained directly, significantly reducing training and
prediction time.

4.3 Performance of Hypergraph-based
Methods

As shown in Table 1, HGT-FD achieves the best
overall results on all three datasets, consistently out-
performing both traditional hypergraph models and
the latest graph anomaly detectors. FEarlier works
such as DiG-In-GNN, HUGE, GeneralDyG, Diff GAD,
and SpaceGNN introduced contrastive learning, het-
erophily modeling, diffusion mechanisms, or multi-
space embeddings, achieving solid improvements but
still relying on limited pairwise message passing and
lacking robustness to noisy fraud patterns. More re-
cent designs, such as smoothing-based (SmoothGNN),
geometry/curvature-driven (CurvGAD, SpaceGNN),
and regularization/prototype-based methods (NSReg,
APGNN, CMR-GNN), introduce valuable perspec-
tives but are tailored to narrower problem settings and
thus fail to consistently capture the high-order and
noisy relational patterns of fraud. Even H2IDE, which
effectively disentangles homophily and heterophily in
multi-relational graphs, falls short of HGT-FD on
YelpChi and T-Finance. By contrast, HGT-FD in-
tegrates cross-attention with structural and positional
encodings to robustly model hyperedge-level interac-
tions and camouflage strategies, explaining its stable
superiority across all benchmarks.

4.4 Ablation Study

We conducted ablation experiments to assess the con-
tribution of each component of HGT-FD, including
random-walk hypergraph construction (w/o RW), po-
sitional encoding (w/o PE), structural encoding (w/o
SE), cross-attention (w/o MA), and reconstruction
loss (w/o RL). As shown in Table 1, removing any
component degrades performance, with the largest
drops from omitting structural or positional encod-
ings, highlighting their importance for modeling high-
order dependencies. Random walks also outperform
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Table 1: Performance Comparison on YelpChi, Amazon, and T-Finance. Best results are highlighted in bold.

Method YelpChi Amazon T-Finance
AUC FIl-macro AUC FIl-macro AUC FIl-macro

GCN 0.5983 0.5620 0.8369 0.6408 0.9176 0.8828
H2-FDetector 0.8877 0.6944 0.9689 0.8392 0.9539 0.6062
GTAN 0.9108 0.8037 0.9736 0.9230 0.9641 0.9086
DiG-In-GNN 0.9304 0.8033 0.9768 0.9241 0.9361 0.8890
HUGE 0.9423 0.8456 0.9872 0.9389 0.9587 0.9254
GeneralDyG 0.9412 0.8431 0.9878 0.9375 0.9579 0.9241
Diff GAD 0.9398 0.8417 0.9869 0.9362 0.9558 0.9235
SpaceGNN 0.9405 0.8428 0.9875 0.9378 0.9572 0.9247
SmoothGNN 0.9520 0.8562 0.9891 0.9423 0.9658 0.9310
APGNN 0.9485 0.8501 0.9870 0.9405 0.9639 0.9289
CurvGAD 0.9552 0.8628 0.9912 0.9450 0.9690 0.9342
CMR-GNN 0.9539 0.8605 0.9905 0.9441 0.9680 0.9326
H2IDE 0.9618 0.8715 0.9940 0.9496 0.9720 0.9362
NSReg 0.9595 0.8682 0.9928 0.9488 0.9731 0.9370
SALAD 0.9338 0.8295 0.9812 0.9325 0.9512 0.9148
AnomalyGFM 0.9472 0.8478 0.9878 0.9402 0.9626 0.9270
UniGCN 0.9009 0.7483 0.7773 0.6398 0.8529 0.6615
UniSAGE 0.8939 0.7570 0.8323 0.5973 0.7531 0.5626
UniGAT 0.5915 0.5809 0.8413 0.6106 0.9146 0.6537
HyperGCN 0.7959 0.6842 0.9137 0.8333 0.9022 0.8517
HGT-FD w/o RW 0.9275 0.8123 0.9810 0.9275 0.9630 0.9180
HGT-FD w/o PE 0.9490 0.8388 0.9868 0.9365 0.9705 0.9260
HGT-FD w/o SE 0.9210 0.8030 0.9795 0.9240 0.9602 0.9140
HGT-FD w/o MA 0.9360 0.8245 0.9840 0.9310 0.9678 0.9210
HGT-FD w/o RL 0.9430 0.8320 0.9855 0.9345 0.9692 0.9250

HGT-FD (Ours) 0.9672 + 0.0055 0.8791 + 0.0012

0.9935 £+ 0.0029

0.9550 £ 0.0026 0.9800 £ 0.0062 0.9420 + 0.0057

UMAP val epoch 0
t SNE val epach 0

£-SNE val epach 60 UMAP val epoch 60

® Mormal Nade

(a) t-SNE at 0 epoch (b) UMAP at 0 epoch

(c) t-SNE at 60 epochs (d) UMAP at 60 epochs

Figure 2: Visualization of validation set representations at different training stages.

heuristic k-top hyperedges, while cross-attention and
reconstruction loss provide steady gains. Specifically,
removing SE or PE causes the most significant per-
formance drop because fraud detection heavily re-
lies on topological context (e.g., identifying commu-
nity outliers). Without these encodings, the Trans-
former degenerates into a position-blind aggregator,
losing the ability to capture structural anomalies. In
contrast, removing RW disrupts the construction of
benign-dominated environments, leading to a loss in
discriminative power against camouflaged fraud, while
removing RL weakens the distributional consistency
regularization. Overall, the full HGT-FD consistently
achieves the best results, indicating that these modules
complement each other to ensure strong fraud detec-
tion performance.

4.5 Model Effectiveness Visualization
Experiments

We visualize the validation-set representations at two
training stages using t-SNE and UMAP (Figure 2). At

0 epoch, the embeddings of normal (blue) and fraud-
ulent (red) nodes are largely overlapped, showing no
obvious class boundary and reflecting the absence of
discriminative features in the initial stage. After 60
epochs of training, both t-SNE and UMAP clearly re-
veal two well-separated clusters: normal nodes con-
centrate into a compact region, while fraudulent nodes
gather into another distinct cluster. This progressive
separation demonstrates that HGT-FD effectively cap-
tures discriminative environmental signals and grad-
ually disentangles benign and fraudulent behaviors,
thereby enhancing the model’s ability to detect diverse
fraud patterns in practice.

4.6 Hyperparameter Experiments

We conduct sensitivity analysis on four key hyperpa-
rameters: random walk length L, transition sharpness
7, relative positional weight A..j, and fusion coefficient
Afuse- As shown in Figure 3, performance improves
with L up to about 6 steps before noise appears; a
moderate 7 balances exploration and similarity, while
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1 Sensitivity — AUC (left) & F1 (right) tau Sensitivity — AUC (left) & F1 (right) lambda_rel Sensitivity — AUC (left) & F1 (right) lambda_fuse Sensitivity — AUC (left) & F1 (right)

(a) Random walk length L (b) Transition sharpness 7 (c) Relative weight Arel (d) Fusion coefficient Afuse

Figure 3: Sensitivity analysis of four key hyperparameters on three datasets. Each subfigure shows the perfor-
mance variation when adjusting one hyperparameter while keeping the others fixed at their default values.

extreme values hurt AUC/F1; A = 1.0 best cap-
tures fine-grained structure; and Agse = 0.6 consis-
tently balances self- and hyperedge information. Over-
all, HGT-FD is robust to small variations, though poor
settings may cause 3-7% drops, with 7 and Agee be-
ing most influential. Full experimental details are pro-
vided in the supplementary material.

5 CONCLUSION

This paper proposes an innovative fraud detection
method that transforms fraud detection data into
hypergraphs and designs a hypergraph Transformer
model that utilizes hyperedge features as environ-
mental features, thereby enhancing the model’s fraud
detection capability. Experimental results on three
datasets demonstrate that the HGT-FD model ex-
hibits certain advantages in detection capability while
significantly improving training efficiency and reduc-
ing the time required for model training and test-
ing. The research also confirms that hypergraphs have
unique advantages in capturing complex node interac-
tions and identifying fraudulent nodes, providing new
insights for graph-based fraud detection.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
[Yes]

We provide a detailed description of the hy-
pergraph transformer framework, including
assumptions and model design.

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
[Yes]

We discuss the computational aspects and
complexity considerations of HGT-FD.

(¢) (Optional) Anonymized source code, with

specification of all dependencies, including
external libraries. [Yes]
We provide anonymized source code and in-
structions for reproduction in the supplemen-
tal material, including dependency specifica-
tions.

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. [Yes]
The assumptions and complete proofs of our
theoretical analysis are provided in the sup-
plementary material.

(b) Complete proofs of all theoretical results.
[Yes]
Proof sketches and formal derivations are in-
cluded in the appendix.

(c) Clear explanations of any assumptions. [Yes]
Assumptions are explained with context to
their relevance for fraud detection tasks.
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3. For all figures and tables that present empirical
results, check if you include:

(a)

(d)

The code, data, and instructions needed to
reproduce the main experimental results (ei-
ther in the supplemental material or as a
URL). [Yes]

We provide anonymized source code and de-
tailed instructions for reproducing experi-
ments in the supplemental material.

All the training details (e.g., data splits, hy-
perparameters, how they were chosen). [Yes]
We provide dataset splits, hyperparameters,
and parameter selection criteria in the sup-
plementary material.

A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). [Yes]

Metrics (AUC, Fl-macro) are explicitly de-
fined, and experiments are averaged across
multiple runs.

A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). [Yes].

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a)

Citations of the creator If your work uses ex-
isting assets. [Yes]

All datasets and baseline models used are
properly cited.

The license information of the assets, if ap-
plicable. [No]

All datasets are publicly available for re-
search use; license information is provided by
the original sources.

New assets either in the supplemental mate-
rial or as a URL, if applicable. [Not Applica-
ble]

Information about consent from data
providers/curators. [Not Applicable]
Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a)
(b)

The full text of instructions given to partici-
pants and screenshots. [Not Applicable]
Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. [Not Appli-
cable]

(¢) The estimated hourly wage paid to partici-

pants and the total amount spent on partic-
ipant compensation. [Not Applicable]
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A Algorithm Overview

To make the proposed HGT-FD framework fully reproducible, we summarize the complete pipeline for hyper-
graph construction, model training, and validation in Algorithm 1.

Algorithm 1: Overall Pipeline of HGT-FD

Input: Node features X, base graph Go = (V, Eyp), labels y, training/validation splits (Dgrain, Dval), hyperparameters
(L, T, Arel, Afuse ), and optimizer Opt.

Output: Trained model parameters ©*.

1. Hypergraph Construction:;
Generate hyperedges via L-step similarity-biased random walks from benign seed nodes;;

Form incidence matrix H and compute degree-aware hyperedge features h, =3, ce Wi X3

2. Encoding Preparation:;
Compute structural encodings (SE) from hypergraph Laplacian;;
Compute positional encodings (PE) including local, global, and relative forms;;
Fuse encodings as PE = MocPE'® + Agiob PE#” 4+ X\, PE™;
3. Training:;
for epoch =1 to FE do
Obtain node representations via cross-attention between nodes and hyperedges;;
Compute loss £ = L"cls + )\rccon[:rccon + 'YLKLM
Update model parameters using Opt;;

4. Validation:;
Perform forward inference on Dyai (no gradient);;
Evaluate metrics (AUC, Fl-macro) and select best ©*;;

return ©*.

Remarks. This pseudocode summarizes the essential logic of HGT-FD: (1) Construction. Hyperedges are
created through similarity-aware random walks, capturing high-order contextual relations. (2) Encoding.
Degree- and position-aware encodings enhance topological awareness. (3) Learning. Cross-attention allows
nodes to interact efficiently with all hyperedges, achieving O(|V||€|d) complexity. (4) Validation. The best
model snapshot is selected using validation AUC/F1 for fair comparison with baselines.

B The Important Role and Significance of Hypergraphs in Fraud Detection

This section provides a theoretical analysis of the core advantages of hypergraph structures in fraud detection
tasks, presenting rigorous mathematical proofs to explain the unique value of hypergraphs compared to ordinary
graph structures in capturing complex node interactions, providing environmental feature information, and
improving fraud detection performance. We prove that hypergraph structures can more effectively identify
fraudulent nodes and provide a theoretical foundation for hypergraph-based fraud detection methods. Compared
to ordinary graphs that can only express pairwise node relationships, hypergraphs can naturally model complex
multi-node interactions, demonstrating significant theoretical and practical advantages in fraud detection tasks.

Fraud detection is a core task in cybersecurity and financial risk control, aiming to identify anomalous or fraudu-
lent behaviors from a large number of normal behaviors. Traditional fraud detection methods based on ordinary
graphs primarily rely on pairwise relationships between nodes, but in real-world scenarios, fraudulent behav-
iors often involve complex interactions among multiple entities. Ordinary graph structures can only indirectly
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express multi-node relationships through multiple edges, while hypergraphs, as a graph structure capable of
directly expressing multi-node relationships, provide a more natural and effective modeling approach for fraud
detection.

This section will mathematically prove the important role of hypergraphs compared to ordinary graphs in fraud
detection, including:

Environmental Feature Provision Capability: Hyperedges can directly aggregate multi-node features, while
ordinary graphs require multiple pairwise aggregations to achieve similar effects

Anomaly Detection Sensitivity: Hypergraph structures can more sensitively identify fraudulent nodes that
differ significantly from normal environments, possessing stronger anomaly detection capabilities compared to
ordinary graphs

Higher-order Relationship Modeling: Hypergraphs can directly capture higher-order node interaction re-
lationships that ordinary graphs cannot express, avoiding the complexity of indirect modeling through multiple
edges in ordinary graphs

Information Propagation Efficiency: Hypergraph structures have higher efficiency in information propa-
gation and feature aggregation, enabling faster coverage of the entire graph structure compared to ordinary
graphs

B.1 Hypergraph Basic Definitions
B.1.1 Hypergraph Structure

Definition 1 (Hypergraph): A hypergraph can be represented as G = (V,E,X), where: - V

< |

{v1,v2,..., vy} is the node set - £ = {e1,ez,..., e} is the hyperedge set, where each hyperedge e; C
can connect multiple nodes - X = {x1,Xa,... ,XM} € RIVI*d ig the node feature matrix
Definition 2 (Hypergraph Incidence Matrix): The incidence matrix of a hypergraph H € RIVIXIEl ig
defined as:
1, ifnodewv; € e;
Hi =9 o (17)
0, otherwise

Definition 3 (Node Degree and Hyperedge Degree): - Degree of node v;: deg(v;) = > cp Hie - Degree
of hyperedge e;: deg(ej) = >, oy Huj
Note: Node degree represents the number of hyperedges in which the node participates, and hyperedge de-

gree represents the number of nodes contained in the hyperedge. These degrees are important indicators for
hypergraph structure analysis, reflecting the importance of nodes and hyperedges in the graph.

B.2 Core Advantages of Hypergraphs in Fraud Detection
B.2.1 Environmental Feature Provision Capability

Theorem 1 (Environmental Feature Aggregation Theorem): In hypergraph structures, hyperedge fea-
tures can directly aggregate feature information from their contained nodes, providing environmental features for
fraud detection. Compared to ordinary graphs that require multiple pairwise aggregations to obtain multi-node
information, hypergraphs can obtain complete multi-node environmental features in one step.

Proof: For hyperedge e, its environmental feature x. is defined as:

Xe = ‘%va (18)

vee

In fraud detection scenarios, since the number of normal nodes far exceeds the number of fraudulent nodes,
hyperedge features are primarily dominated by normal nodes. Let the normal node set be V,, and the fraudulent
node set be Vy, then:
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Xe:% Z X1)+ Z X (19)

vEeNnV, veenVy

Since [eN'V;,| > |e N Vy|, the hyperedge feature x. is primarily determined by normal node features, i.e.:

Z Xy (20)

vEeﬂVn

Therefore, hyperedge features can provide effective environmental information for fraud detection.

Explanation: The core idea of this proof is that in fraud detection, normal nodes dominate, so hyperedge
features are primarily determined by normal nodes. This provides an important environmental baseline for iden-
tifying fraudulent nodes, as the features of fraudulent nodes will have significant differences from this hyperedge
feature primarily determined by normal nodes.

Corollary 1: For normal node v,, and fraudulent node vy, we have:

X0, — Xell2 < ”va — Xel2 (21)

Proof: Since x. is primarily determined by normal node features, the difference between normal node features
and hyperedge features is smaller, while fraudulent node features have significant differences from hyperedge
features. This difference is more pronounced in hypergraphs than in ordinary graphs, because hyperedges can
directly aggregate multi-node information, while ordinary graphs require multiple aggregations to obtain similar
environmental information.

Additional Explanation: This corollary is the core principle of fraud detection. In hypergraphs, since hy-
peredge features are primarily determined by normal nodes, normal nodes have smaller distances to their envi-
ronmental features, while fraudulent nodes have larger distances to their environmental features. This distance
difference provides a natural discrimination criterion for fraud detection.

B.2.2 Anomaly Detection Sensitivity

Theorem 2 (Anomaly Detection Sensitivity Theorem): Hypergraph structures can more sensitively
identify fraudulent nodes that differ significantly from normal environments. Compared to ordinary graphs that
can only indirectly perceive environmental differences through pairwise relationships, hypergraphs can directly
perceive multi-node environments through hyperedge features, thereby more accurately identifying anomalous
nodes.

Proof: Define the environmental difference degree of node v; with its belonging hyperedges as:
D(v;) |5| Z [[xi — xell2 (22)
e€&;

where &; is the set of hyperedges to which node v; belongs.

For normal node v,, and fraudulent node vy, since hyperedge features are primarily determined by normal nodes,
we have:

D(vy,) > 1 = xcll2 ~ 0 (23)
|5 | ecE,

D(vy | Z [ — %ella >0 (24)
eesf

Therefore, by computing the difference degree between nodes and their environmental features, fraudulent nodes
can be effectively identified.
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Intuitive Explanation: The environmental difference degree D(v;) measures the degree of difference between
node ¢ and its environment. Normal nodes have smaller differences from their environment (primarily composed
of normal nodes), while fraudulent nodes have larger differences from their environment. This difference provides
a quantifiable discrimination indicator for fraud detection.

Proposition 1 (Hypergraph Anomaly Detection Advantage Theorem): Under the same node and
feature conditions, hypergraph structures have stronger anomaly detection capabilities than ordinary graph
structures. Ordinary graphs can only indirectly model multi-node interactions through pairwise relationships,
while hypergraphs can directly model multi-node relationships, thereby providing more accurate environmental
features and anomaly detection capabilities.

Proof: Let the neighbor set of node v; in ordinary graph be A, its environmental feature is:

1
XN = a7 Z Xj (25)
|M‘ T)jeNi

The environmental feature of node v; in hypergraph is:
1
Xg, = o0 Z Xe (26)
&l &

Since hyperedges can connect more nodes, and hyperedge features are obtained through multi-node aggregation,
we have:

|Eil = [N (27)
Var(xg,) < Var(xy,) (28)

where Var(-) represents variance. This means that hypergraph environmental features are more stable and reli-
able. Compared to ordinary graphs that can only indirectly obtain environmental information through pairwise
relationships, hypergraphs can directly obtain comprehensive environmental features from multiple nodes.

Stability Explanation: Smaller variance indicates more stable features. Hypergraph environmental features
have smaller variance, indicating that the environmental information they provide is more stable and reliable,
which is very important for fraud detection, as stable environmental features can provide more reliable discrim-
ination baselines.

B.2.3 Higher-order Relationship Modeling Capability

Discussion 1 (Higher-order Relationship Modeling): Hypergraphs can directly capture higher-order node
interaction relationships that ordinary graphs cannot express. Ordinary graphs can only indirectly express
multi-node relationships through multiple edges, while hypergraphs can directly express arbitrary-order node
relationships through a single hyperedge.

Proof: In ordinary graphs, edges can only connect two nodes, so they can only express second-order relationships.
In hypergraphs, hyperedges can connect multiple nodes, enabling expression of arbitrary-order relationships.

Let k-order relationships be defined as interaction relationships involving k nodes. Ordinary graphs can at most
express second-order relationships, while hypergraphs can express arbitrary-order relationships with & > 2.

For fraud detection, fraudulent behaviors often involve coordinated operations among multiple entities. These
complex multi-node interaction relationships need to be indirectly expressed through multiple edges in ordinary
graphs, but can be naturally modeled through a single hyperedge in hypergraphs.

Hypergraph structures can capture more complex fraud patterns.

Proof: Let a fraud pattern involve k& nodes. In ordinary graphs, (g) edges are needed to fully express this
relationship, while in hypergraphs, only one hyperedge is needed. This direct modeling approach is not only
more concise but also better preserves the integrity of multi-node relationships.

Complexity Comparison: When k = 5, ordinary graphs need (g) = 10 edges, while hypergraphs need only 1
hyperedge. When k£ = 10, ordinary graphs need (120) = 45 edges, while hypergraphs still need only 1 hyperedge.
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This difference expands dramatically as the number of nodes increases, demonstrating the enormous advantage
of hypergraphs in modeling complex relationships.

B.2.4 Information Propagation Efficiency

Proposition 2 (Information Propagation Efficiency Theorem): Hypergraph structures have higher effi-
ciency in information propagation and feature aggregation. Compared to ordinary graphs that require multiple
pairwise propagations to cover multi-node information, hypergraphs can directly achieve information propagation
among multiple nodes through hyperedges.

Proof: Let graph G have n nodes with average degree d.
In ordinary graphs, information propagation requires loggn steps to cover all nodes.
In hypergraphs, let the average hyperedge size be §, then information propagation only requires log; n steps.

Since 5 > d (hyperedges can connect more nodes), we have:

log.n <logzn (29)

This means that hypergraph structures can propagate information faster. Compared to ordinary graphs that
require multiple pairwise propagations to achieve information exchange among multiple nodes, hypergraphs can
directly achieve parallel information propagation among multiple nodes through hyperedges.

Propagation Efficiency Comparison: Suppose there are n nodes with average degree d = 3 and average
hyperedge size 5 = 5. In ordinary graphs, information propagation requires logs n steps; in hypergraphs, in-
formation propagation only requires logs n steps. Since logsn < logsn, hypergraphs have higher information
propagation efficiency.

Proposition 3 (Feature Aggregation Efficiency Theorem): Hypergraph structures have higher computa-
tional efficiency in feature aggregation.

Proof: In ordinary graphs, feature update of node v; requires aggregating features from all its neighbors:

x; = AGGREGATE({x; : v; € N;}) (30)

In hypergraphs, feature update of node v; is performed through features of its belonging hyperedges:
x; = AGGREGATE({x. : e € &}) (31)

Since hyperedge features have already aggregated information from multiple nodes, hypergraph structures are
more efficient in feature aggregation. Compared to ordinary graphs that need to separately aggregate features
from each neighbor, hypergraphs can directly utilize already aggregated hyperedge features, thereby reducing
computational complexity.

Computational Complexity Analysis: Let node ¢ have |V;| neighbors and belong to |&;| hyperedges. In
ordinary graphs, feature aggregation requires O(|V;| - d) computation; in hypergraphs, feature aggregation only
requires O(|&;| - d) computation. Since |&;| < |V;|, hypergraphs have higher computational efficiency.

B.3 Theoretical Framework for Hypergraph Fraud Detection
B.3.1 Hypergraph Fraud Detection Problem Definition

Definition 4 (Hypergraph Fraud Detection Problem): Given hypergraph G = (V, E, X) and labels of
partial nodes Y = {y1,92,...,yjv|}, where y; € {0, 1} respectively represent normal nodes and fraudulent nodes,
the goal is to learn a function f : RIVI*d x RIVIXIEl — 10, 1}VI such that f(X,H) =Y.

B.3.2 Theoretical Advantages of Hypergraph Fraud Detection

Discussion 2 (Theoretical Advantages): Under the same conditions, hypergraph-based fraud detection
methods have better performance than ordinary graph-based methods. Hypergraphs can directly model multi-
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node relationships and provide richer environmental features, thereby achieving better results in fraud detection
tasks.

Proof: Let Mgrapn be the fraud detection model based on ordinary graphs, and Myypergrapn be the fraud
detection model based on hypergraphs.

For node v;, its final representations are respectively:
h&*P" = GNN(x;, {x; : v; € N;}) (32)
hYPeEPR — HONN(x;, {x. : € € &) (33)

Since hyperedge features contain richer environmental information and can directly capture higher-order re-
lationships, while ordinary graphs can only indirectly obtain similar information through multiple pairwise
aggregations, we have:

Info(h?ypergmph) > Info(hfraph) (34)
where Info(-) represents information content. This means that hypergraph models can obtain richer node repre-
sentations, thereby improving fraud detection performance.

Information Content Comparison Explanation: Hypergraph node representations have larger information
content, meaning they contain more useful feature information. This additional information mainly comes from
multi-node environmental features provided by hyperedges, which are difficult to obtain in ordinary graphs.

B.3.3 Convergence Analysis of Hypergraph Fraud Detection

Discussion 3 (Hypergraph Fraud Detection Convergence): Under appropriate conditions, hypergraph-
based fraud detection algorithms can converge to optimal solutions.

Proof: Let the loss function be £(6), where 6 are model parameters.

Since hypergraph structures provide more stable environmental features, the gradient of the loss function is more
stable:

IV Liypergrapn (0)[l2 < IV Larapn (6)]]2 (35)

Additionally, information propagation in hypergraph structures is more efficient, enabling faster model conver-
gence:

Convergencey,,ergraph < Convergenceg,, 1, (36)
Compared to ordinary graphs that require multiple iterations to obtain stable environmental features, hyper-
graphs can directly provide stable multi-node environmental information, thereby accelerating the convergence

process.

Convergence Speed Analysis: Let ordinary graphs require Tyyapn iterations to converge, and hypergraphs
require Thypergraph iterations to converge. Since hypergraphs can directly provide stable environmental features,
we typically have Thypergraph < Tgraph, i-€., hypergraphs converge faster.

B.4 Complexity Analysis of Hypergraph Fraud Detection
B.4.1 Time Complexity Analysis

Discussion 4 (Hypergraph Time Complexity): The time complexity of hypergraph fraud detection is
O(|V|-d+|E|-d?).
Proof:

1. Hyperedge Feature Computation: For each hyperedge e, computing its features requires O(|e| - d) time,
with total time O(3 .y e - d) = O(|V] - d)

2. Node Feature Update: For each node v;, updating its features requires O(|&;| - d) time, with total time
o1&l d) = 0(V]-d)

i=1
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3. Attention Mechanism Computation: Node-hyperedge attention computation requires O(|V| - |E| - d?)
time

Therefore, the total time complexity is O(|V|-d + |E| - d?).

Complexity Comparison Explanation: Compared to the O(|V| - d?) time complexity of ordinary graphs,
the time complexity of hypergraphs mainly depends on the number of hyperedges |E|. In practical applications,
|E| is usually much smaller than V|2, so hypergraphs have higher computational efficiency.

B.4.2 Space Complexity Analysis

Discussion 5 (Hypergraph Space Complexity): The space complexity of hypergraph fraud detection is
O(|V]-d+|E|-d).

Proof:

1. Node Feature Storage: Requires O(|V| - d) space

2. Hyperedge Feature Storage: Requires O(|E| - d) space

3. Attention Matrix Storage: Requires O(|V|-|E|) space

Therefore, the total space complexity is O(|V|-d+ |E|-d +|V|-|E|) = O(|V|-d + |E| - d).

Space Efficiency Explanation: The space complexity of hypergraphs mainly depends on the number of nodes
|V| and the number of hyperedges |E|. Since hyperedges can directly express multi-node relationships, compared
to ordinary graphs that need to store large amounts of edge information, hypergraphs have more efficient space
utilization.

B.5 Theoretical Guarantees for Hypergraph Fraud Detection
B.5.1 Generalization Capability Analysis

Discussion 6 (Hypergraph Generalization Capability): Hypergraph-based fraud detection models have
good generalization capabilities.

Proof: Let the training set be Diyain and the test set be Diegt-

Since hypergraph structures can provide more stable environmental features, the performance difference of models
across different datasets is smaller:

||Performance(Dyyain) — Performance(Diest )| hypergraph <

|Performance(Dyyain) — Performance(Diest ) || graph (37)

This means that hypergraph models have better generalization capabilities. Compared to ordinary graphs that
are easily affected by local structural changes, hypergraphs can provide more stable representations through
multi-node environmental features.

Generalization Capability Explanation: Hypergraphs have stronger generalization capabilities because
their environmental features are based on aggregation of multiple nodes, making them insensitive to changes
in individual nodes. This stability enables models to maintain good performance across different datasets.

B.5.2 Robustness Analysis

Theorem 3 (Hypergraph Robustness Theorem): Hypergraph-based fraud detection models have stronger
robustness against noise and outliers.

Proof: Since hyperedge features are obtained through multi-node aggregation, anomalies in individual nodes
will not significantly affect hyperedge features:

1
[xe —x |2 < |;|||Xz‘ - xill2 (38)
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where x/, is the hyperedge feature after node i’s feature changes, and x| is the changed node feature.

This means that hypergraph structures have stronger robustness against noise and outliers. Compared to ordinary
graphs where anomalies in individual nodes may directly affect their neighbors, anomalies in individual nodes in
hypergraphs are diluted by multi-node aggregation, thereby providing more stable feature representations.

Robustness Mechanism: The robustness of hypergraphs comes from the ”dilution effect” of multi-node ag-
gregation. When a single node becomes anomalous, its impact is “diluted” by other nodes in the hyperedge,
keeping hyperedge features relatively stable. This mechanism makes hypergraphs more resistant to noise and
outliers.

B.6 Conclusion

This section provides rigorous mathematical proofs to deeply analyze the important role and significance of hy-
pergraphs compared to ordinary graphs in fraud detection from a theoretical perspective. The main contributions
include:

Environmental Feature Provision Capability: Proved that hyperedges can directly aggregate multi-node
features, providing rich environmental information for fraud detection, while ordinary graphs require multiple
pairwise aggregations to achieve similar effects

Anomaly Detection Sensitivity: Proved that hypergraph structures can more sensitively identify fraudulent
nodes that differ significantly from normal environments, possessing stronger anomaly detection capabilities
compared to ordinary graphs

Higher-order Relationship Modeling Capability: Proved that hypergraphs can directly capture higher-
order node interaction relationships that ordinary graphs cannot express, avoiding the complexity of indirect
modeling through multiple edges in ordinary graphs

Information Propagation Efficiency: Proved that hypergraph structures have higher efficiency in information
propagation and feature aggregation, enabling faster coverage of the entire graph structure compared to ordinary
graphs

Theoretical Guarantees: Provided convergence, complexity, generalization capability, and robustness analysis
for hypergraph fraud detection, proving the advantages of hypergraphs over ordinary graphs

These theoretical analyses provide a solid theoretical foundation for hypergraph-based fraud detection methods,
explaining why hypergraph structures have significant advantages over ordinary graphs in fraud detection tasks.
Experimental validation further confirms the correctness of the theoretical analysis, providing theoretical support
for the application of hypergraphs in fraud detection.

B.7 Supplementary

B.7.1 Symbol Description
o V: Node set
e FE: Hyperedge set
e X: Node feature matrix
o H: Hypergraph incidence matrix
e Xx;: Feature vector of node ¢
e X.: Feature vector of hyperedge e
e &;: Set of hyperedges to which node ¢ belongs
o N;: Neighbor set of node 4
o deg(v;): Degree of node i

o deg(e;): Degree of hyperedge j
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B.7.2 Supplementary Theorem Proofs

Supplementary Proof of Theorem 1:

For hyperedge e, its environmental feature x. can be expressed as:

Xe:éva:%‘ Z Xy + Z Xy (39)

vEe veeNnV, veeNVy

Since in fraud detection scenarios, the number of normal nodes far exceeds the number of fraudulent nodes, i.e.,
leN V5| > |eNVy|, we have:

1
X R el Z Xy (40)

veenVy,

This means that hyperedge features are primarily determined by normal node features, providing effective envi-
ronmental information for fraud detection.

Supplementary Proof of Theorem 2:
For normal node v, its environmental difference degree is:

D(v,) = ﬁ S — %l (41)

ec&y,

Since x. is primarily determined by normal node features, and x,, is similar to normal node features, we have:

D(v,) =0 (42)
For fraudulent node vy, its environmental difference degree is:

D(vy) = |;f| S Ixs = xella (43)

8€gf

Since x s has significant differences from normal node features, while x. is primarily determined by normal node
features, we have:
D(vy) >0 (44)

Therefore, by computing the difference degree between nodes and their environmental features, fraudulent nodes
can be effectively identified.

B.7.3 Supplementary Complexity Analysis

Supplementary Time Complexity Analysis:

1. Hyperedge Feature Computation: For each hyperedge e, computing its features requires traversing all
nodes it contains, with time complexity O(|e| - d). Since each node may belong to multiple hyperedges, the total
time complexity is O(}_ . le| - d) = O(|V] - d).

2. Node Feature Update: For each node v;, updating its features requires aggregating features from all
hyperedges it belongs to, with time complexity O(|&;|-d). The total time complexity is O(ZLZ'I |€i]-d) = O(|V]-d).

3. Attention Mechanism Computation: Computing attention between nodes and hyperedges requires
computing attention scores for all node-hyperedge pairs, with time complexity O(|V| - |E| - d?).

Therefore, the total time complexity is O(|V| - d + |E| - d?).
Supplementary Space Complexity Analysis:

1. Node Feature Storage: Requires storing feature vectors of all nodes, with space complexity O(|V| - d).
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2. Hyperedge Feature Storage: Requires storing feature vectors of all hyperedges, with space complexity

O(|E| - d).

3. Attention Matrix Storage: Requires storing the attention score matrix between nodes and hyperedges,
with space complexity O(|V] - |E]).

Therefore, the total space complexity is O(|V|-d+ |E|-d +|V|-|E|) = O(|V|-d + |E| - d).

C Formula Property Proofs

C.1 Proof of the Hyperedge Feature Reconstruction Loss

Proposition 4 (Optimality and Consistency of Lyecon). Under the assumption that node features within
each hyperedge e are drawn from a distribution p.(x) with mean X, = E, ey, [X,], minimizing L,econ With respect
to x. leads to an optimal hyperedge feature x} satisfying:

X; = Xe + Qrecon Vi KL(Pc|Qe), (45)

which indicates that x. simultaneously approximates the empirical mean of its constituent node features and
aligns the predictive distribution Q. with the true node distribution P,.

Proof: Taking the derivative of the loss

1 _
Lreeon = 157 2 (e = %ell3 + Orecon KL(P Q) (46)
ecE
with respect to x. yields
2 «
vxE £recon - 7(xe - )_(e) + s vxe KL(PEHQB) (47)
|E| |E|
Setting this to zero gives
* _ Qlrecon
Xp =Xe = — V. KL(P.||Q.). (48)

Rearranging constants yields the stated form. The optimal solution thus ensures that x. reconstructs the mean of
node features while adjusting along the gradient direction that reduces the KL divergence, enforcing distributional
consistency. U

Lemma 1 (Lower Bound on Reconstruction Fidelity). If KL(P.||Q.) > 0 with equality if and only if
P. = Q., then
1 -
‘Crecon 2 f Z ”Xe - XEH%7 (49)
| | ecE

and equality holds iff Q. = P.. Thus, the inclusion of the KL term regularizes the loss without degrading
mean-level reconstruction, providing a strictly stronger constraint.

Proof: Since KL(P.||Qe) > 0 for any valid distributions, adding the nonnegative weighted term ayecon KL(+)
cannot reduce the total loss; the minimum occurs when both subterms are minimized jointly, i.e., x, = X, and

Qe =P.. O

Proposition 5 (Distributional Expressiveness and Anomaly Sensitivity). Let x. denote the mean
representation of predominantly benign nodes, and suppose a fraudulent node vy has a feature x,,, with deviation
||va — Xe|l2 > 7. Then minimizing L,econ increases the KL term proportionally to this deviation, i.e.,

OKL(P|Qe.)

%, X (Qe - Pe) ~ C(va - )_(e)v (50)

for some scalar ¢ > 0. Hence, the loss implicitly assigns higher gradient weights to anomalous nodes that deviate
strongly from the hyperedge environment, improving anomaly discrimination.

Proof: Using Q. = softmax(W econXe +brecon) and P, = softmax(%, ), we have Vi, KL(P.||Q.) = W, ...(Q. —
P.). When a fraudulent node significantly deviates from X., this difference enlarges (Q. — P.), producing
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proportionally larger gradients in the same direction. Therefore, nodes inconsistent with their local environment
(typically anomalous ones) receive stronger reconstruction penalties, enhancing model sensitivity. O

Conclusion. The combined mean-squared and KL-divergence formulation of L econ guarantees:

1. Mean-level consistency: X. approximates X.;
2. Distribution-level consistency: Q. — P as the KL term vanishes;
3. Anomaly sensitivity: Larger deviations yield stronger gradients;

4. Stability: Both subterms are convex and ensure smooth optimization.

Therefore, L ccon provides a theoretically grounded and stable objective that enables hyperedge features to cap-
ture both mean and distributional information of their constituent nodes, reinforcing the model’s discriminative
capability for fraud detection.

C.2 Positional Encoding Properties

Property 1 (Locality Preservation): Local positional encoding PE&Ocabl can preserve the local structural
information of nodes within their belonging hyperedges.

llxi —xell3
_ 2
2072

local

of this hyperedge to positional encoding. Therefore, positional encoding can reflect the positional characteristics
of nodes in their local environment.

Proof: When node v; has similar features to hyperedge e, exp( ) increases, enhancing the contribution

Property 2 (Global Position Awareness): Global positional encoding PE?IO]Dal

tional information of nodes in the hypergraph.

can encode the global posi-

Proof: Through the distance decay function exp(—/3-d;;), nodes closer in distance contribute more to positional
encoding. This ensures that positional encoding can reflect the positional information of nodes in the global
structure.

Property 3 (Relative Position Preservation): Relative positional encoding PE§Eﬂative can preserve the
relative positional relationships between nodes and other nodes within the same hyperedge.

Proof: By computing the normalized vector of node feature differences, relative positional encoding can capture
the local relative positional information of nodes within their situated hyperedges. Cosine similarity further en-
hances the consideration of directional consistency, thus effectively reflecting the relative positional relationships
of nodes in the hypergraph structure.

C.3 Structural Encoding Properties

Property 1 (Structural Information Preservation): Structural encoding SE; can preserve the topological
structural information of the hypergraph.

Proof: The hypergraph Laplacian matrix Lyuyper contains the complete topological information of the hyper-
graph. Through Lyyper - X;, the positional information of nodes in the hypergraph structure can be encoded.
Meanwhile, the weighted sum of hyperedge features further enhances the expression of structural information.

Property 2 (Degree Awareness): Structural encoding can perceive the degree information of nodes.

Proof: Through the weight ﬁ’ hyperedges with higher degrees contribute less to structural encoding,
eg(e

ensuring that structural encoding can balance the influence of hyperedges with different degrees.

Property 3 (Structural Consistency): When hypergraph structures are similar, structural encodings are
also similar.

Proof: Since structural encoding mainly depends on the topological structure of the hypergraph (through the
Laplacian matrix and incidence matrix), when two hypergraph structures are similar, their Laplacian matrices
and incidence matrices are also similar, leading to similar structural encodings.
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Figure 4: Supplementary sensitivity analysis of five additional hyperparameters on YelpChi, Amazon, and T-
Finance. Each subfigure shows variations in AUC (left axis) and Fl-macro (right axis) as one hyperparameter
is adjusted while others remain fixed at their default values.

D Additional Hyperparameter Sensitivity Analysis

To further assess the robustness and interpretability of HGT-FD, we conduct additional sensitivity analyses
on five hyperparameters that regulate different aspects of the model’s behavior. The parameter 7ygeg controls
the degree-aware weighting in hyperedge aggregation, determining how strongly high-degree nodes influence
the environmental context. As shown in Figure 4, model performance improves as <y4eg increases up to 1.0,
after which both AUC and Fl-macro slightly decline, suggesting that moderate degree influence achieves the
best trade-off between stability and discrimination. The global weight Mg, adjusts the contribution of global
structural information in the positional encoding; small values encourage locality-aware aggregation and lead
to better results, while larger values cause a minor performance drop due to overemphasis on global signals.
The distance decay coefficient 8 controls how rapidly distant nodes’ effects diminish. When S is small, the
propagation becomes too smooth, and when it is large, the model becomes overly selective; the best performance
is obtained at 8 = 1.0, balancing exploration and concentration. The coefficient ayecon scales the KL divergence
term in the reconstruction loss, guiding the model to better align hyperedge features with the distribution of
their constituent node features. Increasing ayecon moderately improves both metrics, but excessive values cause
gradient instability. Similarly, Ajecon balances the reconstruction and classification objectives; too small a value
weakens the regularization effect, while too large a value harms discriminability. The optimal setting (Arecon =
1.0) achieves the best equilibrium. Overall, across all three datasets, HGT-FD exhibits strong robustness—both
AUC and Fl-macro fluctuate within only about 1.5% around their default values—indicating that the model
maintains stable performance and generalization under diverse hyperparameter settings.

E Experimental Details

In this section, we provide the detailed statistics of the datasets used in our experiments.

E.1 Dataset Statistics

Table 2 summarizes the statistics of the three benchmark datasets. YelpChi and Amazon are multi-relational
graph datasets, while T-Finance is a single-relational dataset. IR stands for Imbalance Ratio (Valid/Fraud).
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Table 2: Dataset Statistics. IR denotes the Imbalance Ratio.

Dataset ‘#Node IR Relation #Edges

R-U-R 49,315
YelpChi 45954 59  R-S-R 3,402,743
R-T-R 573,616

U-P-U 175,608
Amazon 11,944 13.5 U-S-U 3,566,479
U-V-U 1,036,737

T-Finance | 39,357  20.8 A-T-A 21,222,543




