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Abstract

Graph fraud detection (GFD) on transaction networks is cru-
cial for safeguarding financial systems. However, due to the
limited perspective of existing graph neural networks (GNNs)
in the single transaction view, sophisticated fraudsters can
disguise themselves to exhibit weak fraud signals, appear-
ing as borderline fraudsters. To address this challenge, we
propose MH-LGC, a multi-view hypergraph fraud detection
model with large language model (LLM) guided contrastive
learning. MH-LGC tackles two key limitations of existing
GNN-based GFD methods: (1) Due to the local aggregation
mechanism, existing methods struggle to capture high-order
trading patterns among distant fraudsters. MH-LGC intro-
duces two temporal hyper-views as complements to the trans-
action view and employs a Temporal Hypergraph Atten-
tion Network (THAN) to integrate the three views. (2) Most
GFD methods overlook the rich semantic cues embedded in
transaction data. Although some general graph learning stud-
ies have explored LLM integration, the high computational
overhead and task-specific fine-tuning make them imprac-
tical for GFD tasks. MH-LGC introduces a semantic view
through a fine-tuning-free LLM-Guided Contrastive learn-
ing (LGC), adopting a novel paradigm for integrating GNN
and LLM to reduce the computational overhead of LLM. Ex-
tensive experiments on three real-world datasets demonstrate
that MH-LGC outperforms twelve state-of-the-art baselines,
with AUC improvements ranging from 1.10% to 5.70%.

Introduction
Detecting fraud in transaction networks is essential for
maintaining financial integrity in digital payment sys-
tems (Motie and Raahemi 2024; Qiao et al. 2025; Cheng
et al. 2025). Despite the notable success in graph-based
fraud detection (GFD) using graph neural networks (GNNs),
sophisticated fraudsters can still evade detection by exploit-
ing the limited perspective of single-view GNNs (Zhang
et al. 2023; Wang et al. 2023b). As shown in Figure 1,
these fraudsters exhibit weak fraud signals and appear as
borderline fraudsters, with embeddings close to benign
users and ambiguous fraud scores. This challenge arises
from the limited perspective of the transaction view, which
restricts GNNs from capturing comprehensive information
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Figure 1: Illustration of borderline fraudsters.
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Figure 2: Distributed micro-transactions. GNNs fail to cap-
ture collusive fraudsters due to the local aggregation.

and makes them vulnerable to strategic manipulation. Tar-
geting these borderline fraudsters, we introduce two types of
novel views to overcome limitations in the transaction view.

Limitation 1: Local aggregation mechanism. Most
GFD studies use GNNs to calculate user embedding by ag-
gregating local neighbors in transaction view, which can
be exploited by sophisticated fraudsters (Kipf and Welling
2016; Yu, Liu, and Luo 2024). Figure 2 illustrates a preva-
lent fraud pattern, known as distributed micro-transactions,
where fraudsters intentionally split a single large transac-
tion into multiple small and cross-regional ones (Xue, Wang,
and Wei 2023; Li et al. 2024d). These small transactions
generate weak fraud signals, which in turn position individ-
ual fraudsters near the detection boundary. Detecting such
fraudsters requires aggregating information across multiple
geographically dispersed transactions, which is difficult for
traditional GNNs. Some state-of-the-art studies attempt to
address this limitation by employing temporal encoding (Liu
et al. 2023; Li et al. 2024a), neighbor extension (Liu et al.
2021; Yu et al. 2025), and risk propagation (Xiang et al.
2023, 2025), yet they still remain confined to the single
transaction view. In this work, we introduce two temporal
hyper-views to capture the high-order collusive patterns, ad-
dressing the limitation of local aggregation in transaction
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view. And a novel Temporal Hypergraph Attention Net-
work (THAN) is proposed to integrate the hyper-views and
the transaction view through hierarchical hyper-attention.

Limitation 2: Semantic blindness. Transaction networks
contain rich semantic information, but GFD studies often di-
rectly reduce them to feature vectors, neglecting native se-
mantics. Large language models (LLMs) have emerged as
powerful tools for semantics mining (Li et al. 2024b; Jin
et al. 2024), but they face two main challenges when ap-
plied to GFD tasks: (1) LLMs incur significant computa-
tional overhead (Tang et al. 2024). Figure 3 shows three ex-
isting paradigms for integrating GNNs and LLMs (i.e., as
predictor (Chen et al. 2024), enhancer (Liu et al. 2024a),
and aligner (Wang et al. 2024)), where the LLM typically
processes all graph samples. This substantially slows both
training and inference, which is impractical for efficiency-
critical GFD tasks. (2) Directly employing LLMs as domain
classifiers demands task-specific fine-tuning and extensive
prior knowledge, making them difficult to detect subtle fraud
patterns (Tang et al. 2024). To address these challenges, we
propose a novel paradigm to employ LLM as a guide, con-
structing a semantic view to support GNN training. Specif-
ically, we propose an LLM-Guided Contrastive learning
(LGC) that selectively involves LLM only for borderline
fraudsters, ensuring efficient processing for most samples.
Furthermore, LGC employs a fine-tuning-free LLM to an-
alyze users’ semantic contexts, enhancing generalizability
and reducing reliance on task-specific fine-tuning.

Our main contributions are summarized as follows.
• We present a Multi-view Hypergraph fraud detection

model with LLM-Guide Contrastive learning (MH-
LGC). To address the limitation of local aggregation,
MH-LGC incorporates a temporal hypergraph attention
network (THAN), which captures high-order user pat-
terns with two temporal hyper-views.

• Toward transactional semantic mining, MH-LGC inte-
grates an LLM-guided contrastive learning (LGC) to
construct a sematic view, guiding the training of THAN.
LGC adopts a novel paradigm that leverages LLM as a
guide to selectively handle borderline fraudsters, signifi-
cantly reducing its computational overhead.

• We conduct extensive experiments on three real-world
fraud detection datasets. Experimental results demon-
strate the superiority of MH-LGC over twelve state-of-
the-art baselines, with AUC improvements ranging from
1.10% to 5.70%.

Related Work
Fraud Detection with GNNs. GNNs have been widely ap-
plied to various graph-based fraud detection (GFD) tasks,
including web edit fraud (Tian et al. 2023; Li et al. 2024a;
Liu et al. 2025), review fraud (Li et al. 2023; Li, Yu, and
Luo 2025; Yang et al. 2025), and transaction fraud (Xu et al.
2024; Wang et al. 2023a; Xiang et al. 2025). However, most
existing methods struggle to capture high-order temporal
patterns due to the inherent limitations in local aggregation
mechanisms (Figure 2). DGNN-SR (Yuan et al. 2025) incor-
porates temporal encoding; DAGNN (Li et al. 2022) adopts
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Figure 3: Paradigms for integrating GNNs and LLMs.

neighborhood expansion; RGTAN (Xiang et al. 2025) in-
troduces risk propagation to enhance multi-hop structural
awareness. Although these studies have attempted to im-
prove GNNs’ perception capability, they remain constrained
in the single transaction view. In this work, we propose
two temporal-enhanced hyper-views using high-order hy-
peredges to capture cross-regional fraud patterns.
Large Language Models on Graphs. LLMs have demon-
strated impressive performance in graph learning (Guo et al.
2023; Zhang et al. 2024), with three main paradigms in-
tegrating with GNN (Figure 3). GraphGPT (Tang et al.
2024) and LLaGa (Chen et al. 2024) employ LLM as a
predictor based on GNN-encoded node embeddings. How-
ever, these methods require costly task-specific fine-tuning
and extensive prior knowledge, which limits their applica-
tions in GFD. Others use LLMs as enhancers or aligners:
OFA (Liu et al. 2024a) and ZeroG (Li et al. 2024c) inject
LLM-generated text embeddings, while TEA-GLM (Wang
et al. 2024) and Grenade (Li, Ding, and Lee 2023) align
GNN and LLM embeddings to capture both structure and se-
mantics. However, all these methods invoke LLMs for each
sample, making them inefficient for fraud detection. These
limitations motivate us to design a new paradigm that em-
ploys LLM as a guide to selectively handle the borderline
fraudsters.

Preliminaries
Transaction Graph (TG). An TG G = (N , E ,XN ,XE)
is constructed by the transaction records between users,
with users as nodes N and transactions as edges E . e =
(u, v, t) ∈ E ⊆ |N | × |N | × R indicates a transaction
between users u and v at time t, XN ∈ R|N |×dN and
XE ∈ R|E|×dE denote the user and transaction feature ma-
trix, respectively, where dN and dE denote the respective
feature dimensions.
Transaction Hypergraph (TH). An TH HG =
(N ,H,XN ,XH) shares the same node set and node
feature with G. Each hyperedge he =

(
Nh, t

)
∈ H

consists of a set of connected nodes Nh and a timestamp
t. XH ∈ R|H|×dH denotes the hyperedge features with
dimension dH . TH provides a higher-order view that can
potentially capture complex user patterns.
Problem Formulation. Given an TG G, each transaction e
is associated with a label y ∈ {0, 1,−1} that indicates the
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Figure 4: Overall architecture of MH-LGC.

transaction is benign, fraudulent, or unknown. Our goal is to
train a model that predicts the labels of all unknown transac-
tions. To overcome the limitations of single transaction view,
we construct two hyper-views and a semantic view to enable
multi-view hypergraph fraud detection.

Methodology

Overview of MH-LGC

Figure 4 demonstrates the overall architecture of MH-
LGC, a multi-view fraud detection model that includes four
views: transaction view G, time hyper-view HG(1), fre-
quency hyper-view HG(2), and semantic view. As illustrated
in the upper left of Figure 4, the transaction view G is con-
structed based on the raw transaction records (Tian et al.
2023; Li et al. 2024a). Time and frequency hyper-views
HG(1), HG(2) are constructed based on G to capture high-
order temporal patterns. MH-LGC consists of two key mod-
ules: THAN and LGC. As illustrated in the middle of Fig-
ure 4, THAN encodes the first three views into user em-
beddings, and a fraud decoder calculates the fraud scores.
THAN addresses the limitation of local aggregation by inte-
grating high-order hyper-views with hierarchical attentions.
As shown on the right of Figure 4, LGC introduces a novel
paradigm that leverages LLM as a guide to provide a se-
mantic view for contrastive training. LGC selectively han-
dles the hard-to-distinguish borderline fraudsters, allowing
most users to be efficiently processed by THAN.

Temporal Hypergraph Attention Network (THAN)
THAN constructs two hyper-views HG(1) and HG(2) to cap-
ture time and frequency patterns, and integrates them with
the transaction view G to calculate user embeddings.
Hyper-View Construction. HG(1) and HG(2) are con-
structed based on G to model high-order temporal patterns.

Time Hyper-view HG(1) connects users who engage in
transactions within a time window, capturing the temporal
clustering collusive fraudsters. Specifically, we divide the
entire time span into overlapping time windows. The i-th
window can be represented as T

(1)
i =

[
i · s(1)t , i · s(1)t +

∆t(1)
]
, with step size s

(1)
t step size and window length

∆t(1). In practice, we fix the step size to half the window
length. A hyperedge connects all nodes involved in the time
window, whose node set can be formulated as:

N (1)
i =

{
u ∈ N

∣∣∣ ∃v ∈ N , ∃t ∈ T
(1)
i , (u, v, t) ∈ E

}
.

(1)
Based on Equation (1), we construct a membership ma-

trix M(1) ∈ {0, 1}|H|×|N|, where M(1)[x][y] represents
whether node y is connected by hyperedge x:

M(1)[x][y] = I
(
y ∈ N (1)

x

)
, (2)

where I(·) denotes the indicator function.
Frequency Hyper-view HG(2) focuses on the transaction

frequency of users. Similar to HG(1), HG(2) also divides
time windows T (2)

i = [i·s(2)t , i·s(2)t +∆t(2)], but with larger
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time step s
(2)
t and window length ∆t(2) to capture frequency

patterns in a longer time span. The transaction frequency of
user u in T

(2)
i can be formulated as:

fi,u =
∣∣∣{(u, v, t) ∈ E

∣∣∣ t ∈ T
(2)
i

}∣∣∣ . (3)

HG(2) additionally divides frequency windows in each
T

(2)
i : F (2)

j = [j · s(2)f , j · s(2)f + ∆f (2)]. Each frequency
window is associated with a temporal hyperedge, whose set
of connected nodes is:

N (2)
k =

{
u ∈ N

∣∣ ∃v ∈ N , ∃t ∈ T
(2)
i , (u, v, t) ∈ E,

fi,u ∈ F
(2)
j

}
, k = I · i+ j.

(4)

We extract four features xH =
[
|Nh|, f̄ , µt, σt

]
for

each hyperedge in both hyper-views, where Nh denotes the
number of connected users; f̄ denotes the average transac-
tion frequency of connected users; µt and σt are the mean
and standard deviation of transaction timestamps.
Hierarchical Hyper-Attention. To integrate the three
views, THAN designs a hierarchical hyper-attention to en-
code the multi-view hypergraph. The basic attention formu-
lation (Vaswani 2017) is as follows:

Attn(q, k, v) = softmax
(Q ·KT

√
d

)
V. (5)

THAN consists of three attention layers, which imple-
ment Equation (5) with different q, k, v. First, a Intra-
Hyperedge Attention aggregates the connected nodes on the
hyperedge to a single hyper-neighbors XHN :

zintra
H = [WHXH ||Φ(0)], zintra

N = [WN (H ◦XN )||Φ(∆t)],
(6)

XHN = Attn(q = zintra
H , k = v = zintra

N ), (7)
where WH ,WN are projection matrices; zintra

H , zintra
N are the

hidden embedding matrices of hyperedges and connected
nodes, respectively. Φ(·) denotes a relative time encoding
to model periodical information:

Φ(∆t) = [ cos(ω1∆t), sin(ω1∆t), . . . ,

cos(ωdΦ∆t), sin(ωdΦ∆t)],
(8)

where ω1, . . . , ωdΦ
are learnable frequencies, and d = 2dΦ.

In addition, a Inter-Edge/Hyperedge Attention aggregates
neighbors/hyper-neighbors to the center node for each view.
The formulation of hyper-views is as follows:

zinter
C = [WNXN ||Φ(0)],

zinter
HN = [WN (MT ◦XHN )||Φ(∆t)],

(9)

Zv = Attn(q = zinter
C , k = v = zinter

HN ), (10)
where zinter

C , zinter
HN are the hidden embeddings for center

nodes and hyper-neighbors; Zv denotes the user embedding
on view v; ◦ denotes element-wise multiplication; M de-
notes the membership matrix in Equation (2).

Finally, a Multi-View Attention fuses three views and pro-
duces user embeddings Z.

zmv = [ZG || ZHG(1)

|| ZHG(2)

], (11)

Z = Attn(q = k = v = zmv). (12)

The fraud decoder then predicts the fraud scores Ŷ based
on user embeddings, and the classification loss can be cal-
culated with ground-truth labels Y.

Ŷ = FraudDecoder(Z). (13)

Lcla = −
∑

yi∈Y, ŷi∈Ŷ

[yi log ŷi + (1− yi) log(1− ŷi)] .

(14)

LLM-Guided Contrastive Learning (LGC)
Targeting borderline fraudsters, we employ LGC to con-
struct a semantic view, capturing their latent semantic infor-
mation. LGC applies only to borderline fraudsters to reduce
LLM overhead. Specifically, the fraudster with the lowest
predicted fraud score ŷi in a batch is considered the border-
line fraudster and designated as the anchor in LGC.
Multi-view Augmentation. To augment borderline fraud-
sters, LGC adopts random masking strategies of features,
edges, and hyperedge memberships. For example, given
the membership matrix M ∈ {0, 1}|H|×|N| in Equation
(2), we sample a binary mask Mask ∈ {0, 1}|H|×|N| ∼
Bernoulli(1 − p) from a Bernoulli distribution, where p is
the masking probability. And the augmented membership
matrix can be derived as M̃ = Mask◦M. By applying sim-
ilar masking strategies to features and edges, we can obtain
augmented views:

G̃, H̃G(1)
, H̃G(2)

= A
(
G, HG(1),HG(2)

)
, (15)

where A(·) denotes the augmentation function. As illus-
trated in the upper right of Figure 4, we consider the bor-
derline fraudster in origin views as anchor x, the same node
in augment views as positive x+, and others as negative x−.
Hardness-aware Contrastive Learning. Based on the posi-
tive and negatives, the InfoNCE contrastive loss (Rusak et al.
2024) can be calculated as:

Lcon = −Ex log
ef(x)

T f(x+)

ef(x)T f(x+) + Ex−∼p(x−)ef(x)
T f(x−)

,

(16)
where f(x) denotes the THAN embedding of sample x in
Equation (12), and p(x−) is the negative sampling distribu-
tion. Although traditional studies sample x− evenly, placing
higher sampling weights on hard negatives can benefit con-
trastive learning (Robinson et al. 2020; Liu et al. 2024b).
Hard negatives refer to those who are hard-to-distinguish
with anchor x according to a similarity criterion sim(x, x−).
The hard negative distribution can be derived as:

qβ|x(x
−) = eβ sim(x,x−) × p(x−), (17)

where β > 0 controls the impact of hard negatives and
eβ sim(x,x−) denotes the hardness of the negative x−. This
hard negative sampling strategy can enhance THAN’s capa-
bility to distinguish borderline fraudsters from benign users.
In practice, the weighted negative distribution in Equation
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Wikipedia Reddit Credit

#Nodes 9,227 10,984 87,130
#Edges 157,474 672,447 587,473
#Feat. 172 172 7

Time Span 30 days 30 days 180 days

Table 1: Dataset statistics.
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Figure 5: Hyperparameter sensitivity for THAN.

(17) can be equivalently implemented by reweighting the
negative samples (Hao et al. 2024; Jiang et al. 2024).
LLM-Guided Negative Sampling. Existing studies typi-
cally calculate similarity based on GNN embeddings f(x):
sim(x, x−) = f(x)T f(x−). LGC is the first work that lever-
ages LLM to calculate sim(·), guiding the negative sampling
procedure. Specifically, we transform the local subgraph of
the anchor and negative into flattened JSON format, and
leverage LLM to analyze their transaction patterns in natural
language , which can also support human auditing. To quan-
tify similarity, we extract the embeddings in the last hidden
layer as text embedding g(x):

g(x) =LLM
(
G(x),HG(1)(x),HG(2)(x)

)
,

g(x−) =LLM
(
G̃(x−), H̃G(1)

(x−), H̃G(2)
(x−)

)
,

(18)

where G(x) denotes the local subgraph around x in view G.
Based on both f(x) and g(x), the similarity criterion of

LGC can be derived as:

sim(x, x−) = (1−γ)
f(x)T f(x−)

df(x)
+γ

g(x)T g(x−)

dg(x)
, (19)

where γ balances the contribution of two embeddings. df(x)
and dg(x) denote the dimensions of embeddings, which are
used to eliminate the impact of different embedding sizes.

LGC adopts a novel paradigm to employ LLM as a guide
for contrastive training, allowing most samples to be effi-
ciently encoded without involving LLM. Moreover, LGC
utilizes LLM to analyze the semantic transactional patterns
rather than directly classify fraudsters, thereby avoiding the
dependence on task-specific fine-tuning.

Experiments
Experimental Setup
Datasets. As shown in Table 1, we conduct extensive experi-
ments on three real-world fraud detection datasets, including
two public datasets Wikipedia and Reddit (Tian et al. 2023),
as well as a private credit card fraud dataset Credit.
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AUC Recall
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Figure 6: Hyperparameter sensitivity for LGC.

Baselines. We compare MH-LGC with twelve state-of-the-
art baselines, including nine GNN-based fraud detection
(GFD) methods (TGAT (Xu et al. 2020), SemiGNN (Wang
et al. 2019), CARE (Dou et al. 2020), GDN (Ding et al.
2021), TADDY (Liu et al. 2023), MADG (Yuan, Shao, and
Yan 2023), SAD (Tian et al. 2023), AdaDyGNN (Li et al.
2024a), and RGTAN (Xiang et al. 2025)) and three latest
graph learning methods integrating large language models
(OFA (Liu et al. 2024a), TEA-GLM (Wang et al. 2024),
GAugLLM (Fang et al. 2024)).
Metrics. We use AUC and Recall as evaluation metrics.
AUC is widely adopted in fraud detection tasks (Xiang et al.
2025) due to its threshold-independence and robustness in
imbalanced classification tasks. Recall is selected to assess
the model’s capability to identify borderline fraudsters.
Implementation Details. We implement MH-LGC using
PyTorch 1.10.1 and conduct all experiments on an NVIDIA
V100 (32GB). For each experiment, we conduct 10 indepen-
dent runs and report the mean and standard deviation results.
By default, we adopt LLaMa3-8B as the LLM backbone in
LGC. For dataset settings, we strictly follow the preprocess-
ing procedures and the 75%-15%-15% split of training, val-
idation, and test sets as described in (Tian et al. 2023).

Overall Performance
We compare the fraud detection performance of MH-LGC to
twelve SOTA baselines on edge classification tasks. As re-
ported in Table 2, the extensive results across three datasets
clearly demonstrate that MH-LGC outperforms all base-
lines. Notably, in Credit dataset, MH-LGC achieves im-
provements of +8.02% and +3.02% compared to the back-
bone TGAT (Xu et al. 2020) model in terms of AUC and
Recall, respectively. The other eight GFD baselines achieve
notable improvements compared to TGAT by adopting tech-
niques such as neighbor extension, risk propagation, etc.
However, the are still limited in single transaction view,
lacking high-order perspectives and semantic mining.

The applications of LLMs in GFD are almost unexplored.
OFA, TEA-GLM and GAugLLM are three general graph
learning methods integrating LLMs. Although not specifi-
cally designed for GFD, they still demonstrate robust per-
formance across datasets. Notably, they generally perform
better in Credit dataset because it is a text-attributed dataset
with nominate features, which allows LLMs to not only
model the graph structure but also understand the semantics
of features (e.g., transaction amount, transaction limit, etc.).
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Datasets Wikipedia Reddit Credit

Metrics AUC Recall AUC Recall AUC Recall

TGAT 83.69±0.70 76.59±8.13 65.56±0.70 51.70±14.97 86.84±0.14 85.87±2.09

SemiGNN 84.65±0.82 74.95±5.23 64.18±0.78 55.85±10.35 87.76±0.21 85.66±2.05
CARE 83.47±0.84 72.73±9.03 65.78±0.96 58.40±9.16 87.98±0.42 86.14±2.02
GDN 85.12±0.69 72.05±8.01 67.02±0.51 52.77±10.05 87.91±0.23 85.64±2.14

TADDY 84.72±1.01 79.32±7.57 67.95±0.94 61.71±7.37 88.74±0.22 86.08±1.26
MADG 86.53±0.86 78.64±2.53 68.21±0.63 62.45±6.28 88.53±0.25 84.65±2.01

SAD 86.77±0.24 80.68±4.46 68.77±0.75 63.62±11.29 88.98±0.17 86.27±1.43
AdaDyGNN 86.84±0.48 80.13±5.89 68.19±0.64 62.76±8.41 88.76±0.25 86.38±1.55

RGATN 86.93±0.62 80.69±5.72 68.31±0.79 63.55±9.23 88.81±0.27 86.15±1.58

OFA 82.84±1.24 77.46±8.67 65.87±0.84 53.50±12.42 88.93±0.62 86.40±1.79
TEA-GLM 86.48±0.79 80.09±7.17 67.93±0.83 60.87±9.94 89.02±0.59 86.61±1.58
GAugLLM 87.14±0.93 80.69±7.87 68.42±0.92 63.08±7.22 89.16±0.38 86.44±2.10

MH-LGC 90.17±0.42 84.25±2.83 69.87±0.61 65.01±7.24 94.86±0.15 88.89±1.58

Table 2: Fraud detection performance on edge classification.

In contrast, Wikipedia and Reddit use anonymous features,
which limits LLM’s capability of semantic mining. Com-
pared to the best baseline, MH-LGC demonstrates signifi-
cant improvements of +5.70% and +2.28% in Credit dataset
in terms of AUC and Recall, respectively.

Hyperparameter Sensitivity
For THAN, we vary the time window lengths of the two
hyper-views, denoted ∆t(1) and ∆t(2). Figure 5 reports the
results in Credit dataset. As the window length increases, the
number of hyperedges |H| in both views decreases, which
enables THAN to capture user trading patterns over longer
time spans, but may reduce its capability to detect fine-
grained temporal dynamics. Based on empirical results, we
set ∆t(1) = 100 and ∆t(2) = 500.

Figure 6 illustrates the impact of two key hyperparameters
in LGC: (1) Hard impact β in Equation (17). β controls the
emphasis placed on hard negatives. A larger β encourages
LGC to pay more attention to beneficial negatives, yet re-
duces the diversity of sampled negatives. We empirically set
β = 1. (2) Similarity Balance γ in Equation (19). γ deter-
mines the relative contribution of the text embedding g(x)
and the graph embedding f(x). We set γ = 0.75 to effec-
tively integrate the insights from graph and semantic views.

Ablation Study
To evaluate the effectiveness of each component in MH-
LGC, we conduct a comprehensive ablation study on the fol-
lowing variants: (1) TGAT (Xu et al. 2020) is the backbone
of MH-LGC that only involves transaction view G. (2) w/o
HG(1) disables the temporal hyper-view HG(1) in THAN.
(3) w/o HG(2) disables the frequency hyper-view HG(2) in
THAN. (4) w/o THAN disables both HG(1) and HG(2).
(5) w/o LGC disables the LLM-guided contrastive learning
and the semantic view. (6) MH-LGC is the complete model
that integrates four views. As shown in Table 3, each view
in MH-LGC contributes to performance improvement com-
pared to the backbone. Integrating the transaction view, two
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Figure 7: The Recall gap between identifying all fraudsters
and borderline fraudsters.

hyper-views, and the semantic view, MH-LGC demonstrates
SOTA performance on multi-view fraud detection.

In addition, we perform ablation studies on different LLM
backbones used in LGC. As shown in the table, MH-LGC
variants equipped with Vicuna-7B and LLaMA2-7B also
outperform w/o LGC, demonstrating the effectiveness of
LGC across different LLM backbones.

Case study on Borderline Fraudsters
To provide deeper insight into the performance improve-
ments of MH-LGC , we conduct a case study on borderline
fraudsters in Credit dataset. Figure 7 compares MH-LGC
with five representative baselines in terms of Recall, evalu-
ating their capability to identify all fraudsters and borderline
fraudsters. MH-LGC significantly improves the detection of
borderline fraudsters, achieving a +4.06% gain over the best
baseline, which contributes substantially to model’s overall
Recall improvement (+2.28%). Notably, MH-LGC achieves
even higher recall for borderline fraudsters than that for all
fraudsters in SOTA baselines, highlighting its effectiveness
in identifying challenging fraud cases.

We further visualize user embedding to assess models’
capability in distinguishing borderline fraudsters within the
embedding space. As shown in Figure 8, the embeddings of
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Datasets Wikipedia Reddit Credit

Metrics AUC Recall AUC Recall AUC Recall

TGAT 83.69±0.70 76.59±8.13 65.56±0.70 51.70±14.97 86.84±0.14 85.87±2.09

w/o HG(1) 88.97±0.51 83.89±4.96 69.64±0.78 63.98±6.45 92.97±0.18 87.78±1.98
w/o HG(2) 89.15±0.49 84.10±4.47 69.70±0.67 64.28±8.43 93.18±0.14 88.10±1.67
w/o THAN 87.67±0.54 82.35±6.94 68.45±0.84 62.05±8.76 91.81±0.20 87.52±1.51
w/o LGC 88.26±0.63 83.41±4.61 68.94±0.79 63.50±6.97 90.54±0.19 87.09±1.86

Vicuna-7B 89.35±0.71 83.74±3.31 69.63±1.15 64.76±8.36 93.56±0.47 88.18±2.09
LLaMA2-7B 89.86±0.65 84.14±3.68 69.55±1.64 64.84±8.20 93.84±0.39 88.35±1.87

MH-LGC 90.17±0.42 84.25±2.83 69.87±0.61 65.01±7.24 94.86±0.15 88.89±1.58

Table 3: Ablation Study.

(a) RGTAN (b) TEA-GLM

(c) GAugLLM (d) MH-LGC

Figure 8: Visualization results of user embeddings, where
blue, red, orange nodes represent benign users, borderline
fraudsters, and other fraudsters, respectively.

baselines often exhibit significant overlaps between fraud-
sters and benign users, particularly in the case of borderline
fraudsters. In contrast, MH-LGC can clearly separate bor-
derline fraudsters from benign users.

Training and Inference Efficiency
To evaluate the efficiency of MH-LGC, we compare the
training and inference times with representative baselines.
We set the batch size to 256 and employ LLaMA3-8B as
the LLM backbone for all baselines. As shown in Table 4,
GNN-based baselines are highly efficient. In contrast, LLM-
integrated methods incur much higher overhead due to fre-
quent LLM queries. OFA involves a large number of queries
to construct prompt graphs for each sample. GAugLLM aug-
ments each sample using three prompts, resulting in 3×B =
768 queries. TEA-GLM requires B = 256 queries to align
the node embeddings with text embeddings. Although they
can preprocess all samples in advance to mitigate slow train-
ing, the preprocessing procedure remains time-consuming
and is not applicable to online inference for newly arrived
transactions in GFD.

Offline Training Online Inference

Time #LLM Time #LLM

TGAT 0.41s 0 0.32s 0
SAD 0.53s 0 0.41s 0

AdaDyGNN 0.47s 0 0.36s 0
RGTAN 0.51s 0 0.38s 0

OFA 235m 2827 235m 2827
TEA-GLM 22m 256 22m 256
GAugLLM 64m 768 64m 768

MH-LGC 21s 4 0.39s 0

Table 4: Time and number of LLM queries per batch in train-
ing and inference.

MH-LGC requires only 4 queries by selectively process-
ing one sample in each batch. For each borderline sample,
MH-LGC employs LLM to encode the text embeddings of
the anchor and three negatives. Furthermore, although MH-
LGC incurs more training time than GNN-based baselines
due to LLM involvement, its inference is similarly efficient.
The LLM guidance during contrastive training has been in-
ternalized into THAN’s parameters, enabling it to identify
borderline fraudsters independently at inference stage.

Conclusion
In this work, we present MH-LGC, a multi-view hyper-
graph fraud detection model with large language model
(LLM) guided contrastive learning. MH-LGC comprises
two novel components: (1) To address the locality limita-
tions of traditional GNNs, MH-LGC introduces a tempo-
ral hypergraph attention network (THAN), which captures
high-order collusive patterns by integrating two temporal
hyper-views. (2) To construct a semantic view of transaction
data, MH-LGC incorporates a fine-tuning-free LLM-guided
contrastive learning (LGC), which adopts a novel paradigm
that selectively handles borderline fraudsters and signifi-
cantly reduces the computational overhead of LLMs. MH-
LGC achieves consistent improvements over twelve SOTA
baselines on three real-world datasets, with AUC improve-
ments ranging from 1.10% to 5.70%.
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