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Abstract—Graph-level anomaly detection (GLAD) aims to
identify abnormal graphs that deviate from typical structural
or attribute patterns, playing a vital role in cybersecurity,
bioinformatics, and fraud detection. While contrastive learning
has recently been introduced to GLAD, existing methods heavily
rely on heuristic augmentations such as node deletion or feature
masking, which risk disrupting key semantics or obscuring
subtle anomalies. Moreover, most methods that employ shallow
GNNs may struggle to capture the long-range dependencies and
high-order interactions. To address these issues, we propose
HyGROVE, a novel framework that combines HyperFormer
and GeneRative-COntrastiVE learning for unsupervised GLAD.
HyGROVE leverages a generative model to explicitly learn node-
level latent distributions and sample multiple embeddings to form
contrastive views. It then incorporates a hypergraph transfor-
mation to capture high-order local interactions beyond pairwise
links, while a transformer models global semantic dependencies.
Finally, hierarchical contrastive learning at both node and graph
levels, together with an adaptive scoring module, detects anoma-
lies from multiple perspectives. To our knowledge, this is the
first framework that introduces a graph generation—contrastive
learning paradigm for unsupervised GLAD. Experiments on 11
datasets and 10 baselines verify HyGROVE’s superiority. The
code is available at https://github.com/xyhul/HyGROVE.

Index Terms—Graph-level anomaly detection, Unsupervised
learning, Graph neural networks, Generative Learning, Con-
trastive Learning

I. INTRODUCTION

Graphs are a fundamental data structure in many real-
world applications such as cybersecurity, bioinformatics, and
social network analysis [1]-[3]. Among various graph learning
tasks, Graph-level anomaly detection (GLAD) aims to identify
graphs that deviate from the majority in structure or attributes.
Such anomalies often indicate rare but meaningful events,
such as toxic molecular compounds, fraudulent transactions,
or compromised communication patterns [4].

In many real-world applications, anomalous graphs are
difficult to label, which necessitates the use of unsupervised
methods for graph-level anomaly detection. Recently, graph
contrastive learning (GCL) has emerged as a promising so-
lution [5]-[8]. By generating multiple augmented views of
each graph and maximizing agreement between their repre-
sentations, GCL encourages the model to learn informative
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Fig. 1: Limitations of GCL-based UGLAD. Left: Shallow
GNNs miss long-range and group patterns. Right: View pertur-
bations distort semantics, causing false or missed anomalies.

features without relying on labeled data. Common augmen-
tation strategies include structural augmentations and feature
augmentations [9]. These strategies have shown effectiveness
in improving representation quality for downstream anomaly
detection. Despite these advancements, existing GCL-based
methods still face two major limitations.

Firstly, the construction of contrastive views mainly relies
on heuristic perturbations, such as node or edge deletion, fea-
ture masking, and random noise injection. These approaches
assume that small perturbations preserve graph semantics, but
this lacks theoretical support and cannot ensure the views
follow the same distribution as the original graph. Once such
perturbations disrupt key anomalous patterns, the model per-
formance may degrade. For example, as illustrated in Figure 1,
removing a node from a normal graph may destroy its global
topology (Case 1), leading to false positives, while applying
feature masking to an anomalous graph may obscure critical
anomaly cues (Case 4), resulting in false negatives. These



issues become more severe when anomaly signals are weak
or globally dispersed, as perturbations further compromise
semantic consistency. Fundamentally, current view generation
strategies do not model the relationship between different
views from the perspective of latent distribution, resulting in a
lack of semantic alignment across views. This raises a critical
necessity of modeling the latent graph distribution instead
of relying on manual perturbations to generate semantically
consistent contrastive views.

Secondly, most models adopt shallow graph neural net-
works (GNNs) as encoders, such as GCN or GIN. These
models primarily aggregate local neighborhood information,
whereas graph-level anomalies often arise from sparse yet
informative patterns, such as long-range dependencies or high-
order structural interactions, which shallow GNNs struggle
to capture. For example, as shown in Figure 1, shallow
GNN-based methods may fail to detect anomalies that rely
on remote node connections (top-left) or group-wise inter-
actions within densely connected substructures (bottom-left).
In addition, simply stacking more GNN layers often leads
to over-smoothing and degraded expressive power. Therefore,
effectively modeling high-order interactions and long-range
dependencies is essential for graph-level anomaly detection.

To address these issues, we propose HyperFormer and
GeneRative—COntrasti-VE learning (HyGROVE) for unsuper-
vised graph-level anomaly detection (HyGROVE). We first
design a generative contrastive view construction module
that models node-level latent distributions and samples multi-
ple node embeddings to form semantically consistent views,
avoiding heuristic perturbations (e.g., node deletion or feature
masking). We then introduce a hypergraph transformation
module to capture high-order interactions beyond pairwise
relations, combined with a transformer to model global depen-
dencies and long-range semantics. Finally, a multi-level graph
contrastive learning module performs hierarchical contrastive
learning at both node and graph levels, together with an
adaptive scoring scheme for anomaly detection. Qur major
contributions are summarized as follows:

(1) We propose HyGROVE, a novel framework that intro-
duces generative contrastive view learning for unsupervised
graph-level anomaly detection. Instead of relying on heuristic
perturbations, our method explicitly models node-level latent
distributions and samples multiple semantically consistent
views, fundamentally ensuring the preservation of critical
anomaly signals during view generation.

(2) We design a hypergraph-based transformer to capture
high-order interactions beyond pairwise relations and model
long-range dependencies, addressing the limitations of shallow
GNNs in representing complex structural patterns for graph-
level anomaly detection.

(3) We conduct extensive experiments on 11 real-world
datasets against 10 representative baselines, demonstrating the
effectiveness and robustness of HyGROVE for unsupervised
graph-level anomaly detection.

II. RELATED WORK

A. Graph-Level Anomaly Detection

Graph-level anomaly detection aims to identify abnormal
graphs by modeling global structures and node attributes.
OCGIN [10] uses one-class GIN to compact normal graph
representations, while OCGTL [11] extends this via neural
transformation learning. GlocalKD [3] applies knowledge dis-
tillation to compute anomaly scores, and GOOD-D [5] lever-
ages multi-level contrastive learning. TUAF [12] models triple-
level edge—node relations, CVTGAD [13] exploits transform-
ers for multi-view interactions, and SIGNET [14] introduces
dual hypergraphs for interpretability. GOODAT [15] focuses
on data-centric test-time detection via graph masking.

B. Graph Contrastive Learning

Contrastive learning learns expressive representations by
maximizing mutual information between similar instances and
is widely used in graph-level anomaly detection. DGI [16]
introduces local mutual information. GCA [9] and GraphCL
[17] enhance robustness via adaptive and multi-type augmen-
tations. GLADC [2] applies contrastive objectives for anomaly
discrimination. Building on this, GOOD-D [5] employs non-
perturbative augmentation and multi-level contrast, and CVT-
GAD [13] further extends it with transformer-based multi-view
modeling to capture complex relational dependencies.

C. Generative Methods in Graph Anomaly Detection

Generative methods improve anomaly detection by mod-
eling latent distributions and generating synthetic samples.
VGAE [18] and DOMINANT [19] learn unsupervised graph
representations via reconstruction, while GAN-based models
such as GraphGAN [20] and NetRA [21] capture connectivity
patterns through adversarial training. Building on these ideas,
AEGIS [22], GAAN [23], and GGAD [24] further enhance
graph anomaly detection by creating pseudo-anomalies or
structure-aware outliers, demonstrating the effectiveness of
generative learning in modeling complex anomalies.

III. PRELIMINARIES

A graph is denoted as G = (V,E), where V is the
set of nodes and E is the set of edges, with N = |V|
being the number of nodes, M = |E| being the number of
edges. The topology information of G is represented by an
adjacency matrix A € RV*N, where N is the number of
nodes. A;; = 1 if there is an edge between node v; and
node v;, otherwise, A; ; = 0. An attributed graph is denoted
as G = (V,E,X), where X € RV*? represents the feature
matrix of node features. Each row of X represents a node’s
feature vector with d dimensions. The graph set is denoted
as G = {G1,Ga,...,G,,}, where m is the total number of
graphs. We study unsupervised graph-level anomaly detection,
where HyGROVE is trained on normal graphs only and detects
anomalous graphs at inference. The overall framework is
shown in Figure 2 and Algorithm 1.
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Fig. 2: The overall pipeline of the proposed HyGROVE model. The detailed structure of the HyperFormer with Accelerated

Attention Mechanism is shown in Figure 3.

IV. METHODOLOGY
A. Generative Contrastive View Construction

To generate contrastive views for each graph, we draw
inspiration from the modeling paradigm of the Variational
Autoencoder (VAE) [25] by introducing a latent variable
distribution learning mechanism.

Given the adjacency matrix A of a graph and the initial
node embeddings F, our objective is to learn a probabilistic
latent representation Z that can reconstruct the input graph
structure: A ~ pg (A | Z). Similar to the variational au-
toencoder (VAE) framework, we adopt variational inference
46 (Z | A,Ey) = TI'Zyqe (2 | A, Eo) to approximate the
posterior distribution of py (A | Z). To enforce a structured
and continuous contrastive space, we add a KL regularizer:

Lx, =Y KLlgs(z | A, Eo) || p(=0)], (1)

where ¢,(2;|A4, Ep) denotes the approximate posterior distri-
bution parameterized by the encoder and p(z;) is the standard
Gaussian prior. We encode each node ¢ as a multivariate
Gaussian distribution conditioned on the graph structure and
initial node features as:

90(2i | A, Eo) = N (zi | (i), diag (o3 (i), ()

where (i) and o, (7) are the mean and standard deviation
vectors for node ¢. To exploit graph structure, we employ
Graph Neural Networks (GNNs) to estimate them: p =
GNN (A, Ey, ¢,),0 = GNN (A, Ey, ¢,) where ¢, and ¢,
denote the learnable parameters on graph inference. Then, we
adopt a GNN encoder to perform structure-aware aggregation
over node features, updating the mean vectors for each node
1 as follows:

l 1 -1
. = —_— . , 3
i ZjeM W %INJ-IMJ )

where pt and ué_l are corresponding means on [*" and (I —
1)*" graph convolution layer, A; and N are the connected
neighbors for node ¢ and node j. We take Ej as the initial
mean embedding (. Through L layers of graph convolution,
we obtain L + 1 outputs [xg, ft1, ..., r,]. These outputs are
fused to compute the final mean and variance as follows:

1L
p=1 > nho=MLP(), 4)

the variance is computed by passing the fused mean through a
single-layer MLP: o = exp(uW + b), where W € R4*¢ and
b € R? are learnable parameters. After obtaining u; and o;,
we sample z; ~ N (u;, 02). However, since the sampling op-
eration is non-differentiable, we adopt the reparameterization
trick to make the training process end-to-end optimizable:

®)

where ¢ ~ A/(0,1) is a normal Gaussian noise. These sampled
latent vectors are then used to construct contrastive views.

Instead of manual augmentations, we construct contrastive
views by sampling from the learned distribution. Concretely,
for each node 7, we generate z’ and z”’ as follows:

Z; = Wi +0; €,

(6)

where €,¢” ~ N(0,I) are two random normal noises.
These sampled embeddings serve as contrastive views for the
downstream contrastive learning objective.

Unlike VAEs that reconstruct a dense probabilistic adja-
cency matrix, we retain only the top-ranked edges based on
embedding similarity, which preserves salient structure and
reduces noise. Specifically, we compute a pairwise similarity
matrix S = sigmoid(ZZ "), where Z is the matrix of latent
node embeddings.

For each graph in the batch, we retain only the top-k edges
with the highest similarity scores, where k = |r-N(N—1)/2],

/ ! 1 "
Z, =i+ 0 €,Z; = +0;-€,
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Fig. 3: The detailed structure of the HyperFormer with Accel-
erated Attention Mechanism.

€ [0,1) controls edge sparsity. with r empirically set per
dataset (mostly r = 0.7). The training procedure optimizes the
model without using labels in gradient updates. The resulting
edge set is then used to construct a new adjacency matrix A
for each view. We encourage the two views to reconstruct the
original topology, and define the reconstruction loss as:

_1 A2 A2
Loceon =5 ([A= A3+ A= A"[%). @

where ||-|| » denotes the Frobenius norm, and A is the original
adjacency matrix. Finally, the overall loss is given by:

l:view = l:recon + LKL- (8)

B. Hypergraph Transformation

To capture high-order dependencies, given an original graph
G, we construct a dual hypergraph G* via DHT [14], where
each edge becomes a dual node and each original node
forms a hyperedge linking its incident edges (Fig. 2). This
design enables efficient information exchange among multi-
hop nodes, thereby capturing long-range dependencies with
fewer propagation steps.

The node features of G*, denoted as X* € RM*4s are ini-
tialized using original edge attributes or features derived from
node or geometric properties. Unlike a conventional graph
transformer operating on nodes, our model applies attention
over the dual nodes (i.e., original edges), facilitating higher-
order dependency modeling across multi-hop connections.

To obtain richer feature representations, we employ a Hy-
pergraph Transformer [26] to capture global correlations. This
model utilizes a kernel-based approximation of multi-head
attention, enabling efficient information aggregation within
an implicitly constructed graph space. Let H() denote the
embeddings at the [-th hypergraph attention layer, where
hgl) represents the hidden representation of instance ¢, and
AW € RMXM g the softmax attention matrix at the I-th layer.
The attention matrix A®) is computed as follows:

o exp <(hz(‘l)ch)) (hgl)WI((l)> T>
A —

v 3% e ((0W) () )

Here, Wg ), Wl(p, and W‘(/l ) are learnable projection matrices
for queries, keys, and values at the [-th layer. After computing
attention scores between inputs, the representation of instance
[ is updated as follows:

M
h§l+1) _ .A 0] (h(l W‘(/l)) (10)

We introduce a structure-aware link loss to regularize the
attention weights, encouraging them to align with the connec-
tivity patterns of the hypergraph by:

1 1
N 1 oL
C] 2o pyec 08 i NG

where C' denotes node pairs connected in the hypergraph. We
stack L layers with residual connections, layer normalization,
and activation to obtain h;.

Liink = (1)

C. Multi-level Graph Contrastive Learning

After obtaining the node representations h;, the embed-
dings of all nodes in each graph form a matrix H =
[hy,hy, ..., hy] € RM*4 where M is the number of nodes
in the graph and d is the embedding dimension.To obtain
more compact graph-level representations, we apply Princi-
pal Component Analysis (PCA) to the learned embeddings,
denoted as H' = PCA(H) € RM*? where d’ < d is the
reduced dimension after PCA. Finally, we compute the mean
vector of all nodes in the reduced space as the graph-level

representation: )
M
. /
he = M Zz 1hl7

where h] is the PCA-reduced embedding of node i, i.e., the
i-th row of H'. Following [5], [13], we design an adaptive
strategy considering both node and graph-level loss to calcu-
late the anomaly score.

Node-level Contrast. For a given input graph G, we define
a node-level contrastive loss to maximize consistency across
views:

Lnode = |B| Z

12)

Y [y, hi?) + 1 (hi* hih)],

2|VG | Vi EVG.
J

13)

sin@(hf1 ,h)2 )/T
‘ (14)

I(h*,h{?) = —log

s7.m(hv1 hu2)/

Vg Gch \vi
In Eq. (15), B denotes the training/testing batch and Vg,
represents the node set of graph G;. The computations of
[(h{*,h{?) and [ (h}?,/h}") are symmetric. We present the
calculation of [ (h]*,h}?) in Eq. (16), using cosine similarity
as the similarity function between views.

Graph-level Contrast. Similarly, we define a graph-level
contrastive loss to maximize agreement between graph repre-
sentations across views:

Loraoh = 57 2 e || (BELDE) +1 (0 E2)] 019)

sim( hy! hu2>/‘r

(&

. v] U2 :
sim (hGi ’hGi ) /T

I(hg ,h%) = —log (16)

cheB\Gi €



Similar to the node-level loss, the computation of (hg1 ) hg)
is the same as that of / (hgﬂ, h”Gli). We employ an adaptive loss
function during training to guide the optimization process:

L= (Unode)a Lyode + (O'g'r'aph)a Lgraph + Luyiew — Liink,
a7
where 0y,04c and ogrqpn are the standard deviations of the
prediction errors at the node and graph levels, respectively. «
is a hyperparameter that satisfies « > 0 . and the subtraction
of Ly aligns with its negative definition to encourage
structure-aware regularization. During inference, we adopt a
normalization strategy to obtain the final anomaly score:

scoreq, = LnodeGi — HMnode + Lgrath'i - pfg’r’aph7

Onode Ograph

(18)

where finoqe and figrqpn are the mean values of prediction
errors at the node level and graph level.

D. Time Complexity Analysis

While both data augmentation and hypergraph construction
are performed once during the pre-processing stage, their cost
is negligible compared to the encoder and loss computation.
Let m be the number of graphs, n/e the average nodes/edges,
M the average hyperedges, B the batch size, d the latent
dimension, d;, the input dimension, and L4, Lj, L; the
numbers of graph, hypergraph, and Transformer layers. The
graph, hypergraph and hypergraph transformer encoders have
complexities O(mLged+mLgynd*+mndd;, ), O(mLyMd+
mLynd? +mMdd;,), and O(mLsed +mLind? +mndd;,).
The node- and graph-level contrastive losses cost O(mn?d)
and O(mBd). Ignoring constants and lower-order terms, the
overall complexity is O(mLd(e + nd + M) + md(nd;, +
Md;, +n* + B)) with L = Ly + Lj, + L;. While these
introduce additional computational cost compared to simpler
baselines, it remains manageable for typical datasets and can
be further optimized in future work.

V. EXPERIMENTS

A. Experimental Settings

Datasets and Baselines. We use 11 publicly available
datasets from the TUDataset [1], covering bioinformatics,
social networks, and small molecules. Following [3], [5],
minority or truly anomalous classes are treated as anomalies,
and the remaining classes are considered normal, with only
normal graphs used for training [3], [5], [10]. Dataset statistics
are reported in Table I. We compare HyGROVE with 10
representative baselines, including kernel-based methods (WL-
OCSVM, WL-iF, PK-OCSVM, PK-iF) [27]-[30], contrastive
learning methods (InfoGraph-iF, GraphCL-iF) [17], [31], test-
time training method (GOODAT) [15], and end-to-end models
(OCGIN, GLocalKD, GOOD-D) [3], [5], [10].

Evaluation and Implementation. We evaluate performance
using AUC, a standard metric for graph-level anomaly detec-
tion [2], [3], [5], [13], [15], where higher values indicate better
detection. HyGROVE is implemented in PyTorch.

Algorithm 1: HyGROVE

Input: Graph set: G = {G1,G2,...,Gm}

Output: The anomaly scores for each graph scoreg
1 Initialize:
2 Load dataset G and split into training/testing sets;
3 Initialize model modules and training settings.

4 Training Phase: for epoch = 1 to epochs do

5 foreach batch in train loader do

6 Compute mean g and variance o of node embeddings
(Eq. 4);

7 Sample two contrastive node embeddings z/ and z
(Eq. 6); o

8 Generate adjacency matrices A’ and A” by top-k
similarity selection and compute Lyiew (Eq. 8);

9 Construct a dual-hypergraph for each view using DHT and
compute initial hypergraph node features (Sec. IV-B);

10 Apply the Hypergraph Transformer to update node
representations and compute link loss Cjinx (Eq. 10-11);

11 Compute graph-level embeddings hg from node
embeddings using PCA by (Eq. 12);

12 Compute node-level loss Lpoge(Eq. 13);

13 Compute graph-level loss Lgrapn(Eq. 15);

14 Compute final loss £ with adaptive weights (Eq. 17);

—

5 Inference Phase: for G; in Graph set G do
16 L Calculate anomaly scores (Eq. 18).

TABLE I: Statistics of the TUDataset [1] datasets used.

Dataset | PROTEINS-full ENZYMES AIDS DHFR BZR

Graphs 1113 600 2000 467 405

Avg.Nodes 30.06 32.63 15.69 4243 3575

Avg.Edges 72.82 62.14 16.20 44.54 38.36

Dataset | COX2 DD COLLAB HSE p53 PPAR-gamma
Graphs 467 1178 5000 8417 8903 8451
Avg.Nodes | 41.22 28432 7449 16.89 17.92 17.38
Avg Edges | 4345 715.66 245778 17.23 18.34 17.72

B. Overall Performance

The overall results on 11 datasets are summarized in Ta-
ble II. HyGROVE achieves the best performance among all
methods, ranking first on five datasets and second on four,
and obtains the best average rank overall.

We observe that graph kernel-based methods perform the
worst among all baselines, likely due to their limited ability
to capture informative graph features. In contrast, graph con-
trastive learning-based methods show stronger performance
in anomaly detection tasks. The results show that integrat-
ing generative contrastive view construction with hypergraph-
based structural modeling significantly improves the semantic
consistency and expressiveness of the learned representations.
These findings validate the design motivation of HyGROVE,
demonstrating that it can effectively learn the underlying reg-
ularities of normal graphs and achieve superior performance
in unsupervised graph-level anomaly detection.

C. Ablation Study

To validate HyGROVE, we conduct ablations on 11 datasets
by removing the generative view construction (w/o G; replaced



TABLE II: The performance comparison in terms of AUC (in percent, mean value + standard deviation). The best performance
is highlighted in bold, and the second-best performance is underlined. f: we report the result from [5], [15].

Method ~ |PK-OCSVM{  PK-iFf ~ WL-OCSVMt WL-iFi InfoGraph-iFi GraphCL-iFf OCGINY GLocalKDf GOOD-Df GOODATY HyGROVE
PROTEINS-full | 50.494+4.92  60.70+2.55 51.35+4.35 61.36+2.54 57.474£3.03 60.18+£2.53 70.89+2.44 77.30+5.15 71.97+3.86 77.9242.37 76.47+1.54
ENZYMES | 53.6742.66 51.30+2.01 55.2442.66 51.60+3.81 53.80+4.50 53.60+4.88 58.75+5.98 61.39+8.81 63.90+3.69 52.33+4.74 65.57+7.59
AIDS 50.79£4.30  51.84:+2.87  50.12+£3.43 61.13£0.71 70.19£5.03  79.72+£3.98 78.16£3.05 93.27+4.19 97.2820.69 95.50:£0.99 98.79+0.90
DHFR 47914376 52114396  50.2443.13 50294277 52.68+3.21  51.10+2.35 49.23+3.05 56.71£3.57 62.67+3.11 61.52+2.86 63.07+1.96
BZR 46.85+5.31 553246.18  50.56+5.87 52464330 63.31+8.52  60.24+5.37 65.91+1.47 69.42+7.78 75.16+5.15 64.77+3.87 70.2746.64
COoX2 50.27£7.91 50.05£2.06 49.86+7.43 50.27+034 53.36+£8.86 52.01£3.17 53.58+£5.05 59.37+12.67 62.65£8.13 59.99+9.76 62.57+8.13
DD 48304398 71324241  47.99+4.09 70.31£1.09 55.80+1.77 59324392 72.2741.83 80.12:5.24 73.25%+3.19 77.62+2.88 80.39+1.61
COLLAB | 49.5942.24 5049+1.72 52.60+2.56 50.69+0.32 46.27+0.73  47.61+£1.29 60.704£2.97 52.9440.85 72.08:£0.90 44.91+0.87 57.62+1.17
HSE 57.0248.42 56.87+10.51 62.72+10.13 53.02+5.12 53.56+3.98 51184271 64.844+4.70 59.48+1.44 69.65+2.14 63.05+0.90 67.46+6.89
p53 46.74+4.88  50.69£2.02  54.59+4.46 50.85+2.16 52.66£195  53.29+232 58.50£037 64.20£0.81 62.99+£1.55 63.27+0.04 66.47+2.16
PPAR-gamma | 53.94+6.94 45514258 57.91£6.13 49.60+£0.22 51.40+253  50.30£1.56 71.1944.28 64.59+0.67 67.34£1.71 68.23+1.54 69.7242.79

AVG.RANK 9.27 8.45 8.18 8.27 7.54 7.82 4.54 3.45 2.36 436 1.73
w/o G gdaptlveness (a = 0) shghtly degrades performance. As «a
w/o T increases, HyGROVE achieves the best AUC when « is in
— w/o H+T the range of 0.3-0.9, while larger values lead to a plateau

—— Ours

BZR PROTEINS_full

AUC (%)

Fig. 4: Component-wise ablation results across all datasets.

with SimGCL feature perturbation [32]), removing the trans-
former in hypergraph transformation (w/o T), and removing
the entire hypergraph transformation module (w/o H+T).

As shown in Figure 4, HyGROVE performs best overall.
Removing generative view construction (w/o G) degrades
performance, indicating that sampling views from a learned
latent distribution is more effective than heuristic perturba-
tions. Excluding the transformer (w/o T) causes a moder-
ate decline, suggesting that global modeling helps capture
long-range dependencies. Removing hypergraph transforma-
tion (w/o H+T) leads to the largest drop, highlighting the
necessity of hypergraph-based reasoning for high-order inter-
action modeling.

D. Hyperparameter Analysis and Visualization

The Number of Encoder Layers. To study the effect of
encoder depth in the Generative Contrastive View Construc-
tion module, we evaluate HyGROVE on five representative
datasets. As shown in Figure 5(a), the model performs best
when using 2-5 layers, while further increasing or decreasing
the depth brings no clear gains. With only 1 layer, the encoder
has limited capacity to capture graph features, whereas 6 layers
may cause performance degradation due to over-smoothing.

Self-adaptiveness Strength o. We analyze the sensitivity
of HyGROVE to «, which controls the adaptive weighting
between graph-level and node-level contrastive losses, by
varying it from O to 1. Figure 5(b) shows that disabling

or slight decline, indicating reduced generalization. Overall,
these results demonstrate the effectiveness and robustness of
the adaptive loss weighting.
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Fig. 5: AUC (%) performance with (a) varying encoder depth
and (b) self-adaptiveness strength o on representative datasets.

Visualization. To further verify the effectiveness of Hy-
GROVE, we visualize the node-level and graph-level embed-
dings on the AIDS using t-SNE. As shown in Figure 6, normal
and anomalous graphs still show noticeable overlap in the
embedding space, making them hard to separate by distribution
alone. However, the resulting anomaly scores produce a clear
decision boundary, indicating that HyGROVE can capture
anomaly-related features through generative view construction
and hypergraph-aware modeling.

VI. CONCLUSIONS

In this paper, we introduce HyGROVE, an unsupervised
framework for graph-level anomaly detection. It employs
generative contrastive view construction to preserve subtle
anomaly signals, hypergraph transformation with transformer
modeling for high-order dependencies, and multi-level con-
trastive learning with adaptive scoring. As the first generative-
contrastive paradigm for GLAD, HyGROVE consistently sur-
passes 10 state-of-the-art methods on 11 benchmarks, showing
strong accuracy and robustness. Future work will explore more
efficient designs to mitigate computational overhead.
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