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Abstract

Graph-level anomaly detection (GLAD), which identifies rare
or atypical graphs within a graph set, is crucial for applica-
tions such as image analysis, industrial defect inspection and
fraud detection. However, existing GLAD approaches typi-
cally rely on the in-distribution hypothesis while lacking gen-
eralization capability for out-of-distribution (OOD) scenar-
ios, which largely limits the application in the real world. In
this paper, we are the first to formulate the OOD generaliza-
tion problem for GLAD, where testing data exhibit significant
distribution shifts from training data. To tackle two common
types of distributional shifts, domain generalization and sub-
population shift, we propose the Fine-Grained Subpopulation
Graph-Level Anomaly Detection (FGS-GLAD). First, we
propose a Graph Information Bottleneck-based Anomaly
Detection Module (GIB4AD) that implements graph reverse
distillation and graph information bottleneck on the graph
to enhance task-relevant feature extraction for generalization.
Second, we propose a Fine-Grained Subpoulation Inference
Module (FGSI) to predict fine-grained subpopulations and
focus on critical inter-subpopulation features through a super-
vised contrastive mechanism. Experiments on seven bench-
mark datasets demonstrate our model’s superiority in han-
dling domain generalization and subpopulation shift.

Introduction

Graph-level anomalies refer to the rare or atypical individ-
ual graphs within a graph set (Li et al. 2024). The detection
of such anomalies has significant implications across vari-
ous domains, including image analysis for identifying struc-
tural anomalies (An et al. 2024), industrial defect inspection
for detecting irregularities in manufacturing processes (Wu,
Dai, and Tang 2021), and the detection of fraudulent activ-
ities in social networks (Wang et al. 2024). Compared to
node-level and edge-level anomaly detection within a single
graph, graph-level anomaly detection (GLAD) is inherently
more complex. This complexity arises from the need to an-
alyze not only the unique spatial structure and attributes of
nodes/edges within each graph but also the structural and at-
tribute patterns across graphs to identify potential anomalies
within the graph set (Jin et al. 2025).
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Figure 1: An illustration of generalizable graph-level
anomaly detection task. This task faces both domain gener-
alization and subpopulation shift challenges, leading to per-
formance degradation of state-of-the-art baselines.

Current GLAD methods typically assume that training
and testing data are drawn from the same distribution. How-
ever, this assumption does not hold in out-of-distribution
(OOD) scenarios, where testing data may exhibit significant
distributional shifts (Yu, Liang, and He 2023). Such OOD
challenges are prevalent in real-world applications of GLAD
and can result from various natural variations, such as differ-
ences in substructures, graph sizes, or semantic patterns (Gui
et al. 2022). For example, in molecular property analy-
sis, new compounds tested after deployment may belong to
chemical families never seen during training. Therefore, the
inability to generalize under OOD conditions severely lim-
its the deployment and reliability of GLAD models in real-
world settings.

As shown in Fig 1, OOD scenarios for GLAD typically
involve a combination of domain generalization and sub-
population shift (Chung et al. 2024; Koh et al. 2021). That



is, the testing data may contain graphs from entirely new
domains not seen during training, as well as graphs from the
same domains but with different relative proportions com-
pared to the training set. To this end, it becomes crucial
to address both challenges jointly. (i) Domain Generaliza-
tion (Gulrajani and Lopez-Paz 2020; Zhang et al. 2023):
This challenge arises when unseen domains are introduced
in the test set, where each domain may differ in substructure,
size, and so on. In this case, models are expected to gener-
alize to new domains without access to target domain data
during training (Yu and Yu 2025; Liu, Yu, and Luo 2025;
Yu et al. 2024). For GLAD, this is particularly challenging
since anomalies are rare by nature, and the structural vari-
ations across domains can obscure the underlying signals
that distinguish anomalies from normal graphs. An effec-
tive GLAD model must therefore extract domain-invariant
but task-relevant features that are robust across diverse do-
mains. (ii) Subpopulation Shift (Santurkar, Tsipras, and
Madry 2020; Yang et al. 2023): This challenge arises when
the training and testing datasets partly share the same do-
mains, but the relative proportions or distributions of sub-
populations within these domains differ. A model that over-
fits to the dominant subpopulations in the training set may
struggle to detect anomalies in shifted subpopulations at test
time. Therefore, handling subpopulation shift requires the
ability to capture fine-grained differences among subpopu-
lations and maintain balanced generalization, avoiding bias
towards frequent training patterns.

To the best of our knowledge, we are the first to address
out-of-distribution generalization problem for GLAD task.
In this paper, we introduce Fine-Grained Subpopulation
Graph-Level Anomaly Detection (FGS-GLAD), the first
method designed to address the dual challenges of domain
generalization and subpopulation shift in GLAD task. At
its core, FGS-GLAD integrates two key components: (i)
Graph Information Bottleneck-based Anomaly Detection
Module (GIB4AD), which leverages graph reverse distil-
lation and graph information bottleneck theory to enhance
task-relevant feature extraction for better domain general-
ization; (2) Fine-Grained Subpopulation Inference Module
(FGSI), which identifies fine-grained subpopulations and
employs a supervised fine-grained contrastive mechanism to
learn fine-grained patterns, ensuring the model focuses on
critical yet challenging features during training. This holis-
tic approach not only improves abilities for domain general-
ization but also mitigates the impact of fine-grained subpop-
ulation shift.

In summary, this paper makes three key contributions:

* To the best of our knowledge, we make the first attempt to
explore out-of-distribution generalization for graph-level
anomaly detection, thereby extending the applicability of
traditional methods to various real-world scenarios.

¢ We introduce FGS-GLAD, a novel method to address
domain generalization and subpopulation shift for gen-
eralizable graph-level anomaly detection. It combines
GIB4AD for task-relevant representation extraction and
FGSI for subpopulation inference with supervised fine-
grained contrastive learning.
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» Extensive experiments on seven benchmark datasets and
ten state-of-the-art baselines demonstrate the superiority
of our model in effectively addressing both domain gen-
eralization and subpopulation shift.

Related Work

Graph-Level Anomaly Detection. Graph-level anomaly
detection (GLAD) identifies anomalous graphs within graph
sets, with important applications in fraud detection, indus-
trial inspection, and image analysis. Recent approaches have
employed various advanced techniques including knowl-
edge distillation (Ma et al. 2022), one-class classifica-
tion (Zhao and Akoglu 2023), transformation learning (Qiu
et al. 2022), deep Random Walk Kernel (Zhang et al. 2022),
and differential evolutionary algorithms (Ma et al. 2023).
However, they are not designed to handle OOD problems
where test data may exhibit significant distribution shift. Be-
sides, they fail to capture fine-grained subpopulations, which
are statistically coherent subsets of data points sharing spe-
cific attributes within the broader distribution. These flaws
restrict their generalization capability for GLAD task.
Graph Out-Of-Distribution Generalization. Addressing
distribution shifts in graphs has gained attention (Li et al.
2022), with this paper focusing on OOD generalization for
graph-level prediction. Recent work falls into three cat-
egories: (i) Data: Augmenting graphs to improve diver-
sity (Kong et al. 2022; Liu et al. 2022); (ii) Model: Disen-
tanglement or causality-based models for robust represen-
tations (Yang et al. 2020; Chen et al. 2022); (iii) Learning
Strategy: Training with invariant or adversarial objectives
for OOD robustness (Miao, Liu, and Li 2022; You et al.
2020). Despite progress, challenges in domain generaliza-
tion and subpopulation shift for GLAD remain unsolved.

Problem Definition

Given a set of graphs G = {G1,Gs,...,GN}, where each
graph G; = (V;, &;, X;) consists of nodes V;, edges &;, and
node attributes X;, the goal of graph-level anomaly detection
(GLAD) is to learn a model f : G — [0, 1] that assigns an
anomaly score f(G;) to each graph, indicating how likely it
is to be anomalous with respect to normal graphs.

We formally define the generalizable GLAD problem un-
der the OOD setting. Let the training set consist of graphs
sampled from a set of domains Dy, = {D1, Da, ..., Dk},
where each domain Dj represents a set of graphs with
shared characteristics (e.g., originating from the same
source, process, or environment). The test set contains
graphs from a new set of domains Dy with distribution
shifts from Dyin. In this paper, we focus on two common
types of shifts: domain generalization and subpopulation
shift. For domain generalization, the test set contains graphs
from some unseen domains, i.e., Diest \ Dirain 7 0. For sub-
population shift, the relative proportions of the overlapping
seen domains Dy,in N Diegy differs between training set and
test set. Under these settings, the objective of generalizable
GLAD is to train a model on Gy ~ Diain that can accu-
rately detect graph-level anomalies on Gie, ~ Diegt, despite
the presence of distribution shift.



Proposed Method

Overview

As shown in Figure 2, FGS-GLAD consists of two pri-
mary modules. First, GIB4AD is proposed to extract task-
relevant subgraphs through an encoder-bottleneck-decoder
architecture, which leverages graph reverse distillation and
information bottleneck theory for capturing discriminative
patterns and detecting anomalies via reconstruction discrep-
ancies. Second, FGSI is proposed to address subpopula-
tion shift through supervised fine-grained contrastive learn-
ing, which identifies specific graph subtypes and mines fine-
grained subpopulation information.

Graph Information Bottleneck-based Anomaly
Detection

Challenge Analysis. Recent advancement in anomaly de-
tection built upon the Reverse Distillation framework has
achieved state-of-the-art results and shown promise in tack-
ling out-of-distribution generalization problem (Cao, Zhu,
and Pang 2023). However, its application to graph-structured
data remains unexplored due to the inherent challenges of
adapting reverse distillation to graphs. Besides, the perfor-
mance of existing method is suboptimal, primarily due to the
reliance on naive alignment strategies that use randomly se-
lected normal samples for training and testing distributions.
Method Rationale. We propose a novel encoder-bottleneck-
decoder architecture that boasts two fundamental prop-
erties: (i) the implementation of reverse distillation on
graph-structured data, where the student decoder learns
to reconstruct the teacher’s representations in reverse or-
der—systematically transferring the rich hierarchical knowl-
edge from the teacher model to the student model. This sig-
nificantly enhances anomaly detection by forcing the stu-
dent model to capture structural patterns at multiple gran-
ularities. The student’s focused training on reconstructing
graph patterns enables the model to make structural devi-
ations and anomalies more distinguishable when encoun-
tered during inference; and (ii) the enhancement of OOD
generalization capabilities through graph information bot-
tleneck principle, which extracts a compressive yet task-
relevant subgraph containing only the essential structural in-
formation necessary for prediction. This approach improves
robustness against distribution shifts and enables more accu-
rate identification of anomalies.

Graph Reverse Distillation. The Graph Reverse Distilla-
tion process consists of three main parts:

e Graph Teacher Encoder (FET): An encoder that extracts
multi-scale graph representations.

e Graph Information Bottleneck (®): A bottleneck that
identifies and preserves task-relevant subgraphs.

e Graph Student Decoder (Dg): A trainable decoder that
reconstructs the original graph from bottleneck represen-
tations.

It can be seen that rather than simultaneously feeding raw
data into both the teacher and student models, our approach
processes the low-dimensional embeddings through the stu-
dent decoder. This design enables the student to emulate
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the teacher’s behavior by reconstructing the teacher’s multi-
scale representations. From a regression standpoint, our re-
verse distillation framework employs the student network to
predict the teacher model’s hierarchical features.

Given an input graph G with adjacency matrix A and cor-
responding node features X, the encoder E extracts hier-
archical features H; where [ denotes the layer number. The
graph information bottleneck ® then transforms these fea-
tures into a compressed representation Z = ®(H,), where
Hy is the representation from the final encoder layer. Un-
like conventional bottlenecks that perform simple dimen-
sionality reduction, our graph information bottleneck selec-
tively retains subgraph structures that are most informative
for the anomaly detection task. Finally, the student decoder
Dy attempts to reconstruct the original hierarchical features:
H; = DY(Z), where H; represents the reconstructed fea-
tures at layer [.

Our approach reverses traditional knowledge distillation.
The teacher model E is pre-trained on in-distribution data
and remains frozen, serving as a reference for normal graph
patterns. The student decoder D g minimizes the reconstruc-
tion error:

L
1 ~
Laistin = 7 Y _MSE(H), H) )

=1

Graph Information Bottleneck. As an intermediate com-
ponent between the Teacher Model and Student Model, we
construct a graph information bottleneck layer to extract a
compressive yet informative representation (Wu et al. 2020).
The Information Bottleneck (IB) principle formalizes learn-
ing as a trade-off between compressing input X into a min-
imal sufficient representation Z while preserving maximal
predictive information about the target Y.

Specifically, we aim to extract task-relevant subgraph
structures while filtering out redundant information. For a
given graph G with adjacency matrix A and node features
X, we identify the most informative subgraph structures
for anomaly detection. To generate the task-relevant sub-
graph, our approach learns a subgraph extractor g, based
on the stochastic attention mechanism. For each edge (u, v),
the concatenated representations of the source node and
destination node (h,,, h,) are mapped to a relevance score
Puv € [0, 1] computed as:

Puv = U(W : [hu”hv} + b) 2)

where o is the sigmoid function, W and b are learnable
parameters, and || denotes concatenation. During the for-
ward pass of each training iteration, each edge is sampled
from a Bernoulli distribution «,,, ~ Bern(p,,). To make
the sampling process differentiable, we employ the Gumbel-
Softmax reparameterization trick:

log(puwv)+g1
T

)

oo
1—puv)+g2

>+exp<log( 3 3)

« =
w log(puv)+g1

T

)

exp (



Fine-Grained Subpopulation Inference
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Figure 2: The main framework of the proposed FGS-GLAD. The framework consists of two modules, including a Graph In-
formation Bottleneck-based Anomaly Detection module (the yellow part) and a Fine-Grained Subpopulation Inference module

(the blue part).

where g1, g2 are samples drawn from the Gumbel(0, 1) dis-
tribution and 7 is a temperature parameter that controls the
discreteness of the samples.

After this process, we extract the task-relevant adjacency
matrix Ag by applying an attention-guided edge mask « to
the original adjacency matrix, formulated as:

AS:aQA (4)

Here v, represents the importance of edge (u,v) in the
task-relevant subgraph and ® denotes the entry-wise prod-
uct. The task-relevant components are retained and passed
to the derivation of compressive and informative representa-
tions X, and the decoder for reconstruction.

Fine-Grained Subpopulation Inference

Challenge Analysis. While existing GLAD approaches ad-
dress the imbalance between normal and anomalous classes,
they overlook the fine-grained subpopulation shift within
each coarse category—a limitation that substantially hin-
ders OOD generalization in GLAD task. Subpopulation shift
refers to a scenario where the training and test data share
some domains, but the balance or statistical properties of
subpopulations within these domains shift. These biases
manifest as heightened false positive rates when legitimate
but underrepresented patterns emerge during inference.
Annotating fine-grained subpopulations demands greater
expertise than coarse-grained labeling, making datasets with
subpopulation annotations prohibitively expensive to obtain.
This creates an urgent need for methods that can discover
and leverage fine-grained subpopulations using only coarse-
grained supervision. Current unsupervised approaches pre-
dominantly employ post-hoc clustering techniques, which
fail to align with the anomaly detection objective and can-
not be optimized end-to-end, yielding sub-optimal results.
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Method Rationale. To address these challenges, we pro-
pose to discover and leverage fine-grained subpopulations
within data distributions. Unlike conventional approaches
that treat normality as a monolithic concept, FGSI decom-
poses graph patterns into a spectrum of fine-grained sub-
populations, each characterizing a distinct mode in the data
manifold. Central to our approach is the insight that fine-
grained subpopulation information can be learned in an un-
supervised manner through a carefully designed supervised
fine-grained contrastive objective that encourages subpopu-
lation discovery while maintaining class coherence and dis-
criminability.

Subpopulation Classifier. The subpopulation classifier
serves as the cornerstone of FGSI, tasked with inferring
probabilistic assignments of normal instances to discovered
fine-grained subpopulations. Formally, given a bottleneck
subgraph Gg with adjacency matrix Ag and node features
Xg, along with a global bottleneck graph embedding ZZ
obtained by pooling and readout operations, the classifier
outputs a probability distribution over C' fine-grained sub-
populations. The classifier architecture comprises a multi-
layer graph neural network followed by a softmax layer:

p(ys|G) = softmax(W, - GNN(Ag, Xg, ZB) +be) (5)

where W, and b. are learnable parameters, yy €
{1,2,...,C} represents the fine-grained subpopulation in-
dex, and y is the graph-level embedding obtained from the
encoder.

Supervised Fine-Grained Contrastive. Building upon the
subpopulation classifier, we introduce a Supervised Fine-
grained Contrastive Learning (SFCL) framework that simul-
taneously enhances representation discriminability and ad-
dresses the subpopulation imbalance problem. The SFCL
loss is formulated as:



1 N;
Lsre = 57 > log b, (6)
ieB v

where B denotes the mini-batch of samples, IV; captures the
fine-grained differences in contrastive learning:

Zi -
> ew(*

zp)
pEP()APESf(3)

>

pEP(i)ApEf(i)

N;

+«

)

where P(i) represents the set of positive samples sharing the
same coarse-grained class as sample ¢, and f(¢) identifies
samples from the same fine-grained subpopulation as 7. The
hyperparameter o > 1 amplifies the contribution of same-
subpopulation samples. The set A(i) comprises all samples
in the batch excluding ¢, and 7 is the temperature parameter
controlling the concentration of the similarity distribution.
In addition, D; normalizes over all non-identical samples:

D, = Z exp(2; + 24/T)-
a€A(7)

Reconstruction. After the Graph Information Bottleneck ®
extracts the bottleneck subgraph Gg, the Student Decoder
transforms G g through multiple layers to ultimately produce
the representation necessary to synthesize the original adja-
cency matrix that captures graph connectivity patterns. The
reconstruction error is defined as:

exp (

®)

e A
Erecon = NZHAz_AzHga (9)
i=1

where A; represents the i-th row of the original adjacency
matrix, A; denotes the corresponding reconstructed row by
the Student Decoder using the bottleneck representation G g,
and N is the total number of nodes in the graph. This row-
wise computation ensures that the model captures both local
connectivity patterns and global structural properties.

During training, we simultaneously optimize the subpop-
ulation classifier with our supervised contrastive objective
and the reconstruction model, creating a mutually bene-
ficial relationship: better subpopulation classification im-
proves reconstruction guidance, while lower reconstruction
errors validate the discovered fine-grained structure.
Overall Objective. The overall objective of our framework
integrates the GIB4AD and FGSI components into a unified
training objective:

L = Lrecon + aLsrer, + BLaisi,

where « and (3 are parameters controlling the relative impor-
tance of each component.

(10)

Experiment Setup

In this section, we introduce the experimental setup, includ-
ing the datasets, baselines, evaluation metrics and imple-
mentation details.
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Datasets

We conduct experiments on seven benchmarks that explic-
itly incorporate distribution shifts between training and test-
ing environments. For multiclass datasets, we designate all
instances with non-zero labels as normal and zero-labeled
instances as anomalous.

* GOOD Dataset. Five datasets from the GOOD bench-
mark (Gui et al. 2022) include: Motif-Base and Motif-
Size, synthetic graphs with house/cycle motifs undergo-
ing base structure and size shifts respectively; CMNIST-
Color, graph-transformed MNIST digits with color dis-
tribution shifts; and HIV-Scaffold and HIV-Size, molec-
ular graphs for HIV inhibition with scaffold and size dis-
tribution shifts.

DrugOOD Dataset. Two datasets from DrugOOD (Ji
et al. 2023) include: DrugOOD-IC50-Scaffold and
DrugOOD-IC50-Size—represent bioactive molecules
with challenging scaffold and size shifts, simulating the
real-world drug discovery scenarios.

Baselines

We compare our model with several representative state-of-
the-art methods, which can be divided into two groups:

* Graph Out-Of-Distribution. Four graph out-of-
distribution methods: GSAT (Miao, Liu, and Li 2022),
CIGA (Chen et al. 2022), PGIB (Seo, Kim, and Park
2024) and IGM (Jia et al. 2024).

* Graph-Level Anomaly Detection. Three graph-level
anomaly detection methods: SIGNET (Liu et al. 2023),
MUSE (Kim et al. 2024) and iGAD (Zhang et al. 2022).

Implementation Details

We implement our graph anomaly detection framework us-
ing PyTorch and PyTorch Geometric. All experiments are
performed on an NVIDIA V100 GPU with 16GB mem-
ory. For optimization, we use Adam optimizer with learn-
ing rate 0.001, weight decay le-5, and train for 200 epochs
with early stopping based on validation loss. Following prior
works (Kim et al. 2024), we employ Recall, ROC-AUC and
F1-Score as evaluation metrics. All experiments are con-
ducted with five random seeds.

Results and Analysis

In this section, we conduct experiments regarding anomaly
detection performance, ablation study, hyperparameter sen-
sitivity, and visualization to validate FGS-GLAD.

Anomaly Detection Performance

In this section, we compare the GLAD performance of FGS-
GLAD with various state-of-the-art baselines under distri-
bution shift scenarios. The results are shown in Table 1 and
Table 2. We can have the following observations:

(1) Graph OOD baselines exhibit inconsistent perfor-
mance across datasets and shift settings, demonstrating lim-
ited capability in handling fine-grained imbalance issues.
For example, PGIB achieves 57.01% F1-Score and GSAT



GOOD-CMNIST

Dataset

Metric

GSAT

CIGA

PGIB

IGM

iGAD

MUSE

SIGNET

Ours

Color

Recall
F1-Score
ROC-AUC

44.4620.67
42.40+0.56
70.30+1.13

58.13+£0.24
37.17+0.48
69.72+0.53

59.56+0.93
34.21+0.54
71.05+1.02

52.86+0.23
38.78+1.06
69.89+0.75

65.44+0.66
56.04+0.79
75.61+0.17

38.18+0.49
13.57+1.02
44.24+0.78

32.47+1.08
11.68+1.28
36.76+1.24

70.21+2.30
61.49+1.21
80.01+1.42

GOOD-HIV

Dataset

Metric

GSAT

CIGA

PGIB

IGM

iGAD

MUSE

SIGNET

Ours

Scaffold F1-Score

Recall

ROC-AUC

71.41+1.03
66.55+1.71
56.90+0.97

67.48+1.45
55.84+0.87
63.27+1.12

70.70£2.06
70.29+2.13
66.79+1.39

68.13£2.12
69.08+1.96
63.26+1.80

59.08+1.07
47.92+2.14
57.18+2.57

48.17+1.58
60.87+0.82
52.98+1.03

54.71+£1.99
70.31+1.61
58.14+0.67

76.23+£1.75
75.45+1.89
71.92+1.22

Size

Recall
F1-Score
ROC-AUC

69.37+0.75
55.90+1.36
55.98+1.20

68.74+2.32
63.67+0.91
62.08+1.01

66.09+1.12
65.49+1.54
61.32+2.61

63.16+£1.96
60.75+0.93
62.76+1.45

52.63£1.60
48.91+£1.19
53.60+0.90

49.10+2.16
63.18+2.88
48.82+1.57

49.62+4.00
65.84+3.54
47.15+£2.87

74.56+1.44
70.95+2.13
68.79+1.36

GOOD-Motif

Dataset

Metric

GSAT

CIGA

PGIB

IGM

iGAD

MUSE

SIGNET

Ours

Base

Recall
F1-Score
ROC-AUC

70.35+0.72
66.34+1.52
73.62+1.46

73.01£1.56
72.02+1.04
63.05+1.23

72.61x1.17
71.38+1.42
77.07+0.79

79.59+1.26

70.60+£0.92
68.56£1.03

63.45+0.62
62.76+0.98
72.24+1.29

40.06x0.77
35.58+0.79
55.28+1.19

39.16+1.11
36.09+1.20
53.00+0.28

78.32+1.24
77.13+1.15
84.68+0.98

Size

Recall
F1-Score
ROC-AUC

56.58+0.51
24.65+0.76
63.29+0.24

34.14£2.71
28.72+3.80
58.06+0.81

67.38+1.45
57.01+0.81
60.45+1.32

68.79+0.45

51.09+0.97
46.58+0.42

56.87+1.97
56.42+1.04
54.15+0.81

52.81£1.06
34.66+0.58
41.35+£1.58

42.27+£2.52

54.15+0.97
38.52+1.29

73.85+1.18
61.08+1.35
66.37+0.92

Table 1: Graph-level anomaly detection performance on the GOOD dataset. Color, Scaffold, Base and Size are the basis for

dividing ID and OOD graphs. Best and runner-up results are highlighted with bold and underline, respectively.

DrugOOD-IC50

Dataset

Metric

GSAT

CIGA

PGIB

IGM

iGAD

MUSE

SIGNET

Ours

Scaffold

Recall
F1-Score
ROC-AUC

66.55+0.93
57.11+£0.54
57.99+0.60

60.34+1.83
56.80+1.31
63.32+1.74

65.98+0.61
63.35+0.33

66.19+0.45

66.32+0.48

67.1940.45
65.70+0.52

52.98+1.74
51.51+1.44
50.39+0.78

48.34+2.36
25.11+1.73
50.05+1.23

47.28+1.65
24.69+0.45
48.47+1.37

71.94+1.02
69.87+0.81
70.89+0.92

Size

Recall
F1-Score
ROC-AUC

63.46+1.24
57.64+0.98
54.2240.85

61.41£1.51

63.42+1.10
65.46+0.72

51.68+0.46
55.17+£0.51
60.57+0.87

60.36+0.78
57.05+1.45

66.08+1.62

58.73£1.46
51.46+0.37
58.92+1.61

53.17£1.52
29.19+0.89
52.23+1.91

50.20+2.35
23.01+0.93
48.80£1.71

70.65+1.39
67.81+0.76
69.98+0.94

Table 2: Graph-level anomaly detection performance on the DrugOOD dataset. Scaffold and Size are the basis for dividing ID
and OOD graphs. Best and runner-up results are highlighted with bold and underline, respectively.

reaches 63.29% ROC-AUC in GOOD-Motif Size shift, yet
their performance degrades significantly in other settings.
IGM achieves 79.59% ROC-AUC on GOOD-Motif-Base
but fails to maintain consistent performance across distri-
bution shift scenarios.

(2) Traditional GLAD baselines generally underperform
compared to Graph OOD methods, exhibiting substantially
lower F1-Scores across all datasets. MUSE and SIGNET
achieve merely 13.57% and 11.68% on GOOD-CMNIST
Color, respectively. While iGAD shows improved perfor-
mance in certain scenarios, These methods primarily target
in-distribution settings and lack effective mechanisms for
distribution shift handling. Performance deteriorates consid-
erably when confronting complex distribution shift patterns,
particularly in molecular datasets like DrugOOD-IC50.

(3) FGS-GLAD consistently outperforms all baseline
methods across diverse datasets and metrics, achieving aver-
age improvements of 4.57% ROC-AUC, 4.75% Recall, and
5.13% F1-Score compared to the best baseline performance.
This superior performance stems from two key modules:

the Graph Information Bottleneck-based Anomaly Detec-
tion module that effectively handles distribution shifts while
preserving task-relevant information, and the fine-grained
subpopulation inference module that addresses subpopula-
tion shift through fine-grained pattern focus. The synergis-
tic integration enables robust performance maintenance in
challenging scenarios including GOOD-Motif Size shift and
DrugOOD-IC50 Scaffold shift, where most baselines strug-
gle significantly.

Ablation Study
In this section, we analyze FGS-GLAD through comprehen-
sive ablation studies. We consider the following variants:
* Baseline: The original GSAT backbone.
* Baseline-F: GSAT enhanced with our FGSI module.
* Baseline-G: GSAT integrated with our GIB4AD module.
* FGS-GLAD: Our proposed model.

Table 3 presents performance comparisons across four
datasets with distribution shifts. The ablation results reveal
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Method GOOD-CMNIST-Color

GOOD-HIV-Scaffold
Recall F1-Score ROC-AUC |Recall F1-Score ROC-AUC|Recall F1-Score ROC-AUC|Recall F1-Score ROC-AUC

GOOD-Motif-Base DrugOOD-IC50-Scaffold

Baseline |[/44.46 42.40 70.30 |71.41 66.55 96.90 |70.35 66.34 73.62 |66.55 57.11 97.99
Baseline-F || 58.37 52.67 74.82 |73.67 69.20 63.45 |74.52 70.84 77.98 168.94 62.58 63.76
Baseline-G (| 65.18 58.14 76.29 |74.89 72.16 68.35 |76.45 74.28 82.53 ]69.45 65.97 67.43

FGS-GLAD||70.21 61.49 80.01 |76.23 75.45

71.92 |78.32 77.13 84.68 |71.94 69.87 70.89

Table 3: Ablation study results. The best results are shown in bold type and the runner-ups are underlined.
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Figure 3: Hyper-parameter sensitivity analysis results for
hyper-parameters « and f3.

the following key insights:

(1) Baseline shows limited efficacy due to GSAT’s in-
ability to address domain generalization and subpopulation
shift. FGSI augmentation improves ROC-AUC by 4.52%,
6.55%, 4.36%, 5.77% across four datasets, validating its ef-
fectiveness in mitigating fine-grained subpopulation shift.

(2) Baseline-G ranks second consistently, achieving
8.91% and 9.44% ROC-AUC gains over Baseline on
GOOD-Motif-Base and DrugOOD-IC50-Scaffold respec-
tively, confirming GIB4AD’s ability to enhance task-
relevant feature extraction.

(3) FGS-GLAD outperforms all variants across metrics.
Results validate the theoretical framework, demonstrating
the necessity of GIB4AD and FGSI for graph-level anomaly
detection under distribution shifts.

Hyperparameter Sensitivity

In this section, we perform hyper-parameter sensitivity anal-
ysis on 3 representative datasets to investigate the impact of
« and 3 on FGS-GLAD by conducting a grid search for their
optimal values. Initially, we set 5 = 0.1 and vary «, fol-
lowed by fixing o = 0.5 while varying 3. The experimental
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Figure 4: Computational analysis results on three represen-
tative datasets.

results are illustrated in the Figure 3. Overall, FGS-GLAD
maintains solid performance with different parameter set-
tings. The optimal performance is observed when o« = 0.5
and 8 = 0.1, indicating its strongest capability under this
setting.

Computational Complexity

To validate the efficiency of FGS-GLAD, we compare it
with state-of-the-art methods (PGIB and SIGNET) across
datasets of varying sizes. Results are concluded in Figure
4. FGS-GLAD trains 26.7% faster than PGIB and 36.8 %
faster than SIGNET by avoiding PGIB’s costly graph proto-
types and SIGNET’s cross-view hypergraph computations,
while using 14.3% less memory than PGIB and 28.6%
less than SIGNET through selective information process-
ing. These advantages make FGS-GLAD highly scalable for
large-scale graph anomaly detection.

Conclusion

In this paper, we propose Fine-Grained Subpopulation
Graph-Level Anomaly Detection (FGS-GLAD), the first
method designed to address the dual challenges of do-
main generalization and subpopulation shift in generalizable
graph-level anomaly detection task. Our approach consists
of two novel modules: the GIB4AD module which enhances
task-relevant representation extraction under OOD scenarios
by leveraging graph reverse distillation and graph informa-
tion bottleneck theory, and the FGSI module which infers
fine-grained subpopulations and employs a supervised fine-
grained contrastive mechanism to mine hard-to-learn fine-
grained patterns. Extensive experiments on seven bench-
mark datasets demonstrate the superiority of FGS-GLAD in
handling domain generalization and subpopulation shift.
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