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Abstract

Graph-Level Anomaly Detection (GLAD) seeks to identify
anomalous graphs within graph datasets, which has signifi-
cant applications across diverse real-world fields. Most ex-
isting GLAD methods are trained in an unsupervised man-
ner due to high costs for labeling, resulting in sub-optimal
performance when compared to supervised methods. To
fill this gap, we propose a Disentangled Generation-Based
Prototypical Alignment (DGPA) method that extends graph-
level anomaly detection to Few-Shot Unsupervised Domain
Adaptation (FUDA) setting, aiming to identify anomalous
graphs from a set of unlabeled graphs (target domain) by us-
ing partially labeled graphs from a different but related do-
main (source domain), which fulfills the practical require-
ment of transferring anomaly knowledge. This is specifically
achieved through a dedicated Disentangled Sample Gener-
ation module, which addresses label scarcity by generat-
ing faithful samples with disentangled representation learn-
ing grounded in Information Bottleneck principle, along with
a Graph-based Prototypical Self-Supervision module, which
alleviates domain shift by encoding and aligning semantic
structures in the shared latent space across domains in a self-
supervised manner. Extensive experiments on four bench-
mark datasets reveal the effectiveness of our proposed DGPA.

Introduction

Graph-level anomaly detection (GLAD) aims at capturing
anomalous graphs in a graph set (Ma et al. 2021). As a crit-
ical area in data mining, GLAD finds extensive applications
across diverse domains such as financial networks (Qiu et al.
2022), drug discovery (Ma et al. 2023) and malware detec-
tion (Fan et al. 2021). Despite various proposed methods,
most of them are predominantly unsupervised and thus yield
suboptimal detection accuracy compared to supervised ap-
proaches. Manual annotation of large-scale graph data in a
single domain can be prohibitively costly and challenging
in practical scenarios. However, obtaining adequate labeled
data from pre-existing, related domains is often feasible and
attractive (Xi et al. 2025; Shao et al. 2025a). Unsupervised
Domain Adaptation (UDA) achieves this by transferring pre-
dictive knowledge from a fully-labeled source domain to an
unlabeled target domain, emerging as a viable solution for
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Figure 1: Ilustration of Few-Shot Unsupervised Domain
Adaptation (FUDA) in graph-level anomaly detection.
Given a partially labeled source domain which contains a
few annotated benign and anomalous samples, the task aims
to generalize to a fully unlabeled target domain.

GLAD and attracting significant attention in both scientific
research and industrial practice (Li et al. 2024).

In some real-world applications, providing large-scale
annotations even in the source domain is often expen-
sive (Shao et al. 2025b). Taking molecular data for instance,
it takes hours for experts to determine the properties of a
molecule with merely twenty atoms via density functional
theory (Wang et al. 2022b). Thus, in practice, assuming a
source domain with abundant labels is overly restrictive.

In this paper, to address the costs of source domain la-
beling, we instead consider a few-shot unsupervised domain
adaptation (FUDA) setting, where only a minimal subset of
source samples are labeled while the remaining source sam-
ples and all target samples remain unlabeled. In practice, it
is often feasible to acquire a small number of labeled nor-
mal and anomalous graphs at a relatively low cost. Although
a few studies have explored UDA for GLAD task, FUDA re-
mains unexplored in this context. In summary, as shown in



Fig.1, two challenges need to be overcome.

(i) Label Scarcity. Compared to UDA, FUDA poses greater
challenges for GLAD under label-scarce conditions. Prior
few-shot domain adaptation techniques (Xu et al. 2022;
Zhang et al. 2023a) often adopt the data augmentation mech-
anism, which uses generative methods to augment the data
and capture the underlying data distribution. However, they
struggle to effectively disentangle the two complementary
components found within graphs: the label-relevant and
label-irrelevant factors. This issue further amplifies the dis-
tribution shift between seen and unseen samples, causing
generated samples to deviate from the true data distribution
and degrading the generalization on the target domain. Here,
label-relevant information pertains to a specific class and
contains discriminative substructures critical for detection.
Conversely, label-irrelevant information captures all label-
irrelevant features, reflecting intra-class diversity. Hence,
there exists a compelling need to develop an effective dis-
entangled generation method explicitly tailored for GLAD
task under FUDA setting.

(ii) Domain shift. For adapting graph-level anomaly detec-
tion to the FUDA setting, a key challenge is domain shift,
specifically the distributional discrepancy between source
and target domains, which manifests as variations in graph
structures, sizes, and anomaly distributions. Existing FUDA
methods are mostly designed for Euclidean vector-based
data (e.g., images, text) that rely on distance metrics in con-
tinuous vector spaces. This makes directly applying off-
the-shelf FUDA methods to GLAD impractical. While a
few recent cross-domain few-shot graph anomaly detection
works (Chen et al. 2024) have been proposed, they only
focus on node-level tasks. However, graph-level anomaly
detection presents greater complexity, as anomalies at the
graph level often manifest through global patterns and se-
mantics that cannot be captured by simply examining indi-
vidual nodes.

To address these two challenges, we propose a novel
Disentangled Generation-Based Prototypical Alignment
(DGPA) model, which pioneers the extension of GLAD
tasks to the FUDA setting, thereby enabling effective trans-
fer of predictive knowledge from a sparsely labeled source
domain to an unlabeled target domain. To achieve this goal,
DGPA comprises two novel modules.

First, we introduce a dedicated Disentangled Sample
Generation (DSG) module to address label scarcity prob-
lem in GLAD tasks. To achieve better representation learn-
ing, the DSG module proposes a novel disentangled infor-
mation bottleneck to disentangle label-relevant information
from label-irrelevant information. To improve the robust-
ness of generated samples, the DSG module combines label-
relevant information for discrimination and various label-
irrelevant information for diversity. Second, we further pro-
pose a Graph-based Prototypical Self-Supervision (GPS)
module to alleviate domain shift issue. To enable seman-
tic structure learning, the GPS module introduces proto-
type learning to learn representative knowledge based on
label-relevant information. To facilitate domain alignment,
the GPS module performs a novel prototype-based domain
alignment in a self-supervised manner.
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In sum, our contributions can be summarized as follows:
* To the best of our knowledge, we make the first at-
tempt to reformulate graph-level anomaly detection task
as a few-shot unsupervised domain adaptation problem,
thereby extending the applicability of traditional methods
to cross-domain scenarios.
* We propose DGPA, a novel method which introduces
a disentangled sample generation method to address
the label scarcity and a graph-based prototypical self-
supervision strategy to alleviate the domain shift.
Extensive experiments on four benchmark datasets
demonstrate that our proposed method outperforms the
state-of-the-art methods in the cross-domain few-shot
graph-level anomaly detection task.

Related Work

Graph Level Anomaly Detection. Graph-level anomaly de-
tection (GLAD) aims to find anomalous graphs within a
graph set. Recent studies try to address the GLAD prob-
lem with various advanced techniques, such as knowl-
edge distillation (Ma et al. 2022), transformation learn-
ing (Qiu et al. 2022), deep Random Walk Kernel (Zhang
et al. 2022) and differential evolutionary algorithm (Ma
et al. 2023). While existing methods predominantly focus
on single-domain scenarios, cross-domain approaches are
mainly node-level (Wang et al. 2023) and unsuitable for
graph-level tasks. Conversely, our work operates GLAD in
a FUDA setting, further eliminating the need for extensive
annotation in the source domain, thus showing greater effi-
ciency in cross-domain scenarios.

Graph Domain Adaptation. Recently, to address the do-
main shift issue caused by learning from distinct domains,
increasing attention has been drawn to leveraging domain
adaptation to promote graph learning. Research works com-
bine domain adaptation with graph data by domain adversar-
ial learning (Shen et al. 2020), knowledge selection (Zhang
et al. 2023b), domain-invariant feature learning (Li et al.
2024), etc. However, most of them focus on the multi-
class node classification problem rather than the GLAD task,
which is more challenging due to extreme label scarcity
and graph-level properties. In contrast, our model leverages
DGPA for FUDA in GLAD task, effectively addressing chal-
lenges related to domain shift and label scarcity.

Problem Formulation
Denote D = {(G¥,y%)} N5 as a partially labeled graph
dataset from the source domain, where each attributed graph
G? = (VS E?, X7, A7) consists of nodes V%, edges E,
node features X5 € RIV:"1*4 and adjacency matrix A%, Un-
like conventional settings where the source domain contains
only normal graphs (y;g = 0), we assume a more practi-
cal scenario where D includes both normal and anomalous
graphs, i.e., y? € {0,1} for a subset of graphs. This set-
ting is more realistic since a small amount of labeled source
domain data is easy to obtain, yet has not been well lever-
aged by existing works. Conversely, the target domain D7 =
{GjT}jval is fully unlabeled, with no access to y; . Each tar-
(V]-T7 E]-T, XjT7 AJT) shares the same label

get graph G]T



space as the source domain but exhibits distinct distributions
due to domain shift. The goal of GLAD task under FUDA
setting is to learn a binary classifier f : GT — {0,1} that
detects anomalous graphs in D7 by transferring knowledge
from the partially labeled source domain D while adapting
to the unlabeled target domain D7

The Proposed Model
Model Overview

As shown in Fig. 2, the proposed model consists of two mod-
ules: Disentangled Sample Generation (DSG) and Graph-
based Prototypical Self-Supervision (GPS). First, a DSG
module is proposed to address the label scarcity challenge
under the few-shot setting. In the DSG module, a novel dis-
entangled information bottleneck is proposed to disentan-
gle label-relevant and label-irrelevant subgraphs for robust
anomaly detection, while generating faithful unseen sam-
ples based on disentanglement. Second, a GPS module is
proposed to alleviate domain shift problem in cross-domain
scenario. In the GPS module, a novel prototype learning
method on disentangled subgraphs is introduced to achieve
cross-domain alignment in a self-supervised manner.

Disentangled Sample Generation

Challenge Analysis. Prior FUDA work typically employs
data augmentation such as adversarial mixup (Zhang et al.
2023a) and diffusion models (Benigmim et al. 2023) to
improve generalizability. However, they fail to effectively
disentangle label-relevant and label-irrelevant factors. This
causes generated samples to deviate from the true distribu-
tion, as entangled generators exploit spurious features.

Method Rationale. To address these challenges, we pro-
pose a DSG module using disentangled graph information
bottleneck to generate samples that combine source label-
relevant and target label-irrelevant features, preserving dis-
criminability while bridging the domain gap in label-scarce
scenarios. The DSG objective is formally defined as follows:

Lpsc =I1(G"%;Y®) — (1 +a)I(Y;GF¥)

Relevance

- BI(G;GN + 1(G; GT, GF)
—_—— — ————
Compression

+M(G"; G5, GP T

Disentanglement

Reconstruction

ey

Cross-Domain

For the relevance term, maximizing I(G%°;Y®) aims
to preserve as much as possible the information on Y.
For the disentanglement term, minimizing /(Y ; GF-9)
aims to encode all label-irrelevant information into the label-
irrelevant representation GF:S from source domain, so as to
achieve disentanglement. Hyperparameter o controls the de-
gree of disentanglement. For the compression term, mini-
mizing 1(G; G') aims to find a maximally compressed rep-
resentation G of original graphs. Hyperparameter (3 con-
trols the degree of compression. For the reconstruction
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term, maximizing 1(G; G!, G¥) encourages the disentan-
gled representation pair (G¥, G') to be sufficient for recon-
structing the input graph G. For the cross-domain term,
maximizing I(GT;GT°, GFT) measures how the label-
relevant representation G'+° from source domain collabo-
rates with the label-irrelevant representation G¥>7" from tar-
get domain to reconstruct target domain graph G7.

Proof Sketch. We briefly conclude the proof as follows:
(i) From the variational lower bound, I(GT°;Y*®) >
E[log ¢(Y¥|G*%)] corresponds to Ls; (i) For I(G; GY),
we obtain a computable upper bound dependent on the
probability and noise variance, corresponding to L1, and
the consistency regularization L.oy; (iii) For I(G; G!, GF)
and I(GT;G1%,GFT), we provide log-likelihood lower
bounds, corresponding to Lyecon and Leo; (iv) Special
cases: Setting ay=a5=0 yields vanilla Disentangled Infor-
mation Bottleneck; setting §=0, a>0 and conditioning the
reconstruction terms on (G7, G¥) degrades these two terms
to a conditional generative log-likelihood lower bound.
Relevance. I(G7°; Y ) is realized through a noise-injected
subgraph extraction mechanism. Specifically, we extract a
label-relevant subgraph GiI’S from the labeled source do-
main graph G by selectively preserving critical nodes via
stochastic noise injection. For each node v,f € G¥ with rep-

resentation hf , We compute its preservation probability pé’s

. . 1,8,
and noisy embedding z;, " :

phS = Sigmoid(MLP’ (hf)),
= ALSBY  (1-ALS)elS, ALS

1,8
z k
1,8
€, N("Lhi‘s7ah£’s)7

A ~ Bernoulli(pé’s)7

2
where Hps, Ops are node-specific Gaussian parameters for
source domain. This process adaptively compresses G into
G1® by maximizing I(G1®;Y;5) through high p.® values
for nodes critical to Y;” to retain label-relevant information.

To maximize (GZ-I’S; Y;%), we employ the cross-entropy
loss that encourages the extracted subgraph to preserve
label-relevant information:

N K
Las=—Y > yf =c)logp(y] = |G, (3)

i=1 c=1

where p(y? = c|Gf’S) is the predicted probability of class
c given the extracted subgraph Gf’s. Similarly, Gf’s is ex-
tracted through the same noise-injected mechanism with dif-
ferent parameters.

Disentanglement. The disentanglement term minimizes
I(YS; GES) to eliminate label-relevant information from
the label-irrelevant representation. Unfortunately, there ex-
ists a trivial solution where the model simply memorizes the
distribution p(Y¥) while GF'% is not optimized. Since di-
rect optimization of I(Y*; GF+9) is infeasible, we derive an
equivalent objective via conditional independencies of IB:

I(Y5;GP%) = I(G®;GP%) + 1(G®; Y¥)

4
—1(G%Y5,GP%) @
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Figure 2: The main framework of the proposed DGPA for few-shot unsupervised domain adaptation in graph-level anomaly
detection task. The framework consists of two modules, including a disentangled sample generation module (the blue part) and
a graph-based prototypical self-supervision module (the yellow part).

where I(G¥;Y ) is a constant. I(G*; GF¥) is minimized
for both source and target domains via its variational upper
bound:

1 AS + BS?
(GG <Eg |—=logA®+ = | =L . (5
(GaG )_ G 9 OgA + 2|VG‘ ‘Cdlsa ( )
where AS = Y16l (1 = A$)2 and BS = I A\ (0f —

p,hf) / Tps - Besides, we employ label-guided graph recon-
struction of RHGC (Ni et al. 2025) during optimization of
I(G%; Y5, GF>9) to obtain the reconstructed adjacency ma-

trix AS of original labeled source graph:

Liio = |AS — AS|3, (©)
where A® denotes the adjacency matrix of source graphs. In
brief, the objective of disentanglement is as follows:

Lais = Lajs + Lss- ™
Compression. Similarly, I(G; GT) is minimized via its vari-
ational upper bound:

Al 4+ B

8
2Vel ®

Lig =Eg —%bgAI +

The label-relevant embeddings z: are then obtained via

a graph readout function (e.g., max-pooling). To ensure sta-

ble subgraph connectivity across both domains, following

PGIB (Seo, Kim, and Park 2024), we minimize the batch-
wise consistency loss as follows:
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Leon = ||N0rm(SgABSB) - IzH%, )

where Sp and Ap are batch-level assignments based on the
preservation probability and adjacency matrices, and I is
the 2 x 2 identity matrix.
Reconstruction. The reconstruction term maximizes
I(G;GY,GF) to ensure the disentangled representations
retain sufficient information for reconstructing the original
graph.

We directly reconstruct the adjacency matrix using the
outer product of the disentangled embeddings. The recon-
struction loss optimizes the theoretical lower bound through
matrix factorization:

Erecon = ||U(ZEZIT) - AH%’ (10)
where z” and z’ are the label-irrelevant and label-relevant
node embeddings respectively, o(+) is the sigmoid function.
This formulation ensures that maximizing the reconstruction
quality directly corresponds to maximizing the mutual infor-
mation lower bound.

Cross-Domain. The cross-domain term I(GT; G15, GET)
serves as a complement to the reconstruction term by intro-
ducing cross-domain collaboration, where the label-relevant
representation G5 from source domain collaborates with
label-irrelevant representation G**7" from target domain for
reconstructing target domain graph G*. While the FUDA
setting assumes unlabeled target domain data, our approach
leverages the assumption that graphs sharing identical pre-
dicted labels exhibit similar structural patterns, enabling ef-
fective reconstruction through cross-domain alignment. We



employ soft alignment (Ling et al. 2023) to address mis-
alignment between graphs when reconstruction. Finally, we
maximize the cross-domain term through:

AT|3. (11)

Leoro = ||a(zG1,sng,T) —

Summary. The objective of DSG is summarized as follows:

Lpsa = Lets — a1Lais — 2Ly (12)
+ azLlion + aaLrecon + a5Lcro,

where {a;}?_, are trade-off hyperparameters that balance

the contrlbutlons of different loss components.

Graph-based Prototypical Self-Supervision

Challenge Analysis. Despite various graph domain adapta-
tion methods proposed, they have some fundamental weak-
nesses. First, most methods adopt instance-to-instance align-
ment strategies that exhibit high sensitivity to outliers. Con-
sider a case where large domain gaps exist between source
and target domains, yet a single anomalous source sample is
mapped closer to the target distribution than any legitimate
source sample. This leads to unfavorable alignment. Second,
they fail to encode the semantics of the data, resulting in sub-
optimal alignment where semantically similar instances are
erroneously dispersed across the latent space.

Method Rationale. To address the above challenge, we
propose a novel Graph-based Prototypical Self-Supervision
module, which introduces prototypes to encode semantic
knowledge based on label-relevant information and per-
forms a novel prototype-based domain alignment method in
a self-supervised manner.

Prototype Learning. To ensure that prototypes effectively
capture the semantic structure of the graph data, k-means
clustering is performed on Z1,s and Z 1, to get source
clusters C° = {C’(S) C’(S) S)} and similarly C7
with normalized source prototypes {pj _, and normalized
target prototypes {pT}k 1- Prototypes are maintained and
updated using momentum—based exponential moving aver-
ages during training to capture evolving data distributions
while ensuring stability. It should be noted that the afore-
mentioned Reconstruction Term and Cross-Domain Term
can serve as generators to augment data simultaneously,

which form additional source domain dataset DS and target

domain dataset D that can be used to generate source pro-
totypes {p7 }¥_, and target prototypes {p7 }*_,. The orig-
inal prototypes and additional prototypes are then merged

(i.e., averaged) to obtain ﬁnal source prototypes {p] i=1

and target prototypes {pj _

Instance-Prototype Matching. Given label-relevant em-
beddings from both domains and prototypes, we establish
cross-domain alignments through bidirectional instance-
prototype matching. Specifically, given a source feature zg,
and target prototypes, we first compute the similarity distri-
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[PS—>T

bution vector P77 = L PS7T):

exp (p;-T . ZGlr,s/T)

= o : SEGE)
Si_yexp (97 2grs/7)
Then we minimize the entropy of P77
PS%T Z P;?'JHT log PSHT' (14)

Similarly, we compute H(P7—%) for target-to-source
matching. The final cross-domain instance-prototype loss is:

Ns NT
Ligp = Y HP77T) 4> H(P] %),
i=1 j=1

15)

where the Ng denotes the sample number of source domain
and Ny is the sample number of target domain.

Mutual Information Maximization. For the unlabeled
data, we extend the mutual information maximization ob-
jective (Liang et al. 2021) to graph data in order to encour-
age individually certain and globally diverse predictions on
source and target domains:

2 Al 1
Ll =—H| D pluilzer) | +
=1 (16)

where the entropy metric H(p(y;|zq1)) = — Zﬁil p(y; =
clzgr)log p(y; = c|lzgr), N, denotes the number of all un-
labeled samples. '

Final Loss Function. Finally, the overall learning objective
can be derived as:

L = Lpsag + P1L12p + 52£§/{Iv

_, are two trade-off hyperparameters.

u

N'U/
ZH yt‘zGl
i=1

a7
where {3;}?

Experiment Setup
Datasets

Due to the lack of datasets containing ground-truth graph-
level anomalies, following prior works (Niu, Pang, and Chen
2023), we use graph classification datasets for evaluation.
Specifically, we use 4 datasets from TUDataset (Morris
et al. 2020) including Mutagenicity (Kazius, McGuire, and
Bursi 2005), PROTEINS (i.e., PROTEINS and DD) (Dob-
son and Doig 2003), COX2 (i.e., COX2 and COX2_MD)
and BZR (i.e., BZR and BZR_MD) (Sutherland, O’brien,
and Weaver 2003). In these datasets, graphs with class O are
treated as normal, while graphs with class 1 are considered
anomalies.

Baselines

We select baselines from three related tasks: graph-level
anomaly detection methods, graph few-shot learning meth-
ods and cross-domain graph classification methods. For
graph-level anomaly detection methods, we select three



Methods MO — M1 M1 — MO MO — M2 M2 — MO M1 — M2 M2 — M1
5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot

ARMET 5123 64.71 63.78 6697 5335 5543 5243 56.08 5459 5781 58.21 63.43
iGAD 5497 63.89 53.15 5743 53.11 5596 5578 59.01 53.60 5542 59.74 62.83
GmapAD 50.76 61.87 5476 58.87 5489 56.20 55.71 56.89 56.82 58.94 56.89 60.98
MGNN 54.71 55.64 53.69 5556 5289 5496 5382 5563 51.83 5252 5381 59.45
PAR 40.77 4428 4690 67.72 49.17 52.03 5535 5825 5641 58.71 61.11 62.72
FAITH 53.01 59.38 5422 6040 5564 56.17 5454 59.67 5056 51.02 60.26 63.06
CDTC 4034  49.74 6227 6478 4924 5320 56.44 59.88 53.63 55.66 4952 57.24
DEAL 54.81 61.10 5422 60.61 51.73 5324 5272 57091 55.12 56.73  52.11 59.72
CoCo 5432 6396 5545 63.31 53.83 5674 5598 60091 5192 5839 54.11 60.48
MTDF 53.50 6274 5560 65.87 55.61 57.84 5383 6190 51.73 5640 54.05 6145
Ours 6483 6934 67.58 69.56 58.22 63.12 63.67 6548 60.33 63.87 6592 68.34

Table 1: Overall performance (AUROC scores) of graph-level anomaly detection under few-shot unsupervised domain adapta-
tion setting on Mutagenicity (source — target). The best results are shown in bold type and the runner-ups are underlined.

Methods P—-D D—P C—-CM CM — C B — BM BM — B
5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot

ARMET 4576 47.02 4242 59.37 4216 43.09 4056 41773 3398 3924 48.63 51.46
iGAD 4512 4745 4168 5520 4144 43.68 38.80 40.11 32.08 34.01 48.67 50.89
GmapAD 45.78 46.05 46.56 58.12 4035 44.61 43776 4585 3724 4199 4466  49.57
MGNN 51.10 5290 4827 52.69 5038 5274 5045 51.01 5099 5199 52.13 56.52
PAR 6124 6442 5398 5732 5122 5342 38.68 4221 50.31 50.69 51.52 53.43
FAITH 49.41 50.90 4099 58.56 47.84 4998 3923 41.18 31.88 3990 59.72 62.73
CDTC 57779 5854  46.68 52.71 50.11 51.37 4276  49.14 5227 5256 52.54  55.29
DEAL 46.75 47.02 39.31 57.89 4272 44.03 3592 3834 30.53 32.11 41.14  49.13
CoCo 4323 4634 40.62 55.03 4201 4424 3932 40.81 30.03 3472 46.72 50.14
MTDF 4752 50.13 4024 5631 43.12 4563 40.51 4242  31.83 3592 47.31 52.52
Ours 66.63 7044 65.19 6891 58.61 6280 56.66 59.34 55.12 58.81 62.75 65.51

Table 2: Overall performance (AUROC scores) of graph-level anomaly detection under few-shot unsupervised domain adapta-
tion setting on PROTEINS, COX2, and BZR (source — target). Best and runner-up results are showed with bold and underline.

baselines including ARMET (Li et al. 2024), Gma-
pPAD (Ma et al. 2023) and iGAD (Zhang et al. 2022). For
graph few-shot learning methods, we select three models
including MGNN (Guo et al. 2021), PAR (Wang et al.
2021) and FAITH (Wang et al. 2022a). For cross-domain
graph classification methods, we adopt four baselines in-
cluding CDTC (Zhang et al. 2023b), DEAL (Yin et al.
2022), CoCo (Yin et al. 2023) and MTDF (Tang et al. 2024).

Evaluation Metrics and Settings

Follwing convention (Kim et al. 2024), for GLAD perfor-
mance, we report the AUROC w.r.t. anomaly scores and la-
bels. We evaluate our model by conducting GLAD task for a
variety of transfer learning tasks (i.e., source — target). M,
P, D, C, CM, B, and BM denote Mutagenicity, PROTEINS,
DD, COX2, COX2_MD, BZR, and BZR_MD, respectively.
Mutagenicity dataset is separated into three parts according
to the density of edges. We execute experiments under the
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2-way 5-shot and 2-way 10-shot settings.

Implementation Details

DGPA is implemented with PyTorch 2.1 framework on
Ubuntu 22.04. For our model, we adopt GIN as the GNN
backbone. We train the model using Adam optimizer with
the learning rate set to 0.005. For a fair comparison, we tune
the hyper-parameters of both our model and baselines us-
ing grid-search. To mitigate the effects of random noise, we
report the results from 5 runs with different random seeds.

Results and Analysis
Comparison with State-of-the-arts

We evaluate model performance on GLAD against state-of-
the-art baselines. Results are concluded in Table 1 and 2.
Here we have the following observations:

(1) DGPA consistently outperforms the baselines on dif-
ferent transfer tasks. Compared with the second-best base-



Methods MO — M2 M2 — MO
5-shot 10-shot 5-shot 10-shot
Baseline 47.05 50.49 46.43 51.65
DSG 51.74 53.04 54.15 59.36
GPS 54.56 57.16 52.21 58.01
DSG + GPS  58.22 63.12 63.67 65.48

Table 3: Ablation study results for MO — M2 and M2 —
MO. The best results are in bold, runner-ups are underlined.
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Figure 3: Hyper-parameter analysis results for different val-
ues of hyper-parameter o on all datasets.

line, the proposed method achieves 5.72 % improvement of
AUROC on average. The results demonstrate that DGPA can
effectively address the domain shift challenges.

(2) Single-domain GLAD and few-shot learning methods
suffer significant performance degradation in FUDA scenar-
ios due to domain shift challenges. Besides, cross-domain
graph learning methods underperform in label-scarce con-
ditions, while DGPA leverages disentangled sample genera-
tion to effectively handle few-shot scenarios.

Ablation Study

In this section, an ablation study is conducted on represen-
tative transfer tasks (i.e., MO — M2 and M2 — MO0) with
different combinations of the key modules. Specifically, 4
combinations of key modules are compared in the ablation
study as follows:

¢ Baseline: The basic model of DGPA backbone.
¢ DSG: The baseline model with DSG module.

¢ GPS: The baseline model with GPS module.

* DSG+GPS: The proposed DGPA model.

As shown in Table 3, the baseline performs the worst be-
cause it cannot cope with domain shift and label scarcity.
Besides, the baseline fails to achieve robust representation
learning, leading to poor performance on datasets like MU-
TAG, where irrelevant noisy features prevail. Adding DSG
markedly improves performance by disentangling label-
relevant and label-irrelevant factors. Incorporating GPS fur-
ther boosts results via prototypical alignment, enhancing
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discriminability and transferability. The proposed DGPA,
which combines DSG and GPS, fully exploits these advan-
tages and achieves the best performance.

Hyper-parameter Sensitivity

In this section, the hyper-parameter analysis is performed on
representative transfer tasks with as set to {0.1, 0.3, 0.5, 0.7,
0.9, 1.0}, as depicted in Fig. 3. It is observed that our method
achieves the best performance when a5 = 0.7.

dy e Class 0 ‘e Class 0
Class 1 VCIass 1
- o, < ’."‘--,
Q I
()] @,
© e o)
Qo T4
1 o
m %
© e
] \
g * Source Domain * Source Domain
0 4 Mo Target Domain ,r 8, ° Target Domaln
IR i e ,\& h N g
1 {~ ‘!"\(‘ " . k % o)
£ ' '...}" r‘ -i)?’! %,"é. &“ :’,\ v
g w\‘ -4 ﬁﬂg?i,,i:,f,. sy
<) i' t gg‘ A 'ﬂ' ,h-'.; ", ‘.“1:..". 3 'f'T
Q| b ST || B RTINS e
NS L RO A
e Wt WiFa
e, A
" L
ARMET DGPA

Figure 4: t-SNE visualization results of ours and baselines
on M1—MO.

Visualization

We visualize the learned features using t-SNE (Maaten and
Hinton 2008) on the M1—MO0, as shown in Fig. 4. In the
top row, the color represents the class of each sample; while
in the bottom row, red represents source samples and blue
represents target samples. Compared to ARMET, it qualita-
tively shows that DGPA favors more discriminative features.
Also, the features from DGPA are more closely aggregated
than ARMET, which demonstrates that DGPA learns a better
semantic structure of the datasets.

Conclusion

This paper presents a novel few-shot unsupervised domain
adaptation method named DGPA for graph-level anomaly
detection. We introduce DSG and GPS modules to ad-
dress label scarcity and domain shift through disentan-
gled generation and prototype-based cross-domain align-
ment. Extensive experiments on four benchmarks demon-
strate DGPA’s significant superiority over state-of-the-art
baselines in GLAD under FUDA settings. In the future, we
plan to explore various advanced techniques to further im-
prove model performance, such as prompt learning and ad-
versarial learning.
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