W) Check for updates

CAAI Transactions on Intelligence Technology

WILEY

[
| — The Institution of
[ Engineering and Technology

| OrRIGINAL RESEARCH EEIETED

Cross-Domain Graph Anomaly Detection via Graph
Transfer and Graph Decouple

Changgin Huang? | Xinxing Shi* | Chengling Gao® @ | Qintai Hu® | Xiaodi Huang* | Qionghao Huang®(® | Ali Anaissi’

!College of Education, Zhejiang University, Hangzhou, China | Zhejiang Key Laboratory of Intelligent Education Technology and Application, Zhejiang
Normal University, Jinhua, China | 3School of Computer Science and Technology, GuangDong University of Technology, Guangzhou, China | “School of
Computing, Mathematics and Engineering, Charles Sturt University, Albury, Australia | *TD School, University of Technology Sydney, Ultimo, Australia

Correspondence: Chengling Gao (chl_gao@zjnu.edu.cn) | Qintai Hu (huqt8@gdut.edu.cn)
Received: 19 June 2024 | Revised: 27 October 2024 | Accepted: 13 November 2024

Funding: This research was supported by the National Nature Science Foundation of China, Grant/Award Numbers: 62337001, 62037001; “Pioneer” and
“Leading Goose” R&D Program of Zhejiang, Grant/Award Number: 2022C03106.

Keywords: anomaly detection | attributed graphs | domain adaptation | graph neural networks

ABSTRACT

Cross-domain graph anomaly detection (CD-GAD) is a promising task that leverages knowledge from a labelled source graph to
guide anomaly detection on an unlabelled target graph. CD-GAD classifies anomalies as unique or common based on their
presence in both the source and target graphs. However, existing models often fail to fully explore domain-unique knowledge of
the target graph for detecting unique anomalies. Additionally, they tend to focus solely on node-level differences, overlooking
structural-level differences that provide complementary information for common anomaly detection. To address these issues,
we propose a novel method, Synthetic Graph Anomaly Detection via Graph Transfer and Graph Decouple (GTGD), which
effectively detects common and unique anomalies in the target graph. Specifically, our approach ensures deeper learning of
domain-unique knowledge by decoupling the reconstruction graphs of common and unique features. Moreover, we simulta-
neously consider node-level and structural-level differences by transferring node and edge information from the source graph to
the target graph, enabling comprehensive domain-common knowledge representation. Anomalies are detected using both
common and unique features, with their synthetic score serving as the final result. Extensive experiments demonstrate the
effectiveness of our approach, improving an average performance by 12.6% on the AUC-PR compared to state-of-the-art
methods.

1 | Introduction information and property [5, 6], — an increasing number of

researchers have been dedicating their efforts to this field. Many

Graph anomaly detection (GAD), particularly the detection of
anomalous nodes, is a critical task in graph data mining [1, 2].
The purpose of GAD is to identify nodes in graph data whose
attributes or structures significantly deviate from the majority of
nodes. Given its vast potential applications in various domains
— from detecting fraudulent individuals in financial transaction
networks to prevent economic losses [3, 4], to identifying
intrusion viruses in network security systems to safeguard

deep learning methods are now being applied to GAD tasks, but
these approaches are completely unsupervised and often suffer
from high rates of false positives because they lack sufficient
knowledge about the anomalies of interest. In this context,
Cross-domain graph anomaly detection (CD-GAD), with its
ability to leverage knowledge from a labelled source graph to
guide anomaly detection on an unlabelled target graph, is
garnering attention from researchers.
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In the field of CD-GAD, the target graph contains not only
common anomalies similar to those in the source graph but also
unique anomalies absent in the source graph [7]. Figure 1 il-
lustrates a simple example of the CD-GAD context. It can be
observed that on the target graph, not only are there common
anomalies (user A and user B) similar in semantics to those on
the source graph, but there are also unique anomalies with
significant semantic differences from the common anomalies
(such as user C, distinct from user A). Existing CD-GAD models
use different approaches to detect the above anomalies. Among
them, COMMANDER detects common anomalies using gener-
ative adversarial networks and employs traditional graph auto-
encoder to detect unique anomalies [7]. ACT uses off-the-shelf
anomaly detection models to generate pseudo-labels to guide
the model in detecting anomalous nodes of both types after
aligning the distributions of source and target graphs [8].
However, they still suffer from the following two problems:

1. Existing models fail to fully explore deep domain-unique
knowledge of target graphs because they overlook the se-
mantic differences between domain-unique knowledge
and domain-common knowledge (as illustrated by user C
and user A in Figure 1). This limitation hampers the
models' performance in detecting unique anomalies.

2. Previous models learnt flawed domain-common knowl-
edge by only considering node level distribution differ-
ences (known as marginal distribution shifts) while
neglecting structural level differences (called structural
domain shifts) between source and target graphs [9]. This
oversight results in the low-quality detection of common
anomalies.

To address the first problem, our model needs to learn both
domain-common and domain-unique knowledge. Our approach
begins with learning the domain-common knowledge between
the source graph and the target graph. We then separately
extract the unique features and common features from the
target graph to ensure that the model can effectively learn
domain-unique knowledge and domain-common knowledge.
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FIGURE 1 | A simple example of cross-domain graph anomaly
detection. The source graph from the car review domain and the
target graph from the restaurant review domain have users A and B
with similar behaviours. They continuously post promotional
advertisements about products, which is referred to as a common
anomaly. Additionally, user C in the target graph posts malicious
negative reviews about restaurants, which is distinct from user A in
the source graph and is termed a unique anomaly.

Specifically, we decouple the reconstruction graphs of common
features and unique features in terms of structure, ensuring
significant semantic separation between them. This process
enables us to mine deep domain-unique knowledge, which is
beneficial for unique anomaly detection.

To address the second problem, we draw inspiration from refs.
[10, 11]. We simultaneously reduce marginal distribution shifts
and structural domain shifts by transferring the node and edge
information from the source graph to the target graph. This
transfer helps the model extract more effective domain-common
knowledge. The learnt domain-unique knowledge and domain-
common knowledge are then used together to score the nodes in
the target graph.

In summary, we propose a novel method named Synthetic
Graph Anomaly Detection via Graph Transfer and Graph
Decouple (GTGD) to tackle the aforementioned problems.
Experimental results on multiple real-world cross-domain graph
anomaly detection datasets demonstrate that our proposed
GTGD surpasses existing state-of-the-art methods. In this paper,
our main contributions can be summarised as follows:

e To explore domain-unique knowledge of the target graph,
we propose a novel module, Graph Decouple, which helps
the models detect unique anomalies within the target
graph.

e To acquire more comprehensive domain-common knowl-
edge, we introduce graph transfer to concurrently mitigate
marginal distribution shifts and structural domain shifts
between the source and target graphs, enhancing the per-
formance of common anomaly detection.

e We conducted extensive empirical evaluations of GTGD
and 11 state-of-the-art competing methods on 4 real CD-
GAD datasets to demonstrate the superiority of GTGD.
Remarkably, our approach achieved a substantial 12.6%
improvement in average performance in terms of the AUC-
PR metric.

The rest of this paper is organised as follows: Section 2 reviews
related work on graph anomaly detection and domain adapta-
tion methods. Section 3 introduces the preliminary work
involved in this study. Section 4 details our proposed model.
Section 5 presents the experimental results and performance
analysis of our approach. Finally, Section 6 concludes this paper
and outlines future research directions.

2 | Related Work
2.1 | Graph Anomaly Detection

The initial studies typically employ nondeep approaches, aim-
ing to identify anomalous information by examining either
node features or network structure [12-14]. Nevertheless, their
performance cannot experience continuous enhancement
without delving into more profound information. In recent
years, graph neural networks (GNNs) have garnered significant
attention from researchers due to their superior performance in
handling complex relationships [15]. As a result, GAD based on
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GNNs has become a focal point of research interest. DOMI-
NANT [6] and GUIDE [16] utilise graph auto-encoders to
reconstruct both attribute and structural information of the
graph, assigning anomaly scores based on the reconstruction
quality. CoLA [4] and GRADATE [17] employ contrastive
learning to construct instance pairs from different perspectives,
aiming to increase the distance between normal and abnormal
nodes. In addition, spectral methods [18], hypergraph theory
[19], and other approaches have also been applied to GAD.
Such methods exhibit good performance, but all of those are
completely unsupervised and often suffer from high rates of
false positives because they lack sufficient knowledge about the
anomalies of interest. Therefore, the CD-GAD methods
emerged, which leverages knowledge from a source graph to
guide anomaly detection in a target graph. Research on CD-
GAD is still in its early stages. COMMANDER [7] combines
adversarial networks to align the distributions of the source and
target graphs, and utilises source graph labels and reconstruc-
tion loss to detect anomalies. ACT [8] reduces the marginal
distribution shifts between the target and source graphs and
uses pre-trained model detection results as pseudo-labels to
guide anomaly detection. Although both approaches have made
pioneering progress, their performance is limited because they
do not deeply explore domain-unique features in the target
graph, and the domain adaptation process only considers
marginal distribution shifts, ignoring structural domain shifts
between source and target graphs.

2.2 | Domain Adaptation

Domain adaptation methods are frequently utilised to tackle
cross-domain problems. The main goal of domain adaptation is
to facilitate model training in the target domain by reducing
distribution discrepancies between the target and source do-
mains, ultimately enhancing the transferability of knowledge
from the source to the target domain [20]. One widely adopted
strategy involves minimising domain discrepancies, quantified
using predefined metrics such as MMD [21, 22], Wasserstein
distance [23] and Gromov-Wasserstein distance [24]. Domain
adversarial neural network [25] is another common domain
adaptation method. It achieves knowledge transfer by max-
imising the error of a domain classifier, making the feature
representation indistinguishable across domains [26]. In addi-
tion, there are now domain adaptation methods specifically
designed for graph representation learning. CoCo [27] and
ALEX [28] employ graph contrastive learning to facilitate
knowledge transfer across different domains, providing effective
support for unsupervised domain adaptation graph classifica-
tion [29]. GALA [30] achieves knowledge transfer from the
source graph to the target graph without accessing source graph
data. Furthermore, it is important to note that, besides the
marginal distribution shifts similar to those in traditional data
domains, the complex interactive nature of graph structures
leads to additional structural domain shifts [9]. GraphAE com-
bines node degree distributions with other domain adaptation
methods to reduce the impact of structural domain shifts [31].
JHGDA focuses on hierarchical graph structures, mitigating
structural domain shifts more comprehensively by aggregating

differences among hierarchical structures [32]. However, these
methods cannot be directly applied to GAD tasks.

3 | Preliminary

Graph Neural Networks. Given an attributed graph
G = (V, £,X), where V represents the node set, £ represents the
edge set, and X = {X;,X,,.., Xy} € RV*P is a feature matrix
associated with the nodes. The objective of GNNs s to learn a local
aggregation function that transforms the node features X into low
dimensional representations H = {hy, h,, ..., hy} € R¥*P There
are lots of methods such as GCN [33], GAT [34], GraphSage [35].
In our method, we choose GraphSage as our encoder to satisfy the
need for large-scale datasets. The transformation used to generate
the representation h* of a given target node v at the k-th layer can
be expressed as follows:

hf = o(W* - AGGR(v, N (v))), 6))

where W¥ is the weights, o denotes the activate function and
AGGR (v, N(v)) stands for the aggregation function of the first-
order neighbouring nodes N (v) of v for message passing. In our
implementation, we utilise the mean aggregation function:

AGGRy(v, N(v)) = MEAN({h’;‘l} uh! vue N (v)}), @)

where h¥~! and hX~! denote the latent representations of the
node v and its immediate neighbours from the previous layer,
respectively.

Cross Domain Graph Anomaly Detection. We explore CD-
GAD on attributed graphs. Provided with a source graph
Goe = Virer Egre» Xgre) With label Y € RY from the source domain
and an unlabelled target graph Gior = Var Erar» Xiar) from the
target domain, we adopt the same feature space assumption as
prior studies, with no shared nodes or edges between Gy, and
Giar- The aim is to train an anomaly detection model capable of
transferring knowledge from the labelled source graph G, to
identify anomalies in the unlabelled target graph Gi,,. Ideally,
the scoring of anomalous nodes should be significantly higher
than normal nodes.

4 | GTGD: The Proposed Approach

In this section, we introduce the proposed framework, Graph
transfer and graph decouple (GTGD). As shown in Figure 2, the
model consists of three components: (1) Common Anomaly
Nodes Detection, (2) Unique Anomaly Nodes Detection and (3)
Anomaly Score Fusion. Notably, our model involves three
different encoders: the source feature encoder Encs, which is
used to extract features Hy = {h}, h,,..,h!} from the source
graph; the common feature encoder Enc,, which is used to
extract common features H, = {h;, h}, .., h!} from the target
graph; the unique feature encoder Enc,, which is used to extract
unique features H, = {h;, h}, ... h]} from the target graph. We
will provide detailed explanations for Common Anomaly Nodes
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FIGURE 2 | Overview of the GTGD framework. It consists of three parts: (1). Common Anomaly Nodes Detection. We apply deviation loss to the
source graph, training the source feature encoder Enc; to separate normal and abnormal nodes and obtain a source anomaly scoring module M.
Then, we minimise Graph Transfer loss to reduce the marginal distribution shifts and structural domain shifts between the feature
distributions of the source and target graphs. Subsequently, we feed the common feature H, into M to obtain the common anomaly
scores. (2). Unique Anomaly Nodes Detection. In this stage, the target graph data is input to both Enc. and Enc,. We minimise Graph
Decouple loss to drive Enc, to learn the unique features H,. At the same time, we utilise graph contrastive learning to ensure that the
unique features do not deviate from the semantics of the target graph. Then, we can calculate the unique anomaly scores using the
reconstruction loss. (3). Anomaly Scores Fusion. We use Z-Score normalisation to standardise the two anomaly scores, then fuse them

with weighted summation to get the final anomaly scores.

Detection, Unique Anomaly Nodes Detection, and Anomaly
Score Fusion in subsections 4.1, 4.2, and 4.3, respectively.

4.1 | Common Anomaly Nodes Detection

At this stage, we first utilise supervised learning methods on the
source graph to train the source feature encoder Encs and the
source anomaly scoring module M. Subsequently, we freeze the
parameters of source feature encoder Enc, and reduce the shifts
between the source graph features and the target graph features.
This makes the common feature encoder Enc. explore the
common features H, between the source and target graphs. It
maximises the compatibility between M and the target graph
features to detect common anomalies on the target graph
similar to those on the source graph.

Source Anomaly Scoring Module. The main idea of this
module is to design a well-designed scoring module M to
ensure that M(h"") < M(h®"), where h"" and h®" respec-
tively represent embeddings feature of normal nodes and
anomaly nodes. That is, the anomaly score for anomalous nodes
is greater than the anomaly score for normal nodes. In our
method, we use deviation loss [36] to train an MLP as M. This
method enforces a statistically significant deviation between the
feature of labelled anomalous nodes and the feature of normal
nodes by leveraging labelled anomalies and prior probabilities.
Specifically, the deviation loss adapted for our method can be
represented as follows:

N
Law =3, (1 =5 lden(l)] +fmax(0,a - deo(B)). ()

i=1

where N is the number of nodes for each sampling batch and
¥, = 0if v} represents a normal node and y! = 1 otherwise; and
dev(h}) is a Z-Score-based deviation function:

M(h;) — M
B €]

dev(h}) =

where u,, oy, and a respectively represent the mean, standard
deviation, and deviation of anomaly scores from (., following the
approach in the original method [36]. In the end, the anomaly
score of normal nodes M(h{°") is significantly lower than the
anomaly score of anomalous nodes M(h‘;b"). It is important to
note that we first train Encg and M, and then freeze the param-
eters of those modules in the subsequent process.

Graph Transfer. With a well-trained Encs and M, we guide the
common feature encoder Enc. to mine node common features
H,. of nodes in the target graph. Existing CD-GAD methods,
when mining domain-common knowledge, only consider the
marginal distribution shifts, ignoring the structural domain
shifts unique to graph data from different domains, resulting in
flawed domain-common knowledge. We address this problem
by introducing Graph Transfer. Graph Transfer consists of node
transfer and edge transfer, which are respectively used to reduce
the marginal distribution shifts and structural domain shifts
between the source graph and the target graph. The unique
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implementations of node transfer and edge transfer are as
follows:

Node transfer. We achieve node transfer by minimising the
Wasserstein distance (WD) [23] between the target graph and
the source graph. WD is a mathematical distance used in
optimal transport to measure the difference between two
probability distributions. It is defined as minimising the mini-
mum cost to transform one distribution into another. To
compute feasibility, we adopt the approach of Sinkhorn distance
[37] and define the following loss function:

n m
— 1 L

Dhroge(u, v) = Terggll,v) ; ; Ty - C(hc’ h]s)’ (5)
where u and v respectively represent the probability measure of
target nodes and source nodes; U(u, v) represents the feasible
space for the transfer from the probability vector u of the target
graph to the probability vector v of the source graph; T is the
transfer matrix for the target nodes to the source nodes; c(hi, h’s)
is utilised to quantify the transfer cost of v; node from the target
graph to v; node from the source graph. In this context, we adopt
to use the Euclidean distance as the measurement.

Edge transfer. We employ the Groove-Wasserstein distance
(GWD) [24] for edge transfer. WD measures the transfer cost by
directly comparing the similarity of embeddings (nodes) from
two different graphs, while GWD indirectly assesses the transfer
cost by comparing the similarity of relationships (edges) be-
tween two different graphs [10, 11]. The GWD formula adapted
for our task is as follows:

Dedge(w, v) = rr%m € U(u, v)l z TT
i ©)
Jcos(h’ ) = cos(i, )

s

where T’ is the edges transfer matrix for the target graph to the
source graph. cos(hy, h; ) and cos(, ] ) represent the edges of
the target graph and the source graph.
||cos(hi, h‘c) - cos(hﬁ, h’;)|| represent the edge transfer cost for
the ith edge of target graph to the jth edge of source graph. We
combine node transfer and edge transfer to derive the final

Graph Transfer loss:
»Cg = ADnode + (1 - /I)Dedge: (7)

where 4 is a hyperparameter that adjusts the balance between
node transfer and edge transfer. We minimise £, to eliminate
the marginal distribution shifts and structural domain shifts
between the target graph and the source graph, enabling the
source anomaly scoring module M to be maximally compatible
with the common features H.. With the help of edge transfer,
the structural domain shifts between the source graph and the
target graph will be effectively reduced, providing important
supplementary information for learning more comprehensive
domain-common knowledge.

Common Anomaly Score Computation. After the Enc. is
well trained, we feed the common feature hi of the node v; into
M to obtain the common anomaly score:

Scorec(v;) = M(hL). 8)

4.2 | Unique Anomaly Nodes Detection

As mentioned earlier, the target graph not only includes com-
mon anomalies similar to those in the source graph but may
also have its own unique anomalies. At this stage, we will
explicitly mine the unique features H, of nodes in the target
graph and perform unique anomaly detection based on these
features.

Graph Decouple. The existing CD-GAD method overlooks the
semantic differences between domain-unique knowledge and
domain-common knowledge, failing to adequately explore the
domain-unique knowledge of the target graph. This limitation
restricts the performance of the model in detecting domain-
unique anomalies. To explore deeper domain-unique knowl-
edge on the target graph, we employ a unique feature encoder
Enc,, which has the same structure as the Enc. but with
different weights. However, solely using encoders with different
weights does not ensure efficient extraction of unique features.
Therefore, we increase the reconstruction graph difference to
guarantee significant decoupling of common features H. and
unique features H,, in structure. We calculate the corresponding
adjacency matrix A. of the reconstructed graph for common
features H, based on the inner product as follows:

A, = Sigmoid(HH} ), 9)

where Sigmoid(x) is the Sigmoid function, and the elements in
A, signify the relationships between nodes in the reconstructed
graph of common features. Similarly, we obtain the adjacency
matrix A, of the reconstructed graph for unique features H, in
the same way:

A, = Sigmoid(H,Hy), (10)

the elements in A, represent the relationships between nodes in
the reconstructed unique graph. Then, we achieve decoupling in
structure by enlarging the Euclidean distance between A,
and A.:

L4 = max(margin — |A, — Ac||7, 0) (11)

where margin that controls the difference between A, and A.. By
minimising L4, the reconstructed common graph and the
reconstructed unique graph will have significant structural dif-
ferences, ensuring that Enc, can extract unique features H,
distinct from the common features H.. It's important to note that
during this stage of training, we freeze the parameters of the Enc,
to ensure that the common features H, remain accurate.

Graph Contrastive Learning. Decoupling may cause the
learnt unique features to deviate from the original semantics of
the target graph. To address this issue, we first utilise graph
contrastive learning to locally capture the original similarities
between node pairs, thereby preserving the original semantic
features of the nodes. Graph contrastive learning enhances
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feature representation by bringing positive pairs closer and
pushing negative pairs farther apart [38]. In our approach, we
use simple graph contrastive learning to prevent learnt features
from losing their original semantics:

N Ty, D
o exp(hy, hi/r)

—  (12)
S exp(hi'h2/r) + DI exp(hy h}/7)

where h!, represents the unique features of the target node, h?
represents the features of the first-order neighbouring nodes of
the target node, considered positive samples; and h;, represents
the unique features of the nonneighbouring nodes of the target
node, considered negative samples. By minimising L., the
unique features h!, of the target node learn representations of
other nodes in its neighbourhood, preventing the unique fea-
tures h!, of the target node from deviating too much from the
common features h. and thus preserving the original semantic
information.

Unique Graph Reconstruction. In addition to leveraging
contrastive learning for the local preservation of the original
semantics in the target graph, ensuring that the semantics of the
reconstructed subgraph are consistent with those of the original
target graph at a global level is equally important for detecting
unique anomalous nodes. Inspired by previous work [12], we
adopt a structural reconstruction loss to address this issue. The
structural reconstruction loss ensures structural consistency by
minimising the difference between the reconstructed adjacency
matrix and the original adjacency matrix. We use the previously
calculated reconstructed adjacency matrix A, and the original
adjacency matrix A, of the target graph to compute the
reconstruction loss:

Ly= ”Atar - Au”]Z? (13)

After integrating the functionalities of various modules, the
complete objective function for the unique reconstruction loss
can be represented as follows:

Ly=BL,+yL.+ 0Ly, (14)

where f, y and & are the hyperparameter to balance the
contribution of each module.

Unique Anomaly Score Computation. After training £, to
convergence, we use the reconstruction error between the
original and reconstructed graphs as a key indicator of node
anomalies. The intuition is that anomalies often deviate from
normal patterns, making them harder to reconstruct and lead-
ing to higher reconstruction errors. Specifically, the anomaly
score of node v; can be formulated as follows:

Score,(v;) = || AL, — A, ||12p (15)

tar
4.3 | Anomaly Score Fusion
A straightforward way to integrate anomaly scores is by taking

the weighted sum of the two scores. However, since the calcu-
lation methods of the two scores may not be consistent, the

resulting score distributions may differ significantly, leading to
suboptimal performance when using a simple weighted sum. To
address this issue, we choose to normalise both scores using Z-
Score normalisation:

Scorec(v;) — U,

d
Scorel(v;) = .

16)

where u, and o, respectively represent the mean and standard
deviation of common scores for all nodes in the target graph.
Similarly, we have standardised unique anomaly scores as
follows:

Score, (v;) —

Scores(v;) =
u (Vi) o

a7

where y, and o, respectively represent the mean and standard
deviation of unique scores for all nodes in the target graph.
Finally, we compute the weighted sum of the normalised scores
from the two components to obtain the final fused anomaly
score for a node v; in the target graph:

Score(v;) = wScores(v;) + (1 — w)Scores™(vy), (18)

where w is the balancing hyperparameter between common
anomaly scores and unique anomaly scores.

4.4 | Algorithm Description

Generally, the overall procedures of GTGD are shown in Algo-
rithm 1. Given a labelled source graph Gy = Vs Esres Xsrer Y)
and an unlabelled target graph Gy = (Var Ewar Xiar), 0Ur goal is
to obtain the fused anomaly scores for each node in G,

Our algorithm is divided into three stages: Common Anomaly
Nodes Detection (Lines 1-7), Unique Anomaly Nodes Detection
(Lines 8-13), and Anomaly Score Fusion (Lines 14-15). Specif-
ically, we first use deviation loss to train a source feature
encoder Encg and a common anomaly scoring module M (Line
1). Then, we fix the learnt Enc; and M, and train the common
feature encoder Enc, of the target graph through Graph Transfer
(Lines 2-6). Next, the output of the trained Enc. is used for
common anomaly scoring (Line 7). After training Enc., we use
Graph Decouple to train our unique feature encoder Enc, to
obtain explicit unique features (Lines 8-12). Then, we use this
feature to compute unique anomaly scores (Line 13). Finally, we
use Z-Score normalisation to standardise the distributions of
common anomaly scores and unique anomaly scores, and then
fuse them with weighted summation to get the final anomaly
scores (Lines 14-15).

ALGORITHM 1 | Overall Process of GTGD.

Input: Gor, Gyre.
Parameter: N, epochgr, epochgp, U, 0, 4, B, ¥, 8, Us, O, w.
Output: Anomaly scores of all nodes in G,

//Common Anomaly Nodes Detection
1: Training for source feature encoder Encs and source
anomaly scoring module M according to Equations (3) and
4);

2: while i < epochgr do
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3: Sample N nodes from G and Giq;
4: Train the common feature encoder Enc. via
Equation (7);
5: Take gradient steps and update the parameters;
6: end while
7: Compute common anomaly scores for each node in G, via
Equation (8);
//Unique Anomaly Nodes Detection
8: while i < epochgp do

9: Sample N nodes from G,,;

10: Train the unique feature encoder Enc, via
Equation (14);

11: Take gradient steps and update the parameters;

12: end while

13: Compute unique anomaly scores for each node in G, via
Equation (15);

//Anomaly Score Fusion

14: Normalise common anomaly scores and unique anomaly
scores via Equations (16) and (17);

15: Compute the fused anomaly scores for each node in G, via
Equation (18).

4.5 | Complexity Analysis

We analyse the main computational costs of the model in two
stages. (1). Common Anomaly Nodes Detection. The computa-
tional cost in this stage primarily consists of the training of the
source anomaly scoring module, as well as node transfer and edge
transfer, with their time complexities being O(M - D),
ON-M-(D +K)), and O(N*+ M?>+D-(N+M)+K-
N-M- D), respectively. Here, N and M represent the number of
source graph nodes and target graph nodes obtained in each
sampling, D is the dimension of the node features, and K indicates
the number of iterations for the Sinkhorn algorithm to estimate
the Wasserstein distance and Gromov-Wasserstein distance.
Therefore, the main time complexity of this stage is O(N T+ M 2).
(2). Uinque Anomaly Nodes Detection. The computational cost in
this stage mainly consists of the decoupling loss, contrastive
learning loss, and reconstruction loss, all of which have a time
complexity of O(N? - D). Thus, the overall time complexity of
GTGD is O(N* - D + M?).

5 | Experiments

In this section, we conduct experiments on various benchmark
datasets to validate the outstanding efficacy of GTGD. We begin

TABLE 1 | Statistics of the real-world datasets.

by introducing the related datasets, followed by a description of
the comparison methods and evaluation metrics, implementation
details, an ablation study, and a parameter study, in that order.

5.1 | Datasets

Our experiments involve a total of six real-world CD-GAD
datasets, including YelpHotel (HTL), YelpRes (RES), YelpNYC
(NYC), Amazon (AMZ), Elliptic (ELL) and Dgraph-Fin (DGP).
The dataset statistics are listed in Table 1 and we summarise the
details of these datasets as follows:

Accommodation Businesses. YelpHotel is a dataset of online
reviews on Yelp accommodations in the Chicago area [39]. A
node symbolises a reviewer, and an edge signifies that two re-
viewers have evaluated the same business. Reviewers are
regarded as anomalies if they have posted fraudulent reviews.

Dining Businesses. YelpRes and YelpNYC are datasets of din-
ing businesses review graphs for the Chicago and New York
areas [39], respectively. Similar to YelpHotel, nodes in YelpRes
and YelpNYC also represent reviewers, and anomalous nodes
denote reviewers who have posted fraudulent reviews.

E-commerce. Amagzon is also a review graph dataset but for e-
commerce [40]. In this dataset, a user is marked as a fraudulent
user if they have reviewed two or more products that have been
identified through crowdsourcing efforts [40]; otherwise, the
user is regarded as legitimate.

Bitcoin Transaction. Elliptic describes a Bitcoin transaction
network of real entities, where legitimate transaction users are
normal nodes, such as miners and wallet providers, while illegal
transaction users are abnormal nodes, such as ransomware and
terrorists [41].

Financial Transaction. Dgraph-Fin, a real financial trans-
action graph is recorded, where regular users are labelled as
normal nodes, and fraudsters are labelled as anomalous
nodes [42].

We conducted multiple CD-GAD experiments for the datasets
mentioned above (see Table 2), such as: NYC — HTL, RES —
HTL etc. It is important to note that in the notation A — B, A
represents the source graph from which adaptability knowledge
is extracted, typically where obtainable labels are present, to
assist in the GAD task in the target graph B.

Dataset #Nodes #Edges #Attributes #Anomalies
YelpHotel 5196 171,743 8000 250
YelpRes 5102 239,738 8000 275
YelpNYC 21,040 303,949 10,000 10,000
Amazon 18,601 274,458 10,000 750
Elliptic 203,769 234,355 166 4545
Dgraph-Fin 3,700,550 4,300,999 17 15,509
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| (Continued)

TABLE 2

NYC—-AMZ

NYC—-HTL RES—HTL HTL-RES NYC—-RES RES->NYC HTL-NYC AMZ-NYC

0.171 + 0.260 + 0.254 + 0.254 + 0.181 + 0.239 + 0.051 + 0.177 +

ADDA 0.227 +

Domain
adaptation

0.062 0.126 0.140 0.140 0.021 0.110 0.002 0.057
0.268 + N/A N/A 0.145 + 0.242 +

0.028
0.210 +

0.216 +

N/A

N/A

COMMANDER

0.008
0.209 +

0.019

0.220 +

0.001
0.145 +

0.006
0.253 +

0.007
0.216 +

(s)

COMMANDER

0.144 + 0.144 +

0.267 +

0.207 +

0.014

0.024
0.497 +

0.001
0.243 +

0.002
0.241 +

0.003

0.249 +

0.015
0.477 +

0.009 0.025

0.284 +

0.008
0.287 +

(w)
ACT

0.358 +

0.330 £+

0.002

0.484 +

0.020

0.010 0.018 0.065 0.012 0.009 0.003
0.388 + 0.380 + 0.371 £ 0.649 +

0.368 +

0.006
0.379 +

0.776 £

0.563 +

GTGD

Ours

0.032 0.024 0.031 0.017 0.012 0.011 0.016 0.020

0.020

Note: The boldfaced values indicate the best results and the underlined values indicate the second-best results.

5.2 | The Comparison Methods and Evaluation
Metrics

Comparison methods. We have listed 11 state-of-the-art
methods in the field of GAD. These methods can be categorised
into unsupervised methods and domain adaptation methods
based on their training approaches. In the unsupervised training
category, two unsupervised methods are formed by combining
LOF [43] or IF [44] with DGI [45]. In addition, the remaining
methods employ unsupervised GAD methods published in recent
years, including ANOMALOUS [14], DOMINANT [1], ADONE
[46], GAAN [47] and COLA [4]. The experimental results of these
methods all demonstrate direct efficacy in the target graph. We
include them to investigate whether GTGD can leverage source
graph information to enhance unsupervised GAD performance
on the target graph. For CD-GAD methods, we primarily
compared four models, namely ADDA [20], COMMANDER(s)
[7], COMMANDER(u) and ACT [8]. As shown in Table 2, GTGD
and the aforementioned CD-GAD methods are experimented
under the same source graph and target graph backgrounds to
evaluate the effectiveness of GTGD.

Evaluation metrics. In GAD, the Area Under the Receiver
Operating Characteristic curve (AUC-ROC) and the Area Under
the Precision-Recall curve (AUC-PR) are crucial metrics. AUC-
ROC evaluates the model's classification performance for posi-
tive and negative samples across different thresholds, while
AUC-PR focuses on the classification of positive samples,
making it particularly suitable for imbalanced datasets.
Combining these metrics provides a comprehensive evaluation
of model performance.

5.3 | Implementation Details

The three encoders Enc,, Enc., and Enc, involved in our model all
consist of two layers of GraphSage [35], with the number of
sampled neighbours set to 25 and 10 for each layer. Additionally,
we set the feature dimensions for each layer to 256 and 64,
ensuring that features from the source graph and the target graph
are mapped to the same feature space. For the training stage of
Common Anomaly Nodes Detection, M is trained 50 epochs
using a learning rate of 10~ 3. Enc, also requires training for 50
epochs, but the values of Graph Transfer balance hyperparameter
A and the learning rate o, are not exactly the same for each
experiment, as detailed in Table 3. For the training stage of
Unique Anomaly Nodes Detection, Enc, is trained for 30 epochs
with fixed 8 = 1,y = 1 and @ = 0.15, and the learning rate «,
and 6 can also be seen in Table 3. It is important to note that the
sampling batch size is 128 for both stages. The results of GTGD
are averaged over 5 independent runs with random seeds in the
Table 2, and other results follow the works of ACT [8]. The
experimental setup utilises the NVIDIA A6000 GPU with a
VRAM size of 48 GB, and the CUDA version installed is 470.74.

5.4 | Results Analysis

Comparison Experiment. Experimental results demonstrate
the effectiveness of our method by listing 11 existing state-of-
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the-art approaches. As shown in Table 2, we can clearly see that
compared to existing state-of-the-art methods, GTGD shows a
significant performance improvement. Its average AUC-ROC
and AUC-PR reach 0.894 and 0.484, respectively. Compared to
the best baseline, they are noticeably higher by 2.6% and 12.6%,
respectively. Specifically, in our eight settings, GTGD's AUC-
ROC significantly surpasses existing state-of-the-art models in
seven settings. In HTL — RES and RES — HTL, it outperforms
the best baseline by a significant 6.7% and 6.6%, respectively.
Moreover, in terms of AUC-PR, GTGD achieves improvement in
all eight settings. In NYC — RES and HTL — RES, compared to
the best baseline, GTGD's performance is enhanced by 29.9%
and 23.3%, respectively. This indicates that our method can
detect more anomalies in imbalanced data distributions, thus
validating the effectiveness and robustness of our approach.

It can be observed that, through comparison, the performance of
unsupervised methods is not competitive. Specifically, the per-
formance of DGI + IF and DGI + LOF is limited because their
designs were not originally intended for node anomaly detec-
tion. As for other unsupervised GAD models, their inability to
utilise information from the source graph for anomaly node
detection results in poor performance.

Next, we compare the performance of GTGD with other domain
adaptation methods. Since the ADDA model was not specifically
designed for GAD, its performance is not satisfactory. As for
COMMANDER, its failure to decouple common features and
unique features when mining unique anomalies in the graph
leads to the model's inability to better learn unique features.
Consequently, it cannot further explore unique anomalies. We
will demonstrate this conclusion in subsequent ablation exper-
iments. ACT only considers marginal distribution shifts when
transferring knowledge from the source graph, neglecting the

unique structural domain shifts in graph domain adaptation.
Additionally, it relies on existing anomaly detection models for
fine-tuning, which makes its performance dependent on the
choice of these models. In contrast, our model addresses both
marginal distribution shifts and structural domain shifts
simultaneously, learning unique features to identify distinctive
anomalies, thus ensuring superior performance.

Visual Analysis of Anomaly Score Distribution. To provide
a more intuitive view of our model's performance, we present
the node anomaly score distributions for RES and HTL in
Figure 3. The figure shows that the score distribution ranges for
normal and abnormal nodes are largely distinct, with the former
being noticeably narrower than the latter. Using the first two
plots as examples, we can see that the anomaly scores for
normal nodes are primarily concentrated between — 0.4 and O,
with the interquartile range being relatively narrow at [—0.2,
0.2]. In contrast, the anomaly scores for abnormal nodes are
distributed around 0 to 4, with the interquartile range being [0.5,
2.0], which is noticeably wider than that of the normal nodes.
This indicates that the anomaly scores for normal data are more
concentrated, while the anomaly scores for abnormal nodes are
more dispersed. This aligns with our intuition that normal
nodes exhibit consistency among themselves, whereas abnormal
nodes exhibit diversity. This result further validates the effec-
tiveness and reliability of our model in anomaly detection tasks.

5.5 | Ablation Study

Graph Transfer. Graph Transfer consists mainly of two parts:
node transfer, which deals with the marginal distribution shifts
between domains, and edge transfer, which addresses the

TABLE 3 | Related hyperparameters of GTGD.
Dataset
Hyperparameter NYC-HTL RES—-HTL HTL—RES NYC—RES RES—-NYC HTL-NYC AMZ-NYC NYC—AMZ
A 0.5 0.7 0.2 0.4 0.8 0.9 0.4 0.7
A, 10~ 104 10~ 10~ 10~° 10~ 10-° 10~
oy 1072 1072 1072 1072 1072 1072 1073 1074
) 1.5 1 1 1 0.5 0.5 1 0.1
A Wi r

) 3 I : s 5
V| N A 4
| | < | A L <l
£ JM g L _~ l N | @ >

Abnormal
NYC - RES

Normal
NYC - RES

Abnormal
HTL - RES

‘\ e i e u 5., S\
H AP\ | 2. <P
g o g ] / \ g ’ g 05 / \
: A 5, : AN = )
o0
-0.5 oS -1
Normal Abnormal Normal Abnormal
NYC - HTL NYC - HTL RES - HTL RES - HTL
FIGURE 3 | Visualisation of node anomaly score distribution.
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structural domain shifts unique to cross-domain graph data.
This enables the target graph to more comprehensively learn
knowledge from the source graph. To validate the effectiveness
of our approach, we conducted ablation studies separately for
node transfer and edge transfer. The experimental results are
depicted in Tables 4 and 5. Among them, “GTGD w/o Node”
refers to GTGD without node transfer, which is used to verify
the effect of node-level loss. Correspondingly, “GTGD w/o
Edge” refers to GTGD without edge transfer, which is used to
verify the effect of structure-level loss. GTGD shows a signifi-
cant improvement in both AUC-ROC and AUC-PR compared to
“GTGD w/o Edge” and “GTGD w/o Node”. Specifically,
compared to “GTGD w/o Edge”, there is an average improve-
ment of 2.4% and 7.2% in the two metrics. Similarly, compared
to “GTGD w/o Node”, there is an improvement of 7.6% and
13.2% in the two metrics. These results indicate that the Graph
Transfer of GTGD can adequately and efficiently handle mar-
ginal distribution shifts and structural domain shifts, thus
ensuring that the model can better detect common anomalies in
both the source and target domains.

Graph Decouple. COMMANDER proposed a unique anoma-
lies concept but relies only on simple unsupervised GAD
methods to detect them, without further exploring the target
graph's unique features. This leads to inefficiency in uncovering

unique graph-unique anomalies. In GTGD, the role of Graph
Decouple is to ensure that the model learns the explicit unique
features of the target graph. By utilising these unique features
for reconstruction, GTGD performs unique anomaly node
detection, thereby ultimately improving the model's perfor-
mance. To thoroughly validate the effectiveness of Graph
Decouple, we designed three experiments: removing the unique
anomaly detection part and only using Common Anomaly
detection (GTGD w/o UAD), joint framework of graph
contrastive learning, unsupervised reconstruction, and common
anomaly detection (GTGD w/o GD), and the complete model
GTGD. The results of the experiment are shown in the Tables 4
and 5. It can be observed that using unsupervised reconstruction
loss to detect unique anomalies in “GTGD w/o GD” yields only
a few results superior to “GTGD w/o UAD”, which detects only
common anomalies. The overall performance even decreases. A
reasonable explanation is that simple unsupervised anomaly
detection methods can detect unique anomalies to some extent.
However, when paired with an efficient common anomaly
detection model, they fail to further enhance its performance.
This happens because they do not effectively explore the unique
features of the target graph and may even have a detrimental
effect. In contrast, comparing “GTGD w/o UAD” and GTGD, it
can be observed that under the influence of Graph Decouple,
the model's precision is further improved by 1.3% in AUC-ROC

TABLE 4 | The AUC-ROC values of ablation study for Graph transfer and Graph decouple.

Graph transfer

Graph decouple

Experiments GTGD w/o edge GTGD w/o node GTGD w/o UAD GTGD w/o GD GTGD
NYC—-HTL 0.813 0.822 0.829 0.823 0.862
RES—HTL 0.798 0.803 0.832 0.828 0.848
HTL—-RES 0.935 0.879 0.951 0.946 0.959
NYC—RES 0.964 0.987 0.991 0.987 0.992
RES—NYC 0.848 0.831 0.847 0.849 0.859
HTL-NYC 0.846 0.834 0.848 0.841 0.861
AMZ—NYC 0.847 0.817 0.850 0.844 0.861
NYC—-AMZ 0.910 0.568 0.905 0.908 0.917
Average 0.870 0.818 0.881 0.878 0.894
Note: The bold values indicate the best results.
TABLE 5 | The AUC-PR values of ablation study for Graph transfer and Graph decouple.
Graph transfer Graph decouple
Experiments GTGD w/o edge GTGD w/o node GTGD w/o UAD GTGD w/o GD GTGD
NYC—-HTL 0.328 0.317 0.332 0.331 0.379
RES—HTL 0.307 0.329 0.357 0.351 0.368
HTL—-RES 0.432 0.356 0.533 0.535 0.563
NYC—-RES 0.607 0.701 0.754 0.720 0.776
RES—-NYC 0.348 0.318 0.347 0.345 0.388
HTL-NYC 0.347 0.327 0.340 0.341 0.380
AMZ—-NYC 0.323 0.325 0.347 0.345 0.371
NYC—-AMZ 0.607 0.141 0.620 0.636 0.649
Average 0.412 0.352 0.438 0.435 0.484
Note: The bold values indicate the best results.
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and 4.6% in AUC-PR. This once again proves the effectiveness of
the Graph Decouple proposed by us.

Contrastive Learning and Structural Reconstruction.
Contrastive learning and structural reconstruction ensure that
the original semantics of the target graph are preserved during
the decoupling process, from local and global perspectives,
respectively. This plays a crucial role in detecting unique
anomalies in the target graph. To validate their effectiveness, we
conducted the ablation study shown in Figure 4. In the figure,
“GTGD w/o CL” represents GTGD without contrastive learning,
and “GTGD w/o SR” represents GTGD without structural
reconstruction. By comparing “GTGD w/o CL” and “GTGD w/o
SR” with GTGD, it is evident that both contrastive learning and
structural reconstruction enhance the model's anomaly detec-
tion capabilities. This indicates that both contrastive learning
and structural reconstruction can ensure that our model does
not lose the original semantics of the target graph. Furthermore,
the results show that “GTGD w/o CL” performs better overall
than “GTGD w/o SR”, suggesting that structural reconstruction
plays a more significant role than contrastive learning in pre-
serving the original semantics of the target graph in our method.

5.6 | Parameter Study

In this section, we carry out a series of experiments to study the
effectiveness of various hyperparameters in GTGD, including
the hyperparameter A of Graph Transfer module to balance the
nodes transfer and edges transfer, and the hyperparameter § to
control the impact of Graph Decouple module. Because of the

limited space, we execute such experiments on four cross-
domain settings, which include RES — HTL, HTL — RES,
RES — NYC, and NYC — AMZ.

Sensitivity Test for Graph Transfer. In these experiments,
we discuss the influence of Graph Transfer balance factor 1
changes on the GTGD performance. We tune the A in a range of
{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}, and the results are illus-
trated in Figure 5. Based on the results, the values of AUC-ROC
and AUC-PR show a trend of initially increasing and then
decreasing. These results suggest that considering both marginal
distribution shifts and structural domain shifts simultaneously
can improve the quality of learnt domain-common knowledge.
This ensures a better fit of the source anomaly score module M
trained on the source graph to the target graph. Additionally,
the selection of A is highly dependent on the cross-domain
dataset. For instance, in RES — HTL, the optimal perfor-
mance for AUC-ROC and AUC-PR is achieved when 4 is set to
0.7. In contrast, the best AUC-ROC and AUC-PR performance is
attained at 4 = 0.2 in HTL — RES. This suggests that the
weighting relationship between marginal distribution shifts and
structural domain shifts needs to be adapted to the different
source and target graph settings to learn more comprehensive
domain-common knowledge.

Sensitivity Test for Graph Decouple. In this study, we
explore the influence of varying the hyperparameter & of the
Graph Decouple module on the performance of GTGD. This
hyperparameter controls the degree of differentiation between
common and unique features. The experimental outcomes ob-
tained by varying § are presented in Figure 6. Generally, GTGD

1.000 08
GTGD w/o CL GTGD w/o CL
0-9731 GTGD w/o SR 074 GTGD w/o SR
GTGD GTGD
0.950
0.6
0.925
O
o &
& .90 ) 0.5
9 )
3 <
< 08751
0.4
0.850 1
0.3
0.825
0.800 . . . . 0.2 . . . .
NYC—-HTL RES—-HTL HTL-RES NYC-RES NYC-HTL RES—-HTL HTL-RES NYC-RES
FIGURE 4 | The AUC-ROC and AUC-PR values of ablation study for Contrastive learning and structure reconstruction.
( AUC-ROC AUC-PR |
RES - HTL HTL - RES AMZ - NYC NYC - AMZ
1r 1 r 1 - 1 -
0.8 r 08 r 0.8
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06 r 06 r 0.6 -
04 r
04 r 04 r 0.4
02 —= 0.2 0.2 0.1

0.10.20.30405060.70.80.9 0.10.2030405060.70.80.9
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FIGURE 5 | Sensitivity test results w.r.t. A in the Graph transfer module.
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shows consistent performance across a range of § values,
spanning from 0.1 to 2. This indicates robust stability across
datasets with diverse characteristics.

5.7 | Scalability Experiments

In this part of the study, we evaluate the anomaly detection
performance of the proposed model when handling large-scale
complex datasets with significant domain differences. In the
cross-domain experiments, the large-scale datasets Elliptic and
Dgraph-Fin (see Table 1) are used as the target domains, while
YelpHotel and YelpNYC, which have significant domain differ-
ences from the two, are used as the source domains to meet our
design objectives. The specific experimental results are shown in
Table 6. We conducted experiments on five models in total,
including three unsupervised models: DOMINANT, GCNAE
[48], and COLA, and two domain adaptation models: ACT and
our proposed GTGD. In terms of experimental design, for the
unsupervised models, we directly tested their performance on
ELL (Elliptic) and DGP (Dgraph-Fin). Compared to the out-of-
memory issue with DOMINANT, we ensured that GTGD
could be applied to large-scale datasets by sampling nodes
through GraphSAGE and training the model in batches. In

comparison to the other two unsupervised models, our model
achieved higher performance by incorporating label information
from other domains. Even when faced with experimental de-
signs involving greater domain differences between the source
and target domains, GTGD was still able to effectively utilise the
information provided by both the source and target graphs
through the proposed graph transfer and decoupling techniques,
leading to superior performance. This once again demonstrates
the effectiveness of the proposed model.

6 | Conclusion

In this paper, we investigate the problem of Cross Domain
Graph Anomaly Detection (CD-GAD). We propose the GTGD
model, which consists mainly of three parts: Common Anomaly
node detection, Unique Anomaly node detection, and Anomaly
Score Fusion. Specifically, Common Anomaly node detection
employs Graph Transfer to simultaneously address both mar-
ginal distribution shifts and structural domain shifts, thereby
comprehensively leveraging domain-common knowledge from
the source graph. Building upon this, Unique Anomaly node
detection utilises Graph Decouple to decouple the features of
the target graph in structure, thereby learning deeper domain-

( AUC-ROC AUC-PR |
RES - HTL HTL - RES AMZ - NYC NYC - AMZ
1 1 1 1
075 ¢ 0.75 ¢ 075 | 075 |
05 r 05 t 05 | 05 |
0.25 0.25 0.2 0.2
01 05 1 15 2 01 05 1 15 2 - 01 05 1 15 2 » 01 05 1 15 2
FIGURE 6 | Sensitivity test results w.r.t. § in the Graph decouple module.
TABLE 6 | Performance comparison for AUC-ROC and AUC-PR( + std).
Dataset
Type Method ELL DGP Average
AUC-ROC Unsup DOMINANT OOM OOM OOM
GCNAE 0.433 +0.000 0.409 + 0.000 0.421 +0.000
COLA 0.532 £0.004 0.505 £ 0.002 0.519 £0.003
HTL-ELL NYC—ELL HTL-DGP NYC—DGP
Domain ACT 0.595 £0.021 0.615+0.012 0.599+0.007 0.616+0.012 0.606+0.013
adaptation GTGD (ours) 0.632+0.032 0.652+0.023 0.615+0.011 0.655+0.016 0.639 +0.021
ELL DGP
AUC-PR Unsup DOMINANT OOM OOM OOM
GCNAE 0.060 + 0.000 0.009 +0.000 0.030 +0.000
COLA 0.072 +0.001 0.013 +0.002 0.042 +0.002
HTL-ELL NYC—ELL HTL-DGP NYC—-DGP
Domain ACT 0.231+0.024 0.243+0.026 0.017 £0.001 0.018 £0.001 0.127 £0.013
adaptation GTGD (ours) 0.244+0.037 0.267+0.039 0.019+0.001  0.020 +£0.002 0.138 = 0.020

Note: The boldfaced values indicate the best results and the underlined values indicate the second-best results. OOM denotes out of memory.

1101

85U80|7 SUOWILLIOD 8AEaID) 3|aed![dde ayy Ag pausenoh 8 ssjollie VO ‘8sn JO Sa|nJ Joy Ariq1T 8UIUQ /8]IAA UO (SUOIIIPUOD-PUE-SWLBIWIOD A8 | 1M AReIq 1 [U1UO//SANY) SUORIPUOD Pue Swie | 8U1 89S *[9202/y0/0€] Uo AreiqiTauluo A1 [10UNoD YoIessay OIPSIN PUY UieaH [euoieN Ad T00L ZH0/670T OT/I0p/wod A8 1m Aeiqpuljuo-yosessa e l//:sdny woiy pepeojumoq ‘v ‘SZ0Z ‘ZZE289ve



unique knowledge to effectively detect unique target anomalies.
Finally, by integrating common anomaly scores and unique
anomaly scores, GTGD computes the final anomaly scores for
each node in the target graph. Extensive experiments validate
the effectiveness of GTGD.

Despite GTGD demonstrating excellent performance and strong
scalability across multiple experiments, it comes at a certain
computational cost. This highlights that there is still room for
improvement in the model's practical applicability. Therefore,
balancing the trade-off between performance and time
complexity will be a key focus of our upcoming work. In addi-
tion, we plan to extend GTGD to multi-source domain adapta-
tion for graph anomaly detection tasks in future work.
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