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Abstract

Graph Anomaly Detection focuses on identifying instances
that deviate from normal patterns in graph-structured data.
Although substantial progress has been made in this field,
current approaches are constrained by the ”one-dataset-one-
model” paradigm, exhibiting limited generalization across
graphs with heterogeneous feature spaces, poor adaptability
in few-shot scenarios, and inefficient cross-domain deploy-
ment. To overcome these limitations, we propose SAARCS,
a universal graph anomaly detection framework capable of
performing anomaly detection across diverse graph datasets
without requiring any target data training. SAARCS aligns
feature dimensions through composite spatial smoothness,
learns graph embeddings via an adaptive-hop attention en-
coder, and predicts node abnormality using only a small set
of normal context nodes. Extensive experiments on eight real-
world datasets demonstrate that our approach achieves supe-
rior performance compared to state-of-the-art baselines.

Introduction
GRAPH Anomaly Detection (GAD), as an extension of
anomaly detection research to non-Euclidean spaces, aims
to identify anomalous components—such as nodes, edges,
or subgraphs—in a single graph or detect anomalous graphs
within a graph set (Pang et al. 2021; Wang et al. 2023;
He et al. 2024). Given its substantial potential across di-
verse real-world applications, including financial risk as-
sessment (Li et al. 2022; Liu et al. 2023) and system fault
detection (Huang et al. 2022), GAD has garnered grow-
ing research attention in recent years (Ma et al. 2021; Tang
et al. 2022, 2023; Motie and Raahemi 2024; Yang, Zhao,
and Shen 2025). However, the diverse types of anomalies
and complex node interaction patterns in graph-structured
data present significant challenges for representation in Eu-
clidean feature spaces (Ding et al. 2019; Kong et al. 2024).
As a result, traditional anomaly detection methods cannot be
directly applied to graph anomaly detection, highlighting the
urgent need for specialized research (Liu et al. 2021b; Wang
et al. 2023). Driven by their ability to extract deep structural
and feature information from graphs, Graph Neural Net-
works (GNNs) have recently become a dominant approach
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for GAD (Liu, Gao, and Ji 2020; Jin et al. 2024). Various
GNN-based frameworks have been proposed, demonstrating
notable advancements in this field (Ding et al. 2019; Tang
et al. 2023). Many GNN-based GAD methods formulate
GAD as a supervised binary classification task, leveraging
specially designed GNN architectures to capture anomaly
patterns (Dou et al. 2020; Li et al. 2019; Liu et al. 2021a; Li
et al. 2024). Alternatively, another category of approaches
focuses on the more challenging unsupervised scenario, uti-
lizing diverse unsupervised learning objectives and frame-
works to detect anomalies without relying on labeled data
(Ding et al. 2019; Liu et al. 2021b; Qiao and Pang 2023;
Pan et al. 2025; Duan et al. 2024).

Despite their high detection accuracy, existing GAD ap-
proaches predominantly adopt a ”one model for one dataset”
learning paradigm. This paradigm necessitates dataset-
specific training and substantial training data for construct-
ing individual detection models. However, this approach has
several inherent limitations: (1) Challenges in Handling
Heterogeneous Feature Spaces: Graph datasets from di-
verse domains vary significantly in feature dimensions, se-
mantic meanings, and data distributions. Traditional fea-
ture alignment techniques, such as Principal Component
Analysis, rely on linear transformations and local smooth-
ness assumptions. As a result, they fail to preserve the
global statistical characteristics of anomaly-sensitive fea-
tures across different domains, limiting the effectiveness of
cross-dataset generalization. (2) Restricted Generalizabil-
ity: These methods require retraining for each new dataset,
making it difficult to leverage cross-domain knowledge effi-
ciently. This limitation becomes particularly problematic in
scenarios with sparse data availability or strict privacy con-
straints, where data sharing and extensive retraining are in-
feasible. (3) Inadequate Few-Shot Adaptability: When ap-
plied to new datasets, existing GAD approaches struggle to
identify dataset-specific anomaly patterns using only a lim-
ited number of normal samples. Instead, they often demand
extensive data labeling or full model retraining, which in-
creases both the time and resource costs of model deploy-
ment.

To address these limitations, this study proposes a uni-
versal graph anomaly detection framework with an inte-
grated multi-dimensional anomaly perception mechanism,
which achieves robust cross-dataset detection through three
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synergistic core components. Firstly, the feature alignment
module innovatively integrates local Laplacian smoothness
and global statistical features to construct a composite spa-
tial feature selection criterion, thereby capturing both struc-
tural anomalies (e.g., local topological mutations) and nu-
merical anomalies (e.g., global distribution shifts) simul-
taneously. Secondly, the graph embedding module intro-
duces an adaptive hop-attention mechanism to dynamically
aggregate residual information from multi-hop neighbor-
hoods, enabling precise screening of key features in com-
plex graph structures while adaptively learning high-order
structural representations of nodes. Finally, the anomaly dis-
crimination module incorporates contextual node informa-
tion and leverages reconstruction errors (discrepancies be-
tween query nodes and their reconstructed counterparts) to
quantify anomaly levels, generating fine-grained anomaly
scores. The synergistic effect of these components enables
more comprehensive capture of multi-dimensional features
of anomalous nodes, significantly enhancing the perfor-
mance of universal GAD tasks across diverse datasets.

Related Work
Graph Anomaly Detection. In this paper, we focus on the
node-level AD on graphs and refer to it as “graph anomaly
detection” following (Zheng et al. 2021; Tang et al. 2022).
Shallow methods primarily rely on graph statistics and the
homophily assumption (i.e., connected nodes share similar
features) (Li et al. 2017; Peng et al. 2018). While highly
interpretable, these approaches exhibit limited performance
when handling complex topological structures.

Advanced methods predominantly employ GNNs and can
be categorized into supervised approaches and unsupervised
approaches (Tang et al. 2023; Ma et al. 2021). Supervised
methods assume availability of both normal and anomalous
node labels for training (Tang et al. 2023), typically fram-
ing GAD as a binary classification task (Li et al. 2019;
Liu et al. 2021a); Unsupervised methods, requiring no la-
beled data and instead detecting anomalies through tech-
niques like data reconstruction (Luo et al. 2022; Fan, Zhang,
and Li 2020; He et al. 2024), contrastive learning (Liu et al.
2021b; Duan et al. 2023; Zheng et al. 2024), or auxiliary
objectives (Qiao and Pang 2023; Pan et al. 2023). DOM-
INANT (Ding et al. 2019) employs a GCN-based autoen-
coder to reconstruct graph structures, identifying anoma-
lies via reconstruction errors. AEGIS (Ding et al. 2021)
introduces an unsupervised inductive framework, enabling
anomaly detection for previously unseen nodes.(Qiao and
Pang 2023) introduced a Truncated Affinity Maximization
(TAM) framework that optimizes local node affinity on
pruned graph structures, demonstrating robust performance
on both synthetic datasets and real-world anomaly detection
benchmarks. GAD-NR (Roy et al. 2024) detecting anoma-
lies through reconstructed neighbor nodes. ADA-GAD (He
et al. 2024) proposes a novel two-stage anomaly-denoised
autoencoders for graph anomaly detection.AD-GCL (Xu
et al. 2025) devises the neighbor pruning strategy to filter
noisy edges for head nodes and facilitate the detection of
genuine tail nodes by aligning from head nodes to forged
tail nodes.

In-Context Learning. ICL is an adaptation paradigm
that enables pretrained models to generalize to new do-
mains, datasets, or tasks using few-shot context samples
without requiring fine-tuning. This capability has demon-
strated remarkable versatility in both large language mod-
els (LLMs) and computer vision (CV) models. Recent
work has extended ICL to graph learning—for instance,
PRODIGY adapts few-shot node classification via prompt
graphs (Huang et al. 2023), while UniLP generalizes it to
link prediction tasks (Dong et al. 2024), and (Hendel, Geva,
and Globerson 2023) through graph-text alignment, struc-
tural information of graphs is encoded into natural language
prompts; (Li et al. 2025) by conceptualizing graph learn-
ing as a retrieval-augmented generation (RAG) process to
enhance the in-context learning capabilities of LLMs for
graph-based tasks. Nevertheless, ICL for generalist graph
anomaly detection (GAD) remains an open challenge, par-
ticularly in developing effective mechanisms to capture
anomaly patterns through contextual learning.

Preliminaries
Notations. Consider an attributed graph G = (V, E ,X) con-
sisting of n nodes and m edges. Here, V = {v1, . . . , vn}
denotes the node set, and E denotes the edge set. Node-level
attributes are encapsulated in a feature matrix X ∈ Rn×d,
where the i-th row Xi corresponds to the feature vector of
node vi. Inter-node connectivity is captured by an adjacency
matrix A ∈ {0, 1}n×n: the entry Aij = 1 if and only if
nodes vi and vj are connected.

Conventional GAD Problem. GAD targets distinguish-
ing abnormal nodes Va from normal nodes Vn in a given
graph G = (V, E ,X). Here, Va and Vn satisfy Va∪Vn = V ,
Va ∩ Vn = ∅, and |Va| ≪ |Vn|. An anomaly label vector
y ∈ {0, 1}n marks node abnormality: yi = 1 if and only
if v ∈ Va, and yi = 0 if and only if v ∈ Vn. Formally,
GAD seeks to learn an anomaly scoring function (i.e., GAD
model) f : V → R such that f(v′) > f(v) holds for all
v′ ∈ Va and all v ∈ Vn. In the traditional “one-model-per-
dataset” GAD paradigm, the model f is optimized on a tar-
get graph dataset D = (G,y), either with partial anomaly
labels (supervised scenario) or without labels (unsupervised
scenario). Post sufficient training, f enables anomaly identi-
fication in G during inference.

Generalist GAD Problem. This paper explores the gen-
eralist GAD problem. The objective is to develop a gen-
eralist GAD model that can detect abnormal nodes across
diverse graph datasets from various application domains,
without requiring any training on specific target data. Con-
cretely, let Ttrain = {D(1)

train, . . . ,D
(N)
train} represent a set

of training datasets. Each D(i)
train = (G(i)

train,y
(i)
train) is a la-

beled dataset from an arbitrary domain. Our goal is to train
a generalist GAD model f on Ttrain, such that f can iden-
tify anomalies in any test graph dataset D(i)

test ∈ Ttest. Here,
Ttest = {D(1)

test, . . . ,D
(N ′)
test } denotes a set of testing datasets.

Notably, Ttrain ∩ Ttest = ∅, and datasets in Ttrain and Ttest
may originate from distinct distributions and domains. Fol-
lowing (Liu et al. 2024), We adopt a “normal few-shot” in-
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Figure 1: The overall pipeline of SAARCS, the proposed generalist GAD approach.

ference setting: for each D(i)
test, only a small number of nk

normal nodes (nk ≪ n) are accessible. The model f is then
expected to predict the abnormality of the remaining nodes
without retraining or fine-tuning.

Methodology
In this section, we present the general framework of our
method, which can identify anomalies across different
datasets without any fine-tuning and mainly consists of
three modules: the Composite Spatial Smoothness Align-
ment Module, the Adaptive k-hop Self-neighbor Residual
Module, and the Cross-Node Contextual Attention Recon-
struction Scoring Module. Figure 1 illustrates the overall
framework of the method. First, to align features from dif-
ferent datasets, we introduce composite spatial smoothness,
which considers both local and global perspectives, and sort
the features in the order of their sensitivity to anomalies.
Next, through the Adaptive Hop Count Self-Neighborhood
Residual Module, we automatically learn the residuals be-
tween nodes and their k-hop neighbors to construct node
embeddings. Finally, considering the small-sample nature of
some datasets, we construct the Cross-Node Contextual At-
tention Reconstruction Scoring Module. This module lever-
ages cross-attention blocks to learn the reconstruction of
query node embeddings based on contextual node embed-
dings, and then uses the drift distance between the orig-
inal and reconstructed query embeddings to quantify the
anomaly of each node.

Composite Spatial Smoothness-Based Feature
Alignment
Graph data from diverse domains typically have different
features, characterized by differences in dimensionality and
unique meanings for each dimension. For example, features

in a citation network usually consist of textual and meta-
information associated with each paper, whereas in a so-
cial network, the features may be the profile of each user.
Therefore, in the first step, we need to align the features
into a shared feature space. To achieve this, we introduce
the feature alignment module in SAARCS, consisting of two
phases: feature projection, which aligns dimensionality, and
Multi-scale feature sorting, which reorders features accord-
ing to their smoothness characteristics.

Feature Projection. At the first step of SAARCS,
we employ a feature projection block to unify the fea-
ture dimensionality of multiple graph datasets (Zhao
et al. 2024).Specifically, given a feature matrix X(i) ∈
Rn(i)×d(i)

of D(i) ∈ Ttrain ∪ Ttest, the feature projection
is defined by a linear mapping:

X̃(i) ∈ Rn(i)×du = Proj
(
X(i)

)
= X(i)W(i) (1)

where X̃(i) is the projected feature matrix for D(i), du is
a predefined projected dimension shared across all datasets,
and W(i) ∈ Rd(i)×du is a dataset-specific linear projection
weight matrix. To maintain generality, W(i) can be defined
using commonly used dimensionality reduction approaches
such as singular value decomposition(SVD) and principal
component analysis(PCA).

Composite Spatial Smoothness-Based Feature Sort-
ing. Although feature projection can align dimensionality,
the semantic meaning of each projected feature across dif-
ferent datasets remains distinct. In this paper, we choose to
align features based on their contributions to anomaly detec-
tion. To comprehensively capture anomaly features, we pro-
poses a feature alignment method that integrates local neigh-
borhood differences and global feature dispersion. High-
frequency graph signals/heterogeneity have been proven to

15414



play an important role in distinguishing anomalies. There-
fore, we consider whether it is possible to unify them with a
single metric to measure the contribution of each feature to
GAD based on frequency/heterogeneity?

Considering its correlation to frequency and heterophily,
in this paper, we select Composite Spatial Smoothness as
the measure for contribution. First, the feature matrix X ∈
Rn×d in the input graph G = (V, E ,X) (where n is the num-
ber of nodes and d is the number of feature dimensions) is
standardized. For each feature dimension k, the feature is
normalized to eliminate the influence of dimensions and put
different feature dimensions on a unified scale and the nor-
malized features are denoted as X′

ik.
Next, two key indices are calculated respectively. On one

hand, the smoothness sk is calculated using the formula:

sk =
1

|ε|
∑

(vi,vj)∈ε

(X′
ik −X′

jk)
2 (2)

This index characterizes the feature change between adja-
cent nodes. A higher value indicates a greater local differ-
ence and higher sensitivity to anomalies. On the other hand,
the variance vark is calculated as:

vark =
1

n

n∑
i=1

(X′
ik − X̄′

k)
2 (3)

which reflects the dispersion degree of features in the entire
graph. A larger value implies a higher global dispersion and
a greater likelihood of containing outlier features.

Subsequently, for each feature dimension, a composite
spatial smoothness score is calculated through weighted fu-
sion:

scorek = α · sk + (1− α) · vark (4)
Here, α ∈ [0, 1] is a weight parameter that controls the rela-
tive importance of the local smoothness index and the global
variance index. A larger value of the score indicates a higher
sensitivity to anomalies.

Based on the above, given the projected features of dif-
ferent datasets, we can align their feature spaces by rear-
ranging the permutation of features based on the descending
order of scorek w.r.t. each projected feature. For all datasets,
the feature in the first column is the one with the highest
scorek, which deserves more attention by SAARCS; con-
versely, features with less contribution (i.e. lower scorek)
are placed at the end. In this way, the GNN-based model can
learn to filter graph signals with different spatial smoothness
levels automatically and predict anomalies accordingly. Dur-
ing inference, spatial smoothness remains transferable under
consistent alignment.

Adaptive Mix-hop Self-Neighbor Residual Graph
Embedding
To jointly encode semantic and structural cues for every
node, we introduce a GNN-based graph encoder after feature
alignment; the resulting embeddings are subsequently fed to
a downstream anomaly-scoring module to predict node ab-
normality. Nevertheless, a naive adoption of prevailing GNN
architectures suffers from two intertwined limitations. First,

their intrinsic low-pass filtering nature hinders the capture of
high-frequency, heterophilic patterns that often accompany
anomalies. Second, even GNNs specifically designed for
graph anomaly detection predominantly emphasize node-
level semantics while overlooking the affinity distribution
within local subgraphs. Consequently, the encoder tends to
overfit to dataset-specific semantic features and fails to learn
the universal anomaly patterns that are shared across differ-
ent datasets, which ultimately impairs its generalization ca-
pability.

To overcome the aforementioned limitations, we present
an adaptive multi-hop residual graph encoder. Building upon
the traditional self-neighbor residual paradigm, this module
introduces a hop-wise attention mechanism that is decoupled
from downstream tasks. It first extracts residual representa-
tions from neighbors at each hop and then dynamically as-
signs weights according to their contribution to anomaly de-
tection. Consequently, the model amplifies high-frequency
indicators of anomalies while preserving critical high-order
structural patterns, enabling more accurate capture of multi-
hop anomaly features of nodes.

Firstly, for the input graph G = (V, E , X̂), where V is the
set of nodes, E is the set of edges, and X̂ ∈ Rn×d is the
node feature matrix. We perform multiple iterative propaga-
tions over the aligned feature matrix X̂, the neighbor fea-
ture representations Hh ∈ Rn×d of nodes at different hops
h ∈ {1, 2, . . . , k} are extracted respectively.

Hh = ÃHh−1,H0 = X̂ (5)

where Hh is the propagated feature matrix at the h-th itera-
tion, and Ã is the normalized adjacency matrix.

Then the residual information Rh = Hh − X̂ between
nodes and their neighbors at the corresponding hops is cal-
culated. To avoid conflicts with the parameter definitions
in the third module, this module adopts an independent at-
tention calculation system. The node feature matrix X is
transformed into the query matrix Z = X̂WZ through the
learnable weight matrix WZ ∈ Rd×da , where da is the di-
mension of the attention mechanism. Meanwhile, for each
hop h, the learnable weight matrices WS,WT ∈ Rd×da

are used to transform the residual Rh into the key matrix
Sh = RhWS and the value matrix Th = RhWT, respec-
tively.

Based on the above, the hop-related attention scores are
calculated as follows :

β(h) = LeakyReLU

(
Z(Sh)⊤√

da

)
(6)

The LeakyReLU activation function is employed to en-
hance the model’s sensitivity to key-hop information. Sub-
sequently, the attention scores are normalized as follows to
obtain the weights:

β̂(h) =
exp(β(h))∑k

h′=1 exp(β
(h′))

, (7)

and the residual information of different hops is aggregated
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by weighted summation as follows:

X̃ =
k∑

h=1

β̂(h)T(h). (8)

Finally, we obtain the enhanced node feature represen-
tation X̃. This representation can adaptively highlight the
multi-hop structural information valuable for anomaly de-
tection, providing more discriminative feature inputs for
subsequent anomaly scoring and detection tasks.

In summary, our graph encoder surpasses existing GNNs
by employing adaptive residual operations that: (1) em-
phasize node-neighbor differences over ego features, en-
abling explicit local affinity modeling for cross-dataset
anomaly detection; and (2) act as high-pass filters to cap-
ture abnormality-related high-frequency signals and multi-
hop heterophily patterns.

Cross-node Contextual Attention-based
Reconstruction Scoring Module
To leverage the limited normal samples (denoted as con-
text nodes) for predicting the abnormality of remaining
nodes (query nodes), we adopt an in-context learning mod-
ule with a cross-attention mechanism for anomaly scoring
in SAARCS. The core principle of this module is to recon-
struct the embedding of each query node by fusing context
node embeddings through a cross-attention block. The drift
distance between the original and reconstructed embeddings
of a query node then serves as an indicator of its abnormal-
ity.

Specifically, the embedding matrix is partitioned into two
components based on row indices: context node embeddings
Hk ∈ Rnk×deand query node embeddings Hq ∈ Rnq×de .
Then, a cross-attention block is employed to reconstruct
each row of Hq via a linear combination of Hk:

Q = HqWq, K = HkWk (9)

H̃q = Softmax

(
QK⊤
√
de

)
Hk (10)

where Q ∈ Rnq×de and K ∈ Rnk×de are the query and key
matrices respectively, Wq and Wk are learnable parame-
ters, and H̃q is the reconstructed query embedding matrix.
Notably, unlike conventional cross-attention blocks that in-
troduce a separate value matrix V, this design directly mul-
tiplies the attention matrix with Hk. This ensures H̃q resides
in the same embedding space as Hq and Hk. Thanks to this
property, given a query node vi, we can calculate its anomaly
score f(vi) by computing the L2 distance between its query
embedding vector Hqi and the corresponding reconstructed
query embedding vector H̃q:

f (vi) = d
(
Hqi, H̃qi

)
=

√√√√ de∑
j=1

(
Hqij − H̃qij

)2

(11)

The cross-node contextual cttention-based reconstruction
scoring framework is grounded in the assumption that nor-
mal nodes can be linearly reconstructed from context em-
beddings (yielding small drift distances), while anomalies

exhibit larger reconstruction errors due to pattern diver-
gence. Consequently, this module not only significantly
enhances anomaly discrimination but also improves the
model’s few-shot learning capability.

Experiment
Experimental Setup
Datasets. To evaluate the generalizability of GAD models,
we adopt a cross-domain experimental design where models
are trained on one set of graph datasets and tested on en-
tirely different datasets,including citation networks, social
network and e-commerce review network. In light of this,
we train models on the largest representative dataset from
each domain (social, citation, e-commerce) and evaluate per-
formance on all remaining datasets. The training datasets
Ttrain comprise PubMed (Sen et al. 2008), Flickr (Tang and
Liu 2009), Questions (Platonov et al. 2023), and YelpChi
(McAuley and Leskovec 2013), while the testing datasets
Ttest consist of Cora (Sen et al. 2008), CiteSeer (Giles, Bol-
lacker, and Lawrence 1998), Weibo (Zhao et al. 2020), Red-
dit (Kumar, Zhang, and Leskovec 2019), Amazon (Shchur
et al. 2018), ACM (Tang et al. 2008), BlogCatalog (Ding
et al. 2019) and Facebook (Xu et al. 2022). All the datasets
contain either injected anomalies or real-world anomalies to
assess model robustness across different anomaly types.

Baselines. We evaluate SAARCS against 12 representa-
tive baseline methods, systematically categorized into two
groups. The first group encompasses conventional graph
neural network architectures, including GCN (Kipf 2016),
GAT (Velickovic et al. 2017), and GIN (Xu et al. 2018).
The second group comprises state-of-the-art specialized ap-
proaches for homogeneous / heterogeneous graphs, includ-
ing DOMINANT (Ding et al. 2019), CoLA (Liu et al.
2021b), BWGNN (Tang et al. 2022), GHRN (Gao et al.
2023), GRADATE (Duan et al. 2023), GAD-NR (Roy et al.
2024), ADA-GAD (He et al. 2024), AD-GCL (Xu et al.
2025), and ARC (Liu et al. 2024). Detailed implementations
and configurations of all baseline methods are documented
in Appendix.

Evaluation and Implementation. Following (Tang et al.
2023; Liu et al. 2024), we adopt AUROC and AUPRC as
evaluation metrics for graph anomaly detection (GAD), re-
porting mean values with standard deviations across five in-
dependent trials. SAARCS is jointly trained on all Ttrain

datasets and evaluated on each Ttest dataset using in-
context learning (default nk =10). Feature standardization is
achieved through learnable/random projection adapters be-
tween raw features and model inputs. Hyperparameter op-
timization employs random search with identical parameter
sets applied across all test datasets to preserve generalizabil-
ity, avoiding dataset-specific tuning that could compromise
the generalist evaluation objective.

Model Training. For SAARCS optimization on training
datasets Ttrain, we implement a marginal cosine similarity
loss function that simultaneously minimizes normal node
drift distances while maximizing abnormal node drift dis-
tances. The implementation involves: (1) randomly selecting
nk normal nodes as context nodes, (2) sampling balanced
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sets of normal and abnormal query nodes, and (3) comput-
ing the sample-level loss for each query node vi based on
its original embedding Hqi , reconstructed embedding Ĥqi ,
and anomaly label yi, the sample-level loss function can be
written by:

L =

 1− cos
(
Hqi, H̃qi

)
, ifyi = 0

max
(
0, cos

(
Hqi, H̃qi

)
− ϵ

)
, ifyi = 1

(12)

Main Results and Analysis
We evaluate SAARCS against 12 state-of-the-art baselines
using AUROC metrics across eight benchmark datasets,
with detailed results presented in Table 1. To further vali-
date our approach, we conduct extensive ablation studies and
effectiveness analyses documented in the Appendix, which
include AUPRC performance scores, comparative AUROC
under different spatial-feature alignment strategies, dataset-
specific analysis of optimal aggregation hops, and visualiza-
tion of attention weight distributions between context and
query nodes. Based on these comprehensive experiments,
we derive the following key observations:

We can intuitively observe that SAARCS establishes new
state-of-the-art performance in the generalist GAD setting
without requiring fine-tuning, achieving top results on 6/8
datasets while maintaining competitive performance on the
remaining two. It outperforms the runner-up approach by
1.24%, 3.26%, 0.29%, 3.67%, 2.06%, and 1.59% on six
datasets, respectively, while remaining competitive on the
remaining two. Compared with traditional GNNs such as
GCN, GAT, and GIN, SAARCS achieves a decisive lead.
The reason is that these conventional graph neural net-
works essentially function as low-pass filters, which strug-
gle to capture high-frequency and heterogeneous patterns
that are crucial for anomaly detection. In contrast, SAARCS
adaptively assigns residual weights between the ego node
and its multi-hop neighbors. The residual operation can
be viewed as a high-pass filter that emphasizes differences
among nodes rather than the ego node’s own features. Con-
sequently, the learned embeddings are able to comprehen-
sively encode anomalous signals across the graph, thereby
further boosting model performance.

SAARCS demonstrates consistent superiority over state-
of-the-art methods, outperforming competitors on nearly all
datasets with only two minor exceptions. While prior models
are tailored to individual datasets, SAARCS aligns features
across different datasets before embedding learning and pri-
oritizes anomaly-sensitive dimensions via spatial smooth-
ness, conferring strong universality. Even compared to ARC
- the only existing universal GAD baseline - SAARCS main-
tains superior performance. This advantage stems from com-
posite spatial smoothness, which simultaneously captures
sensitivity to both local topological discrepancies and global
distributional dispersion, together with the automatic learn-
ing of the most informative hop distances. These mecha-
nisms render SAARCS more flexible when confronting di-
verse anomaly distributions across datasets and endow it
with markedly stronger generalization capacity.
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Figure 2: Ablation study results

Ablation Study
We conduct an ablation study presented in Figure 2 to
evaluate the contribution of each SAARCS component by
designing three variants: (1) w/o SA: replaces composite
spatial feature alignment with random projection; (2)w/o
RE: using GCN to replace residual graph encoder; (3)w/o
AH: substitutes the adaptive mix-hop Self-Neighbor resid-
ual graph embedding with a fixed optimal hop-count self-
neighbor residual block; (4) w/o CS: employs binary classi-
fication instead of cross-node contextual attention-based re-
construction scoring. The experimental results conclusively
demonstrate the significant contributions of each SAARCS
component. Specifically: Ablating the composite spatial
smoothness alignment module causes AUROC decreases of
2%–15% across eight datasets, confirming its capability to
identify features sensitive to anomaly detection; The resid-
ual operation also exerts a substantial influence on final per-
formance.Replacing the adaptive multi-hop residual blocks
with fixed-hop counterparts leads to an average 5% AUROC
reduction, proving that adaptive hop selection dynamically
adapts to graph topology to preserve critical anomaly signals
while improving generalization; Removing the cross-node
contextual attention scoring module results in 2%–8% per-
formance degradation, verifying its effectiveness in utilizing
limited contextual nodes for anomalous node prediction.

Impact of Multi-Hop Aggregation with Varying
Hop Counts
In graph anomaly detection, the hop count determines
the neighborhood aggregation scope, directly shaping the
model’s perception of both topology and features. Opti-
mal hop counts vary across datasets; therefore, we adopt
an adaptive multi-hop design and evaluate it on multiple
benchmarks. As shown in Figure 3, on Cora the peak AU-
ROC is achieved at h = 3. An insufficient hop count re-
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Method Cora Citeseer Weibo Reddit Amazon BlogCatalog ACM Facebook

GCN 59.64± 8.30 60.27± 8.11 76.64± 17.69 50.43± 4.41 46.63± 3.47 47.32± 2.79 42.51± 4.68 29.51± 4.86
GAT 50.06± 2.65 51.59± 3.49 53.05± 7.48 51.71± 4.04 50.52± 17.22 52.42± 3.69 43.71± 2.51 51.88± 2.16
GIN 60.78± 0.91 55.42± 6.22 64.37± 1.09 41.75± 4.73 82.11± 0.15 41.14± 2.59 39.21± 2.97 39.62± 3.88

Dominant 66.53± 1.15 69.47± 2.02 89.88± 0.32 50.05± 4.92 48.94± 2.69 60.87± 3.79 51.36± 6.98 51.01± 0.78
Cola 63.29± 3.88 62.84± 9.52 26.27± 5.64 52.81± 6.69 47.40± 7.97 64.96± 1.79 55.51± 6.17 32.99± 11.68

BWGNN 76.71± 0.91 49.58± 6.22 71.76± 1.09 45.42± 4.73 76.12± 0.15 63.24± 2.59 51.44± 7.97 52.34± 3.88
GHRN 81.72± 0.07 45.22± 3.42 72.35± 3.35 51.73± 2.14 77.28± 0.13 61.67± 2.52 53.21± 3.64 49.92± 2.29

GRADATE 87.55± 0.39 81.38± 1.82 87.12± 0.25 52.36± 1.53 71.33± 1.04 66.98± 1.57 61.23± 4.79 64.13± 1.96
GAD-NR 87.55± 0.39 59.52± 0.83 87.71± 0.18 57.99± 0.33 70.63± 2.19 74.92± 1.65 69.47± 3.75 68.78± 1.66

ADA-GAD 84.73± 4.73 60.12± 6.80 98.44 ± 0.08 56.89± 2.75 83.25± 0.72 69.21± 4.59 63.75± 3.96 65.49± 3.97
AD-GCL 92.37 ± 0.15 89.52± 0.83 87.71± 0.18 57.99± 0.33 70.63± 2.19 68.92± 1.65 65.47± 5.34 65.88± 2.87

ARC 87.45± 0.74 90.95± 0.59 88.85± 0.14 60.04± 0.69 80.67± 1.81 74.76± 0.06 79.88± 0.28 67.56± 1.60

SAARCS 90.77± 0.81 92.19 ± 0.46 93.15± 0.21 63.30 ± 1.01 83.54 ± 1.32 78.59 ± 0.84 81.94 ± 1.03 70.37 ± 1.36

Table 1: AUROC on eight GAD datasets(in percent, mea±std). In each set of comparative results, the best performing method
is in bold and the second-best performance is indicated with underlining.
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Figure 3: Optimal Hop-Count Results Across Different
Datasets.

stricts aggregation to first-order neighbors, limiting the cap-
ture of global structural anomalies, whereas an excessive
hop count introduces irrelevant neighbors and causes fea-
ture confusion, leading to significant performance degrada-
tion. On Amazon, the best performance occurs at h = 4:
when h = 1, the model relies solely on local information
and struggles to detect anomalies with complex relations; as
h increases to 2–3, coverage of critical neighborhood struc-
tures expands and performance rises steadily; however, at
h = 5, redundant information dominates and performance
drops markedly. These observations confirm the necessity of
hop-aware strategies across datasets, and SAARCS’s adap-
tive multi-hop residual aggregation effectively identifies the
optimal neighborhood residuals for each graph, thereby cap-
turing structural anomalies with high fidelity.

Visualization
Figure 4 visualizes the attention weight distribution in
SAARCS’s cross-node contextual attention module, reveal-
ing distinct allocation patterns: (a) Anomalies selectively at-
tend to only 1-2 context nodes, resulting in peripheral recon-
structed embeddings; meanwhile, normal nodes distribute
attention uniformly, causing their embeddings to cluster near
the centroid. (b) Normal nodes follow two consistent alloca-
tion patterns, each associating with multiple context nodes.
These findings demonstrate the module’s adaptive capacity
to diverse normal/anomaly distributions, which fundamen-
tally contributes to the model’s generalization capability.
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Figure 4: Visualization results.

Conclusion

This paper focuses on the emerging paradigm of universal
graph anomaly detection and proposes an “all-in-one uni-
versal” detection model that does not require adjustment for
specific datasets. The SAARCS framework we propose is
based on an adaptive multi-hop contextual learning mecha-
nism and can achieve real-time anomaly detection with only
a small number of normal nodes as references. Comprehen-
sive multi-domain experiments validate SAARCS’s supe-
rior detection capability and cross-domain generalizability
compared to state-of-the-art methods. While demonstrating
promising results, SAARCS is currently confined to static
graph structures and does not account for temporal evolution
of graph data, extending it to dynamic topologies remains an
important direction for future work. Moreover, the integra-
tion of dual attention mechanisms enhances representational
capacity but also increases model complexity and computa-
tional cost, subsequent research will seek to balance detec-
tion performance with computational efficiency.
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