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Introduction

Anomaly Detection

• Anomalies(outliers, novelties)
✓ Not conform to a notion of normal behavior.
✓ Different from most of the data.

• Anomaly detection
✓  we try to distinguish anomalous samples 

- Deviate from normal samples.
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✓  we try to distinguish anomalous samples 
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Anomaly Detection

Application of Anomaly Detection

• Security and Surveillance 
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Anomaly Detection

Application of Anomaly Detection

• Biomedical Application
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Anomaly Detection

Application of Anomaly Detection

• Machinery Defects Diagnostics
• Early alarm of malfunctioning
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Anomaly Detection

Application of Anomaly Detection

• Industrial Damage Detection

y : Weary :  No Wear
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Background

Graph Anomaly detection

• Graph anomaly detection
• Unexpected irregular suspicious instance in graph structure.
• Aims to identify anomalous graph objects that different from most of data.

• Nodes(i.e., malicious users)
• Edges(i.e., abnormal relations)
• Sub-graphs(i.e., malicious user group)
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Background

Graph Anomaly detection

• Graph anomaly detection
• Aims to identify anomalous graph objects

• Social network
• Financial fraud
• Network intrusion, cybersecurity, sensor network … 

FraudGT: A Simple, Effective, and Efficient Graph Transformer for Financial Fraud Detection, ICAIF’ 2024
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Background

Graph Anomaly detection

Region Anomaly Detection via Spatial and Semantic Attributed Graph in Human Monitoring , Sensors’ 2023

• Graph anomaly detection
• Aims to identify anomalous graph objects

• Social network
• Financial fraud
• Network intrusion, cybersecurity, sensor network … 
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Background

Graph Anomaly detection

Anomaly Detection in Continuous-Time Temporal Provenance Graphs, NIPS’ 2023

• Graph anomaly detection
• Aims to identify anomalous graph objects

• Social network
• Financial fraud
• Network intrusion, cybersecurity, sensor network … 
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Preliminary

Graph 

• Abstract relations, topology, or connectivity
•  Graphs 𝐺=(𝑉,𝐸)

- V : a set of vertices (node)
- E :  a set of edges ( links, relations)
 + weight ( distance, strength, connection ) 
- Social media, computer network, finance transaction, … 

Himol (nature comm,2023)

https://www.nature.com/articles/s42004-023-00825-5
https://www.nature.com/articles/s42004-023-00825-5
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Preliminary

Graph Anomaly Detection

• Identifying nodes whose structural connectivity or attribute pattern
✓ Deviate from normal graph pattern

A Zero-shot Generalized Graph Anomaly Detection Framework via Node Reconstruction, arXiv, 2026
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Preliminary

Graph Anomaly Detection

• 𝒢 = A, 𝑋
• Attributed graph

• A ∈ ℝ𝑁×𝑁 with 𝑁 = 𝑉
• Adjacency matrix

• 𝐴𝑖𝑗 = 1 𝑖𝑓𝑓 exist an edge between nodes i and j
• 𝐴𝑖𝑗 = 0; otherwise
• If with self loops ሚ𝐴 = 𝐴 + 𝐼𝑛

• 𝐼𝑛 ∈ ℝ𝑁×𝑁

• 𝑋 
• Features ∈ ℝ𝑁×𝑑

• 𝒱𝑛, 𝒱𝑎

• Normal node set, abnormal node set

• 𝑦 ∈ 0,1 𝑁

• 𝑦𝑖 = 0 : normal node label 
• 𝑦𝑖 = 1 : abnormal node label 
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Preliminary

Node level GAD 

Anomaly Detection on Attributed Networks via Contrastive Self-Supervised Learning, IEEE TNNLS, 2022

• 𝑓: ℝ𝑁×N × ℝ𝑁×𝐷 → ℝ𝑁 
• 𝑓 𝑣 < 𝑓 𝑣′ , ∀𝑣 ∈ 𝒱𝑛, ∀𝑣′ ∈ 𝒱𝑎

• 𝒱𝑛 ≫ 𝒱𝑎

• Evaluation
• AUROC, AUPRC
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Preliminary

Categorization by supervision level

• Unsupervised
• No label both normal and abnormal during training 
• Using graph structure and attribute
• Learning normal nodes characteristic

• Semi-supervised
• Only normal labeled node
• Like one-class classification

• Fully-supervised ( open-set supervised GAD)
• some/few labeled anomalies

• Train : normal + known anomaly
• Test : Known anomaly + Unknown anomaly

• What is the difference compared to binary classification?
• Anomalies are not a class?? 
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Preliminary

Major problem

Deep Graph Anomaly Detection: A Survey and New Perspectives, IEEE TKDE, 2025

• Graph problem 
• Structural dependency

• Diverse types of graph

• Computational complexity

• Anomaly Detection Problem

• Unwariness of abnormality

• Data imbalance

• Abnormality camouflage 

• GAD problem
• Diverse graph anomaly instances
• Large variation in graph abnormality
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Preliminary

Challenge

Deep Graph Anomaly Detection: A Survey and New Perspectives, IEEE TKDE, 2025

• Graph structure-aware 

• GAD at scales

• Generalization to different graph 
       anomalies

• Balanced GAD

• Robust and interpretable GAD

• Class imbalance

• Abnormal sample are difficult to label

• Unknown and camouflage of anomalies

• Contamination of normal nodes

• Abnormally interpretability
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AnomalyGFM: Graph Foundation Model for 
Zero/Few-shot Anomaly Detection

Hezhe Qiao1), Chaoxi Niu1), Ling Chen1), Guansong Pang2)

Proceedings of the 31st ACM SIGKDD Conference on 
Knowledge Discovery and Data Mining V.2

1) School of Computing and Information Systems, Singapore Management University, Singapore
2) Australian Artificial Intelligence Institute University of Technology Sydney Sydney, Australia
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AnomalyGFM

Existing methods, either supervised or unsupervised method 
• Follow a paradigm of training and inference on the same graph
• Due to the distribution shift between training and testing graph.
• Existing method struggle to generalize to new/unseen graphs 
• And  inapplicable in applications where graph data is not accessible during 

training  

• Foundation model achieved in graph classification and link prediction
• But difficult to the GAD task

• Generic methods inclines to the prevalent regular pattens 
• But differ from abnormality patterns across the graphs

• GAD generalist model not support both zero and few shot
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AnomalyGFM

To fill this gap, we introduce AnomalyGFM
• GAD-oriented graph foundation model
• That is capable of both zero shot and few shot

• Key insight is that to avoid overfitting the pre-training graph data
• Graph-agnostic representation for normal and abnormal class
• Required to support zero/fewshot GAD across different graphs

• To align data-independent, learnable normal and abnormal class prototype
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AnomalyGFM

Residual feature
• Normal and abnormal pattern are irregular and heterogeneously 

distributed in different datasets.
• we need to project node information into unified feature space 
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AnomalyGFM

Residual feature
• Normal and abnormal pattern are irregular and heterogeneously 

distributed in different datasets.
• we need to project node information into unified feature space 

• Where can measure the abnormality of nodes from different graphs
• In consistently identical ways

• Normal nodes are expected to small residual from neighbor
• Abnormal nodes are large 

• By learning to align such residual feature with prototype
• Distills the residual feature discriminability into graph-agnostic 

prototype

• Employing graph-agnostic class prototypes, facilitating strong 
generalization to unseen/new graph 
• without additional tuning and training 

• To further support few shot, leveraging graph prompt tuning 
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AnomalyGFM
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AnomalyGFM

3.1 Preliminaries

Feature Unification 

• Due to the feature difference across the graph
• Necessity to align the node feature into shared feature space 
• We employ singular value decomposition

• Project high-dim into low dim 



Graph & Language Intelligence Lab.Konkuk university 30

AnomalyGFM

3.3 Pre-training via Prototype Alignment in a Unified Feature Space

Node Representation Residual

• Representation between target node and its neighbor
• Normal node expected be small
• Abnormal is relatively large 

• Offer consistent method to capture heterogeneous abnormalities 
across graphs

Residual feature
 ∈ ℝ𝑑

Node representation
Outputted by the 

GNN ∈ ℝ𝑑

Neighbor set of 𝑣𝑖

• 𝑟𝑖 = ℎ𝑖  −
1

𝑁 𝑣𝑖
 σ𝑣𝑗∈𝑁 𝑣𝑖

ℎ𝑗
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AnomalyGFM

3.3 Pre-training via Prototype Alignment in a Unified Feature Space

Graph-agnostic Prototype
• To exploit the anomaly discriminability 

• Learn two data-independent learnable prototype

• 𝑝𝑛 = Φ 𝑧𝑛; Θ𝑛 ∈ ℝ𝑇

• 𝑝𝑎 = Φ 𝑧𝑎; Θ𝑎 ∈ ℝ𝑇

learnable mapping function 

Θ𝑛, Θ𝑎: learnable parameter

Initialization drawn from a 𝒩 𝜇, 𝜎
• 𝜇 : mean of gaussian
• 𝜎 : covariance of gaussian

dimension of learnable prototype

prototype
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AnomalyGFM

3.3 Pre-training via Prototype Alignment in a Unified Feature Space

Graph-agnostic Prototype
• To exploit the anomaly discriminability 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝐵𝐶𝐸 + 𝛼𝐿𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡

Total loss
Binary 

classification loss
Hyperparameter 

align module

Alignment loss

𝐿𝐵𝐶𝐸 = ෍

𝑖

𝑣

𝑦𝑖 log 𝑝𝑖 + (1 − 𝑦𝑖) log 1 − 𝑝𝑖

𝐿𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡 = 𝐼𝑦𝑖=0 𝑟𝑖 − 𝑝𝑛 2

2

+ 𝐼𝑦𝑖=1 𝑟𝑖 − 𝑝𝑎 2

2
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AnomalyGFM

3.4 Few-shot Prompt Tuning

Normal Prototype-based Prompting
• Introduce small learnable parameters and adaption layer for flexibility

𝑝𝑛
′ = 𝑝𝑛 + 𝑔 𝑝𝑛; 𝜙 + Ψ𝑝𝑛

learnable parameter

Adaptation layer New normal prompt 

Pretrained normal 
prompt

One Class Prompt Tuning 
• calculate the residual and optimize

Labeled normal node

Residual

𝐿𝑝𝑡 = ෍

𝑖=1

𝑉𝑙
𝑇𝑒𝑠𝑡

𝑟𝑖  − 𝑝𝑛
′

2

2
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AnomalyGFM

3.5 GAD Using AnomalyGFM

Zero-shot inference 
• Trainable parameter are all frozen
• obtain residual feature for each node 
• Anomaly score is determined by the similarity

normal prototypeabnormal prototype

Anomaly score

Target nodes’ representation

Hyperparameter

𝑠𝑖 = exp ri
Tpa + 𝛽exp −ri

Tp′𝑛

• Anomaly scoring calculation
• Direct similarity Normal prototype
• Inverse similarity abnormal prototype  
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AnomalyGFM

3.5 GAD Using AnomalyGFM

Few shot inference 
• Trainable parameter are all frozen
• obtain residual feature for each node 
• Anomaly score is determined by the similarity

• Anomaly scoring calculation
• Direct similarity Normal prototype
• Inverse similarity abnormal prototype  

normal prototypeabnormal prototype

Anomaly score

Target nodes’ representation

Hyperparameter

𝑠𝑖 = exp ri
Tpa + 𝛽exp −ri

Tp𝑛
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AnomalyGFM

3.5 GAD Using AnomalyGFM

Inference on Very Large-scale Graphs
• Esting GAD require loading all nodes of the grash
• Leads to poor scalability on large graph during inference
• Through the subgraph-based inference

• We can generalize to large-scale graphs

Residual feature
 ∈ ℝ𝑑

Node representation
Outputted by the 

GNN ∈ ℝ𝑑

subgraph of 𝑣𝑖

• 𝑟𝑖 = ℎ𝑖  −
1

𝑆 𝑣𝑖
 σ𝑣𝑗∈𝑆 𝑣𝑖

ℎ𝑗

Extract using RW



Graph & Language Intelligence Lab.Konkuk university 37

AnomalyGFM

4 Experiments 

4.1 Experimental Setup
• Utilize 11 benchmark dataset 

• From social networks, finance and co-review domains
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AnomalyGFM

4 Experiments 

4.2 Zero-shot GAD performance

1) Consistency outperforms the three type competing methods
2) Unsupervised method often fail to good result

• Focus on some specific abnormal pattern
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AnomalyGFM

4 Experiments 

4.2 Zero-shot GAD performance

3) Most supervised methods perform well in zero-shot inference,
• achieves top performance on the Elliptic dataset
• simple model design, avoiding heavy overfitting to the training graph.
• However, the performance still underperforms AnomalyGFM

• demonstrating that the node representation
• residual is more generalized and our prototype alignment module
• provides a strong add-on to the binary loss function in our method.
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AnomalyGFM

4 Experiments 

4.2 Zero-shot GAD performance

4) Generalist method such as Graphprompt
• Design for general nod/graph classification
• Struggle to perform on GAD

• Irregular nature abnormalities in different GAD datasets
• Hindering the applicability of the regular pattern/knowledge
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AnomalyGFM

4 Experiments 

4.3 Few shot GAD performance

• AnomalyGfM achieve better sample-efficiency 
• Class-level prototypes that agnostic to different domain of graphs
• Enhancing the generalization yielding the best performance 
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AnomalyGFM

4 Experiments 

4.4 Scale Up to Very Lage Graphs

AnomalyGFM outperform the unsupervised methods and supervised learning 
• Data-independent prototypes 
• Even in the presence of subgraphs, residual representation is performed well
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AnomalyGFM

4 Experiments 

4.4 Scale Up to Very Lage Graphs

Also evaluate the sensitivity of subgraph size
• Remain stable with varying subgraph sizes
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AnomalyGFM

4 Experiments 

4.5 Ablation study

FA : Feature Alignment : learning prompts from the original feature also effective
 but the are sub-optimal performance
BCE : not use similarity loss, using BCE for anomaly scoring

• Does not perform well except on the small dataset 
• Struggle to generalize to new graphs due to the difference between train and test

BCE-R : using residual feature for prediction, use BCE for anomaly scoring 
• Not achieve good performance 
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AnomalyGFM

4 Experiments 

4.5 Ablation study

• High global similarity 
• Node feature relatively small
• Normal prototype score affect anomaly score
• Anomaly scoring is set to zero by default 
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AnomalyGFM

6. Conclusion

AnomayGFM

• GAD-oriented graph foundation model
• Work under few-shot and zero-shot

• Learn discriminative and data-independent prototype 
• By aligning with graph-agnostic node residuals
• This provides consistent and identical way for abnormality measurement

• Extensive experiments demonstrated the effectiveness and generalization 
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Zero-shot Generalist Graph Anomaly Detection with 
Unified Neighborhood Prompts

Chaoxi Niu1), Hezhe Qiao1), Changlu Chen1)

Ling Chen1), Guansong Pang2)

Proceedings of the Thirty-Fourth International Joint Conference 
on Artificial Intelligence

1) AAII, University of Technology Sydney, Sydney, Australia
2) School of Computing and Information Systems, Singapore Management University, Singapore
3) Faculty of Data Science, City University of Macau, Macau, China
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UNPrompt

• Graph from different distribution and domains
✓ Differ in the dimensionality and semantics of node attributes.

3.3 Node Attribute Unification
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UNPrompt

• Graph from different distribution and domains
✓ Differ in the dimensionality and semantics of node attributes.

3.3 Node Attribute Unification

Feature Projection.

Coordinate-wise Normalization
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UNPrompt

• we reveal that the predictability of latent node attributes can serve as a 
generalized anomaly measure.
✓ Normal nodes tend to have more connection with normal nodes 

▪ Due to homophily relations

▪ So target node embedding is predictable

መ𝑍 = 𝑔 𝒢 = መ𝐴 ҧ𝑋𝑊

▪ መ𝑍 : aggregated repression of neighbors

▪ መ𝐴 = 𝐷 −1𝐴 : normalized adjacency matrix 

− A not require self-looped and symmetric 

▪ W : learnable parameter

▪ 𝑍 = ҧ𝑋𝑊

− A is discarded

3.4 Neighborhood Prompt Learning Latent Node Attribute 
Predictability as Anomaly Score. 
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UNPrompt

• we reveal that the predictability of latent node attributes can serve as a 
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Predictability as Anomaly Score. 
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UNPrompt

𝑠𝑖 = 𝑠𝑖𝑚 𝑧𝑖 , ෥𝑧𝑖 =
𝑧𝑖 ෥𝑧𝑖

𝑇

𝑧𝑖 ෥𝑧𝑖

✓ Higher similarity 
▪ Can be well predicted by its neighbor

GNN Pre-training 

▪ min
h

σℓ 𝑧𝑖, ෥𝑧𝑖

− ℓ 𝑧𝑖, ෥𝑧𝑖  =− 𝑠𝑖𝑚 𝑧𝑖 , ෥𝑧𝑖  𝑖𝑓 𝑦𝑖 = 0

− ℓ 𝑧𝑖, ෥𝑧𝑖  = 𝑠𝑖𝑚 𝑧𝑖 , ෥𝑧𝑖  𝑖𝑓 𝑦𝑖 =1 

3.4 Neighborhood Prompt Learning Latent Node Attribute 
Predictability as Anomaly Score. 
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UNPrompt

• Neighborhood Prompting via Latent Attribute Prediction.
✓ We aim to learn more generalized normal and abnormal pattern via prompt tuing 

▪ Neighborhood prompt  : Learnable prompts appended to neighbors' attributes 

− Help maximize the neighbor-based latent prediction

− Shared and learnable token 

− 𝑃 = 𝑝1, … 𝑝𝑘
𝑇

▪ Unified space are augmented by the weighted combination of these token

− ෝ𝑥𝑖 = ഥ𝒙𝒊 + σ𝒋
𝑲 𝒂𝒋𝒑𝒋

» 𝛼𝑗 =
𝑒

𝑗

(𝑤𝑗)𝑇𝑥𝑖
𝑡

σ𝑙
𝐾 𝑒𝑗

(𝑤𝑗)𝑇𝑥𝑖
𝑡

• 𝛼𝑗  : importance of token
• 𝑤𝑗  : learnable projection

▪ ෩𝒢 = 𝐴 , ҧ𝑋 + 𝑃 

3.4 Neighborhood Prompt Learning Latent Node Attribute 
Predictability as Anomaly Score. 
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UNPrompt

• Transformation
✓ To further enhance the representation discrimination

▪ ሚ𝑍 = ℎ( ሚ𝑍), Z = ℎ(𝑍)

• Training 
✓ G is optimized via graph contrastive learning 

✓ Neighbor prompt and transformation layer are optimized to 

• Inference

✓ 𝑠𝑖 = 𝑠𝑖𝑚 𝑧𝑖 , ෥𝑧𝑖 =
𝑧𝑖 ෥𝑧𝑖

𝑇

𝑧𝑖 ෥𝑧𝑖

3.5 Training and Inference of UNPrompt
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UNPrompt

5 Experiments
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UNPrompt

• Coordinate-wise normalization-based node attribute unification

• Neighborhood prompt learning 
✓ Predictability of the latent attributes

✓ Minimize predictability of abnormal nodes
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OWLEYE: ZERO-SHOT LEARNER FOR CROSS-
DOMAIN GRAPH DATA ANOMALY DETECTION

Lecheng Zheng1), Dongqi Fu2),  Zihao Li3) Jingrui He3)

International Conference on Learning Representations 2026

1) Virginia Tech 
2) Meta AI
3) University of Illinois Urbana-Champaign
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OWLEYE

• graphs from different domains often have inherently different feature spaces 
and semantic interpretations. 

• current approaches lack mechanisms for continual capabilities

• Not support unsupervised learning 
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OWLEYE

• Cross-domain feature alignment
• 𝒯𝑡𝑟𝑎𝑖𝑛 =  𝒟𝑡𝑟𝑎𝑖𝑛

1 , 𝒟𝑡𝑟𝑎𝑖𝑛
2 , … , 𝒟𝑡𝑟𝑎𝑖𝑛

𝑚

• Set of training dataset with 𝑚 graphs 
• Multi domain pattern learning
• Truncated attention-based reconstruction 
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OWLEYE

• Cross-domain Feature Normalization
✓ Semantic meaning across the dataset remain distinct

▪  ሚ𝑋𝑖 ←
 ෨𝑋𝑖

𝑁𝑖 ⋅ 𝐦𝐚𝐱 𝒇, 𝝉

− 𝑁𝑖 =
1

𝑛𝑖
σ

𝑣𝑗∈𝑉𝑖 σ𝑘=1
𝑑 ǁ𝑥𝑗𝑘

𝑖 2

− 𝑓 =
distmed dist𝑁

𝑖

dist𝑖 dist𝑁
med

» 𝐝𝐢𝐬𝐭𝐦𝐞𝐝 = 𝐦𝐞𝐝𝐢𝐚𝐧 𝐝𝐢𝐬𝐭𝟏, … , 𝐝𝐢𝐬𝐭𝒎)

» dist𝑖 =
1

𝑛𝑖 2 σ
𝑣𝑗,𝑣𝑘∈𝑉𝑖 ǁ𝐱𝑣𝑗

𝑖 − ǁ𝐱𝑣𝑘
𝑖

2

2.1 PRESERVING DOMAIN-SPECIFIC SEMANTICS IN CROSS-DOMAIN 
FEATURE ALIGNMENT. 

• Input space by reversing the density relationship 
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OWLEYE

• Cross-domain Feature Normalization
✓ Semantic meaning across the dataset remain distinct

▪  ሚ𝑋𝑖 ←
 ෨𝑋𝑖

𝑁𝑖 ⋅ 𝐦𝐚𝐱 𝒇, 𝝉

− 𝑁𝑖 =
1

𝑛𝑖
σ

𝑣𝑗∈𝑉𝑖 σ𝑘=1
𝑑 ǁ𝑥𝑗𝑘

𝑖 2

− 𝑓 =
distmed dist𝑁

𝑖

dist𝑖 dist𝑁
med

» 𝐝𝐢𝐬𝐭𝐦𝐞𝐝 = 𝐦𝐞𝐝𝐢𝐚𝐧 𝐝𝐢𝐬𝐭𝟏, … , 𝐝𝐢𝐬𝐭𝒎)

» dist𝑖 =
1

𝑛𝑖 2 σ
𝑣𝑗,𝑣𝑘∈𝑉𝑖 ǁ𝐱𝑣𝑗

𝑖 − ǁ𝐱𝑣𝑘
𝑖

2

• Pair wise node distance for Normal/Abnormal and Normal Abnormal 
pair

2.1 PRESERVING DOMAIN-SPECIFIC SEMANTICS IN CROSS-DOMAIN 
FEATURE ALIGNMENT. 



Graph & Language Intelligence Lab.Konkuk university 64

OWLEYE

• Existing methods not support integration of knowledge extracted from new graphs. 
As well as the incremental updating of normal and abnormal patterns 

• Dynamic dictionary
✓ Continual learning by accumulating and updating knowledge 
✓ Attribute-level, structure-level

▪ Attribute-level Representation Learning. 

− 𝐇attr
𝑖,𝑙+1 = 𝜎 𝐀𝑖𝐇attr

𝑖,𝑙 𝐖attr
𝑙 , 𝐇attr

𝑖,0 = ෨𝐗𝑖

− 𝐇𝑖 = 𝐇attr
𝑖,2 − 𝐇attr

𝑖,1 ,… , 𝐇attr
𝑖,𝐿 − 𝐇attr

𝑖,1

▪ Structure-level Representation Learning. 

− 𝐑struc
𝑖,𝑙+1 = 𝜎 𝐀𝑖𝐑struc

𝑖,𝑙 𝐖struc
𝑙 , 𝐑struc

𝑖,0 = 𝟏

− 𝐑𝑖 = 𝐑struc
𝑖,2 − 𝐑struc

𝑖,1 , … , 𝐑struc
𝑖,𝐿 − 𝐑struc

𝑖,1

▪ Cross-domain Pattern Extraction.

− Dict𝐻
𝑗

= 𝐇𝑗 idx𝑗 , Dict𝑅
𝑗

= 𝐑𝑗 idx𝑗

− sim 𝒢𝑖, Dict𝑅
𝑗

) = max softmax 𝐑𝑖𝐖1 𝐑𝑗 idx
⊤

2.2 MULTI-DOMAIN MULTI-PATTERN DICTIONARY LEARNING
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• Existing methods not support integration of knowledge extracted from new 
graphs. As well as the incremental updating of normal and abnormal patterns 

• Dynamic dictionary
✓ Continual learning by accumulating and updating knowledge 

✓ Attribute-level, structure-level

▪ Attribute-level Representation Learning. 

− 𝐇attr
𝑖,𝑙+1 = 𝜎 𝐀𝑖𝐇attr

𝑖,𝑙 𝐖attr
𝑙 , 𝐇attr

𝑖,0 = ෨𝐗 𝑖

− 𝐇𝑖 = 𝐇attr
𝑖,2 − 𝐇attr

𝑖,1 , … , 𝐇attr
𝑖,𝐿 − 𝐇attr

𝑖,1

» Capture high-order neighborhood information 

» Concat the multi-hop information with residual 

2.2 MULTI-DOMAIN MULTI-PATTERN DICTIONARY LEARNING
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• Existing methods not support integration of knowledge extracted from new 
graphs. As well as the incremental updating of normal and abnormal patterns 

• Dynamic dictionary
✓ Continual learning by accumulating and updating knowledge 

✓ Attribute-level, structure-level

▪ Structure-level Representation Learning. 

− While fails to capture relation and interaction.

» When nodes that similar attributes and connect but labels are normal and abnormal

− 𝐑struc
𝑖,𝑙+1 = 𝜎 𝐀𝑖𝐑struc

𝑖,𝑙 𝐖struc
𝑙 , 𝐑struc

𝑖,0 = 𝟏

− 𝐑𝑖 = 𝐑struc
𝑖,2 − 𝐑struc

𝑖,1 , … , 𝐑struc
𝑖,𝐿 − 𝐑struc

𝑖,1

2.2 MULTI-DOMAIN MULTI-PATTERN DICTIONARY LEARNING
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• Dynamic dictionary
✓ Continual learning by accumulating and updating knowledge 

✓ Attribute-level, structure-level

▪ Cross-domain Pattern Extraction.

− Randomly extract 𝑛𝑠𝑢𝑝 pattern from 𝒢𝑗 and store in two dictionary.

− Dict𝐻
𝑗

= 𝐇𝑗 idx𝑗 , Dict𝑅
𝑗

= 𝐑𝑗 idx𝑗

» Idx : random node index 

2.2 MULTI-DOMAIN MULTI-PATTERN DICTIONARY LEARNING
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• Dynamic dictionary
✓ Continual learning by accumulating and updating knowledge 

✓ Attribute-level, structure-level

− sim(𝒢𝑖, Dict𝑅
𝑗

) = max softmax 𝐑𝑖𝐖1 𝐑𝑗 idx
⊤

∈ ℝ𝑛𝑖

» 𝐑𝑖  ∈ ℝ𝑛𝑖×𝑙𝑑 , 𝐖1 ∈ ℝ𝑙𝑑×𝑙𝑑 , 𝐑𝑗 idx  ∈ ℝ𝑛𝑠𝑢𝑝×𝑙𝑑 

» softmax 𝐑𝑖𝐖1 𝐑𝑗 idx
⊤

∈  ℝ𝑛𝑖×𝑛𝑠𝑢𝑝

» Maximal node similarity between graph and pattern stored in Dict

• Structural similarity 𝐺𝑖′
s 𝑣th node, 𝐺𝑗dictionary 𝑝th pattern

• Node similarity between graph and pattern stored in dictionary

» In structural level 

• ∵ Camouflaged anomaly

2.2 MULTI-DOMAIN MULTI-PATTERN DICTIONARY LEARNING
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• To support zero-shot with relying on any labeled data during test 
✓ Naïve approach is sampled pseudo support nodes 

▪ Majority of the nodes are normal 
✓ Filter out the potential abnormal data and select most representative nodes to reconstruct

▪ 𝜶(𝒢𝑖, Dict𝐻
𝑗

) =
𝐖𝑄𝐇𝑖 𝐖𝐾 𝐇𝑗 ⊤

𝐿𝑑
 ∈ ℝ𝑛𝑖×𝑛𝑠𝑢𝑝

− I : query node index from graph,  j: dictionary pattern index 

▪ 𝜶 idx𝛼 = −∞, 𝑤ℎ𝑒𝑟𝑒 idx𝛼 = Top −𝜶(𝒢𝑖, Dict𝐻
𝑗

) , 𝑘

− Truncated the less representative nodes 

▪ 𝜶𝐻
𝑖𝑗

= softmax 𝜶(𝒢𝑖, Dict𝑅
𝑗

) /𝜏𝑎  ∈ ℝ𝑛𝑖×𝑛𝑠𝑢𝑝

− Both structural level 

▪ ෡𝐇𝑖 =
1

𝑚
σ𝑗=1

𝑚 sim 𝒢𝑖, Dict𝐻
𝑗

⊙ 𝜶𝐻
𝑖𝑗

Dict𝐻
𝑗  ∈ ℝ𝑛𝑖

⊙ ℝ𝑛𝑖×𝑛𝑠𝑢𝑝 ℝ𝑛𝑠𝑢𝑝×𝑙𝑑 ∈ ℝ𝑛𝑖×𝑙𝑑

− Graph-dictionary level 
− ⊙ Pattern level similarity
» Weighted retrieval 
» Reconstruction representation that weighted pattern representation 

2.3 TRUNCATED ATTENTION-BASED FEATURE RECONSTRUCTION 
FOR IN-CONTEXT LEARNING AND INFERENCE
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Training.

• ℒrecon = σ𝑖=1
𝑚 σ

𝑣𝑘∈𝒜𝑖 cos 𝐇𝑣𝑘
𝑖 , ෡𝐇𝑣𝑘

𝑖 − σ
𝑣𝑗∈𝒩𝑖 cos 𝐇𝑣𝑗

𝑖 , ෡𝐇𝑣𝑗
𝑖

✓ cos 𝐚, 𝐛 =
𝐚𝐛⊤

𝐚 2 𝐛 2

✓ 𝒜𝑖 : abnormal node set , 𝒩𝑖 : normal node set

✓ Encouragethe Normalnodes are reconstructionusing normaldictionary

2.3 TRUNCATED ATTENTION-BASED FEATURE RECONSTRUCTION 
FOR IN-CONTEXT LEARNING AND INFERENCE
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Training.

• ℒtriplet
𝐻 = σ𝑖=1

𝑚 σ
𝑣𝑗∈𝒜𝑖

𝑣𝑘∈𝒩𝑖

max ෡𝐇𝑣𝑗
𝑖 − 𝐇𝑣𝑗

𝑖

2

2
− ෡𝐇𝑣𝑗

𝑖 − ෡𝐇𝑣𝑘
𝑖

2

2
+ 𝜆, 0

• ℒtriplet
𝑅 = σ𝑖=1

𝑚 σ
𝑣𝑗∈𝒜𝑖

𝑣𝑘∈𝒩𝑖

max ෡𝐑𝑣𝑗
𝑖 − 𝐑𝑣𝑗

𝑖

2

2
− ෡𝐑𝑣𝑗

𝑖 − ෡𝐑𝑣𝑘
𝑖

2

2
+ 𝜆, 0

✓ Minimize the distance between normal and abnormal 

✓ Minimize the distance between raw feature and reconstruction feature
▪ While separation the reconstructed normal and abnormal

• ℒ = ℒrecon + ℒtriplet

2.3 TRUNCATED ATTENTION-BASED FEATURE RECONSTRUCTION 
FOR IN-CONTEXT LEARNING AND INFERENCE
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Inference.

• 𝑆𝑣𝑗
= ෡𝐇𝑣𝑗

𝑖 − 𝐇𝑣𝑗
𝑖

2

2
+ 𝛽 ෡𝐑𝑣𝑗

𝑖 − 𝐑𝑣𝑗
𝑖

2

2

✓ ෡𝐇𝑖 =
1

𝑚
σ𝑗=1

𝑚 sim 𝒢𝑖, Dict𝐻
𝑗

) ⊙ 𝜶𝐻
𝑖𝑗

Dict𝐻
𝑗

✓ ෡𝐑𝑖 =
1

𝑚
σ𝑗=1

𝑚 sim 𝒢𝑖, Dict𝑅
𝑗

) ⊙ 𝜶𝑅
𝑖𝑗

Dict𝑅
𝑗

2.3 TRUNCATED ATTENTION-BASED FEATURE RECONSTRUCTION 
FOR IN-CONTEXT LEARNING AND INFERENCE
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3 EXPERIMENTS

OWLEYE-T (with standard attention instead of truncated attention)
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3 EXPERIMENTS
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• zero-shot graph anomaly detection across multiple domains
✓ feature alignment

✓ lack of continual evolving capabilities, 

✓ reliance on labeled target data

• Extensive experiments on real-world datasets
✓ validate the superior performance and transferability over existing sota approaches
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Method Generalized knowledge abnormal criteria

AnomalyGFM class prototype prototype similarity

UNPrompt Prompt Neighborhood 
predictability

OWLEYE multi-domain pattern dictionary Reconstruction fail

comparison
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  𝜶 (  𝒢 i ,    Dict H j ⁡ ) =     (  𝐖 Q  𝐇 i )  (  𝐖 K    (  𝐇 j ) ⊤ )   L d


    ∈ ℝ   n i ×  n  s u p


  𝜶  [  idx 𝛼 ] = − ∞ ,     w h e r e    idx 𝛼 ⁡ =  Top ⁡   ( − 𝜶 (  𝒢 i ,    Dict H j ⁡ ) , k )


   𝜶 H  i j =  softmax ⁡   ( 𝜶 (  𝒢 i ,    Dict R j ⁡ ) /  𝜏 a )


    ∈ ℝ   n i ×  n  s u p


     𝐇 ^    i =  1 m   ∑  j = 1 m   sim ⁡   (  𝒢 i ,  Dict H j ) ⊙  (  𝜶 H  i j  Dict H j )


    ∈  ℝ   n i ⊙ ℝ   n i ×  n  s u p


   ℝ   n  s u p × l d


  ∈    ℝ   n i × l d


  ⊙  


   ℒ recon =   ∑  i = 1 m   [   ∑   v k ∈  𝒜 i   cos ⁡   (  𝐇   v k i ,    𝐇 ^   v k i ) −   ∑   v j ∈  𝒩 i   cos ⁡   (  𝐇   v j i ,    𝐇 ^   v j i ) ]


   cos ⁡   ( 𝐚 , 𝐛 ) =   𝐚  𝐛 ⊤     ‖ 𝐚 ‖ 2    ‖ 𝐛 ‖ 2


   𝒜 i


   𝒩 i


   ℒ triplet H =   ∑  i = 1 m    ∑      v j ∈  𝒜 i    v k ∈  𝒩 i   max ⁡   (    ‖    𝐇 ^   v j i −  𝐇   v j i ‖ 2 2 −    ‖    𝐇 ^   v j i −    𝐇 ^   v k i ‖ 2 2 + 𝜆 , 0 )


   ℒ triplet R =   ∑  i = 1 m    ∑      v j ∈  𝒜 i    v k ∈  𝒩 i   max ⁡   (    ‖    𝐑 ^   v j i −  𝐑   v j i ‖ 2 2 −    ‖    𝐑 ^   v j i −    𝐑 ^   v k i ‖ 2 2 + 𝜆 , 0 )


  ℒ =  ℒ recon +    ℒ triplet 


   S   v j =    ‖    𝐇 ^   v j    i −  𝐇   v j i ‖ 2 2 + 𝛽    ‖    𝐑 ^   v j    i −  𝐑   v j i ‖ 2 2


     𝐇 ^    i =  1 m   ∑  j = 1 m   sim ⁡   (  𝒢 i ,    Dict H j ⁡ ) ⊙  (  𝜶 H  i j  Dict H j ) )


     𝐑 ^    i =  1 m   ∑  j = 1 m   sim ⁡   (  𝒢 i ,    Dict R j ⁡ ) ⊙  (  𝜶 R  i j  Dict R j ) )

