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Introduction

Node level anomaly Detection

• Anomalies
✓ Not conform to a notion of normal behavior.

• Anomaly detection
✓  we try to distinguish anomalous samples 

- Deviate from normal samples.
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Background

Node level anomaly Detection

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

Node level GAD 

A Brief Survey on Graph Anomaly Detection, Procedia Computer Science 2024

• 𝑓: ℝ𝑁×N × ℝ𝑁×𝐷 → ℝ𝑁 
• 𝑠𝑖 = 𝑓 𝐴, 𝑋 𝑖  𝑖 ∈ 𝑉 
• 𝑣𝑎 ~ 𝑉𝑎 𝑣𝑛 ~ 𝑉𝑛

• max 𝑃 𝑠𝑎 > 𝑠𝑛

• Higher score ≈ higher likelihood of being anomalous 
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Background

Node level GAD 

A Brief Survey on Graph Anomaly Detection, Procedia Computer Science 2024

• Required to learn anomalous nodes and structures
✓ Without explicit supervision.

• Due to the rarity of anomalies 
✓ node-level anomaly label are difficult to obtain
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Preliminary

E C

F

A

B

G D

𝒢 = A, 𝑋

✓ undirected graph with N nodes, M edges

• A ∈ 0,1 𝑁×𝑁 with 𝑁 = 𝑉

✓ 𝐴𝑖𝑗 = 1 𝑖𝑓𝑓 exist an edge between nodes i and j

▪ If with self loops

▪ ሚ𝐴 = 𝐴 + 𝐼𝑛

− 𝐼𝑛 ∈ ℝ𝑁×𝑁

• 𝑋 

✓ Features ∈ ℝ𝑁×𝑑

✓ Graph signal 𝑥1,𝑥2,  … 𝑥𝑛
𝑇  ∈ ℝ𝑁 
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Preliminary

• Continual space 
✓ 2d spatial <-> frequency 

▪ Axis : x,y <-> Fourier basis:  𝑒𝑖𝜔𝑡

• Graph domain
✓ spatial <-> frequency 

▪ Axis : graph structure(nodes edges) <-> Fourier basis:  Laplacian’s eigenvectors

✓ Spectral = frequency view
▪ Low frequency vs high frequency

− Normal vs abnormal

» Dirichlet energy, Rayleigh Quotient : measure the high frequency

» smoothGNN, RQGNN, APF : modeling the high frequency
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Preliminary

E C

F

A

B

G D

Laplacian matrix

• L = D – A
✓ D : Diagonal degree matrix

• L = 𝐼𝑛  − 𝐷−
1

2𝐴𝐷−
1

2

✓ S = 𝐷−
1

2𝐴𝐷−
1

2

▪ 𝑆 ≤ 1, 𝜆𝑖 𝑆 ≤ 1

✓ L ∈ [0,2]

▪ L ≽ 0 
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Preliminary

E C

F

A

B

G D

• L = 𝐼 − 𝑆 = UΛ𝑈𝑇

✓ 𝑈 = 𝑢1,𝑢2, … 𝑢𝑛

▪ Orthonormal eigenvectors 

▪ 𝑖𝑓𝑓 L is symmetric and normalized

✓ Λ = 𝜆1,𝜆2,… 𝜆𝑛

▪  corresponding eigen value

− If sorted in ascending order

» 0 ≤  𝜆1 ≤ … ≤ 𝜆𝑛

» 0 ≼ S

» 0 =  𝜆1 
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Preliminary

E C

F

A

B

G D

• L = 𝐼 − 𝑆 = UΛ𝑈𝑇

✓ 𝑈 = 𝑢1,𝑢2, … 𝑢𝑛

▪ Orthonormal eigenvectors 

▪ 𝑖𝑓𝑓 L is symmetric and normalized

✓ Orthonormal eigenvector

▪ 𝑈𝑇𝑈 = 𝐼

✓ Parseval’s theorem 

▪ 𝑥
2

= 𝑈𝑇𝑥
2

= σ𝑖=1
𝑛 Ƹ𝑥2

▪  𝑈𝑇𝑥 : graph Fourier transform on x
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Preliminary

• Spectral energy 𝑒𝑘 =
Ƹ𝑥𝑘
2

σ𝑖=1
𝑁 Ƹ𝑥𝑖

2

- Fourier coefficient 

- the proportion of total spectral energy at frequency k 

- 𝐸𝑡𝑜𝑡𝑎𝑙 = 𝑥
2

2
= 𝑥𝑇𝑥 = 𝑈𝑥 𝑇 𝑈𝑥 = Ƹ𝑥𝑈𝑇𝑈 Ƹ𝑥 = σ𝑖 Ƹ𝑥𝑖

2

- Ƹ𝑥 = 𝑈𝑥 

- coefficient after graph Fourier transform

• Accumulated Spectral energy 
σ𝑗=1

𝑘 Ƹ𝑥𝑗
2

σ𝑖=1
𝑛 Ƹ𝑥𝑖

2

▪ the cumulative proportion of spectral energy  From 𝑒1 𝑡𝑜 𝑒𝑘 

▪ Capture low pass energy distribution
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Preliminary

• Dirichlet energy 

✓ 𝑥𝑇𝐿𝑥 =
1

2
σ𝑖𝑗 𝐴𝑖𝑗 𝑥𝑖  − 𝑥𝑗

2

▪ 𝐿 = 𝐷 − 𝐴 ∈ ℝ𝑛×𝑛

− 𝐷 = σ𝑗 𝐴𝑖𝑗 ∈ ℝ𝑛×𝑛

» Degree diagonal  matrix 

− A ∈ ℝ𝑛×𝑛

» Adjacency matrix

▪ 𝑋 ∈ ℝ𝑛 or ∈ ℝ𝑛 × 𝑑 

▪ Measure the high frequency energy 

✓ 𝑥𝑇𝐿𝑥 = 𝑥𝑇UΛ𝑈𝑇𝑥 = Ƹ𝑥𝑇Λ Ƹ𝑥 = σ𝑖 𝜆𝑘 Ƹ𝑥𝑘
2

▪ Ƹ𝑥𝑘
2 : quantity of energy

▪ 𝜆𝑘 : frequency 

▪ λ-weighted spectral energy decomposition
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Preliminary

• Rayleigh Quotient 

✓
𝑥𝑇𝐿𝑥

𝑥𝑇𝑥
 ∈ ℝ1×1 o𝑟 ℝ𝑑 × 𝑑 

✓
𝑥𝑇𝐿𝑥

𝑥𝑇𝑥
= Λ

▪
𝑥𝑇UΛ𝑈𝑇𝑥

Ƹ𝑥𝑈𝑇𝑈 Ƹ𝑥
= Λ

Ƹ𝑥𝑇U𝑈𝑇 Ƹ𝑥

Ƹ𝑥𝑈𝑇𝑈 Ƹ𝑥
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Right-shift phenomenon

Rethinking graph neural networks for anomaly detection.

Rethinking graph neural networks for anomaly detection, ICML,2022.
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Preliminary

• Graph convolution operator
✓ 𝑔𝜃 ∗ 𝐿 𝑥 = 𝑈𝑇𝑔𝜃 Λ 𝑈𝑥

▪ 𝜃 ∈ ℝ𝑛 : parameter

✓ 𝑈𝑇𝑔𝜃 Λ 𝑈𝑥 ≈ 𝑈 σ𝑡=0
𝑇 𝜃𝑡 Λ𝑇 𝑈𝑇𝑥 = σ𝑡=0

𝑇 𝜃𝑡 𝐿𝑇 𝑥

▪ 𝜃 ∈ ℝ𝑇+1

− Polynomial coefficient
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SmoothGNN: Smoothing-aware GNN for 
Unsupervised Node Anomaly Detection

Xiangyu Dong1), Xingyi Zhang1), Yanni Sun1), Lei Chen2)

Mingxuan Yuan2), Sibo Wang1)

Proceedings of the ACM on Web Conference 2025

1) The Chinese University of Hong Kong
2) Huawei Noah’s Ark Lab
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SmoothGNN

Not too little, not too much: a theoretical analysis of graph (over)smoothing , NeurIPS 2022

Smoothing issue
- Lead to indistinguishable node representation
- the over-smoothing problem in node anomaly detection
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SmoothGNN

• Smoothing issue
- Lead to indistinguishable node representation
- the over-smoothing problem in node anomaly detection

• GCN
✓ X = σ𝑡=0

𝑇 𝜃𝑡 𝐿𝑇 𝑥

✓ X = SX

- S = 𝐷−
1

2𝐴𝐷−
1

2 = 1 – L 

- T =1 

- 𝜃1 = 1

- 𝜃T>1 = 0 ∶  나머지는 버림

- 𝑆𝑘𝑋 = 1 − 𝐿 𝑘𝑋 = 𝑈𝐼𝑈𝑇  − 𝑈𝐿𝑈𝑇 𝑘𝑋 =  𝑈 1 − 𝜆 𝑘𝑈𝑇 𝑋

- 𝑖𝑓 𝜆 ≈ 1, 1 − 𝜆 𝑘 ≈ 0 
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SmoothGNN

During propagation
• anomalous nodes exceed ISP, NSP of normal nodes at most hops.
• Anomalous nodes are harder to smooth than normal ones
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SmoothGNN

• Smoothing issue
- Lead to indistinguishable node representation

- the over-smoothing problem in node anomaly detection

- However previous research has missed.

• Smoothing issue can provide potential advantage for detecting anomalies
✓ Unsupervised method face effectiveness and efficiency issue

▪ Shallow model limited expressiveness

▪ Recon models and self-sup model are unlikely to be used in real application

− Due to high computation complexity
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SmoothGNN

• Individual Smoothing pattern (ISP)

• 𝐼 𝑥 =  (𝑃𝑡 −𝑃∞)𝑥
2

2
 

▪ Pt ∶ propagation matix after t hop

▪ P∞ ∶ converged state

− Node representation finally converge to a stable state

▪ I(x) : T hop propagation - Converged state

• Neighborhood Smoothing Patterns(NSP) 

✓ N(𝑥𝑡) = σ𝑖,𝑗=1
𝑛 𝑎𝑖,𝑗

𝑥𝑖
𝑡

𝑑𝑖+1 
−

𝑥𝑗
𝑡

𝑑𝑗+1 
2

2

▪ 𝑎𝑖,𝑗 : (I,j)-th entry of the adjacency matrix 

▪ 𝑑𝑖 : the degree of node I

▪ 𝑥𝑡 = 𝑃𝑡𝑥 

▪ NSP measures the similarities between neighboring nodes
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SmoothGNN

𝑆𝐶 = NSP
𝛼 = MLP(𝑆𝐶(ISPmatrix))

𝛼 𝐻ISP
matix ,𝛼 𝐻ISP

GNN

𝛼 𝐻𝐼𝑆𝑃
𝐺𝑁𝑁  →  feature reconstruction

𝛼 𝐻𝐼𝑆𝑃
𝑚𝑎𝑡𝑖𝑥 → regularization

𝐿 = 𝐿𝑐𝑜𝑛 + 𝐿𝑠𝑚𝑜𝑜𝑡ℎ
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SmoothGNN

4.2 Smoothing aware Learning Component

• ℎ𝑖
𝑆𝐿𝐶 =MLP CONCAT 𝐵0 ሚ𝑋0 ,𝑖  … , 𝐵𝑇 ሚ𝑋𝑇 𝑖  

✓ 𝐵𝑡 = 𝑃𝑡  − 𝑃∞.

✓ ሚ𝑋𝑇 = 𝑎𝑓𝑡𝑒𝑟 𝑡𝑡ℎ feature transform with MLP

✓ 𝐵0 ሚ𝑋0 = 𝑋𝑡  − 𝑃∞𝑋

• ℎ𝑖
𝑆𝐿𝐶

✓ i-th node in SLC 

✓ 모든 hop에서 abnormal 정보(high frequency정보)를 CONCAT

✓ ISP 값을 explicitly 학습
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SmoothGNN

4.3 Smoothing-aware Spectral GNN

• ℎ𝑖
𝐺𝑁𝑁 = MLP Concat 𝑔 ሚ𝑋0 0 𝑖, … , 𝑔 ሚ𝑋𝑇 𝑇 𝑖  

✓ 𝑔 𝑋 𝑇 = σ𝑡=0
𝑇 𝜃𝑡𝐿𝑡𝑋

▪ Theorem2 graph spectral space can capture node properties for NAD.

▪ 모든 hop에서 ISP값을 concat 

− To fuse the spectral node representation obtained from each propagation hop

▪ Implicty 하게 ISP 값을 학습

• ℎ𝑖
𝑆𝐿𝐶

✓ i-th node in SLC 

✓ 모든 hop에서 abnormal 정보(high frequency정보)를 CONCAT

✓ ISP 값을 explicitly 학습



Graph & Language Intelligence Lab.Konkuk university 29

SmoothGNN

4.4 Smoothing-aware Coefficient

• Coefficient for node representations

• 𝛼 = 𝜎 MLP Concat SC P0 ሚ𝑋0 , … , SC P𝑇 ሚ𝑋𝑇  ∈ ℝ𝐷

✓ Pk ሚ𝑋𝑘 ∈ ℝ𝐷

✓ 𝑆𝐶 𝑋 = 𝑑𝑖𝑎𝑔
𝑥𝑇𝐿𝑥

𝑥𝑇𝑥
 ∈ ℝ𝐷

✓ Concat ⋅ ∈ ℝ𝐷(𝑇+1)

✓ 𝛼 ∈ ℝ𝑑

• ℎ𝑖
𝑆𝐶𝑆𝐿𝐶 = ℎ𝑖

𝑆𝐿𝐶  ∗  𝛼 , ℎ𝑖
𝑆𝐶𝐺𝑁𝑁 = ℎ𝑖

𝐺𝑁𝑁  ∗  𝛼

✓ Final representation generated by SLC and SSGNN with SC
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SmoothGNN

4.5 Smoothing-aware Measure

• 𝐿 = 𝐿𝑐𝑜𝑛 + 𝐿𝑠𝑚𝑜𝑜𝑡ℎ

✓ 𝐿𝑠𝑚𝑜𝑜𝑡ℎ =
1

𝑛
σ𝑖=1 

𝑛 𝑓𝑠𝑚𝑜𝑜𝑡ℎ ℎ𝑖
𝑆𝐶𝑆𝐿𝐶 ∈ ℝ1

▪  𝑓𝑠𝑚𝑜𝑜𝑡ℎ ℎ𝑖
𝑆𝐶𝑆𝐿𝐶 = 𝜎(𝐴𝑉𝐺 ℎ𝑖

𝑆𝐶𝑆𝐿𝐶  ∈ ℝ1

− Regularize Smoothness

✓ 𝐿𝑐𝑜𝑛 =
1

𝑛
ℎ𝑖

𝑆𝐶𝐺𝑁𝑁  − 𝑥𝑖  

▪ 𝑥𝑖 ∶ 𝑖𝑡ℎ row of feature matrix 

▪ Feature reconstruction effective measure for node anomaly detection
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SmoothGNN

5. Results
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SmoothGNN

4.1 theoretical Analysis of Smoothing pattern

• Graph signal x propagates on propagated matrix B
• Node representation becomes aware of node features and local information
• Edge connection and degree of neighbors
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SmoothGNN

4.1 theoretical Analysis of Smoothing pattern

Propagation matrix  ->  adjacency -> Laplacian -> convolution 으로 학습 가능
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SmoothGNN

4.1 theoretical Analysis of Smoothing pattern
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Raleigh Quotient Graph Neural Networks for 
graph-level anomaly detection

Xiangyu Dong1), Xingyi Zhang1), Sibo Wang1)

International Conference on Learning Representations 2024

1) The Chinese University of Hong Kong
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RQGNN

• However existing methods fail to capture the spectral properties of graph 
anomalies

• Re-investigate the spectral difference between anomalous and normal graphs
✓ Shows disparity in accumulated spectral energy between two classes.

✓ Accumulated spectral energy can be represented by its Rayleigh Quotient 

✓ Rayleigh Quotient is a driving factor behind the anomalous properties of graphs
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RQGNN

• Regardless of the variation in the sample size 
• RQ distribution of each class exhibits a consistent pattern across different sample 

size, 
✓ Can reveal the underlying difference between normal and anomalous graphs 
✓ RQ should be encoded and explored when identifying anomalous graphs 
✓ Although RQ is defined at the graph level, it can be used to measure spectral imbalance.
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RQGNN

• 𝑅𝑄 𝑋, 𝐿 = 𝑑𝑖𝑎𝑔
ǁ𝑥𝑇𝐿 ǁ𝑥

ǁ𝑥𝑇 ǁ𝑥
∈ ℝ𝐷

✓ ǁ𝑥 : node features after the feature transformation 

- 𝐻𝑅𝑄
𝐺 = MLP RQ X, L  ∈ ℝ𝐷

✓ Two-layer MLP to get RQ representation 

3.2 RAYLEIGH QUOTIENT LEARNING COMPONENT
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RQGNN

3.3 CHEBYSHEV WAVELET GNN with RQ-POOling

• Graph wavelet requires decomposing the graph Laplacian

• Employ Chebyshev polynomial to solve the problem.

✓ Lemma1.𝑇ℎ𝑒𝑟𝑒 𝑎𝑙𝑤𝑎𝑦𝑠 𝑎 𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑡 𝐶ℎ𝑒𝑦𝑠ℎ𝑒𝑣 𝑠𝑒𝑟𝑖𝑒𝑠 𝑓𝑜𝑟 𝑎𝑛𝑦 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑓 𝑡 :

𝑓 𝑡 =
1

2
𝑐0  + ෍

𝑘

∞

𝑐𝑘𝑇𝑘 𝑡

▪ 𝑤ℎ𝑒𝑟𝑒 𝑐𝑘 =
2

𝜋
0׬

𝜋
cos 𝑘𝜃 𝑓 cos 𝜃 𝑑𝜃 , 

▪ 𝑘 ∶ 𝑜𝑟𝑑𝑒𝑟 𝑜𝑓 𝑐ℎ𝑒𝑏𝑦𝑠ℎ𝑒𝑣 𝑝𝑜𝑙𝑦𝑛𝑜𝑚𝑖𝑎𝑙𝑠

▪ 𝑇𝑘 𝑡 = 2𝑡𝑇𝑘−1  − 𝑇𝑘−2 𝑡 ,

▪ 𝑇0 𝑡 = 1, 𝑇1 𝑡  = t
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RQGNN

3.3 CHEBYSHEV WAVELET GNN with RQ-POOling

• ℎ𝑗 = CONCAT 𝑓1 𝐿 ሚ𝑋 , 𝑓2 𝐿 ሚ𝑋 , … 𝑓𝑞 𝐿 ሚ𝑋 ,  

✓ the result of q graph wavelet

✓ CWGNN

- 𝜓 : graph wavelet 

- 𝑊 = 𝑊𝜓1, 𝑊𝜓2, … , 𝑊𝜓𝑞

- 𝑊𝜓𝑖 = 𝑈𝑔𝑖 Λ 𝑈𝑇

- 𝑔𝑖 ⋅  : kernel function on [0, 𝜆𝑛] 

- 𝑊𝑥 = 𝑊𝜓1, 𝑊𝜓2, … , 𝑊𝜓𝑞 𝑥 = [𝑈𝑔1 Λ 𝑈𝑇𝑥, 𝑈𝑔2 Λ 𝑈𝑇𝑥, … , 𝑈𝑔𝑞 Λ 𝑈𝑇𝑥 ] 

• RQ-pooling 

✓ ℎ𝐴𝑡𝑡
𝐺 = 𝜎(σ𝑗∈V 𝑎𝑗ℎ𝑗)

▪ 𝑎𝑗 = 𝑅𝑄 𝑋, 𝐿 ℎ𝑗

•  ℎ𝐺 = 𝑀𝐿𝑃(𝐶𝑂𝑁𝐶𝐴𝑇(ℎ𝐴𝑇𝑇
𝐺 , ℎ𝑅𝑄

𝐺 )) 

✓ Final representation
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RQGNN

3.3 CHEBYSHEV WAVELET GNN with RQ-POOling

• 𝑓𝑖 𝐿 =
1

2
ҧ𝑐𝑖,0𝐼𝑛 + σ𝑘=1

𝑖𝐾 ҧ𝑐𝑖,𝑘
ത𝑇𝑘 𝐿

- Eigen value domain

- ത𝑇𝑘 =
4

𝜆𝑛
𝑳 − 𝑰 ത𝑇𝑘−1 𝐿 − ത𝑇𝑘−2 𝐿

- 𝑡 = ෨L =
2

𝜆𝑛
𝐿 − 𝐼

∵ 𝐿𝑎𝑝𝑙𝑎𝑐𝑖𝑎𝑛 𝑒𝑖𝑔𝑛𝑒 𝑣𝑎𝑙𝑢𝑒 ∈ 0, 𝜆𝑛 → [−1,1]

- ത𝑇0 𝐿 = 𝐼𝑛, ത𝑇0 𝐿 = 𝑡𝐼𝑛

- Wavelets filter domain

- K: hop information 

- ҧ𝑐𝑖,𝑘 =
2

𝜋
0׬

𝜋
cos 𝑘𝜃 𝑓 𝑠𝑖

𝜆𝑛 cos 𝜃 +1

2
𝑑𝜃 𝑤𝑖𝑡ℎ 1 ≤ 𝑖 ≤ 𝑞

- ∵ cos 𝜃 ∈ −1,1 ⇒ 𝜆𝑛
cos 𝜃 +1

2
∈ 0, 𝜆𝑛 ,𝑠𝑖 :wavelet filter 
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RQGNN

3.4 CLASS-BALACNED FOCAL LOSS

• 𝐿𝐶𝐵𝑓𝑜𝑐𝑎𝑙
=

𝐿𝑓𝑜𝑐𝑎𝑙

𝜂 𝑛𝑦
=

1−𝛽

1−𝛽
𝑛𝑌  σ𝑖

𝐶 1 − 𝑝𝑖
𝛾 log 𝑝𝑖

✓ To tackle the imbalanced nature, introduce a re-weighting based on focal loss

✓ Proposition 2.The expected number 𝜂 𝑛𝑡 =
1−𝛽

𝑛𝑡

1−𝛽
, 𝑤ℎ𝑒𝑟𝑒 𝛽 =

𝑁−1

𝑁
 with N

= # data point in class t 
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RQGNN

5. Results

RQGNN -2 : w/o RQL
RQGNN -1 : replace RQ-pooling with average pooling
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APF

• Label scarcity

• Homophily disparity at node and class level

• Utilizing RQ sampler and spectral filter for pretraining stage 
✓ Capture for anomaly signals without labels  



Graph & Language Intelligence Lab.Konkuk university 48

APF

• Capturing high-frequency component is essential for heterophilic pattern

• We complement the conventional low-pass encoder 
✓ to better capture anomaly cues

3.1 RAYLEIGH QUOTIENT LEARNING COMPONENT
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APF

• Capturing high-frequency component is essential for heterophilic pattern

• We complement the conventional low-pass encoder 
✓ to better capture anomaly cues

3.1 RAYLEIGH QUOTIENT LEARNING COMPONENT
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APF

- Facilitate flexible spectral encoding K-order Chebyshev polynomial 

- 𝑔𝐿
መ𝐿 = σ𝑘=0

𝐾 𝑤𝑘
𝐿𝑇𝑘

መ𝐿 , 𝑔𝐻
መ𝐿 = σ𝑘=0

𝐾 𝑤𝑘
𝐻𝑇𝑘

መ𝐿 , 

- 𝑇0 𝑥 = 1, 𝑇1 𝑥  = x, 𝑇𝑘 𝑥 = 2𝑡𝑇𝑘−1  − 𝑇𝑘−2 𝑥 ,

- 𝑡𝑖 = cos
𝑖+1

2

𝐾+1
𝜋 , 𝑖 = 0, …, 𝐾

3.1 RAYLEIGH QUOTIENT LEARNING COMPONENT
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APF

•  𝑍𝐿 = 𝑓 𝜃𝐿
𝑔𝐿

መ𝐿 𝑋 , 𝑍𝐿 = 𝑓 𝜃𝐻
𝑔𝐻

መ𝐿 𝑋

• 𝛾𝑘
𝐿 = 𝛾0  − σ𝑗

𝑘 𝛾𝑗 , 𝛾𝑘
𝐻 = σ𝑗

𝑘 𝛾𝑗

▪ 𝛾 = 𝛾0 , … 𝛾𝑀 ∶ shared learnable parameter

▪ 𝛾0 = 𝛾0
𝐻 = 𝛾0

𝐿

− 𝛾𝑖
𝐻 ≤ 𝛾𝑖+1 

𝐻 , 𝛾𝑖
𝐿 ≤ 𝛾𝑖+1 

𝐿  

− Guarantee the high/low pass property for encoders

3.1 RAYLEIGH QUOTIENT LEARNING COMPONENT
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APF

✓ To capture subtle anomaly cues
▪ Maximizing mutual information 

− Between node and Rayleigh Quotient subtree computed from high-pass encoders

− 𝐿𝑝𝑡 = −
1

𝑛
 σ𝑖

𝑛 log 𝑍𝑖
𝐿 , 𝑆𝐿  + log 1 − 𝐷 ሚ𝑍𝑖

𝐿,  𝑠𝐿

− −
1

𝑛
 σ𝑖

𝑛 log 𝑍𝑖
𝐻 , 𝑠𝑖

𝐻  + log 1 − 𝐷 ሚ𝑍𝑖
𝐻, 𝑠𝑖

𝐻

» ሚ𝑍 ∶ 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑓𝑟𝑜𝑚 𝑟𝑎𝑛𝑑𝑜𝑚𝑙𝑦 𝑠ℎ𝑢𝑓𝑓𝑙𝑒𝑑 𝑖𝑛𝑝𝑢𝑡𝑠.

» 𝑆𝐿 ∶ 𝑚𝑒𝑎𝑛 𝑔𝑙𝑜𝑏𝑎𝑙 𝑠𝑢𝑚𝑚𝑎𝑟𝑦 𝑜𝑓 𝑛𝑜𝑑𝑒𝑠 𝑖𝑛 𝑔𝑟𝑎𝑝ℎ

» 𝑆𝑖
𝐻 ∶ 𝑚𝑒𝑎𝑛 𝑠𝑢𝑚𝑚𝑎𝑟𝑦 𝑜𝑓 𝑛𝑜𝑑𝑒𝑠 𝑖𝑛 𝑠𝑢𝑏𝑡𝑟𝑒𝑒

• Using MRQ sampler : heterophilic pattern subtree
» 𝐷 𝑧, 𝑠 = 𝜎 𝑧𝑇𝑊𝑠

3.1 RAYLEIGH QUOTIENT LEARNING COMPONENT
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APF

• Node-adaptive fusion 
✓ Different feature dimension contribute unequally to downstream

✓ 𝑍 = 𝐶 ⊙ 𝑍𝐿 + 1 − 𝐶 ⊙ 𝑍𝐻

▪ 𝑍𝐿 : Taks-agnostic sematic knowledge representation

▪ 𝑍𝐻 : Node-specific structural disparities representation

▪ 𝐶 ∈ 0,1 𝑛×𝑒

− Free parameters

− 𝐶𝑖,𝑗 ≈ 1 ∶ 𝑍 = 𝑍𝐿 

▪ But to excessive overhead 𝑂 ( 𝑛 × 𝑒 )

− Inefficient learning under sparse supervision

✓ 𝐶 = 𝜎(𝑋𝑊𝑐 + 𝑏𝐶)

▪ 𝑊𝐶 ∈ ℝ𝑑×𝑒 : learnable matrix

▪ 𝑏𝐶 : bias term

3.2 Granularity-Adaptive Fine-Tuning
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APF

• Anomaly-aware Regularization Loss
✓ To indicate Class-level local homophily

▪ Abnormal nodes tend to camouflage by connecting to normal nodes 

✓ 𝐿𝑟𝑒𝑔 = −
1

𝒱𝐿
σ𝑣∈𝒱𝐿,𝑦𝑖=1 𝑝𝑎𝑙𝑜𝑔𝑐𝑖 + (1 − 𝑝𝑎)𝑙𝑜𝑔(1 − 𝑐𝑖))

 −
1

𝒱𝐿
σ𝑣∈𝒱𝐿,𝑦𝑖=0 𝑝𝑎𝑙𝑜𝑔𝑐𝑖 + (1 − 𝑝𝑛)𝑙𝑜𝑔(1 − 𝑐𝑖))

▪ 𝑐𝑖 =
1

𝑒
σ𝑗=1

𝑒 𝐶𝑖𝑗 : average fusion weight of node 𝑣𝑖 towards generic knowledge(low pass)

▪ 𝑝𝑎, 𝑝𝑛 ∈ 0,1 , with 𝑝𝑎 ≤ 𝑝𝑛

▪ Normal nodes : 𝑐𝑖 ≈ 𝑝𝑛 : low pass representation

▪ Abnormal nodes : 𝑐𝑖 ≈ 𝑝𝑎 : high pass representation

− reflect  class level disparity to induce the class label 

3.2 Granularity-Adaptive Fine-Tuning
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APF

• Overall finetuning 

✓ 𝐿𝑓𝑡 = 𝐿𝑏𝑐𝑒 + 𝐿𝑟𝑒𝑔

✓ 𝐿𝑏𝑐𝑒 = −
1

𝒱𝐿 𝑦𝑖 log Ƹ𝑦𝑖 + 1 − 𝑦𝑖 log 1 − Ƹ𝑦𝑖 

3.2 Granularity-Adaptive Fine-Tuning



Graph & Language Intelligence Lab.Konkuk university 56

APF

Results
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APF

Results



[ 58 / 72]

Thank you ☺
Q & A 
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