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Graph

Background — What is Graph?
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Graphs are a 
general language 
describing and 

analyzing entities 
with relations or 

interactions.

Jingwei Guo



Learning GNNs on Complex Structured DataJingwei Guo @ University of  Liverpool

Li, X., et.al. Neural Atoms: Propagating Long-range Interaction in Molecular Graphs through Efficient Communication Channel, ICLR 2024.

Brain Network Molecules

Social Network Internet (e.g., Webpage)

Knowledge Graph

4

Citation Network

Background — Many Types of Data are Graphs

Jingwei Guo

http://cs224w.stanford.edu/
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Relational graphs

Complex domains

Graph Machine Learning

Invaluable knowledge

Jingwei Guo
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GNNs integrate both node features and 
graph topology via either a message passing 

framework or a graph filtering operation.

Message 

Passing

Spatial-based Methods

Graph 

Filtering

g(λ)

λ

Spectral-based Methods
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Background — Graph Neural Networks

Jingwei Guo
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Ma, Y., et.al. A unifi
Zhu, M., et.al. Interpreting and unifying graph neural networks with an optimization framework. WWW 2021. Veličković, P., et.al. Graph attention networks. ICLR 2018.
Gasteiger, J., et.al. Predict then propagate: Graph neural networks meet personalized pagerank. ICLR 2019. Kipf & Welling, Semi-supervised classifi

arg min
Z

∥Z − X∥2
2 + λ tr(ZTL̂Z)

smooth node features 
across the graph

keep close to the 
original features
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Most GNNs can be interpreted as different 
solutions to the same graph denoising problem:

Background — United Framework of GNNs

Jingwei Guo
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Motivation — Smoothness Assumption in GNNs
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Homogenous Node Relationships Homophilic Linking Patterns

local smoothing

User

Friend

local smoothingFriend

Friend

Friend

Friend

Most GNNs implicitly assume homogeneity in node 
interactions and smooth node neighborhood.

Jingwei Guo
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Entangled Node Relationships Heterophilic Linking Patterns

local smoothing

User Friend & 
College

College

Friend

Family & 
Friend

Family

local smoothing

Most GNNs implicitly assume homogeneity in node 
interactions and smooth node neighborhood.

Challenges — Entangled Relationships & Heterophilic Links

Jingwei Guo
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Proposed Works — Chapter 3: Local-Global Disentanglement 

LGD incorporates both local and global 
information for graph disentanglement to 

address entangled node relationships.
Jingwei Guo

Jingwei Guo, et.al. Learning Disentangled Graph Convolutional Networks Locally and Globally. TNNLS, 2022.
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Proposed Works — Chapter 3: Local-Global Disentanglement 

LGD can produce 
representations 

with a higher level 
of disentanglement.

Experimental Results

Jingwei Guo

Jingwei Guo, et.al. Learning Disentangled Graph Convolutional Networks Locally and Globally. TNNLS, 2022.
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Proposed Works — Chapter 4: Edge Splitting GNN

ES-GNN addresses 
heterophilic linking patterns 

by partitioning network 
topology and disentangling 

node features.

Jingwei Guo

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, Under revision.
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Task-Relevant

Task-Irrelevant

Heterophilic 
Graph

Homophilic 
Graphvs.

Proposed Works — Chapter 4: Edge Splitting GNN
Experimental Results

ES-GNN can disentangle task-relevant and irrelevant features, 
showcasing universal adaptivity on different network types.

Jingwei Guo

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, Under revision.
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Proposed Works — Chapter 5: Diverse Spectral Filtering

similar colors refer to alike local structures

class-1
class-2

class-4
class-3

class-5

Regional Heterogeneity / DisparityPairwise Heterogeneity

Subgraph-level (now)

most connected node are from different classes

Edge-level (before)

Linking Patterns in Heterophilic Graphs

Jingwei Guo

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Proposed Works — Chapter 5: Diverse Spectral Filtering

Z =
K

∑
k=0

βk,1 0 ⋯ 0
0 βk,2 ⋯ 0
⋮ ⋮ ⋱ ⋮
0 0 ⋯ βk,N

Pk(L̂)X

We augment the original 
parameters into node-specific 
filter weights to model diverse 

regional patterns.

Most spectral GNNs 
assumes homogenous 
distributions between 

different graph regions. 
Ours: Diverse Spectral Filtering

Recall: Spectral GNNs

Z = gψ(L̂)X =
K

∑
k=1

ψkPk(L̂)X

Shared Parameters

Jingwei Guo

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Chameleon Squirrel

DSF can captures regional disparity with node-specific filter weights.

Proposed Works — Chapter 5: Diverse Spectral Filtering
Experimental Results

Jingwei Guo

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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Proposed Works — Chapter 6: Spatially Adaptive Filtering
Recall: Spectral GNNs

theoretically rooted in spectral domain

practically relying on spatial approximation

Z = Ugψ(Λ)UTX

= gψ(L̂)X =
K

∑
k=1

ψkPk(L̂)X

Spatial Interpretability?

Ânew = I −
α

1 − α
(gψ(L̂)−1 − I)

Non-locality & Signed Edges

Jingwei Guo

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. To be submitted.
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Proposed Works — Chapter 6: Spatially Adaptive Filtering
Ours: Spatially Adaptive Filtering

SAF leverages the 
adapted new graph 

by spectral filtering for 
non-local aggregation 
with signed weights.

Long-range Dependency
Heterophilic Linking Patterns

Address:

Jingwei Guo

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. To be submitted.
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Conclusion — Research Aim

A: Chapter 3

B: Chapter 4

C: Chapter 5

D: Chapter 6

Problem-Centric Model-Centric

This thesis addresses the complex graph challenges of 
Entangled Node Relationships and Heterophilic Linking Patterns 

while learning GNNs across spatial and spectral domains.
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Conclusion — Research Outcome

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral 
Filtering. WWW, 2023.

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks 
Beyond Homophily with Edge Splitting. TPAMI, Under revision.

Jingwei Guo, et.al. Learning Disentangled Graph Convolutional 
Networks Locally and Globally. TNNLS, 2022.

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with 
Spatially Adaptive Filtering. To be submitted.

Publications

Under review
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Future Work
Graph Robustness

21Jingwei Guo

Enhancing GNN robustness by leveraging techniques from heterophilic graph learning.

Homophilic Level   /  Heterophilic Level ↓ ↑

Jin, W., et.al. Adversarial attacks and defenses on graphs. ACM SIGKDD Explorations Newsletter, 2021.
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Future Work
Graph Anomaly Detection

Ma, X., et.al. A comprehensive survey on graph anomaly detection with deep learning. TKDE 2021.
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GNNs can be used to detect scammers among benign users on transaction networks.

Jingwei Guo

Heterophilic 
Links
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Molecular Science

GNNs are naturally suitable for modeling molecular systems. 

f(        ) = toxic?
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Future Work

Jingwei Guo

Wang, Y., et.al. Graph neural networks for molecules. Machine Learning in Molecular Sciences 2023.
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Thanks!

24Jingwei Guo


